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Abstract: We built digital surface models (DSM) that contain 3D surface morphological information of the 
entire landscape using digital photogrammetry and aerial photographs.  Changes in landscape components 
such as crown closure and tree height in  hardwood rangeland were estimated using DSM.  In comparison 
with manual interpretation results, errors of crown closure and tree hieght estimation using DSM were less 
than 0.7% and 1.5 m, respectively.  This technique can be used for rangeland management, monitoring and 
ecological studies. 
 

Introduction 

Hardwood rangelands cover 10% of California, and are composed of an overstory of various hardwood 
species, predominantly in the genus Quercus, and an understory mainly of introduced annuals (Griffin 1978, 
Bartolome 1987). Tree crown closure, also referred to as crown cover, canopy cover and canopy closure, is 
defined as the percent of forest area occupied by the vertical projection of tree crowns (Avery and Burkhart, 
1994).   It is commonly used as a measure of stand density and often used as an important indicator of wildlife 
habitat.  Airphoto interpretation techniques have been used on these areas  for hardwood classification and tree 
crown closure estimation.  However, they are dependent on the experience of photo interpreters.  Some 
experiments indicate that there are large discrepancies among photo interpretation results carried out by different 
interpreters (Biging et al. 1991, Gong and Chen 1992, Davis et al. 1995). It is difficult to develop detailed 
vegetation maps at the individual tree level with existing satellite imagery such as IRS, SPOT HRV and Landsat 
TM data because of their low spatial resolution ranging from 6 to 30 m (Congalton et al. 1991, Brockhaus and 
Khorram 1992, Franklin 1994).   Even with high-resolution (0.5 to 2 m) multispectral videography, it is difficult to 
derive crown closures of conifer forest using traditional image analysis methods such as image thresholding and 
classification (Biging et al. 1995). 

Aerial photography with conventional aerial cameras and digital cameras has some advantages over 
other remote sensing alternatives.  First, it acquires images through a central perspective making the image 
geometry easier to model and hence it has better geometric precision.  Secondly, it has the best spatial resolution 
in remote sensing, usually better than 0.1 m.  Beside the wider radiometric range and high spectral resolution, the 
spatial resolution of digital cameras is improving rapidly. We were able to acquire aerial digital images with better 
than 0.2 m resolution using commercially available digital cameras.  In this paper, we  report some of the 
preliminary results obtained from applying digital photogrammetry to aerial photographs for the purpose of 
hardwood rangeland monitoring. 

 
Digital Photogrammetry 

 
Digital photogrammetry is a computerized technique that automates the measurement and mapping 

process of traditional photogrammetry (Saleh and Scarpace 1994). A major challenge in digital photogrammetry is 
image matching, a critical procedure that finds image points corresponding to the same ground point from a 
stereopair. Although many image matching algorithms have been developed (Ackermann, 1996), this process is 
error-prone in forest and urban areas where abrupt vertical changes are common.  We are currently working in 
this area to improve image matching accuracy. 

The 2 primary uses of digital photogrammetry are digital elevation model (DEM) development and 
orthophoto generation.  A DEM of an area is usually an array of grid points of ground elevation that excludes 
the heights of landscape features such as trees  and buildings.  A digital surface model (DSM), which is an array 
of grid points of elevation including landscape features, is necessary for deriving tree measurements in 
woodland and forest settings.  An orthophoto is a photo of an area with a constant scale, and free from point 



 

displacement caused by elevation differences and lens distortion.  Therefore, area measurements from 
orthophotos are more accurate than from raw aerial photographs (Gong et al. 1999).  
 

Figure 1 shows the results from digital photogrammetry when applied to 2 sets of scanned aerial 
photographs acquired in July 1970 and August 1995.  The original photos were acquired with a nominal scale of 
1:12,000 at the upper Gallinas Valley (38o02'38" N, 122 o 36'30"W), Marin County, California.  They were scanned 
at approximately 25 ? m from black and white diapositives on a Vexel 3000 scanner.  The digital photogrammetric 
software used to analyze these photos was VirtuoZo®, a commercial software package from VirtuoZo Inc., 
Australia.  Results shown here were generated automatically from VirtuoZo that employs the following 
procedures of digital photogrammetry: 

(1) internal orientation.  Establishes the coordinate system for each photograph based on camera 
frame size, position of principal point, focal length of the camera lens and the image scanning 
parameters. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1.  Orthophotos and digital surface models (DSM) of a hardwood rangeland area in California. a. the 
orthophoto derived from the 1970 aerial photography, b. the orthophoto from 1995 aerial photography, c. DSM 
for 1970, and d. DSM for 1995.  Gray scales in c and d represent surface elevation as derived from digital 
photogrammetry.  Those mushroom-shaped bright patches in c and d are oak canopies. 

 
 
(2) relative orientation.  Determines the spatial position of the exposure stations and camera attitude 

parameters for both the left and right photos of a stereopair.  This has been achieved in this study 
using 8 ground control points found in the photos by precisely measuring their ground 
coordinates at the centimeter level in the field with differential GPS equipment. 

(3) epipolar image resampling.  Resamples the left and right images according to the flight line 
direction so that conjugate image points can be searched along a line parallel to the flight line.  
Thus the image matching is simplified from a 2D matching to 1D matching. 

(4) image matching.  Automatically searches the conjugate image points from the left and right photos 
according to a similarity criterion. The absolute parallax for each image point can then be 
calculated.  It enables the derivation of elevation for that image point. Matching algorithms are 
proprietary to software vendors.  The precision of most matching algorithms is within one pixel.  
Some can reach the subpixel level.  Assuming a single-pixel matching precision, the vertical 
resolution of the elevation data obtained here is approximately 0.5 m.  

(5) absolute orientation.  Determines the mathematical transformation between the image coordinate 
system to a geodetic coordinate system or a map coordinate system such as the Universal 
Transverse Mercator (UTM) system. 

(6) DSM generation.  Calculates the elevation for a selected subsample of image points in a stereopair 
using the absolute parallax determined earlier.  Due to computational complexities and difficulties in 
correctly matching every image point, most commercial algorithms match only a sample set of the 
total image points. The elevations for the rest of the image points in the image area are usually 



 

interpolated from those sample points.  This smoothes elevation differences when sharp changes 
in elevation are encountered, causing deformation of objects with relatively steep slopes such as 
buildings and trees.  This is a shortcoming of the existing image matching algorithms.  

(7) DEM generation. To generate a DEM, some additional algorithms are employed.  These include the 
detection of landscape features such as buildings and trees and the removal of their heights from 
the DSM.  Then spatial interpolation can be used to estimate the ground elevation at the locations 
where objects such trees or buildings occur. 

(8) Orthophoto or contour map generation.  Once the DEM or DSM is available, it can be used to 
rectify the perspective projection of the original raw imagery to an orthophoto with an 
orthographic projection.  In theory, the DEM can not completely remove the image point 
displacement caused by object height.  Such displacements can only be completely removed by an 
accurate DSM as it captures the elevations from both the terrain and landscape features on top of 
it.  A contour map can be generated from either the DEM or DSM. 

 
Hardwood Change Monitoring 

 
Figures 1a and 1b show orthophotos for the same area from 1970 and 1995, respectively, which were 

generated by correcting for the scale variation in the original photographs using the 1970 and 1995 DSMs, 
respectively. The scanned image resolution was approximately 0.3 m.  The grid spacing used to extract the DSMs 
was approximately 1 m.  The DSM shown in Figs 1c and 1d were interpolated to 0.3 m horizontally.  The surface 
cover is mainly hardwood rangeland.  Clusters of relatively bright areas, in Figs 1c and 1d, are coast live oaks 
(Quercus agrifolia Née).  Coast live oaks can be extracted from Figs 1a and 1b through a simple image 
thresholding as they are radiometrically darker than their surroundings (dry grass).  Changes of crown closure 
can be obtained by comparing the 2 thresholded images.  However, this radiometric thresholding technique 
suffers from shadow and shading caused by the hilly topography.  It is likely to produce crown closure estimates 
that are exaggerated.  Although the shading and shadowing effects  may be reduced by stratifying the study area 
according to the lighting conditions and by applying thresholding to each stratification, this will considerably 
increase the amount of work through manually partitioning the image area and editing the thresholding results.  
A new alternative to crown closure measurement is to threshold the heights from a crown height image derived 
from the DSM.  This new height thresholding approach is not affected by the variation in lighting conditions but 
dependent on the accuracy in height determination, particularly at the edges of tree crowns whose slopes are 
sharp. 

To evaluate the accuracy of the 2 crown closure measurement methods, we carefully digitized the oak 
woodland cover from a portion of the 1995 orthophoto by excluding shadows.  The crown closure percentage 
was 26.6% (81962 m2 tree cover divided by the total area of 307932 m2). The crown closure results obtained from 
radiometric thresholding were treated as the reference data for comparison with crown closure obtained from 
height thresholding.  The best crown closure estimated with the radiometric thresholding method was 31.0% 
(95486 m2 tree cover), which yielded a 4.4% overestimate of crown closure in comparison to the reference value.  
This overestimation was primarily caused by the difficulty in separating shadow and shade areas on the 
orthophoto from the tree canopies. 

On the 1970 DSM, the tree crown portion can be processed by first excluding the tree crowns. After 
excluding the tree crowns, we can use interpolation to estimate the ground surface elevation in the areas 
occupied by tree crowns. Although the interpolation can be done in commercial GIS software packages such as 
terrain analysis modules in the ESRI Arc/Info, we did it by manual editing on the computer screen.  This process 
gives us a DEM.  Assuming that the topography does not change in this area, we subtracted the DEM from the 
1995 DSM to produce a crown height image (Fig. 2). Tree heights and crown closure can be measured from this  
image.  Experimenting with a few height thresholds, we obtained the best results with a threshold of 2 m.  The 
crown closure estimate was 27.3% (84173 m2 tree cover), only 0.7% overestimate of crown closure in comparison 
to the reference data. We applied this methodology to both the 1970 and 1995 crown height images to determine 
the changes in crown closure.  There was an overall net change of approximately +1.4% in crown closure over 
our study area during this 25-year period.  However, this number is comprised of 3 components - increase in 
canopy closure due to growth in existing tree crown dimensions, increase due to recruitment of new trees 
(regeneration) and decrease due to tree mortality.  There was approximately a 5.0% decline (relative to 1970) in 



 

crown closure due to tree mortality.  The surviving trees accounting for a growth in crown closure of 
approximately 6.4%.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2.  The 1995 canopy morphological (height) model.  This was obtained by deriving a digital elevation 
model (DEM) from the 1970 aerial photography then taking the difference between the 1995 DSM and the DEM.  
The terrain background is in black and the brightness corresponding to the height oak canopies.  

 
 
The brightest spots on each tree crown in Fig. 2 represent the highest point on the canopy.  We 

arbitrarily selected 29 locations on different tree canopies in the image area and obtained their heights using both 
manual and automatic methods.  The manual method was based on the image point matching through 
stereoscopic viewing of the stereo pair on the computer screen.  This method was used as reference for accuracy 
evaluation because field measurement is not possible at present.  Visual image matching was done in non-digital 
photogrammetry as a standard approach for height determination.  The automatic method was based on the 
direct reading of the elevation data determined through the image matching algorithm.  We did not measure the 
height at the tallest position of each tree canopy in order to assess the capability of the computer algorithm for 
height measurement at all possible canopy positions.  Since both the 1995 and 1970 elevation data were 
transformed into the same UTM coordinate system, the distribution of the 29 canopy positions in the horizontal 
plane was kept the same for both the 1970 and 1995 data.  This allows us to determine the canopy growth during 
the past 25 years.  Table 1 shows a comparison of tree heights obtained with the 2 methods.  While the absolute 
differences between the 2 methods can be greater than 4 m, the average differences were 1.50 m and 1.21 m for 
the 1970 and 1995 photos, respectively.  Treating the results obtained with the manual method as accurate, the 
standard deviations were 1.94 m and 1.62 m for the 1970 and 1995 photos, respectively.  Considering the 
relatively small photo scale, an error level of less than 2 m is quite reasonable.  The averages of tree canopy 
heights for each year were very close (within 10 cm) between the 2 height measurement methods.  The average 
growth of canopy height, derived from the averages in Table 1, was 1.54 m for the manual method and 1.43 m for 
the automatic method. 
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Table 1.   Heights automatically measured from different positions of tree canopies in comparison with the 
corresponding heights determined by manual photogrammetric method. 

Canopy 
position 

 
1970  

  
1995  

   

ID Manual Automatic Abs. Error Manual Automatic Abs. Error 
 --------------- -------------- ---------  (m) -------------- -------------- -------------- 

1 9.50 9.03 0.47 10.28 8.76 1.52 

2 2.33 3.91 1.57 7.92 5.19 2.73 
3 10.84 7.95 2.89 9.27 8.49 0.78 
4 7.09 11.73 4.64 14.69 13.07 1.62 
5 8.18 8.11 0.07 9.11 9.70 0.59 
6 3.20 3.98 0.78 6.32 8.17 1.85 
7 7.57 7.48 0.09 7.77 8.39 0.62 
8 4.99 3.20 1.79 6.55 6.28 0.27 
9 9.10 7.17 1.92 9.31 8.41 0.90 
10 7.33 5.54 1.78 6.62 6.79 0.17 
11 4.22 1.39 2.83 3.61 3.79 0.18 
12 1.78 4.22 2.44 6.61 6.00 0.60 
13 7.27 5.79 1.48 6.78 6.49 0.29 
14 3.07 1.19 1.88 4.66 4.14 0.52 
15 7.58 6.93 0.64 2.53 5.73 3.20 
16 7.45 7.07 0.38 7.65 5.85 1.81 
17 2.52 3.11 0.59 4.40 7.18 2.78 
18 0.80 4.76 3.96 9.88 8.38 1.50 
19 5.38 5.07 0.31 6.55 2.26 4.29 
20 2.61 3.64 1.03 6.28 6.71 0.43 
21 4.47 4.41 0.06 13.15 12.50 0.65 
22 3.12 5.92 2.80 6.61 7.72 1.12 
23 8.53 7.86 0.67 7.43 6.35 1.08 
24 1.00 3.28 2.28 3.26 4.40 1.13 
25 2.79 2.51 0.28 3.18 3.76 0.58 
26 4.50 2.47 2.02 3.32 4.02 0.70 
27 6.85 8.76 1.91 10.71 10.47 0.24 
28 7.64 5.86 1.78 1.65 4.44 2.78 
29 
 

6.25 6.34 0.09 6.69 6.56 0.13 

Average 5.45 5.47 1.50 (1.94)1 6.99 6.90 1.21 (1.64) 
1Numbers in brackets are standard deviations. 

 
Discussions and Conclusion 

 
Our preliminary results demonstrate the advantage of DSMs for tree height and crown closure 

measurement because they are not affected by crown shadow and shading caused by topographic relief.  When 
canopy cover is relatively sparse as in this study, the ground elevation for a relatively large portion of the 
imaged area can be directly measured by the digital photogrammetric method. In this situation the accuracy of 
the entire DEM can be relatively high because we only need to interpolate over a small fraction of the landscape 
where scene objects such as trees obscure our direct observation of the ground. This in turn leads to a relatively 
high accuracy in the crown height image.  However, the accuracy of a DEM determined with photogrammetric 
methods usually decreases as the total crown closure increases.  Thus in dense hardwood stands the crown 
height image will be less accurate in making tree height measurements than more open stands.  Nevertheless, the 
accuracy in estimating the change in height of trees is not affected by changes in tree crown closure because the 



 

DSMs are accurate even when the DEMs are not.  In addition, the 3D crown shapes obtained from a DSM 
contain crown structure information that should be useful in automated tree species recognition.  Some of the 
mathematical morphology techniques hold strong promises for application to forest type recognition (Zheng et 
al. 1995).  

The current situation is that stereo photography lacks spectral depth, but allows for precise spatial 
measurements.  The current generation of satellite images have more  and narrower spectral bands than 
photographs, but are not of high spatial resolution and high geometric precision.  Digital cameras bridge this gulf 
by providing imagery which is of both high spatial (better than 0.5 m) and spectral resolution (20 to 50 nm) with a 
sufficient number of spectral bands.  This will enable us to develop new computational algorithms for image 
processing and digital photogrammetry to extract the maximum amount of information contained in aerial 
photographic images and to provide the parameters needed for land resource management, monitoring and 
ecological studies. This can provide useful approaches to evaluating changes in habitat value, rangeland 
carrying capacity, and tree mortality and recruitment trends. 
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Image matching based on tracking matching paths in the similarity space

Xueliang Mei, Peng Gong, and Greg S. Biging

Abstract
In this paper, we explore the feasibility of implementing surface continuity and ordering constraints by tracking connected local peak
points in the space of matching similarity.  We present a new image matching algorithm based on match paths directly extracted in the
similarity space.  The main advantage of these kinds of tokens over tokens extracted from the left and right images is that the geometric
distortions caused by the perspective effects and the description inconsistency caused by independent extraction of tokens in the left
and right images are automatically eliminated.  Through the tracking process the computation is greatly reduced.  In addition, global
information available to support a local match for resolving matching ambiguities is fully utilized in such a way that unrelated global
information is excluded.  Thus the new image matching algorithm is reliable and efficient.   By eliminating the interpolation process at
the levels except the finest, the occluded regions and depth discontinuities can be well localized.

Introduction

One of the vital problems in automatic DEM (digital elevation model) generation is to match a set of identifiable physical points over a
stereo pair to derive a disparity map. This problem is known as the image matching problem and the physical points are referred to as
matching tokens (or features).  Image matching is an integral part of automatic DEM generation in digital photogrammetry.  Many
solutions have been proposed (Barnard and Fischler, 1982; Dhond and Aggarwal, 1989; Heipke,1996).
A general image matching procedure includes four steps:
· Extract matching tokens (e.g., intensity window, edge and linear segment) and their descriptions;
· Compute  similarity  values based on the descriptive information of a token to find candidate matches in a search range ;
· Resolve  matching ambiguity by employing constraints such as the surface continuity and ordering  constraints  (Jones, 1997) through
a global  process;

· Interpolate unmatched points to derive a final dense disparity map.
It is not an easy task to develop a successful image matching algorithm. Many factors should be taken into consideration.  The diversity
of matching tokens is large and they should be carefully chosen. Common matching tokens include intensity windows (Grün, 1985;
Rosenholm, 1987; Kang et al., 1994; Luo and Burkhardt, 1995),  groundels (Helava, 1988),  edges (Grimson, 1985; Hongo et al., 1996),
linear segments (Medioni and Nevatia, 1985; Ayache and Faverjon, 1987; Horaud and Skordas, 1989; Sherman and Peleg, 1990 ) and
relational structures (Shapiro and  Haralick, 1987; Christmas et al., 1995).  The choice depends on the image data and the characteristics
of the imaged physical scene.  For example, in urban areas, geometric structures are  rich and thus edges and linear segments are more
suitable matching tokens than other kinds of matching tokens,  while in open areas,  textures are rich and thus intensity windows are a
good choice.  Because similar tokens occur frequently over a token’s search range, matching ambiguity should be resolved by
employing constraints.  Identified constraints include epipolar constraint (Baker and Binford, 1981; Jones, 1997), surface continuity
constraint (Grimson, 1981; Jones, 1997), figural constraint (Jones, 1997), ordering constraint (Ohta and Kanade, 1985; Jones, 1997)  and
hierarchic structure constraint (Shapiro and Haralick, 1987; Jones, 1997).  Among these constraints, the most difficult constraint which
can be augmented into an algorithm is the continuity constraint because in the real world this constraint is frequently violated by depth
or orientation discontinuities.   Methods such as relaxation (Christmas et al., 1995) or artificial neural networks (Cruz et al., 1995; Grant
et al., 1998) can be employed to implement the continuity constraint through a compatible relationship description model or a weight
connection description model derived from the continuity and other constraints among the potential matches.  In these methods the
local information is propagated to other places through iteration.  In order to increase the reliability and efficiency of the image matching
process,  a hierarchic strategy such as from coarse to fine (Terzopoulos, 1983; Rohaly and Wilson, 1993) or multi-primitives (Marapane
and Mohan, 1994; Venkateswar and Chellappa, 1995) is frequently applied.  In this mechanism, the matches from the coarser levels are
used to predicate matches at the finer levels.  Thus the search range is decreased and image matching becomes more reliable.
Correspondingly the computation is also greatly reduced. The main problem in this mechanism is that it is difficult to control the error
propagation from the coarser levels to avoid blunders in the final disparity map. Combination of interpolation and matching in grids
having some intervals or employing high level tokens such as edges, linear segments and relational structures instead of matching
every pixel can further reduce the computation and improve the matching reliability. Other factors include matching uncertainties
caused by perspective distortions between the left token and its conjugate and by signal noise during the imaging and scanning
process.  The solutions to this problem may be referred to the shaping window technique (Okutomi and Kanade, 1992).

In this paper, we implement the surface continuity and ordering constraints by tracking connected local peak points in the matching
similarity space in a new image matching algorithm. The algorithm is a “from coarse to fine” algorithm based on match paths directly
extracted by tracking connected local peak points in the similarity space. Our algorithm was implemented on a low-end DEC 3000 Alpha
workstation. Two stereo pairs, an urban scene and an oak woodland scene were used.

Image matching by tracking connected local peak points in the similarity space

The surface continuity constraint rests on the observation that the real world can always be considered as piecewise continuously
smooth.  In practice, this may be formulated in a number of different ways.  For example, two neighboring points in the image space
should have “similar” disparity, i.e. the disparity difference is small and within some threshold.  We can construct an image in which the
I-axis represents an epipolar line in the left image and the J-axis represents its corresponding epipolar line in the right image. A pixel (i,



j) in this space represents a potential match.  Every pixel is filled with a similarity value.  The brighter that a pixel is, the more likely it is
that the pixel is a correct match.  We may find that bright pixels especially those pixels at local peak points along their columns will be
clustered together to form bright segment paths in the similarity image because of the surface continuity constraint.  As an example,
Figure 1 shows segments of ab/12, cd/23, de/45 and fg/67 lie on continuously smooth surfaces. Figure 2 is a similarity image constructed
based on the epipolar lines shown in black in Figure 1.  The brightness values are cross correlation coefficients calculated from the
epipolar lines.  In Figure 2, the cross-correlation coefficient image presents salient bright paths of AB, CD, EF and GH.  Those paths
appear to be connected local peak points in the column direction. The correspondence between segments that lie on continuously
smooth surfaces and those segment paths in the similarity space in the form of connected local peak points makes it possible to treat
image matching as a bright path tracking problem.  We can benefit from turning image matching into a bright path tracking problem in
three aspects:
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Figure 2. The correspondence between segment paths formed by local peaks along the column
direction and the connected matching paths in the similarity image

· We do not need to employ computationally complex techniques of shaping window (Okutomi and Kanade, 1992)  or adaptive least
square image matching (Grün,  1985) to address the matching uncertainty problem caused by the geometric and radiometric distortions
between a left token and its conjugate right token.  In the tracking process the geometric distortions are implicitly eliminated, the
extracted segment paths in the similarity space correspond automatically to two segments having geometric distortions in the left and
right image. For example, segment AB in Figure 2 corresponds to segments ab and 12 in Figure 1. Segment ab is a little shorter than
segment 12.

· Traditionally, features such as edges  (Grimson, 1985; Hongo et al., 1996) or  linear segments (Medioni and Nevatia, 1985; Horaud and
Skordas, 1989; Sherman and Peleg, 1990) are first extracted from the stereo pair, then image matching based on these features is
performed.  This preprocess makes image matching error-prone because the feature extraction process can not guarantee extraction
consistency between the left and right images.  For example, in the left image a physical linear segment may be extracted partially and
in the right image this physical linear segment may be over-extracted or split into several small segments.  The inconsistency between
the left features and their conjugate features makes these features unmatchable.  Features such as segment paths that are formed by
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Figure 1.  An epipolar stereo pair (the black lines  are  the corresponding epipolar lines used to generate Figure 2).



local peak points in the similarity space always correspond to those segments physically lying on the continuously smooth surfaces
in the left and right images. Because these features are extracted once, the consistency between the corresponding left and right
features are always preserved.

· Global matching evidence can be fully collected while unrelated global matching evidence is ignored leading to higher matching
reliability.  The tracking process will stop at places where occlusions or different continuously smooth surfaces occur because in those
places the similarity image becomes dark. Thus the segment path extracted by such kinds of technique will always lie on the same
continuously smooth surface. Because different continuously smooth surfaces are unrelated, a correct match on a continuously
smooth surface will not provide supportive matching evidence to another match on a different surface. In Figure 1, segment ab and
segment cd are not related, segment ab is on a polynomial ground surface while segment cd  is on a flat building top.

The ordering constraint is based on the observation that the order of any two points (i.e., left and right relation) in an eipipolar plane in
the real world remains the same in the stereo projection. This makes the tracking more feasible because correct segment paths will
extend along the diagonal. Vertical or horizontal segment paths are paths that correspond to occlusions or “NULL” matches.
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Figure 3.   The distance between any two neighboring local peak points along a column.

Tracking is not feasible under some circumstances.  In Figure 3 if the minimum distance between any two neighboring local maximum
points along the column direction of the similarity image is too small then segment paths that are formed by connected local peak points
will be clustered into bright regions of non-separable segments.  This phenomenon occurs in texture free images.  Integration of shape-
from shading (Pankanti and Jain, 1995) may be a possible solution.  Another case is that the corresponding matching tokens between
the left and right images are not sufficiently similar.   Thus no bright segments can be formed in the similarity space. This phenomenon
occurs when the perspective distortions between the left and right images are very large.  For example, tokens on a vertical building wall
or a deep slope of a tree crown will not appear similar in the left and right images.  Thus they are dark points in the similarity space.
Employing multi-baseline stereo images (Fua, 1997) may help solve this problem.

The characteristics of the similarity image not only depend on the characteristics of the imaged scenes but also the definition of the
similarity measure.  Two typical scenes can be found in the real world, natural scenes and urban scenes.  In our experiments, stereo pairs
of an urban scene and a natural scene were tested.  There are many definitions of similarity measures.   We tested three similarity
measures. They are the absolute difference of gray value, the absolute difference of average gray value and the cross correlation
coefficient.  We find that the distance between any two local peak points along a column in the similarity space of cross correlation
coefficient is the largest and most formed bright paths are separable.  Therefore, we adopted the cross correlation coefficient as the
similarity measure for this study.

The new image matching algorithm

Before the algorithm is run, a stereo pair of the epipolar image pyramids must be prepared in advance.  This is done through image
resampling.  At each level, a line-by-line based matching is executed.  Firstly, the algorithm initializes the corresponding disparity map
at that level.  Secondly, the whole image pair at that level is processed line by line.  The final disparity map is obtained through a filtering
process along the y-direction.  The disparity profile along each epipolar line is derived in three steps.  At the first step, a similarity image
is constructed.  At the second step, paths formed by connected bright spots in the similarity image are tracked.  At the third step, the
tracked paths are used to derive the final matches whose brightness values are the highest. The final matches must also satisfy the
ordering and smoothness constraints.  The new algorithm is a “from coarse to fine” algorithm (Figure 4).  It is developed to recover
scenes with weak depth discontinuities, especially scenes of wild lands.  For scenes with some strong depth discontinuities, for
example, urban scenes, an interpolation process at coarser levels except the finest level should be excluded.  The reason for not using
the interpolation process at the coarser levels for scenes with strong depth discontinuities is that unmatchable regions often corre-
spond to the occluded regions. Their disparity values at the coarser level may mislead image matching at the finer level.  The idea here
is that points on continuous surfaces should be matched while the occluded points should be ignored during the image matching
process.



Figure 4.  Procedures for the new image matching algorithm

The number of hierarchic levels

The number of hierarchic levels depends on the search range, computation and the control of error propagation.  Theoretically, 3*3 pixel
window averaging requires the lowest computation.  However, a small averaging window causes too many levels.  The more the levels
of the hierarchic image pyramid the more difficult is it to prevent errors at the coarser levels from propagating to the finer levels.  Thus
very small averaging window sizes should be avoided.  In our algorithm the averaging window size is 5*5 pixels.  Thus the disparity
search range (predicated by the coarser level) at each level will be within 5 pixels and its corresponding global maximum-minimum
disparity search range is computed with the following formula:
  Dmax/5I>=D>=Dmin/5I (1)
Here D

max  
and

   
D

min
 are the global  maximum and minimum disparity values at the finest

level , I =1, 2,…, N;  N+1 is the number of hierarchic levels and it is computed using:
 N = log

5
(Dmax-Dmin) (2)

The global maximum-minimum disparity search range at each level is used to bound the tracking process into a diagonal strip in the
similarity image.

Tracking seeds

Tracking seeds can be those points that are local peaks in the similarity image along the column direction because local peaks are most
likely to be correct matches.  In order to reduce the number of  “bad” local peaks, a conservative threshold is used.  In each column of
the similarity image only one pixel whose value is above the threshold and has the highest value in the disparity search range of this
column is considered as a tracking seed.  Some columns will not have tracking seeds if no local peaks exceed the threshold value.  The
advantage of this process lies in the fact that tracking seeds will not be clustered into regions and be limited by the number. At the
coarsest level, the disparity search range is computed by the global maximum and minimum disparity values, while at the finer level the
disparity search range is predicated by the disparity map of the precedent matched coarse levels and is within 5 pixels.
Although it is still possible for this process to throw away potential correct matches and include error matches, only a small percentage
of those seeds could be wrong matches especially at the coarsest level. The following process of tracking can recover those omitted
potential correct matches by propagating other correct matches in the same continuously connected path to those points.

 Tracking process

 

orientate (interior, relative, absolute)   
     generate epipolar stereo pair   

  generate hierarchic image pyramids   

is every level  processed ?   end   
yes   

no   
     initialize the current level’s disparity map   

is every epipolar line processed?   

generate similarity measure image by computing the cross - correlation coefficient   

      extract tracking seeds by local matching   
    extract segment paths by tracking   

segment paths which have partial overlap in the x-direction   
Select segment paths which have the highest similarity value among overlapping segment paths   

resolve the contradictions by surface continuity constraint and ordering constraint   
  fill the disparity gaps by interpolation   

yes   

no   

filter    the disparity map along y - dimension toward a final disparity map   

start   

      



A scan is firstly made from the left to the right and from the top to the bottom in the similarity image ,  if a seed is found then in its
compatible neighboring region a local peak is labeled as the next tracking point, this procedure continues until no peak in the neighbor-
ing region exists. The tracking process is bi-directional, i.e., the path segment before the seed and that after the seed are both tracked
.  During the tracking process, if other seeds are met, these seeds are labeled as processed seeds to avoid repetitive tracking; if the
current path meets other paths that are already tracked out, then the tracking process stops to claim an intersection of two paths.  The
compatible neighboring region is defined by the following equations:
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(3) is a representation of the surface continuity constraint, while equations (4) and (5) are a representation of the ordering constraint.
Because the ordering constraint is affected by the image resolution, i.e. the coordinates are integer numbers while not continuously real
numbers, equation (4) and (5) should be modified into the following equations including an equality:
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In order to avoid occurrence of long vertical segments which represent occlusions in the left epipolar line or horizontal segments which
represent occlusions in the right epipolar line, the times of continuous occurrence of  "equality" should be limited.
The next tracking point is the point whose value is above a threshold and has the highest value in the region defined by equations of
(3) to (7).

Path dividing and sorting
In order to simplify our tracking process,  two paths sharing common parts of  x-coordinates are divided into four short paths.  The
dividing is a recursive process because some paths have several component paths that share parts of the x-coordinates, especially at
the finest level.  At the coarser level, this process is occasionally needed.  Through this dividing process, paths can be arranged
according to their castings along the x-axis.  Paths which share the same x coordinates are candidate path matches.

The similarity value of a path
The similarity value along a path is a sum of similarity values of its connected points. In our experiments, the similarity measure is
chosen to be cross-correlation coefficient.  Thus the similarity value along a path is a sum of cross-correlation coefficient values of its
connected points.

Selection of paths
Methods such as relaxation (Christmas et al., 1995), artificial neural networks (Cruz et al., 1995; Grant et al., 1998) and dynamic
programming (Ohta and Kanade, 1985) can be used to resolve matching ambiguities among candidate paths.  In fact these computations
are not necessary because the tracking process already collected global matching evidence available for a local point.  Here we use a
heuristic method to resolve matching ambiguities among candidate paths.  The correct match among several candidate paths is selected
by finding the path with the highest  similarity value.  In order to remove some poor matches, we use an average similarity threshold to
detect bad matches. The average similarity value is computed by dividing the sum similarity value by the number of points forming that
path. Then violations of continuity and ordering constraints  are detected.  The violation of the continuity constraint is detected by an
interpolation method. If there is a large distance between the interpolated path and that to be checked and the distance is beyond the
range defined by equations  (3-7), then the path is replaced by the interpolated path.  For two paths that violate the ordering constraint,
the longer path is preserved and the shorter one is discarded.  The unmatched gaps are filled by interpolation. Our experiments show
that this kind of processing not only leads to competitive results compared with those algorithms such as global optimization but also
greatly reduces the computation.

The filtering operation

Because we use paths as our matching tokens, errors will be segments along the x-direction in the final disparity map.  These errors lie
in the fact that our algorithm is an epipolar line based method and the surface continuity constraint between two neighboring epipolar
line is not implemented. Optionally we may extend the current algorithm into a region-based algorithm while regions are extracted from
the 3D similarity space.  But as we can see this solution needs lots of memory, practically it is not feasible.  Fortunately, these violations
can be easily detected along the y-direction of the disparity map through filtering.  In a disparity profile along the y-direction,  the
narrow segments which have very different disparity values from those wide segments immediately adjacent to them are violations of
the surface continuity constraint (Figure 5).  Thus they should be replaced by interpolation using wide segments immediately adjacent
to them.  In our filtering operation, every profile along every column of the disparity map is firstly divided into narrow segments and
wide segments. Then those narrow segments violating the surface continuity constraint are replaced by interpolation.  In our experi-
ments, the narrow segments are within 5 pixels and wide segments are those longer than 5 pixels.

Testing the algorithm

In this section, the efficiency and the reliability of our algorithm are examined. Two stereo pairs are used for this purpose (Figures 6 and



7).  Figure 6 is a stereo pair patch of an oak wood land acquired at a scale of 1:12,000 and scanned at 25 µm resolution, while Figure 7 is
a 1:2,400 stereo pair of an urban area with scanned at 125µm resolution. Because the scale of Figure 7 is very large, occlusion is common
and the disparity map is difficult to be derived from previous algorithms. The disparity range for Figure 6 is +20 ~ -40 pixels and  +10 ~
-40 pixels for Figure 7.  In Figure 6, 92% of the pixels have a “similar disparity within ±1 pixel difference” of their immediate neighboring
pixels that physically lie on the same continuously smooth surface. In Figure 7, 56% of the pixels have a “similar disparity within ±1 pixel
difference”, 35% have a “similar disparity between 1~2 pixel absolute difference” of their immediate neighboring pixels that physically
lie on the same continuously smooth surfaces. The statistics shows that the scene in Figure 6 is smoother than that in Figure 7.

 
A B C

Figure 6.  A stereo pair of oak wood land and its disparity map. A: left image, B: right image, C: the disparity map referenced to the
left image
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Figure 7. A large-scale urban area stereo pair.  A: left image, B: right image, C: the  disparity map referenced to the left image, D: the
disparity map referenced to the right image

Our algorithm is programmed using C language on a DEC 3000 workstation.  Figures 6C, 7C and 7D are the derived disparity maps.  From
these disparity maps we can easily find that our algorithm can work in a wide array of complex images. Continuously smooth surfaces
are successfully recovered.  Depth discontinuities and occlusions are well localized and preserved in Figure 7C and 7D. These features
are essential for automatic mapping of urban areas (Weidner and Förstner, 1995).  Most algorithms in commercial softcopy photogram-
metry systems lack the ability to deal with depth discontinuities and occlusions. Because in their algorithms grids of some constant
intervals are used as matching tokens, and points that are not grid points are not matched. In the final disparity map disparity values of
those points that are not matched are interpolated from matched grid points.  While the interpolation process is a “blind” process
because of the lack of knowledge of the surface characteristics, i.e. irrelevant matched grids that physically lie on different surfaces may
be improperly used to interpolate an unmatched point.  This occurs where depth discontinuities and occlusions exist.  As a result,
salient important features are smoothed.  In our algorithm, the tracking will stop when occlusions and depth discontinuities occur
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Figure 5.  A disparity profile along the column direction of the disparity map.



because occlusions have “NULL” matches and they are dark points in the similarity space.  Tree stands in Figure 6 are well recovered
but not in Figure 7.  Tree stands in Figure 6 are oaks with dense leaves and the crown surfaces are relatively flat, while tree stands in
Figure 7 are heavily oblique, irregular and semi-transparent. The geometric distortions between a left token and its right token that lies
on the tree crowns can not be easily modeled. Additionally, the matching difficulty is partially attributed to large-scale of the stereo pair.
We sampled several epipolar lines which pass through tree crowns in Figure 7 and found segments that represent tree crowns had no
corresponding salient bright segment paths in the similarity space.  Only some bright points that can not be connected scatter
occasionally in those sections where tree crowns occur. This may be alleviated by employing multi-baseline stereo images.  As pointed
out earlier, under this special case our algorithm does not work well.  As a matter of fact, this is a case that can not be dealt with by any
existing algorithm.

Table 1.  Number of total extracted segments at each level

Table 2.  The average length of extracted segments at each level

Table 3.  Candidate match statistics of extracted segments at each level

In our implementation three hierarchic levels were derived based on the given search range in Figures 6 and 7.  Table 1 lists the number
of extracted segments at every level.  Table 2 lists the average length of the extracted segments.  Table 3 lists the statistics on the number
of candidate matches of the extracted segments.  From Table 2, the average length of segments is longer than 5 pixels at all levels for the
two stereo pairs.  At most (five of six levels as listed in Table 2) levels the average length of segments searched by our algorithm are
greater than 10 pixels, while for other grid based image matching algorithms the interval is only 5 pixels.  This difference means that our
tracking process can greatly reduce the number of matching tokens and thus saves the computation.  At the coarse level, most segment
paths correspond to an entire epipolar line (see Table 2).  Table 3 indicates that the extracted segment paths are almost final because
more than 85.3% of the segments have only one candidate.  At the medium level, the average length of segments is greater than 10
pixels.  Over 86.3% of the segments have no more than two candidates.  This is also true at the fine level. Because over 80% of segment
paths at all levels tracked by our algorithm have no more than two candidates, matching ambiguities are greatly reduced.  This is
achieved in our algorithm by the use of global matching evidence through tracking in the similarity space, while other algorithms use
every point or local peaks as their candidates in the search range.  Our algorithm further reduces the computation for resolving matching
ambiguities.  Based on the observation that over 80% of segment paths at all levels have no more than two candidates, the computation
of our algorithm is mainly for calculating the similarity images.  The similarity image for each line in the epipolar stereo pair is not
necessarily computed in whole.   The computation can be divided into two parts: one used to find the tracking seeds and the another
used to find the next tracking point in the small neighboring region of the current tracking point.  The search range of tracking seeds is
5 pixels, while the tracking neighboring region is 3 pixels.  Thus with our algorithm if the number of total tracking seeds is N and the sum
of the length of all extracted segment paths are M pixels, and the computation of a cross-correlation coefficient is P, then the computa-
tion costs are:
       C = (5´N+3´M) ´P                                                               (8)
Here P is a constant.  Thus C (N, M) is a linear function.  Normally N and M increase linearly as image sizes increase.  Some random
variations may occur; i.e. N and M will not strictly follow the above rule.  From this analysis, our algorithm can be considered as
approximately computationally linear.  The following further study reflects this analysis.

 Fine Medium Coarse 
 No. of segments in Figure 6 43,798 1,713 31 

 No. of segments in Figure 7 4,777 234 13 

 

 Fine Medium Coarse 
Average length (pixel) 21.2 17.3 25.5 Natural  

(Figure 6) Percentage of image 
width 

2.6% 10.5% 77.4% 

Average length (pixel) 15.6 10.4 5.5 Urban 
(Figure 7) Percentage of image 

width 
9.0% 29.9% 79.0% 

 

Percent  of   extracted segments (unit: %) 
Coarse Medium Fine 

 
Number of 
candidates Figure 6 Figure 7 Figure 6 Figure 7 Figure 6 Figure 7 

1 85.3 100.0 36.2 56.7 33.8 45.2 
2 14.7 0.0 50.1 36.7 49.0 40.1 
≥3 0.0 0.0 13.7 6.6 17.2 14.7 

 



Fifteen different sizes of stereo pairs were input into our algorithm and the computation time was recorded. In order to make the running
time comparable, we assigned all the test stereo pairs the same global maximum and minimum search range.  A linear regression analysis
between the computation time and the image size is made.  Equation (9) is the result of the regression analysis:
        T= 0.00553 ´ B (9)
Here T is the computation time and its unit is 1 minute, B is image size with its unit 1000 bytes. The root mean square error is ±0.63
minutes. From figure 8 we can see that the running time fluctuates around the regression line.  According to (9), for a standard 23 cm *
23 cm frame aerial stereo pair, if the scanning resolution is 25mm and the overlap along the flight direction is 65%, it will take about 28
minutes for our algorithm on a low end DEC Alpha 3000 workstation to derive the disparity map in the overlap region.
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Figure 8. The relationship between the computation time and  the image size

Conclusions

We propose a new image matching algorithm that tracks connected local peak points in the matching similarity space.  We demonstrated
the feasibility of implementing this algorithm with the surface continuity and ordering constraints during the best match tracking
process. Global information available to support a local match to resolve matching ambiguities is fully utilized in such a way that
unrelated global information is excluded.  Thus the solution to this problem is reliable and efficient.  Our experiment indicates that our
algorithm can work with a wide array of complex images.

In summary, our algorithm consists of five steps at each level: 1) extract paths by tracking connected local peak points in the similarity
space; 2) divide paths sharing parts of x-coordinates into shorter paths and rearrange them into a left to right sequence; 3) select paths
with the highest similarity values and discard those matched paths violating the surface continuity and ordering constraints; 4) fill
unmatched gaps by interpolation; and 5) construct the final disparity map by filtering along the y-direction.  The algorithm can be
considered as a feature-based algorithm. Such kinds of features extracted from the similarity space have not been reported in the
literature. Features are normally extracted from the stereo image space.  The main advantage of these types of tokens over tokens
extracted from the left and right images is that the geometric distortions caused by the perspective effect between every left token and
its corresponding token is automatically eliminated.  In addition, the description inconsistency caused by independent extraction of
tokens in the left and right images vanishes.  From the point of optimization, our algorithm may be classified into a heuristic information
based algorithm compared to information iteration propagation such as relaxation. The heuristic information is directly derived from the
continuity constraint and ordering constraint and the correspondence between paths that are formed by local peaks in the similarity
space and the surface profile paths in the real world. Because of above-mentioned improvements, our algorithm is efficient and reliable
and can work in a wide array of complex scenes.
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Model-Based Conifer-crown Surface Reconstruction from High-resolution Aerial Images

Y. Sheng, P. Gong, G.S. Biging
Abstract  Tree crown parameters such as height, shape and crown closure are desirable in forest and ecological studies, but

difficult to measure on the ground. The stereoscopic capability of high-resolution aerial images provides a way to crown surface
reconstruction. However, existing digital photogrammetry packages designed to map terrain surfaces cannot accurately extract tree
crown surfaces, particularly for conifer crowns with steep profiles in the vertical direction.

In this paper, we integrate crown features derived from images to stereo matching, and develop a model-based approach to
reconstruct crown surfaces for conifers. The idea is based on the fact that most conifer crowns are in a form of solid geometry. We model
a conifer crown as a generalized ellipsoid; establish the optimal tree model using a geometric equation; and then apply the optimal tree
model to guide a conventional pyramid image matching in crown surface reconstruction.  The effectiveness of the proposed - approach is
illustrated using an example of a redwood tree on 1:2,400 aerial photographs.

1. Introduction
The description of three-dimensional crown shape is useful in estimating the amount of foliage, and further the photosynthetic

ability of trees. In forestry inventory, many parameters are collected from crowns such as crown diameter, crown height, crown closure,
etc. Crown width and crown height are important inputs to forest models (Deutschman et al., 1997), and are of critical importance in
modeling forest fires (Keane et al., 1999).

It is a time-consuming and labor-intensive process to measure crown diameter and crown height in the field, let alone the
three-dimensional crown surface. This led us to develop photo-ecometrics techniques for forest inventory (Gong et al., 1999).  Aerial
photography provides a practical means to tree measurement. Large-scale aerial photos have long been used for measuringing such
parameters. Andrews derived tree height from aerial images in a stereo pair as early as in the 1930s (Andrews, 1936). Tree height
readings from 1:1,000 scale photos using a stereoplotter was found even more accurate than field measurements using tapes and
clinometers (Kovats, 1997). Moessner (1949) developed a crown-density scale as a reference to interpret crown closure. Sayn-
Wittgenstein (1961) applied crown characteristics (crown density, size, and marginal and apex shape) in tree species recognition. Crown
information is estimated most easily from aerial photos, however, the approaches are mainly based on visual interpretation.  As a
consequence, the process is less efficient, subjective and error-prone (Biging et al., 1991).

Precise measurement of crowns from aerial photographs needs relatively accurate crown surface data. Due to the perspective
view of aerial photographs crown closure is overestimated when subject location moves away from the principle points of the
photographs.. Theoretically, the parameters derived from orthophotos are free of the displacement influences. However, crown surface
data are needed for generating orthophotos from perspective photos.

Another requirement for crown surface data comes from the automated photo interpretation. As a result of improvement in
both the computing power and spatial resolution of remotely sensed data, more attention is being paid to individual tree-based photo
interpretation (Gougeon, 1992; Gougeon, 1995; Larsen, 1998; Pollock, 1996). On one hand, it is good to have photo resolution high
enough to capture information on individual trees; on the other hand, the displacement of crown surface is by no means negligible. The
current work in this field has focused on tree delineation using spectral information from monocular images. When results of photo
interpretation of forests are inputted to a geographic information system (GIS) , the coordinate data contain errors due to the
perspective view of aerial photography.  To eliminate the geometric errors, we need to use the 3D crown coordinates to orthorectify the
airphotos.

In summary, the marriage of crown surface and spectral information will substantially benefit tree delineation; and crown
surface can be used to produce orthographic tree map for a GIS.The available literature body on crown surface reconstruction is rather
limited. Laser range detection (Lidar), radar interferometry, and photogrammetry are three major techniques for surface reconstruction .
Airborne laser scanning systems detect range using laser signals in the visible or near infrared wavelengths. To measure crown surface
heights,  a lidar records multiple echoes: the first one is supposed to be reflected from a crown top while the last from the ground after
penetrating through the canopy. Crown surface heights can be derived by subtracting the first range reading from the last one. The
penetration ability of a laser signal is critical to the quality of surface reconstruction. It was found that with near vertical incident angles
of laser systems, 20-40% penetration rates can be expected through European type of coniferous and deciduous forests. In particular,
the penetration capability of laser signals through dense forests remains questionable (Ackermann, 1999). The requirements of high
sampling rate, high signal-to-noise rate, and multiple-echo recording capability for crown surface measurement would make the system
quite expensive.

Radar interferometry detects elevation by phase correlation of radar echoes received by two radar antennas or by the same
antenna at two fixed locations. The height can be acquired at an accuracy of centimeters. Space-borne interferometric radar (around 30
meter resolution) has been used in earthquake monitoring, glacier movement monitoring, and digital elevation model (DEM) generation.
The only experiment found on tree crown characterization was the use of 1.5 m resolution airborne interferometric SAR data at X- and
C-band over tropical rain forests in Indonesia (Hoekman and Varekamp, 1998; Varekamp and Hoekman, 1998). The results show that the
interferometrically derived tree height can dramatically underestimate tree height.

Stereoscopic surface reconstruction from digital images is an important field of computer vision and photogrammetry. Both
computer vision and photogrammetry use image matching method to reconstruct surfaces. Photogrammetry is commonly practiced as
the standard approach in terrain surface generation. However, photogrammetric efforts to generate crown surfaces are rare. Instead,
trees are usually treated as undesired “disturbance” to be eliminated  in photogrammetric operations. Gong et al. (2000) tested the use
of digital photogrammetry for oak wood land monitoring.  They suggest that a digital surface models that contain the elevation of
landscape features such as buildings and tree canopies instead of the commonly used digital elevation models that only describe



terrain heights be used for land change monitoring.
It is a challenge to reconstruct crown surfaces using photogrammetry, particularly for conifers. . In a recent test made by

Quackenbush et al. (1999), a Desktop Mapping System (DMS) was used to derive a digital surface model for tree canopy from 1 m
resolution aerial photos. They conclude that canopy surface reconstruction was unsuccessful due to the constraint of the package
used. Our experiments with a number of other commercial softcopy photogrammetry packages lead to the same conclusion that the
current commercial packages are not designed to adequately extract tree crown surfaces.  In fact, there is a lack of algorithms for 3D
information extraction for tree crowns.

We also conducted experiments to measure tree height through visual stereo matching using the digital photogrammetric
programs in PCI and VirtuoZo. We found that it was possible to determine tree heights precisely as long as the conjugated tree tops on
the left and the right images can be visually identified on the computer screen (Gong et al., 2000). Those experiments prove that
stereoscopic images contain sufficient amount of information for height measurements.  This encourages us to further explore
automated crown reconstruction methods. We aim to solveone of the most difficult problems in digital photogrammetry, that is to
reconstruct conifer crown surfaces.

2. Methods
We took the photogrammetric approach to reconstructing crown surface for the following reasons: First, aerial photography is

the main stream among the remote sensing tools in forestry. Large volumes of air photos are available. Secondly, the interaction
between radar or laser signals and crowns has not been fully understood. In addition, we are able to acquire both spectral imagery and
surface spatial information using the photogrammetric approach.

2.1.  A model-based strategy to image matching
An algorithm for image matching or correspondence point finding in a stereo pair is the heart of photogrammetric surface

reconstruction. The current image matching algorithms in photogrammetry are a sort of “blind matching”, which does not take any prior
knowledge. The failure of photogrammetric methods in crown surface reconstruction is that when the algorithms match over a tree crown
they are not aware of the existence of  a crown surface, and do not treat the matching process with special care. The focus of this paper is
on how to make the algorithm realize a crown surface is to be matched. We propose a model-basedimage matching approach to solving this
problem by introducing a tree model to guide the matching process.

Maitre and Luo (1992) applied geometric models to improve stereo reconstruction of buildings. They first ran a regular stereo
matching algorithm to get an initial disparity map of buildings, and then segmented images into features. For each feature, they modeled
the disparity as either planar or quadratic shape from the initial disparity map. Their approach demonstrates its potential in
reconstructing urban scenes. To apply their idea to crown surface reconstruction, however, we  see the following potential problems.
The first is the segmentation problem. In a forest scene, to delineate individual crowns from their background is a difficult task itself
(Gougeon, 1995). The second problem is the initial disparity. Because the sharp surface of coniferous crowns causes problems to stereo
matching, the initial disparity map derived from regular matching algorithms is not sufficiently reliable to serve the modeling purpose at
the subsequent stage.

Our model-based approach to crown surface reconstruction relies on three components: geometric tree model construction,
disparity prediction from tree models, and integration of model predictions into image matching. Tree models are developed from the
original images. This approach basically integrates image features into image matching. We propose the following model-based
strategy to reconstruct crown surfaces:

1. With an estimate of the ground disparity range, generate smooth ground surface using conventional stereoscopic technique,
and fill the gaps using interpolation. Trees are usually the gaps.

2. Identify the top of each individual tree in the left and right images, and calculate its coordinates in the ground coordinate
system.

3. Estimate tree height by subtracting correspondent ground elevation from the elevation of the tree top.
4. Based on the tree height and other parameters such as the maximum and minimum crown size, determine the optimal tree model

of the tree either automatically by template matching, or interactively, or both.
5. Apply the optimal tree model to predict an initial crown disparity.
6. Integrate the predicted crown disparity into pyramid stereo matching by using it as the initial disparity for the final pyramid

matching.

2.2. Tree model
The form of tree crowns is related to the environments. In northern and alpine environments, conifers are adapted to grow in a

conical shape, due to strong selection pressures of snow, ice, and wind (Barnes et al., 1998).
Biging and Gill give a comprehensive summary of crown modeling, and they applied stochastic ARMA (Auto-Regressive

Moving Average) models to model  coniferous crown profiles using time series analysis (Biging and Gill, 1997). Though crown margins
are stochastic in nature, we adopted geometric models for their simplicity in parameterization. Horn proposed the following equation as
a general model for the two-dimensional vertical profile of a crown envelope (Horn, 1971):
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Where, ch and cr are the vertical and horizontal dimensions of a crown, respectively, and cc is a positive adjusting coefficient
for crown curvature.  When cc=1 the curve is a straight line, cc<1 indicates an increasingly upwards concave curve while cc>1
represents an increasingly downwards concave curve. To generate templates for the tree delineation purpose on monocular MEIS



images, Pollock extended Horn’s formula into three dimensions, and modeled a crown envelope with a generalized ellipsoid:
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 (Pollock, 1996). We adopted Pollock’s crown model for geometric crown modeling. For our purpose

of applying the crown model to guide stereoscopic image matching, we need to know the location of a crown. Our tree model is
described by five parameters as illustrated in Figure 1: ground coordinate of the treetop (Xt, Yt, Zt), tree base height (bh), crown height
(ch), crown radius (cr), and an adjusting coefficient for crown curvature (cc). Once these five parameters are known, the ground
coordinates (X, Y, Z) of any point on the crown surface can be modeled by:
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Figure 2 shows the geometric shapes of crowns with various dimensional parameters. The first three (Figure 2a, b, and c) are a
20m-high, 6m-wide conifer crown with a curvature of 0.8, 1.0, 1.5, respectively. The last one (Figure 2d) is more like a hardwood crown.
Although this model over-simplifies crowns in the real world, it may be adequate to serve as an initial condition for guiding the crown
surface reconstruction process.

Figure 1. Parameters in the tree model

We determine the optimal tree model interactively in this paper, but the process can potentially be automated as Larsen and
Rudemo (1998) and Pollock (1996) did. The first step is to identify the top of a tree on images. The top of a conifer usually is not quite
recognizable when it is viewed vertically, while off-nadir views are more informative to conifer top identification. In addition, to ensure
each point on a conifer crown to be viewed from two different directions to derive the disparity, a minimum of three images of the crown
is required: one top view, and two side views (Figure 3). Three adjacent photos overlapped each other were used in this paper.

A triplex forms three stereo pairs: the left-right pair, the left-middle pair, and the middle-right pair. The ground coordinates of a
tree top can usually be derived from the left-right pair. The tree base elevation can be roughly estimated from either the left-middle or
the middle-right pair. The other dimensional parameters about the crown can also be determined interactively from the images.

2.3.  Image matching scheme
From a historical point of view, correspondence algorithms for stereopsis can be divided into two groups: the correlation-based (or

area-based) methods and the feature-based methods (Sonka et al., 1999). In feature-based matching, features such as corners and more
often edges have to be automatically identified in the images before matching is undertaken.   However, features in a natural forest
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Equation of generalized ellipsoid  



scene are hard to define, and are often unidentifiable in the images. We adopted the area-based image matching scheme. Area-based
correspondence algorithms are based on the assumption that pixels in correspondence have similar intensities. The intensity of an

ch=20m, cr=3m, 
cc=0.8 

ch=20m, cr=3m, 
cc=1.0 

ch=20m, cr=3m, 
cc=1.5 

ch=10m, cr=7m, 
cc=2.0 

Figure 2. Examples of the tree model 
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Figure 3. A tree in triple views



individual pixel does not give sufficient information.  Thus intensities of several neighboring pixels are considered.
The correspondence problem is inherently ambiguous due to factors such as noise, varying viewing direction and perspective

distortion. Thus the intensities of the corresponding pixels will differ in the two images. For a particular point in one image, there are
usually several matching candidates in the other image, and the true candidate does not necessarily hold the maximum similarity
measurement. Correspondence ambiguities can be reduced with additional constraints. In Marr’s original image matching theory (Marr,
1982), the following three constraints were introduced:
1. Photometric compatibility constraint: Pixels in correspondence have very similar intensities.
2. Uniqueness constraint: A pixel in one image can correspond to only one pixel in the other image.
3. Disparity continuity constraint: Disparity varies smoothly almost everywhere over the image.

Other important constraints developed by other researchers include:
1. Epipolar constraint: The matching points must lie on the corresponding epipolar lines of the two images. This constraint reduces the

2-D search space into 1-D.
2. Disparity limit constraint: This constraint limits the disparity search within a range.

In our regular matching scheme, we generally follow Sun’s image matching algorithm (Sun, 1998) because it can make use of all
the above constraints.

Similarity (or dis-similarity) is the guiding principle for solving the correspondence problem. Similarity measures have been
diversified, and their performance and computation cost vary. Among them, the cross-correlation coefficient has been most commonly
used. Its popularity is due to its independence of variations in brightness and contrast.

The result of the correlation calculation forms a cube containing the correlation coefficients (Figure 4). The epipolar constraint
and the disparity limit constraint are used in correlation cube generation. Suppose the disparity limit range is [-d, d], and the input left
and right epipolar images with a size of row*col, the correlation cube is generated by calculating the correlation coefficients between
the left image and the right image shifted from -d to d along the epipolar direction. The column of the cube is along the epipolar
direction, and the vertical dimension is disparity. The value at pixel (i, j, d) is the correlation coefficient of pixel (i, j) on the left image
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Figure 4. Correlation cube and slicing

when disparity is d. The size of the cube depends upon the image size (row*col) and the disparity range (2*d + 1).
One advantage of such a correlation cube is that it allows us to combine multiple constraints in determining the disparity map

by searching the cube. The simplest and often used algorithms are to find maximum correlation under the constraint of being greater
than a threshold. We treat the task as to find a smooth surface in the cube to maximize its total correlation, which uses the photometric
compatibility constraint, the uniqueness constraint, and the disparity continuity constraint simultaneously.

We simplify the three-dimensional surface searching problem to a 2D path optimization problem by slicing the correlation cube
along the epipolar direction. In a slicing plane, the horizontal dimension is along the epipolar direction, while the vertical dimension is
the range of disparity. For each slicing plane, we search for the optimal path from the left to right through the correlation matrix using
dynamic programming techniques to maximize the total correlation on the path. The position of the path indicates the best disparity for
this slice.



Dynamic programming techniques have advantages in solving the optimization problem. Image matching by dynamic
programming is a global matching approach, which seeks for the optimal solution globally instead of locally. The length of a path here
is defined as the summation of the correlation coefficients along the path. The best path holds longest length when the disparity
continuity constraint is satisfied. To define the smoothness of a path, A pth-order path is introduced. A pth-order path searches the
next point up and down in the disparity range of [-p, p] from the current point (Buckley and Yang, 1997). In this sense, parameter p
serves as the smoothness constraint.

The effectiveness of the coarse-to-fine pyramid matching scheme has been shown in many image matching approaches. We
use scale=3 as the scale ratio in our algorithm as it is more computationally economic, and the average of a 3x3 neighborhood makes a
pixel at a higher level. In addition to its computational efficiency and reliability, the pyramid structure has additional advantages to our
model-based matching scheme: (1). It makes the correlation cube as small as (2*scale+1)*row*col at each level; (2). It can focus on
different level of detail; and more importantly, (3). It allows us to add geometric model at any level. This is  desirable in integrating tree
models into the above regular image matching scheme.

2.1. Incorporating the tree model in image matching
Our goal is to let the matching algorithm know the characteristics of a crown surface it is matching. In a traditionalmatching

scheme, very little prior knowledge about the objects is needed. In crown surface reconstruction, however, we have the rough idea of
crown shape through the optimal tree model establishment. Conifer crowns in natural forests usually have solid geometric shapes, a
conical shape for young trees while a parabolic shape is more general for mature trees. We integrate a geometric tree model into image
matching by using the model as a new constraint—geometric shape constraint. Once we know the tree model from image analysis, we can
model the ground coordinate of each point on the crown, then we can predict the crown disparity in any image. The predicted disparity
serves as a guide to find correspondence. The correspondence search can be limited to a small range, usually a couple of pixels, around the
predicted disparity. Therefore, we can introduce the tree model only at the final level of the pyramid matching scheme for a minor
adjustment. Since trees are specially treated at the final level, the other levels of pyramid matching can concentrate on matching for ground
objects, by setting the disparity limit range specifically for the ground.  The ground is relatively smooth, and can usually be well handled
by conventional image matching approaches. The output disparity at the second level from the last is modified by the predicted disparity
from tree models before used as the initial disparity map for the final stage. That is, the initial disparity map at the final level is composed
of two different sources: (1) the disparity through conventional image matching algorithm at the previous level, and (2) the crown disparity
predicted from tree models.

When the dynamic programming algorithm searches for disparity paths in the correlation cube at the final level, the order p of
the paths can be set to various values from 0 to scale, depending on the confidence on the optimal tree model. If the tree model
perfectly describes the crown surface, then set the order p to zero, which means no adjustment is needed. If the tree model is only a
rough approximation of the real crown surface, then the order needs to be increased, and this will introduce more variations on the
reconstructed crown surface.

 

Figure 5. Integrating tree models into pyramid image matching 
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3. Experimental results
We did the test with a redwood tree at the Berkeley campus of University of California (122.380W, 37.620N) using 1:2,400 scale

campus color aerial photographs. The photos were taken by a -camera with a focal length of 152.888mm around 14:10 on May 23 1994
under a clear sky condition. The sunlight illuminated the ground from the southwest direction at an elevation angle of 68.070

(az=223.520, el=68.070). This redwood was visible on three overlapped photos. These photos were scanned at 250 DPI, making the pixel
resolution approximately 24 cm on the ground. The photographic station location and camera attitude were solved through orientation
procedures (Table 1). The three photos form three stereo pairs: the left-right pair, the left-middle pair, and the middle-right pair. The
green-band epipolar images covering our interested tree are shown in Figure 6. The middle-right pair (Figure 6c) covers the most part of
the tree crown. We focus on this pair. The periodical patterns in the images caused by layered stretching branches makes the matching
task more difficult.

Both regular image matching and the model-based approach were implemented for a comparison. We first generated the crown
surface of this tree using the regular image matching algorithm described in the image matching section. With the tree disparity
considered, the disparity range is estimated as [-30, 24] for the middle-right pair. For pyramid matching efficiency, we use [-27, 27] after
a centralization as the disparity limit in the surface reconstruction. The resulted disparity map is shown in Figure 7a.Figure 7b is the
reconstructed digital surface model. The interested redwood tree (circled by the white line in Figure 7b) is flattened so seriously that the
tree turns out to be only 7 meters high. Though having taken many constraints into consideration, the regular matching scheme still
does not work well. It is necessary to introduce the model-based approach.

In the model-based approach, we need to determine the optimal tree model for this tree. The 3-D ground coordinates  of the
tree top is usually acquired from the left-right pair (Figure 6a). The tree top coordinates in the left image is (col:88, row:28), and is (col:
68, row: 28) in the right image. Its ground coordinate is calculated as (4366.60m, 4056.94m, 49.47m). The elevation of base area is
determined as 25.15m. Therefore, the tree height is roughly 24.32m. The dimension of the crown was determined interactively. The
parameters of this tree model turned out to be: (X

t
, Y

t
, Z

t
)=(4366.60m, 4056.94m, 49.47m), ch=21.8m, cr=4.8m, cc=1.1, bh=2.5m.
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(X, Y, Z) in meters 
Camera attitude  
(ϕ, ω, κ) in arcs 

the left image (4172.145, 3999.740, 399.095) (0.00792, 0.00259, 0.00023) 
the middle image (4370.708, 4002.312, 402.907) (0.01269, -0.00455, -0.00404) 
the right image (4576.447, 4003.478, 404.708) (-0.00663, 0.00543, 0.00316) 

 

Table 1 Photo elements

Figure 6. Epipolar images in the three stereo pairs formed with triple images



Figure 7. Results from the regular image matching approach

Figure 8 shows the crown disparity map predicted from the tree model. Since special care has been taken to crowns, we can
focus on the ground in image matching. We narrow the disparity limit range down to [24, 30] for the ground surface in this example. The
algorithm mainly matches for the ground surface at the high levels of the pyramid. At the final level, we modify the output disparity map
from the higher level with the predicted crown map, and use it as the initial disparity in the final matching.

The path order p can be specified as a number within 0 to 3. When specifying the path order p=1, the algorithm has 1±  pixel
flexibility in adjusting the disparity, corresponding to about 0.2 m in the ground coordinate system. A larger p gives the crown matching
more freedom in the disparity search, therefore introduces more variations to the reconstructed crown surface. When the crown is not
well defined by the optimal tree model, a larger p may give more realistic results.

Figure 8. Predicted disparity map from the tree model

The results of p=1 are shown in Figure 9.  Figures 9a and 9b are the derived disparity map and the reconstructed surface map,
respectively. Because the east side (do you have a directional arrow in thefigure?) of the crown is occluded in both images, gaps are
found in this area in the surface map. After filling the gaps using interpolation techniques, the final surface map is shown in Figure 9c.
Corresponding maps obtained using  p=2 are shown in Figure 10. Comparing Figure 10 with Figure 9, we can see that there is no
significant difference between the two surface maps, though the one derived using p=2 has slightly  more elevational variations. In
both reconstructions, the interested tree turns out to be 25.14 m high. This indicates this tree has a regular crown shape and the tree
model well describes this tree. We use the surface of p=2 in the following analysis.

A field measurement was conducted on Oct. 24, 1999. Since it is very difficult to directly measure crown surface from the
ground, tree height, base height, and crown radii from eight directions were measured using clinometers and tapes. Ground
observations and corresponding plots from the reconstructed crown surface are illustrated for a comparison in the upper row and the
lower row of Figure 11. Ground pictures of the tree were taken from the west and the south directions (Figures 11a and 11b),
respectively. The measured crown radii are plotted in Figure 11c. The ground observations indicate that this tree is conical in shape.



Figure 9. Model-based crown surface reconstruction (p=1)

The profiles of the reconstructed crown surface are shown in Figure 11d (west view), Figure 11e (south view), and Figure 11f (crown
contours at a 2 m interval). Comparing these profiles with the corresponding ground observations, we can see the major consistency.
The stretching branch marked by A in the photo from a west view (Figure 11a) is also visible in the profile (marker A in Figure 11d). The
marked points B and C in the profile from a south view (Figure 11e), however, do not have matching features in the corresponding
ground photo (Figure 11b) because they are the results of gap filling in the digital surface model. They are on the east side of the
crown, and invisible under this imaging configuration.

The reconstructed height of this redwood tree is 25.1 meter, while it was measured as 27.4 meter high in the field, which is
under-estimated by 2.3 meter. These photos were taken (in 1994) five years earlier than the field measurements (in 1999). It is possible
for a redwood tree to grow this much in four years. This under-estimation may also be partially explained by that the very sharp tip of a
conifer may not be captured by the camera.

We also draped the original middle image on the top of the reconstructed surface to view the surface in 3D.  The northeast,
southeast, northwest, and southwest views are shown in Figures 12a, b, c, d, respectively. The redwood tree looks realistic from all the
directions.

4.  Discussions
From the above experiment, we can see that the crown surface reconstruction can be considerably improved after a tree model

was introduced. Although we have demonstrated the potential of such a model-based approach to crown surface reconstruction, many
problems still exist.

An optimal tree model may not precisely describe a tree surface, especially when the tree is in an irregular shape. Consequently,
the model-based approach may not produce an adequate surface even with a large order p. The approach discussed in this paper can be
implemented as an iterative procedure. When our knowledge about tree height and  canopy shape is poor, we can begin with a rough tree

(a) Disparity map

(b) Digital surface model

(c) Filled surface model



(a) Disparity map

(b) Digital surface model

(c) Filled surface model

Figure 10. Model-based crown surface reconstruction (p=2)

surface model with approximate tree parameters for the model-based approach. The output from  the first round of model-based matching
can be used in the next round of model-based matching for gradual adjustment. This procedure can be repeated until improvement is no
longer possible.

It is difficult to obtain an optimal tree model. We dealt only with a single tree in our example, and determined the optimal tree model
interactively. Our work is ongoing to automate the tree model acquisition process so as to meet the requirement of tree crown surface
reconstruction for an entire stereo image coverage. Relevant research has been done on monocular images. Pollock developed optimal tree
models using crown template matching for  tree delineation (Pollock, 1996), and Larsen detected conifer tree tops using a similar technique
(Larsen and Rudemo, 1998). We need to determine the ground coordinates for tree tops in our tree model. We will use multi-ocular images
for optimal tree model development. The multi-ocular approach is expected to produce better tree models than the monocular one.

This paper uses a single tree as an example, but the proposed approach is readily applicable to sparse tree stands. We can
imagine the problem becomes complicated for dense forest stands where trees occlude each other. Occlusion will be treated in future
research. An user-friendly interface is desirable for model-based crown analysis since human-machine interaction becomes necessary
for complicated forest stands such as dense or uneven aged stands.

5. Conclusions
Tree crown surface reconstruction is a difficult problem. It is not surprising that the current photogrammetric algorithms are not
successful because crown surfaces are sharp and rough. Although most of the commercially available image matching algorithms  has
many factors under control and constraints considered, they still fails to adequately reconstruct tree crown surface. Introducing tree



Figure 11. Ground truthing
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crown models into surface reconstruction dramatically improve this situation. The generalized ellipsoid tree model can well describe
most conifers. Our results indicate that crown surface reconstruction through integration of tree crown model with conventional
pyramid image matching   is a good strategy. In the pyramid image matching algorithm, slow varying ground surfaces coordinates are
extracted at the higher levels.  At the final level, tree models are integrated to guide image matching for local adjustment of disparities.
The degree of adjustment can be controlled by a parameter, the order p of the optimal path in dynamic programming techniques. This
ensures the image matching algorithm to find the right tree crown in aproper  range. When a tree is irregular in shape, or anoptimal tree
model is not available, a larger p value may help by giving more freedom in the image matching. In addition, a model-based iterative
image matching algorithm may be implemented to achieve better conifer crown surface reconstruction results.

The proposed model-based image matching algorithm  has demonstrated its effectiveness in crown surface reconstruction. It
has the potential for application to stereo images acquired  over natural forest stands. The concept of model-guided image matching
and its implementation are potentially applicable to other problems with prior knowledge about the shapes of objects.
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Introduction

DSMs (digital surface models) automatically derived with digital photogrammetry systems have been applied to topographic mapping
(e.g., Ackerman and Krzystek, 1997), image understanding (Weidner and Förstner, 1995) and change monitoring (Gong et al., 1999a, 1999b;
Brown and Arbogast, 1999).  Since 1995, we have been developing DSM-based techniques for monitoring changes in California’s oak
woodlands (Gong et al., 1999b).  In our approach, DSMs derived from two dates over the same area were automatically derived from aerial
photographs using digital photogrammetry systems.   Then individual tree growth, loss of trees from mortality or cutting  and  regenerated
trees are detected by subtracting one DSM from the other. Although our study showed that the approach was promising in forest change
monitoring, we found that DSMs thus derived were not reliable and were often erroneous at locations where elevation changes abruptly,
e.g., at borders of forest or individual tree canopy.  Thus, it is difficult to obtain reliable results for forest monitoring before some post-
processing is applied to the multidate DSMs.

Based on our analysis, we found that errors of digital surface models derived from digital photogrammetry were primarily from image
matching. In image matching, surface smoothness is used as a constraint in most of the commercial packages.  The purpose of the
smoothness constraint is to reduce abrupt changes and eliminate non-topographic scene components in order to derive accurate surface
elevation. Therefore, this constraint should not normally be applied in image areas where non-topographic components are desirable.
Standing objects such as buildings, oak trees and other forest stands can not be treated as a cohesive unit on a stereo pair of aerial
photographs. The depth (elevation) discontinuities at the boundaries of forest stands divide the whole underlying surface into many
piecewise patches. Within each individual patch the surface can be approximately treated as continuously smooth, i.e., the individual
surface patch satisfies the so-called smoothness constraint. Therefore, the underlying surface should first be separated in advance.  Then
the smoothness constraint can be applied properly to each individual surface patch.  Furthermore, depth discontinuities may lead to
occlusions leading to portions of the ground not imaged on one of the two images. Occlusions lead to “null” matches.  The occluded
regions caused by perspective projection during aerial photography should be excluded from the matching process.  Unfortunately, this
is not done in most existing image matching algorithms because they are designed for topographic mapping rather than landscape
mapping. Thus, in the final 3D surface data, the occluded regions may be derived from false matches or “blind” interpolation. In our study,
the “blind” interpolation is usually fitting between the ground surface and tree canopy.  This leads to an expansion of forest stands at
forest boundaries. Boundaries of standing objects at occluded areas are shifted because of smoothing.  Therefore, 3D data obtained over
occluded areas are erroneous.

Abstract:  DSMs (digital surface models) automatically derived with digital photogrammetric systems are useful in land surface change
monitoring including forest growth monitoring. However, they can not be applied directly to forest canopy change analysis with high accuracy
due to the inevitable deficiencies of existing commercial digital photogrammetry packages. In a hardwood rangeland monitoring study, we found
that the oak tree and woodland canopy boundaries were not well determined using several digital photogrammetry packages available to us.
There was a noticeable discrepancy between the true crown closure and that determined by subtracting the DSM and the corresponding DEM
that excludes tree heights. In this paper, we present a correction method for improvement at the erroneous canopy boundary locations in the
DSM using shadow and boundary information extracted from imagery. The proposed approach is designed for correction of errors with
broadleaf tree canopies.  Aerial photographs taken from oak woodland hills were tested.  Using manual photogrammetric measurements as
reference, we found that most of the points (88.3%) on the canopy boundaries were displaced by greater than 1 meter with a conventional
digital photogrammetric package.  After the proposed algorithms were applied, 98.6% of the points on canopy boundaries were found to be
within 0.6 meters of their reference positions.  78.4% of the reference points had greater than 2 meters elevation errors with the conventional
package while 85.6% of those points were found to be within 1.2 meters of the reference after the proposed algorithms were applied.

Improvement of an oak canopy model extracted from
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Because of the two shortcomings described above, the final DSM becomes continuously smooth and important features such as depth
discontinuities caused by standing objects are not captured.  We need to use boundary information to prevent the smoothness constraint
from being employed at the boundaries of standing objects such as forest stands and to assist in the detection of occluded regions.  To
achieve this goal, a boundary constraint and an occlusion constraint should be applied in image matching.  In addition, shadows exist
when aerial photography is taken under sunny conditions.  The shadow geometry can be used as a constraint too.
Given the above considerations, one option is to develop a new image matching algorithm that takes those new constraints into consideration.
This takes a considerable amount of time and resources to accomplish. Mohan et al. (1989) demonstrate that substantial improvements in
the overall performance of the entire digital photogrammetric procedure can be achieved by applying some of the constraint information
after image matching is done.  We decided to take advantage of the existing algorithms (Dhond and Aggrawal, 1989; Heipke, 1996; Mei et
al., in press) and apply the new constraints through postprocessing.
The objective of this study was to improve the accuracy of a DSM of an oak woodland stand using a stereo-pair of aerial photographs.
Because the inner portion of an oak tree crown surface is relatively smooth, it can be derived with relatively high accuracy from using
existing commercial software packages. The challenge was to accurately recover the crown margins near the outer portions of tree crowns
because abrupt elevation changes at the crown margins lead to large uncertainties in image matching.

Obtaining the DSM

The DSM can be automatically derived using digital photogrammetric systems such as Socket Set, Match-T, and VirtuoZoÔ. This can be
done using a standard digital photogrammetric procedure. The procedure normally consists of six steps. They are interior orientation,
relative orientation and generation of epipolar images, absolute orientation, image matching, and interpolation and generation of DSM.
Among them, the matching process is vital to the whole procedure. Although there are two major categories of image matching algorithms
in the literature: area-based and feature based, most built-in algorithms in commercial digital photogrammetric systems are area-based. For
example, VirtuoZoÔ, the one we used for our study, employs an area-based image matching algorithm (http://www.virtuozo.com.au).
An aerial stereo-pair over an oak woodland area was scanned at 25 mm resolution (Figure 1).   It was acquired over Lucas Valley
(38°02’38"W, 122°36’30"N), Marine County, California, with a nominal scale of 1:12,000. An individual oak tree on a 23.4° hill slope with a
height of approximately 10.3 meters was enlarged (Figure 1). The black and white photographs were taken around 2:30 PM local time (it was
estimated from the sun angle and the geographic location due to the lack of the time information) in August, 1995. The solar elevation and
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Figure 1. A portion of a stereopair of aerial photographs acquired over an oak woodland stand in Lucas Valley, Marine County, California.
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Figure 2. An initial digital surface model (DSM) derived from the stereopair using an existing digital photogrammetric system. 2a: the
initial DSM and 2b: a profile along the down slope direction. The vertical dash-lines are the boundary of the tree and the dash-curve is
the ground. The profile shows that the curve is smoothed and includes errors near the boundary of the tree.



azimuth were 55°02’38" and 64°02’38", respectively (determined from measurements of several points and their shadow points). From
Figure 1, we can see that three classes may be found: background dry grasses, shadows and forest stands (field visitation indicated that
the stands were primarily oak trees). Shadows are the darkest and the background is white, while the forest stands appear grey.  Our
experiments indicated that methods such as gray-level thresholding worked well in separating them.
Ground control points (GCPs) were collected using geodetic quality GPS receivers operated in the differential mode. Absolute orientation
were done using GCPs. Following a standard photogrammetric procedure, the initial DSM was generated with VirtuoZoÔ. The resolution
of the DSM (grid based) is 1 meter (Figure 2a), tree stands are observable and the results seem satisfactory.  However, when we checked
the initial DSM (using VirtuoZo’s interactive DEM Editing Tool module while wearing a stereo-goggle) we found that the errors in the DSM
were distributed mainly at the boundaries and their vicinities of the oak stands. This examination (Figure 2b) indicated that tree boundaries
especially those at the down-hill side of tree crowns were shifted and the sharp depth discontinuity was smoothed.  As explained earlier,
such shifting and smoothing phenomena are caused by the improper implementation of the smoothness constraint in the matching process
and “blind” interpolation.

Extraction of shadow patches and stand boundaries in the original mages
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Figure 3.  Shadow and shade of a tree canopy.  3a: shadow and its components; 3b: the extracted shadow patches.

Shadows occur not only near boundaries of tree crowns, but also within crown surfaces and near cliffs.  We can use shadow information
to correct errors in the DSM. Shadows can be extracted through image thresholding (Mei, 1996; Shao, 1993). Assuming that shadows are
the darkest in the images, image thresholding is suitable for extracting shadows cast by oaktrees and  stands. In this paper, we treated a
shadow patch as one consisting of shade and shadow (Figure 3a).  They were extracted through image thresholding (Figure 3b).
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Figure 4. Crown boundaries are extracted through image thresholding.  4a: the histogram of the photograph; 4b: the extracted stand
boundaries based on a threshold determined through histogram analysis.

Because tree leaves on oak tree crowns are dense and the canopy surface is relatively smooth, the gray level values of the oak crowns do
not vary a lot from one location to the other on the image (Figure 4). Both oak stands and individual trees can be extracted using image
thresholding or classification approaches. The boundary of each oak stand (or tree) can be extracted using a boundary tracking technique.
In our study those boundaries were considered as the lines that separate the oak segments from the shadow and background. The
boundaries should be closed. Within those individually closed boundaries the surfaces were considered to be continuously smooth (some
approximations are made because the crown surfaces of oak trees in the real world are not strictly continuously smooth). Thus, the errors
within the crown interiors were not corrected.

Obtaining 3D coordinates
The 3D coordinates of those extracted features were calculated based on the image rectification approach. We used ray-tracing (Zhang and
Zhang, 1996). The algorithm works following the principle of imaging geometry. Rays are extended from points on canopy boundaries in the
original image through the photographic center until the DSM is intersected. Those intersected points are the modeled canopy boundary
points.  The algorithm tries to find those intersection points on the DSM.  Once they are found, their 3D positions become  the initial 3D
coordinates. The algorithm can then be iterated to refine the 3D coordinates of the crown boundaries.

Correcting errors on the stand boundaries

The two conjugate boundaries from the left image and the right image of the stereo pair should be coincident in the 3D world, but because
of matching errors, one boundary point may be matched to a non-boundary point in the other image.  Therefore, the 3D coordinates of the
two conjugate boundaries usually do not coincide with each other (Figure 5a).  In order to correct for the discrepancies between the two



conjugate boundaries, every point pertinent to the conjugate boundaries is re-matched. The matching is performed in 3D space, not in the
image space. In the matching process, the epipolar geometry is used as a constraint to simplify the search of corresponding boundary
points.  The correct match should be two points having the minimum distance in the epipolar direction. This matching criterion is chosen
because boundaries are very sparse and it is almost impossible to generate many candidate matches within the search range.  The
automatically derived DSM provides a good approximation and greatly reduces the search range. In our experiments we found that the
discrepancy ranged from 0 to 5 meters, i.e., the maximum search range was +/- 5 pixels in the one-meter DSM.
In the 3D matching, most of the boundary points can be matched except a small portion (usually less than 10%) that have been incorrectly
segmented as boundaries.  Therefore, those unmatched points are considered as artifacts and removed from the boundary points. Through
3D matching step, those portions of wrongly-matched boundary points (i.e., with no match in the conventional image matching) are
assigned matches. As a result, every point on a boundary gains a match. By back-projecting those matches into the image space, we can
obtain their parallax measurements. Based on the parallax measurements and the orientations, the three-dimensional coordinates of those
boundaries can be computed. It is at this stage that the coordinates of boundary points are corrected both horizontally and vertically
(Figure 5b).

Correcting errors in a shadow boundary

Figure 6. Examples of shadow geometry violations. The dark points are violations of equation (1) and the white points are violations of the
inequality equation (3).

A point that casts shadow and its corresponding shadow point on the ground should lie in a line in the sun light direction (Figure 6).
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Figure 5.  Tree boundary discrepancy correction.  5a: white line from the left image and gray line from the right image and they are
orthorectified in the 3D coordinate system. The discrepancy shows that matching errors occur at stand boundaries. 5b: results after
correction.



known, the three elements can be determined with the following equations:
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Note the unit vector’s direction is from the sun to the ground. El is the solar elevation angle and Az is the azimuth angle (Campbell, 1981 and
Bonhomme, 1993).  Where
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d is the solar declination, l is the geographic latitude, H is the hour angle. The solar declination is a function of day of the year:

))9856.06153.356sin(9163.19856.09709.278sin(39785.0)sin( JJ ⋅+⋅+⋅+⋅=δ
Where J is the Julian day.
Boundaries of shadows are divided into two parts: crown points and their cast shadow points, and they should have a one-one
correspondence.  The crown points and their ground counterparts should satisfy equation (1).   Otherwise they are considered as errors .
Through this checking we can correct for some shadow errors caused by gray-level thresholding.  Shadow points are re-matched using
image area correlation and new elevation values are assigned to them.

Correcting errors within the shadowed patches
Shadowed points should be below the corresponding sun-light ray, i.e., the following inequality equation holds:

ZZ tg
<                          (3)

Where Zg is the elevation of the shadow point and Zt is the elevation of the corresponding point on the crown in the sun-light direction.
Those points violating the above relation are discarded and their elevation values are replaced through interpolation.

Correcting errors in the occluded regions
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Figure 7.  Correction of occluded regions. 7a: white donut is the buffer treated as occluded. 7b: white region is considered as “no data”
and their elevation values assigned through interpolation. 7c: the interpolated results.

In our algorithm, the occluded regions in the initial DSM are masked out by occlusion analysis and those regions are re-interpolated using
data points from the adjacent ground by an inverse distance weighting method.   Although occluded regions can be detected using ray-
tracing analysis, the computation costs are high because we also need tree height information and slope information in the adjacent
ground. However, tree heights are not available at this stage.  In order not to fall into an endless loop and to make sure that all the occluded
regions are detected, we simply generate a buffer of a certain width around stand boundaries (the corrected boundaries).  The buffer zones
are initially considered as occluded regions with their width being the widest possible width of occluded regions in the test area.
Tree crown coverage and its surrounding buffers are assigned as “no data”.  Thus we gained a new DSM with holes of “no data” (Figure
7). Those “no data” holes are filled with data using data points surrounding those holes. The interpolation is done through polynomial
fitting.  A new DSM that excludes tree heights is generated.



Correcting errors near the edges on crowns
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Figure 8.  Correction of the crown DSM near the edge. Data in the white region is replaced through interpolation.

Even though some portions of crown margins are visible both in the left image and in the right image, elevation values at those positions
change abruptly leading to large matching uncertainties. A correction procedure similar to that for occluded regions was applied. Those
portions of crowns near the edges are masked out using a distance threshold (Figure 8). Then elevation values are interpolated through
inverse distance weighting. Data points used for interpolation are both from the corrected boundary and the inner parts of the crown. A
new DSM can be derived through a logic overlay of the DSM excluding tree heights and the corrected crown DSM.  Elevation values in
those places with tree stands in the DSM excluding tree heights are replaced by elevation values of the corrected crown DSM.

Results and discussions
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Figure 9. Comparison of the DSMs obtained with different methods.  A: The DSM manually measured through interactive editing as the
reference. B: the difference between the reference DSM and the initial DSM automatically derived before correction, and C: the
difference between the reference DSM and the corrected DSM.

Ideally, each of the above correction steps should be done simultaneously.  However, this is impossible.  When we correct for the errors in
shadow boundaries, some already corrected crown boundaries may include errors again. Thus, the correction should be made iteratively.
Because of image segmentation errors by thresholding, two physically conjugate boundaries may not be correctly extracted from the
image.  Thus, the techniques used for extraction of shadow patches and oak stand boundaries are critical to correct for the mis-matches.
In order to assess the effect of the correction, stand boundaries and a DSM were interactively collected using VirtuoZoÔ digitial
photogrammetric software. We compared the results after correction and those before correction using the manually collected data as
reference. We found that 88.3% points on the crown boundaries before correction had greater than 1 meter horizontal errors.  After error
correction 98.6% points on the crown boundaries had less than 0.6 m horizontal errors. Therefore, after the correction the crown boundaries
were better located. We also found that 78.4% points on crown boundaries before correction had greater than 2 meters elevation errors and
after correction 85.6% points on crown boundaries were within 1.2 meters of the reference.

We also observed that the crown closure derived through subtraction of a DSM and a DEM (without forest stands) before correction was
165.4 square meters and after correction it became 133.6 square meters.   The reference crown closure was 121.5 square meters. Therefore,
through correction the accuracy of crown closure has been greatly improved. In order to determine the significance of different error
sources, we generated three DSMs, each of which has one error source corrected.  They were: (A) corrected shadow related errors (Figure
6a), (B) corrected errors in occluded regions  (Figure 10b), and corrected errors  for the margin portions of crowns and in the occluded
region (Figure 10c). The crown closures derived from A, B and C were 162.7, 117.9 and 136.1 square meters, respectively. From these results,
the correction for occluded regions and near crown edges are the most influential in improving  crown closure estimation.  It seems that our
procedure for correcting shadow effects is less effective.  Because the effect of shadow is dependent on sun angles, our shadow correction



method may work well when shadows are more severe in a photograph.  For the photograph used in this study, the shadow patches are
sparse and correction is limited only at the boundaries of shadow patches. Nevertheless, shadow related information has been useful in
other ways such as for the determination of object heights (Shao, 1993).  Accurate tree height will in turn improve occlusion analysis and
thus will indirectly contribute to crown closure estimation.

In summary, our approach is essentially a correction method applied to an initial DSM derived from a stereo pair by an existing digital
photogrammetry package.  It  consisted of three steps: (1) boundaries of oak stands and shadows are extracted from the original images;
(2) the 3D coordinates of those boundaries are calculated by projecting those boundaries with the DSM, and,  (3) violations of the shadow
geometry, occlusion and boundary constraints are detected and corrected in the DSM.  The benefit of the corrections lies in the fact that
boundaries of oak stands in the initial DSM become more accurately located and the final DSM becomes more accurate. Although this
study has been carried out at an oak stand, similar improvements can be expected with other broadleaf forest types. Results of this study
indicate that errors caused by violations of the shadow geometry and occlusion constraints can be corrected. The proposed method is
feasible  and the algorithms are efficient because the new constraints need only to be applied to a small portion of the DSM, i.e., at the stand
boundaries and their vicinities.
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Abstract This paper proposes a 3D model-based tree interpreter, a semi-automatic method to tree interpretation, especially tree measurement
from high-resolution aerial images. It emphasizes the extraction of the 3D geometric information such as tree location, tree height, crown
depth (or crown height), crown radius and surface curvature.  First, trees are modeled as 3D hemi-ellipsoids with the following parameters:
tree-top coordinates, truck base height, crown depth, crown radius, and crown surface curvature.  This model-based approach turns the
tree interpretation task to a problem of the optimal tree model determination. Multi-angular images are used to determine the optimal tree
model for each tree.  Tree-tops in each image of a stereo pair are identified interactively with the epipolar constraint, and the 3D geometry
of trees can be determined automatically.  With such a semi-automatic scheme, efficiency and reliability of 3D tree measurement are
achieved by taking advantages of both the operator’s interpretation skills and the machine’s computation.  This paper mainly deals with
conifers.  The 3D tree interpreter was applied to interpret a closed conifer stand on 1:2,400 photographs.  An overall accuracy of 94% and
90% was obtained for tree height and crown radius measurements, respectively.

Introduction

Conventional forest inventory has been improved by aerial and satellite remote sensing.  Satellite remote sensing is a major tool to monitor
forest land over a large region (Sader, 1988; Sedykh, 1995), while field-based inventory with assistance of aerial photography is dominant
in forest data collection (Brandtberg, 1997).  Forest photo-interpretation in the past, however, focused on small to medium scale photos,
and the aerial photographic applications are largely stand-based.  One major use of aerial photographs in forestry is to classify forest
stands by attributes such as land classification (Aldrich, 1953), forest types (Sandor, 1955), and stand volume (Aldrich and Norick, 1969).

Photo-interpretation for forest inventory is a procedure involving the viewing and examination of stereopairs of aerial photographs by an
interpreter with various optical instruments such as stereoscopes or stereoplotters.  The interpreter traces forest stand boundaries on the
photos and determines the properties of the stand.  In the digital era, a necessary follow-up step is to digitize the interpreted map into a
computer to be managed in a geographic information system (GIS).  On-screen digitization is an alternative to the hardcopy approach.
During interpretation, the interpreter needs to display images (the digital form of photos) on a computer monitor, trace stand boundaries
manually with the support of digitizing software, and save the boundary files.  Compared to the above “hardcopy” approach, the “on-
screen” approach has the following advantages: first, the images can be clearly viewed through image zooming and enhancement; second,
and more importantly, the boundaries are already in digital forms so that no subsequent digitization is needed.

Individual trees are only visible on large-scale aerial photographs; however, large-scale aerial photographs have not been widely used in
forest inventory.  Canadian Forest Management Institute conducted several tests in the 1970s to evaluate the potential of large-scale
photographs in deriving forest parameters for individual trees (Aldred and Kippen, 1967; Aldred and Lowe, 1978; Aldred and Sayn-
Wittgenstein, 1972; Bonnor, 1977; Brun, 1972; Sayn-Wittgenstein, 1978; Sayn-Wittgenstein et al., 1978).  The photographs contained a
great amount of details with the scales ranging from 1:800 to 1:4000, and the methods used were manual photo-interpretation.

With the increasing availability of large-scale photographs and high-resolution imagery, a new round of research on computer-based
photo-interpretation of trees was recently initiated (Gougeon, 1992; Gougeon, 1995; Larsen, 1997; Pollock, 1996). When applying the above
stand-based photo-interpretation ideas to tree interpretation on high-resolution images, the key procedure would be tracing crown
boundaries for individual trees.  This is a labor-intensive and time-consuming task. In addition, some other problems are foreseeable.  The
relief displacement caused by crown morphology becomes a serious disturbing factor when the photo scale is large because of the
perspective nature of photographs.  This makes the interpreted map incompatible with other orthographic data in a GIS and the photo
measurements unreliable.  The interpretation results can be very different when photographs are taken from different directions of the same
area.

The above interpretation approach can be considered as a two-dimensional photo-interpretation technique, which sometime involves only
monocular photos, and treats trees in the photo as 2D flat objects. With 2D photo-interpretation techniques, we may get reliable information
on species and and number of trees, but other 2D interpretation results related to tree geometry such as crown size, crown closure and tree
locations, may be problematic because the 3D morphology of trees is ignored.  The perspective projection and crown morphology play a
crucial role in tree interpretation.  For tree interpretation on large-scale photograph, it is desirable to interpret trees from multi-angular



photos based on 3D measurements.

Quantitative tree interpretation from aerial photographs is hardly possible for conventional interpretation on hardcopy photographs, and
difficult even with stereoplotters.  Computer-assisted approaches seem to be the only possible way.  Computer-based 3D aerial photo-
interpretation is currently dedicated to man-made objects (e.g., roads and buildings).  Although efforts have been made to conduct
automatic reconstruction of man-made objects (Kim and Muller, 1996; Kim and Muller, 1998; Lammi, 1997), it is still an unresolved issue
(Gruen and Li, 1997), and operator-assisted semi-automatic approaches are emerging as the dominant trend (Agouris, 1997). Sahar and
Krupnik (1999) extracted building outlines from bi-ocular images with a semiautomatic approach, with which buildings are detected
interactively, and 3D building outlines are extracted automatically.  Gruen (1998) developed a system called TOBAGO (Topology Builder for
the Automated Generation of Objects from 3D Point Clouds) to generate 3D models of buildings. TOBAGO is also a semi-automatic system,
where the operator measures in the stereo mode on an analytical plotter or a digital photogrammetric station unstructured point clouds of
building roofs, and then buildings are reconstructed by an automated procedure fitting 3D generic models of roofs to the point clouds.  In
concept, semi-automatic building reconstruction algorithms are a two-step procedure: first to interactively identify building features, e.g.,
building corners, edges, and then automatically construct building models.

Tree interpretation is even more challenging than building reconstruction in that trees are semi-transparent 3D natural objects with large
variation in appearance; there are very few definite features of trees; and occlusions caused by trees are common in a forest image.  The
purpose of this paper is to develop a low-cost computer-based interactive system to facilitate efficient 3D interpretation of trees.  Such a
system can work on a regular computer with no special hardware requirement so that it can be easily adapted to any application systems.

Design of a 3D model-based tree interpreter

The following tree parameters are usually recorded in ground-based forest inventories: tree species, tree height, DBH (Diameter at Breast
Height), crown radii, and crown depth. Since tree trunks are normally invisible from aerial views, DBH cannot be measured directly from
aerial photos but obtained from other parameters (Biging, et al., 1995). A 3D tree interpreter should provide other crown-related parameters:
tree height, crown radius, crown depth, and higher order crown surface descriptions such as surface curvature.

It is possible to implement 3D interpretation in an efficient way. Since trees are 3D objects with both vertical and horizontal dimensions, we
develop a model-based approach to 3D tree interpretation. We first use a 3D geometric tree model to describe a tree, and therefore turn the
tree interpretation task into an optimal tree model determination problem. We determine the optimal model by superimposing the model-
synthesized tree outline on top of the images, and adjusting the tree model parameters to find the model allowing the best match of the
outline on the images. The parameters of the optimal model, which best describes a tree, are the measurements of the tree. The tree model
parameters are determined in the object space; therefore, the tedious boundary-tracing task on the images can be avoided.

3D geometric tree model
We adopted geometric models in tree modeling for their simplicity in parameterization. Horn proposed the following equation as a general

model for the two-dimensional vertical profile of a crown envelope (Horn, 1971): 1=+
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 (Pollock, 1996). For the purpose of applying the crown model to 3D crown surface reconstruction, Sheng et al

(2000) extended it to a tree model by adding the tree-top location and trunk base height. As illustrated in Figure 1a, this tree model is
described by three location parameters: ground coordinates of the tree-top (Xt, Yt, Zt); and four parameters on tree dimensions: trunk base
height (bh), crown depth (ch), crown radius (cr), and an adjusting coefficient for crown curvature (cc).  Once these seven parameters are
known, the tree model is fixed and the ground coordinates (X, Y, Z) of any point on the crown surface can be modeled by:
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When tree height becomes known as discussed below, trunk base height is dependent on crown depth. Crown depth, crown radius and
crown curvature are the three fundamental parameters to tree morphology.  These three parameters form a 3D object space of a tree.  We



only include fundamental parameters in our model to make the model concise and the optimal tree model determination simple.  Although
trees in the natural environment are too diverse in shape to be described using such a simple model, we make the assumptions that trees
are not leaning and in symmetric shapes to simplify the tree model.  These assumptions hold for most conifer trees in natural stands.
These dimensional parameters are related to each other, and this relationship varies among different species.  For example, discrepancies
can be found between conifers and hardwoods.  The tree dimension configuration used in this paper for conifers and hardwoods is listed
in Table 1. For conifers, crown depth ranges from 15 m to 40 m, while crown radius is between 3 m to 8 m, and curvature is between 1.0 to
1.8.  Typical setting for the ratio of crown depth to tree height is 0.85, and the ratio of crown radius to crown depth is set to 0.2.

crown height (ch) 

crown  
radius (cr) base height (bh) 

 

tree top (Xt, Yt, Zt) 

crown  
curvature (cc) 

(a). Tree model (b). Silhouette 

Aerial photo 

*  principle point 

marginal circle 

apex curve 

Figure 1 Illustration on tree model and tree silhouette on a photograph
(a). A 3-D geometric tree model consists of three location parameters (Xt, Yt, Zt), and four parameters on tree dimension: truck base height
(bh), crown depth (or crown height, ch), crown radius (cr), and crown surface curvature (cc).
(b). The silhouette of a tree on a photograph is the apex curve (in blue) and the marginal circle (in red) of the tree projected on the
photograph.

Parameters Conifer Hardwood 

Typical 25 7 
Min 15 2.5 Crown depth (m) 
Max 40 15 

Typical 5 7 
Min 3 2.5 Crown radius (m) 
Max 8 15 

Typical 1.2 2.0 
Min 1.0 1.5 Crown curvature 
Max 1.8 2.5 

Crown depth/tree height 0.85 0.6 

Crown radius/crown depth 0.2 1.0 

 

Table 1 Typical parameter settings for tree measurement



Photo model

Multi-angular imagery is needed for 3D interpretation of trees. The top of a conifer usually is not quite recognizable on a photograph when
it is viewed directly from above. Off-nadir views are more informative to tree apices, while the nadir view is informative to crown closure due
to fewer occlusions. Therefore, three images, i.e. one nadir view and two off-nadir views, are necessary to determine the optimal tree model.
Since tree interpretation is implemented in the object space, photo orientation parameters need to be known to transfer the photo
coordinates and ground coordinates back and forth.  Orientation parameters of each image can be figured out through photogrammetric
orientation procedures. The three images (labeled as #2, #1, #0 for the left, middle and right images in this paper, respectively) resampled
to the epipolar geometry form three stereo pairs. The pair formed by the two off-nadir images (i.e., image #2 and #0) is used as the primary
pair in the tree interpretation.

3D tree interpretation scheme

3D tree interpretation can be done with computer assistance at various levels of automation: interactively, semi-automatically and fully
automatically. The degree of possible automation depends on image quality and the complexity of trees such as stand density, stand
structures, tree forms, contrast between trees and their background.

The tree interpretation task consists of tree-top detection, crown delineation, crown geometric reconstruction, and species identification.
Existing computer-based tree-top location (Larsen, 1997) and tree delineation (Gougeon, 1995; Pollock, 1996) methods either work only
under specific circumstances or mainly are automated version of 2D interpretation with a monocular photo. Therefore, they are not able to
cope with complicated forest scenes. The difficulties of fully automatic techniques include the lack of definite image feature of trees, the
problem of tree-top identification, the problem of tree dimension determination, the occlusions caused by trees, and algorithm performance
depending on image complexity.

As automatic methods for tree interpretation are not readily available, practical systems are desirable. We adopt a semi-automatic approach
to 3D tree interpretation, which efficiently combines the advantages of both operators and computers to produce reliable 3D tree information.
With such a semiautomatic system, we can increase the efficiency of manual interpretation as well as the reliability of automatic reconstruction
of tree models.

The 3D tree-interpretation procedure includes the determination of the elevation of the tree base, the measurement of the coordinates (Xt,
Yt, Zt) of a tree-top, the initialization of a tree model with typical settings, the determination of the optimal tree model, and the validation of
the tree model (Figure 2).  The tree-top is picked up interactively on bi-angular (bi-ocular ?) images.  The validation is achieved by
superimposing the synthesized tree outline on the images with photo orientation parameters.

· Tree base elevation determination
To determine the coordinates of any point in the object space, its image coordinates in the two images (the left, and the right) of a stereo
pair need to be measured. After the operator interactively picks up conjugated points of a tree base on the left and right images of the
primary pair, the system calculates the elevation of the tree base. A tree base elevation may be shared among neighboring trees. There
usually is no need to measure tree-base elevation for each individual tree.

· Tree-top identification
Tree-top identification is a challenge to automation. Like tree-base elevation determination, The operator identifies the conjugated points
on a tree-top on the bi-ocular images, and the system calculates the 3D coordinates of the tree-top.

· Tree model initialization
Tree height can be determined by subtracting the tree-base elevation from the Z coordinate of the tree-top. Once tree height is fixed, three
parameters need to be determined: crown depth, crown radius and surface curvature. Applying the typical parameter settings of tree
morphology in Table 1, we can have a rough estimation on tree shape, which serves as the initial tree model. For example, suppose the top
of a conifer tree is measured as (4366.86 m, 4056.79 m, 50.90 m) and the tree base is at an elevation of 25.18 m, then the tree height is
calculated as 25.72 m. Other tree parameters can be figured out from the conifer column in Table 1: ch=21.86m, cr=4.37m, cc=1.2. These are
the parameters of the initial model.

· Tree silhouette computation
Overlaying the outline of the synthesized tree on top of the images helps to determine the optimal tree model. Gagnon et al. (1993) used
circles superimposed on tree-tops to measure conifer crown radius. Theoretically, this only works for the trees around the photo principal
point. The photographic geometry and the 3D crown shape play crucial roles in determining the appearance of a tree on a photo. Trees near
the principal point and those close to the edges of a photograph appear considerably different, especially for conifers. As the position of
a conifer tree becomes farther away from the nadir point of the photograph, the top of the tree radiates away from the principal point of the



Figure 2. 3D tree measurement scheme

 

Photo model generation for stereo pairs 

Measuring the tree-base elevation 

Calculation of 3D tree-top coordinates 

Initialization of the tree model  
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Determination of the optimal tree model 

Tree-top identification on  

the primary stereo pair 

Model validation by superimposing  
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on top of the images 

photograph.  As a result, a tree appears circular around the photo center, and triangular or conic near the edges of a photograph.

The outline of a tree on a photograph is the silhouette of the 3D tree. A silhouette is the intersection curve of the tree surface and the surface
constructed by the view rays. We separate the silhouette curve into two parts: the horizontal marginal circle and the vertical apex curve
(Figure 1b). The marginal circle is easy to figure out, but not the apex curve.  It has to be determined through surface intersection.

The calculation of the intersection curve of two surfaces is a challenging task in computer graphics and mathematics as well (Ding and
Davies, 1987; Takamura and Higuchiuchi, 1993). The curve is determined by the solution of non-linear equations, unless the two surfaces
are planes. In our case, an analytical solution is impossible for the intersection of a generalized ellipsoid and another non-linear surface. By
replacing the perspective view-rays with parallel ones, we simplify the surface intersection problem to that of a generalized ellipsoid and a
plane. The solved curve is a reasonable approximation to the real silhouette curve because the camera, compared with tree dimension, is far
from the tree. With the photo orientation parameters, we can then project the silhouette curve to any of the images using the photogrammetric



collinear equations.

· Tree parameter adjusting
By overlaying the silhouette curve on the images, the operator can tell if the tree location and the dimensional parameters are acceptable.
The operator can get appropriate parameters of the tree interactively by adjusting these parameters in the object space to make the
silhouette match the tree edge on the images. It is also possible to determine these shape parameters automatically. Specify a certain
adjusting tolerance to each of these parameters, i.e., Dch, Dcr, Dcc to ch, cr, and cc.  Construct tree models in the object space within the
range of [ch-Dch, ch+Dch] for ch, [cr-Dcr, cr+Dcr] for cr, [cc-Dcc, cc+Dcc] for cc.  Project the silhouette curve of each tree model to the
image spaces.  Finally, compute an edge indicator on the images around the projected silhouette curve. The tree model with the maximum
edge indicator is selected as the optimal tree model. More than one image can be used in edge indicator computing, and the nadir-view
image should always be included because this image is more informative to the horizontal parameters of a tree since trees are often partially
occluded in off-nadir images.

Implementation and the user interface

The 3D tree interpreter was developed in MATLABÒ (MathWorks Inc., Version 5.2). As shown in Figure 3, the graphic user interface (GUI)
of the interpreter consists of two major parts: the image windows and the control panel.

Three overlapped images form three stereo pairs. The three images are displayed in three separate image windows. The operator can read
pixel value and coordinates, zoom and roam the images through mouse control. The three image windows are designed to display a stereo
pair and the third image. The first window displays the left image in the pair, and the second displays the right one. These are the two active
windows, where photogrammetric measurements of trees are taken. One of them is the primary image window and the other is the slave

Figure 3 User interface of the 3D tree interpreter.  The user interface consists of two parts: three image windows and the control panel



window. When making measurements from the stereo pair, the Y coordinate in the slave image has to be identical to that in the primary
image to keep the epipolar constraint. The third image window is mainly for tree model validation by overlaying the tree silhouette curve.
The control panel is the core of the 3D tree interpreter. It is placed at the right hand side of the image windows. Its functions are organized
into four groups: the Tree Info frame, the 3D Display frame, the Control frame, and the File frame.

· Tree info frame
All tree model parameters are displayed in this frame, and are editable or adjustable. The operator can specify the tree type as either conifer
or hardwood. If the tree type is selected as conifer, all the parameters are set to typical conifer values.  The operator can sample the tree-base
elevation in this frame, too. Many buttons in the Control frame collaborate with this frame and update its parameters.

· 3D Display frame
With the tree parameters in the Tree Info frame, the operator can visualize the model-synthesized tree from the viewpoint of each photo to
help interpreting the tree. The 3D plot can be displayed using a wire-frame model or a Lambertian shading model.

· Control frame:
The Control frame consists of many buttons of different function.
The Primary Pair list: The operator can select one of the three stereo pairs in this list as the primary stereo pair. The primary pair

by default is the one formed by the two off-nadir images and this pair is treated as the working image pair.   Images #2, #0, #1 are displayed
in windows 1, 2, 3, respectively, but the operator can switch it to other pairs.

The Primary Image list switches the primary image between the two active images.
The Zooming button turns on the mouse buttons’ image zooming and roaming activities.
The Darken (B-), Brighten (B+), De-contrast (C-) and Contrast (C+) buttons enhance the images through linear image enhancement

.
The Place_treetop button turns on the mouse button’s activity of picking up the conjugated tree-top points in the left and right

images.
The Take_treetop button calculates the 3D coordinates of the tree-top, and updates the tree-top coordinate editboxes in the Tree

Info frame. The system computes the tree height, and sets the  tree dimension editboxes and scrollers with the typical settings.
The Place_tree button calculates the silhouette curve of the tree model, and projects the silhouette on top of all the three images.

If the tree silhouette does not outline the tree in the images, the operator can drag the silhouette curve with the mouse to the appropriate
location, then click the Update_ treetop button to update the tree-top coordinates in the Tree Info frame. If the tree outline is not in the right
size, the operator can adjust the three parameters of tree dimension in the Tree Info frame, then generate and re-project the new silhouette
curve with new configurations by clicking the Place_tree button again.

The Take_tree button: Once the tree outline fits the tree in the images, the optimal tree model has been determined. The operator
can take the tree parameters and add this tree to the tree list in the File frame by clicking the Take_tree button.

The Auto_model button automatically determines the optimal tree model by computing and comparing the edge indicator of the
images around the synthesized tree outlines of all the possible tree models. Collaborating with this button, three radio buttons choose the
images to be used in the edge indicator computation.

· File frame:
The File frame maintains a tree list and is responsible for file input and output.
The Tree list lists all the measured trees with their parameters. The operator can browse the trees, and select any tree of interest from the
list for further examination. The selected tree will be highlighted in red on the image windows.
The Save_file button saves the tree list and the parameters to a tree data file.

The Open_file button reads tree parameters from an existing tree data file, and projects the tree silhouettes on top of all the image windows.
The Quit button prompts the operator to save the interpretation results, cleans the working environment, and quit the interpreter.

Interpretation of a redwood stand

The study site is a closed redwood stand at the Berkeley campus of the University of California (122.380W, 37.620N) with nearly 100%
canopy coverage. 1:2,400 scale color aerial photographs were taken by an aerial camera with a focal length of 152.888 mm on May 23 1994
under a clear sky condition. Most part of the stand is visible on three overlapped photographs. These photos were scanned at 250 DPI (dot
per inch), making the pixel resolution approximately 24 cm on the ground. The station location and camera attitude of the three photos were
solved through orientation procedures. The three photos form three stereo pairs: the 2-0 pair, the 2-1 pair, and the 1-0 pair. The photo model
of the three stereo pairs is listed in Table 2. The 2-0 pair was used as the primary pair for tree-top identification because tree-tops are more
recognizable on these off-nadir view images and the larger base line makes the coordinate determined more precisely. The nadir image
(image #1) is mainly used for tree crown size determination and validation since more portions of trees are visible and occlusions are fewer.



We use here a tree as a tangible example to illustrate the proposed 3D tree interpretation scheme. This redwood is labeled as Tree #1, and
was measured as 27.74m in height and 4.92m in crown radius in the field. First, the operator roams to center the image windows at this tree,
zooms and enhances the images to display the tree as clear as possible, and determines the tree-base elevation as 25.18 m.   She or he then
determines the tree-top on the two active images (yellow crosses in Figure 4a). Finally, she or he clicks the Take_treetop button to calculate
the ground coordinates, estimate tree height, and figure out the initial tree model, and update the tree info frame (Figure 4b). The initial tree
model is as follows: (Xt, Yt, Zt)= (4366.86m, 4056.79m, 50.90m), tree height=25.72 m, ch=21.89 m, cr=4.38 m, cc=1.2. So far the operator does
not know if it is the optimal tree model for this tree. She or he clicks the Place_tree button to overlay the synthesized tree outline on top of
each image (Figure 4c). The operator now can tell this is not the optimal model since the outline does not match the tree edge on the images.
Using the Auto_model tool and after necessary adjustments, the operator makes the tree outline fit the tree edge on the images (Figure 4d),
and found the optimal model is (Xt, Yt, Zt)= (4366.86 m, 4056.79 m, 50.90 m), tree height=25.72 m, ch=23.39 m, cr=4.92 m, cc=1.1. The 3D plot
from the viewpoint of the third image is shown in Figure 4e. The similarity between this 3D plot and the tree in the third image can be readily
observed.

Sixty-two trees in this stand were interpreted using the same procedure. Figure 5 shows the nadir image overlaid with interpreted tree
outlines in green. A visual inspection shows that the outlines in general match the image quite well. We also did a quantitative assessment
on the photo measurements using ground measurements.

Field measurements were collected in October, 1999. Tree height, DBH, base height, and crown radii from four perpendicular directions were
measured for 41 trees using clinometers and tapes. Three of the 41 trees measured are out of the area covered by these three images, so 38
trees were used for accuracy assessment. The interpreted tree parameters and the ground measurements are listed in Table 3 for comparison.

We compared the interpreted crown radius with the average of the four ground-based radius readings. The overall accuracy is estimated
as 91%, and the mean absolute error is 0.37 m. 82% of the trees are within 0.5 m of error, and the crown radius interpretation is 85% accurate
for 84% of the trees. We can see from Table 3 that the crown radius of irregular trees tends to be overestimated. This challenges the
symmetric crown shape assumption, and suggests that additional parameters should be added to the tree model in future to make it
asymmetry-compliant.

For tree height, the mean absolute error of tree height is 1.8 m, and the overall accuracy is estimated as 94%. The tree height error of 82%
of the trees is within 3 m, and 84% of the trees get height estimation of better than 90%. The worst case in the 38 trees is Tree #2, whose
height is seriously overestimated by 6.8 m, equivalent to 24% of the ground-measured tree height. Though examined carefully, this tree-top
was not quite clear on the images.

Gagnon et al. (1993) reported that a high accuracy was achieved on tree height measurements for conifer plantation plots using soft-copy
photogrammetry. They claimed an accuracy of 48 cm could be reached using images scanned from 1:1100 color photographs at 300 DPI
when the tree-top coordinates are read as precise as 0.3 pixel.
Theoretically, the object elevation h can be calculated from disparity using equation (2):

d
B

fHh −= (2)

where, H is the flight or camera height, B is the baseline, and f is the camera focal length, d is the disparity reading from the photos.
Since the disparity reading is error-prone, the derived target height is subjected to uncertainty. Take the derivative on d from equation (2),

Table 2 .  Photo models of the stereo pairs

Stereo 
Pair 

Left Image Right Image 

 
Image 

dimension 
Station 

Location (m) 
Orientation 

(degree) 
Image 

dimension 
Station 

Location (m) 
Orientation 

(degree) 

Pair 2-0 719X532 
4172.1  
3999.7 
399.1 

0.7953    
0.0073    
0.5287 

719X532 
4576.4 
4003.5 
404.7 

0.7953    
0.0073    
0.5287 

Pair 2-1 714X532 
4172.1 
3999.7 
399.1 

1.0996    
0.0142    
0.7420 

714X532 
4370.7 
4002.3 
402.9 

1.0996    
0.0142    
0.7420 

Pair 1-0 719X532 
4370.7 
4002.3 
402.9 

0.5015    
0.0028    
0.3228 

719X532 
4576.4 
4003.5 
404.7 

0.5015    
0.0028    
0.3228 

 



 (d)(c)

(e)

(b)

(a)

Figure 4 The interpretation procedure
(a). The tree-top picking step;  (b). The tree model initialization step.

(c). Superimposing the initial tree model on top of the images.
(d). Optimal model determination. (e). A 3D Display of a model-synthesized tree.



Figure 5 Interpreted tree outlines on top of the nadir-view image
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The uncertainty in h due to disparity reading error is:
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The parameters of the primary stereo pair used in this paper are B=404 m, H=402 m,  f=152.888 mm.  For a tree-top whose elevation is 50
m (The elevation of most tree-tops in the redwood stand is around 50 m), i.e., h=50 m , we can find out through simple arithmetic that a one-
pixel error in disparity reading may cause an error of only 0.204 m in tree-top elevation measurement with the photo configuration of the
primary pair.  Taking tree-base elevation measurement error into consideration, an accuracy of 0.4 m on tree height measurement is
guaranteed if the disparity reading error is within one pixel. However, the overall accuracy of tree height measurements we got in the
redwood stand is about 1.8m, which is much larger than the theoretical estimates. This can be explained by the fact that measurement
accuracy is determined by not only the precision in disparity reading, but also other factors such as image quality and stand complexity.
Tree-tops of a difficult stand are not very distinct on images of poor quality. Although we can read the disparity at sub-pixel precision, we
may still get a poor tree height measurement because we may not pick up the right pixels for the tree-top we are measuring.

The interpretation efficiency also depends on many factors such as image quality, stand complexity, tree-top recognizability, and the
operator’s proficiency. For the redwood stand in this paper, a normal operator with this tree interpreter can interpret a couple of hundreds
of trees per day. The interpretation speed is expected to double for forest stands that are easier to interpret. This is much more efficient than
field measuring. It took two crew members four hours to measure the 41 trees in the field.  This is a stand with flat topography. The tree
interpreter is also more productive than stereoplotters. Kovats (1997) discussed the efficiency of using a stereoplotter to measure tree
height from large-scale aerial photographs. Having the tree-base elevation predetermined, and with the assistance of ground stem maps,
an operator can measure more than 300 trees a day. Actually, the operator takes only one measurement, that is, the coordinate of the tree-
top. In this effort, stereoplotters are only used to measure tree height, while our proposed tree interpreter outputs a wide range of tree



Tree 
ID 

Spe
cies Interpretation results 

Field measurements 
(m) Comparison 

  X (m) Y (m ) Z (m ) CH(m) CR(m) CC 
Zbase(

m) Height R1∗  R3 R5 R7 ∆H(m
)+ ∆H%X ∆R(m) ∆R% 

1 rd 4366.86 4056.79 50.90 23.39 4.92 1.1 25.18 27.74 4.8 5.0 5.0 4.9 -2.01 -7.24 -0.01 -0.10 
2 rd 4382.29 4070.68 59.75 26.60 8.00 1.5 24.91 28.04 6.8 6.8 7.9 7.0 6.80 24.24 0.88 12.28 
3 rd 4372.81 4078.91 58.47 27.32 6.06 1.2 24.62 33.22 8.1 7.2 6.1 5.3 0.63 1.89 -0.61 -9.14 
4 rd 4376.97 4083.98 60.94 25.42 5.28 1.2 24.97 33.22 5.0 5.3 4.7 4.8 2.74 8.25 0.33 6.74 
5 rd 4355.69 4068.21 59.31 30.04 6.21 1.2 24.98 36.27 6.6 5.0 6.0 5.6 -1.93 -5.33 0.41 7.03 
6 rd 4353.48 4075.25 62.86 30.12 5.42 1.2 24.50 36.27 5.9 5.3 5.3 5.3 2.09 5.75 -0.03 -0.49 
7 rd 4361.11 4076.55 62.41 31.67 6.33 1.3 24.46 34.75 7.2 6.6 5.6 7.0 3.20 9.21 -0.27 -4.04 
8 rd 4356.91 4054.62 57.53 27.52 5.86 1.6 25.07 31.09 6.4 4.8 6.4 4.8 1.37 4.41 0.29 5.19 
9 rd 4352.92 4056.64 54.45 24.91 3.00 1.2 25.00 31.09 3.0 2.9 3.0 3.5 -1.64 -5.27 -0.10 -3.23 

10 rd 4353.50 4032.40 40.64 13.35 3.42 1.4 24.06 18.29 3.8 4.0 2.8 2.8 -1.71 -9.35 0.07 2.09 
11 rd 4354.15 4025.56 50.91 23.03 3.29 1 23.64 25.91 3.4 3.1 2.4 2.3 1.36 5.26 0.49 17.38 
12 rd 4346.24 4028.31 58.61 27.39 3.52 1.6 23.17 33.83 2.3 3.0 2.8 2.0 1.60 4.74 1.00 39.41 
13 rd 4345.05 4024.70 58.78 25.69 3.08 1.6 22.93 32.31 2.8 2.5 2.5 3.0 3.54 10.96 0.38 13.89 
14 rd 4350.22 4037.75 54.55 27.16 3.39 1.2 24.08 31.09 3.7 2.2 2.4 2.5 -0.62 -2.01 0.69 25.66 
15 rd 4349.46 4042.05 60.30 32.88 4.50 1.6 24.27 35.36 4.8 2.6 4.4 4.8 0.67 1.90 0.35 8.31 
16 rd 4344.54 4041.76 58.58 26.43 4.69 1.4 23.96 33.83 3.7 3.9 4.2 6.1 0.79 2.33 0.21 4.73 
17 rd 4345.08 4035.94 56.29 26.60 3.64 1.4 23.66 33.22 3.5 3.9 4.2 3.9 -0.60 -1.80 -0.23 -6.04 
18 rd 4337.19 4047.36 67.76 35.80 5.26 1.4 23.78 38.40 5.0 4.7 4.0 5.4 5.57 14.51 0.48 10.14 
19 rd 4333.18 4054.74 62.20 31.88 5.18 1.4 24.26 34.44 4.3 4.0 5.2 5.3 3.50 10.17 0.48 10.13 
21 rd 4330.76 4047.22 61.79 27.93 3.99 1.2 23.55 35.97 3.4 3.2 6.8 3.5 2.28 6.33 -0.24 -5.65 
22 rd 4329.48 4042.21 62.71 30.71 5.54 1.2 23.25 39.93 5.3 6.2 6.8 3.6 -0.48 -1.19 0.07 1.21 
23 rd 4329.18 4029.16 67.83 19.73 3.95 1.2 22.53 42.37 3.7 3.6 3.5 4.1 2.94 6.93 0.22 5.95 
24 rd 4332.99 4031.74 58.15 19.25 3.78 1.4 22.76 32.00 3.6 3.7 3.7 3.5 3.38 10.57 0.16 4.30 
25 rd 4332.04 4020.94 55.72 25.48 3.00 1.2 22.50 31.70 2.0 3.0 2.9 2.0 1.52 4.79 0.53 21.21 
26 rd 4335.38 4023.38 53.42 24.03 4.81 1.2 22.61 29.87 5.0 3.3 3.0 5.9 0.94 3.15 0.51 11.78 
28 rd 4337.46 4017.77 52.07 19.88 2.65 1.2 22.55 30.48 3.4 2.0 2.0 2.0 -0.96 -3.16 0.30 12.77 
30 rd 4331.12 4013.43 56.86 26.96 3.49 1.2 22.89 32.31 3.4 2.5 3.0 3.7 1.67 5.16 0.34 10.83 
31 rd 4326.30 4009.70 60.04 29.51 5.20 1.2 23.47 36.58 3.9 5.4 5.4 4.6 -0.01 -0.03 0.38 7.83 
32 rd 4350.32 4015.80 52.98 24.35 3.27 1.4 22.96 28.35 3.0 3.0 3.0 3.0 1.67 5.90 0.27 8.99 
33 rd 4344.65 4017.91 50.58 21.62 3.12 1.2 22.72 29.26 2.8 3.0 2.9 2.8 -1.40 -4.80 0.25 8.52 
34 rd 4354.04 4009.42 54.46 26.15 4.75 1.4 23.61 27.74 3.7 4.1 3.7 4.8 3.12 11.25 0.67 16.56 

35 
P. 
Mn
try 

4347.42 3992.16 56.51 19.65 8.00 1.8 24.00 30.48 11.2 6.1 2.0 8.0 2.03 6.65 1.18 17.22 

36 rd 4341.93 3977.42 41.97 6.11 6.00 2.1 23.86 18.90 6.3 6.0 5.0 5.4 -0.78 -4.15 0.33 5.81 
37 rd 4332.86 3975.86 54.36 24.00 4.80 1.6 23.78 29.26 5.5 4.2 4.1 4.9 1.32 4.53 0.13 2.68 
38 rd 4334.04 3970.62 51.42 25.64 4.33 1.4 23.87 26.52 5.2 4.8 3.6 3.5 1.03 3.90 0.05 1.24 
39 rd 4329.78 3967.74 45.51 17.31 4.46 1.4 23.68 21.34 5.2 4.5 4.5 3.0 0.49 2.31 0.16 3.74 
40 oak 4346.03 3956.85 34.99 5.90 5.10 2 24.09 10.97 4.0 4.4 5.6 7.9 -0.08 -0.70 -0.37 -6.82 
41 oak 4374.39 3992.80 32.68 3.77 5.17 2.3 24.86 7.32 6.4 6.0 5.8 4.5 0.51 6.95 -0.50 -8.83 

 

Tables 3 Interpretation result validation with ground measurements

measurements in an efficient way.

The interpretation results were imported into ArcView GIS. We developed a script to take the interpreted tree measurements and visualize
the tree models in ArcView 3D Analyst Extension. The 3D view looks quite realistic. A snapshot of the 3D view is illustrated in Figure 6.

Conclusions

We report preliminary research results on model-based aerial photo-interpretation of trees in this paper.   A low-cost model-based 3D tree
interpreter was developed. It can be easily transplanted to any systems since no special hardware is required.

This interpreter can produce many important tree measurements such as location, height, crown depth, crown radius and crown surface
curvature of trees. The outputs of the tree interpreter are free of perspective distortion, and can be imported to a GIS to produce tree maps.

This 3D interpreter works in an interactive manner but model matching and measurement done automatically. Such an interpreter combines
manual interpreter’s reliability and automatic interpretation’s efficiency. This integration is necessary and practical to tree interpretation in
natural stands where automatic approaches usually fail.

In the proposed model-based tree interpretation, we turn the image interpretation task into an optimal tree model determination problem by
introducing a geometric tree model. Rather than directly tracing crown boundaries, this approach synthesizes tree outlines from tree
models and superimposes them on top of the images for model validation. In the 3D interpreter design, we make full use of image display



Figure 6 A snapshot of the 3D view

techniques, triangular images and the epipolar constraint, and provide a user-friendly interface. All these make tree interpretation efficient
and reliable. With this tree interpreter, an operator can
measure a couple of hundreds of trees in one day for quite complicated stands.

The accuracy of the measurements depends more on stand complexity, image quality, and the identifiability of tree-tops on the images,
rather than how precise the operator can read the coordinates. As a consequence, the accuracy is expected to be higher for even-aged
plantation plots, and lower for dense natural stands. For the closed redwood stand used in this paper, we have obtained acceptable tree
measurements with an overall accuracy of 94% and 90% for tree height and crown radius, respectively. We expect to achieve better results
at a higher interpretation speed for easier stands. The results also show that there is room to improve the performance of this approach by
upgrading the tree model to a more sophisticated one.

In addition to measurements of tree parameters, these measurements can serve as initial conditions for further research such as tree pattern
analysis, crown surface reconstruction, and orthographical tree image generation.

References

· Agouris, P., 1997. Foreword to the 1997 Softcopy Photogrammetry Special Issue. Photogrammetric Engineering and Remote
Sensing, 63(8): 958.

· Aldred, A.H. and Kippen, F.W., 1967. Tree Measurements on Large-scale Oblique Photos. Information Report FMR-X-4, Forest
Management Institute, Ottawa.

· Aldred, A.H. and Lowe, J.J., 1978. Application of Large-Scale Photos to a Forest Inventory in Alberta. Information Report FMR-
X-107, Forest Management Institute, Ottawa.

· Aldred, A.H. and Sayn-Wittgenstein, L., 1972. Tree Diameters and Volumes From Large-Scale Aerial Photographs. Information
Report FMR-X-40, Forest Management Institute, Ottawa.

· Aldrich, R.C., 1953. Accuracy of Land-use Classification and Area Estimates Using Aerial Photographs. Journal of Forestry, 51(1):
12-15.

· Aldrich, R.C. and Norick, N.X., 1969. Stratifying Stand Volume on Non-stereo Aerial Photos. PSW-51, Pacific Southwest Forest
and Range Experiment Station, Berkeley, California.



· Biging, G.S., M. Dobbertin, and E,C, Murphy, 1995.  A test of airborne multispectral videography for assessing the accuracy of
wildlife habitat maps, Canadian Journal of Remote Sensing, 21(3):357-366.

· Bonnor, G.M., 1977. Forest Inventories with Large-scale Aerial Photographs: An Operational Trial in Nova Scotia. Information
Report FMR-X-96, Forest Management Institute, Ottawa.

· Brandtberg, T., 1997. Towards Structure-based Classification of Tree Crowns in High Spatial Resolution Aerial Images. Scandinavian
Journal of Forest Research, 12(1): 89-96.

· Brun, R., 1972. A New Stereotype Digitizer System for Measuring and Processing Tree Data from Large-scale Aerial Photographs.
Information Report FMR-X-41, Forest Management Institute, Ottawa.

· Ding, Q. and Davies, B.J., 1987. Surface Engineering Geometry for Computer-aided Design and Manufacture. Ellis Horwood
Limited, New York, 340 pp.

· Gagnon, P.A., Agnard, J.P. and Nolette, C., 1993. Evaluation of a soft-copy photogrammetry system for tree-plot measurements.
Can. J. For. Res, 23: 1781-1785.

· Gougeon, F.A., 1992. Individual Tree Identification from High Resolution MEIS Images, Proceedings of the International Forum
on Airborne Multispectral Scanning for Forestry and Mapping, pp. 117-128.

· Gougeon, F.A., 1995. Comparison of Possible Multispectral Classification Schemes for Tree Crowns Individually Delineated on
High Spatial Resolution MEIS Images. Can. J. Rem. Sens, 21(1): 1-9.

· Gruen, A., 1998. TOBAGO — a Semi-Automated Approach for the Generation of 3-D Building models. Isprs Journal of
Photogrammetry and Remote Sensing, 53(2): 108-118.

· Gruen, A. and Li, H., 1997. Semi-Automatic Linear Feature Extraction by Dynamic Programming and LSB-Snakes. Photogrammetric
Engineering and Remote Sensing, 63(8): 985-995.

· Horn, H.S., 1971. The Adaptive Geometry of Trees. Princeton University Press, Princeton, 144 pp.

· Kim, T. and Muller, J.P., 1996. Automated Urban Area Building Extraction From High Resolution Stereo Imagery. Image and Vision
Computing, 14(2): 115-130.

· Kim, T. and Muller, J.P., 1998. A Technique for 3D Building Reconstruction. Photogrammetric Engineering and Remote Sensing,
64(9): 923-930.

· Kovats, M., 1997. A Large-scale Aerial Photographic Technique for Measuring Tree Heights on Long-term Forest Installations.
Photogrammetric Engineering and Remote Sensing, 63(6): 741-747.

· Lammi, J., 1997. Automatic Building Extraction Using a Combination of Spatial Data and digital Photogrammetry. In: D. McKeown,
C. McGlone and O. Jamet (Editors), Integrating Photogrammetric Techniques with Scene Analysis and Machine Vision III. SPIE,
Orlando, Florida, pp. 223-230.

· Larsen, M., 1997. Crown Modeling to Find Tree Top Positions in Aerial Photographs, Proceedings Of The International Airborne
Remote Sensing Conference And Exhibition, Ann Arbor, MI, pp. 428-435.

· Pollock, R.J., 1996. The Automatic Recognition of Individual Trees in aerial Images of Forests Based on a Synthetic Tree Crown
Image Model. Ph.D Thesis, University of British Columbia, Vancouver, Canada, 172 pp.

· Sader, S.A., 1988. Satellite Digital Image Classification of Forest Change Using Three Landsat Data Sets. In: ASPRS (Editor),
Remote sensing for resource inventory, planning, and monitoring. ASPRS, pp. 189-201.

· Sahar, L. and Krupnik, A., 1999. Semiautomatic Extraction of Building Outlines from Large-Scale Aerial Images. Photogrammetric
Engineering and Remote Sensing, 65(4): 459-465.

· Sandor, J.A., 1955. Forest Type Classification, Alaska Region, U.S. Forest Service, Regional Forester’s Office-Region 10, Juneau,
Alaska.

· Sayn-Wittgenstein, L., 1978. Recognition of Tree Species on Aerial Photographs. Information Report FMR-X-118, Forest
Management Institute, Ottawa.

· Sayn-Wittgenstein, L., De Milde, R. and Inglis, C.J., 1978. Identification of Tropical Trees on Aerial Photographs. Information
Report FMR-X-113, Forest Management Institute, Ottawa.

· Sedykh, V.N., 1995. Using Aerial Photography and Satellite Imagery to Monitor Forest Cover in Western Siberia. Water Air and
Soil Pollution, 82(1-2): 499-507.

· Sheng, Y., Gong, P. and Biging, G.S., In press. Model-Based Conifer Crown Surface Reconstruction from High-Resolution Aerial



Images. Photogrammetric Engineering and Remote Sensing

· Takamura, T. and Higuchiuchi, S., 1993. Intersection Calculations. In: H. Toriya and Chiyokura, H. (Editors), 3D CAD Principles
and Applications. Springer-Verlag, New York, pp. 139-164.























































































































INTRODUCTION

Use of hyperspectral data for vegetation studies has been mostly focused on forest biochemistry (e.g., Peterson
et al., 1988;  Curran, 1989;  Wessman et al., 1989; Johnson and Billow, 1996;  Jacquemoud et al., 1996;  Grossman
et al., 1996;  Zagolski, et al. 1996;  Martin and Aber, 1997) , leaf area and stand structure (e.g., Smith, et al.,
1991; Gong et al., 1992).  Transforms of spectral reflectance data such as their derivatives, log(R) and derivatives
of log(R) have been tested for estimating forest canopy biochemistry.   However, few studies have reported on
the use of hyperspectral data in forest species recognition.

Knowledge about forest species and their distribution is critical to ecological studies and forest management.  It
is well known that forest species recognition can only be reliably done either in the field or through interpretation
of large scale (> 1:4,000) aerial photographs.  However, both methods are very expensive.  Remote sensing data
based on broad spectral bands such as those of SPOT high resolution visible (HRV) and Landsat Thematic
Mapper (TM) sensors can only be used to distinguish between broad leave and conifer forest due to their lack of
spectral and/or spatial details. Therefore, we are left with two alternatives for the use of remote sensing for
forest species recognition, to use data with either high spatial resolution or high spectral resolution.  In this
study, we chose the later.

In a previous study, we reported some exploratory results obtained from the analysis of hyperspectral data for
the differentiation of six conifer species commonly found in the Sierra Nevada mountains of California (Gong et
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ABSTRACT  In situ hyperspectral data obtained with a high spectral resolution radiometer were analyzed for
identification of six conifer species. Hyperspectral data were measured in the summer and late fall seasons at
15-20 cm above portions of tree canopies from both the sunlit and shaded sides.  An artificial neural network
algorithm was applied for identification purposes.  Six types of transformation were applied to the hyperspectral
reflectance data (R), preprocessed with a simple smoothing, followed by band aggregation.  These include
LOG(R), first derivative of R, first derivative of LOG(R), normalized R, first derivative of normalized R, and
LOG(normalized R).
First derivative of LOG(R) and first derivative of normalized R resulted in best species recognition accuracies
with greater than 90% average accuracies, more than 20% greater than the average accuracy obtained from the
preprocessed hyperspectral data.  The effect of hyperspectral data taken from the shade sides of tree canopies
can be minimized by applying normalization or by taking  the derivatives after applying a logarithm to the
preprocessed data.  We found that a big difference in solar angle did not cause a noticeable difference in
accuracies of species recognition.



al.,1997).  The data were obtained in the fall of 1995.  A feed-forward back-propagation neural network algorithm
was compared with a discriminant analysis algorithm for the purpose of species recognition.  Some major
conclusions of that study were that: (1) with fewer training samples the neural network algorithm outperforms
linear discriminant analysis, (2) spectral derivative data result in better recognition accuracies with the neural
network algorithm because the effects of site background, including illumination conditions, on tree species
spectra can be reduced (Gong et al., 1992), (3) the discriminating power of visible bands is stronger than that of
near-infrared bands, and (4) a smaller set of selected bands can generate more accurate identification than use of
all spectral bands.

The previous study indicated that a simple derivative transformation of the hyperspectral data could considerably
improve the accuracies of species recognition.  This led us to compare a number of data transformation methods
in search of a more powerful one for the recognition of those conifer species.

STUDY AREA AND DATA COLLECTION

1. Study Area and measurements

We took hyperspectral measurements at the Blodgett Forest Research Station of the University of California,
Berkeley, located in the American River watershed on the western slope of the central Sierra Nevada, El Dorado
County, California.  In this study, we chose 6 conifer species commonly found in the Sierra Nevada for experiments.
These were sugar pine (SP, Pinus lambertiana), ponderosa pine (PP, Pinus ponderosa), white fir (WF, Abies
concolor), Douglas-fir (DF, Pseudotsuga menziesii), incense cedar (IC, Calocedrus decurrens), and giant sequoia
(GS, Sequoiadendron giganteum).   A description of the geomorphology, soil and understory vegetation at the
Station is found in Gong et al. (1997).

2.  Spectral Reflectance Collection

Spectral reflectance data were collected using a high spectral resolution spectrometer, PSD1000 (ANCAL,
1995).  With a field of view of approximately 220, the spectrometer is capable of making spectral measurements
in the range of 210 to 1050 nm in more than1500 spectral bands.  However, under the natural light condition,
spectral data can only be acquired between 350 to 900 nm in 978 bands.  Outside this range, spectral data are too
noisy to be used.  Although the band sampling interval is approximately 0.56 nm, the spectral resolution is
approximately 2.6 nm.  To reduce the data volume, we aggregated the raw spectral data by taking the average of
every 6 consecutive bands resulting in 163 spectral bands with a bandwidth of approximately 3.4 nm.  Our
analysis was carried out based on the reduced data set.

In October 1995, we took spectral measurements at 6 study sites.  Subsequently, we restricted our data
measurements to two sites, a grazed site and a fenced site, on two different dates in 1996.  The number of
samples at each site collected at different times is listed in Table 1.  For 1995 and 1996, we have a total of three
time periods of spectral measurements: October 20- 21, 1995, June 2-3, 1996 and November 1-2, 1996.  For

       Oct'95        Jun'96        Nov'96           Sum

Species        Grazed        Fenced        Grazed        Fenced        Grazed        Fenced Sunlit Shaded

Sunlit Shaded Sunlit Shaded Sunlit Shaded Sunlit Shaded Sunlit Shaded Sunlit Shaded

DF 10 10 10 10 10 10 12 12 10 10 10 10 62 62

GS 10 10 10 10 10 10 12 12 10 10 10 10 62 62

IC 10 10 10 10 10 10 12 12 10 10 10 10 62 62

PP 10 10 10 10 10 10 12 12 10 10 10 10 62 62

SP 10 10 10 10 10 10 12 12 10 10 10 10 62 62

WF 10 10 10 10 10 10 12 12 10 10 10 10 62 62

Sum 60 60 60 60 60 60 72 72 60 60 60 60 372 372

Note:  All NNs were trained using one third of the total samples and tested using the remaining samples.

Table 1.  Numbers of reflectance spectra used in analysis



measurement convenience, we selected young conifer trees (4-7 years old) shorter than 4 m in height.
Measurements were taken at heights lower than 1.5 m from the ground at 15-20 cm above portions of tree
canopy.  To analyze the effect of different light conditions, measurements were successively taken both from
shaded and sunlit positions of tree canopies.

All measurements were made from the nadir direction and care was taken to make sure that the field of view was
totally occupied by tree canopy.  However, spectral contributions from soils and/or shrubs might still reach the
spectrometer as there were gaps in the tree canopy.   The spectrometer was set to the average mode so that 4
samples of the same location taken within 1-2 seconds were averaged to produce one spectral reflectance curve.
Spectral reflectance was derived by dividing the radiance measured from the canopy by that from a white
reference panel made of Halon.  For each tree sample, only two reflectance spectra were taken, one for the sunlit
side and the other from the shade side of the canopy.
During the period of measurement, the air temperature near the target varied from 20 to 30oC, with dry and mild
wind conditions.  Except for October 20, 1995 and November 2, 1996, when the sky conditions varied from
clear to scattered thin cloud cover during the measurements at the fenced site, the sky was clear.  Dark current
and white reference were measured every 5-10 minutes as necessary to reduce the effect of possible illumination
differences.  The local time when spectral measurements were taken was between 11:00 and 14:00.

METHODS

1. Hyperspectral Data Transformation

We denote the averaged reflectance spectra as R = (r
1
, r

2
, ..., r

n
), n = 163.  We choose a combination of 3 basic

transformations, derivative, normalization and logarithm.  Taking the derivative allows us to reduce the low-
frequency spectral signal of background materials that is additive to spectral signals of tree targets (Gong et al.,
1992).  Normalizing spectra enables us to remove the discrepancies among different spectra caused by differences
in solar illumination or other multiplicative factors.  Applying a logarithm to transform a spectra has the effect of
de-emphasizing the spectral values of greater magnitudes while enhancing those with smaller magnitudes.  Because
the spectral values for vegetation are high in the near-infrared spectral region, the logarithm reduces the effect of
the near-infrared region of the tree spectra.  The logarithm also has the property of converting multiplicative
factors into additive terms. We experimented with six types of spectral transformation.  These include:

(1) derivative of R, D(R) = (((r3 - r1)/∆λ), ((r4 - r2)/∆λ), ... ,((rn
 - rn-2)/∆λ)), ∆λ is two times of the band width,

(2) logarithm of R, LOG(R) =(log(r1), log(r2), ..., log(rn)),
(3) normalized R, N (R) = ( r1/Σ( ri), r2/Σ( ri), ..., rn/Σ( ri)),
(4) derivative of LOG(R), D(LOG(R)),
(5) logarithm of N (R), LOG(N (R)), and
(6) derivative of N (R), D(N (R)).

From (1) it can be seen that the derivative is approximated by the spectral difference between two bands whose
wavelengths are the present wavelength ± one band width, assuming a constant spectral interval. While (2) and
(3) have been explained above, taking the derivative of the logarithm of R as in (4) allows us to enhance the
spectral differences in the visible region where spectral values in the original spectra are low and in the meantime
removing multiplicative factors.  This is true if the spectral value r

i
 can be expressed linearly.  Let r

i
 = a•s

i
 + b,

where s
i
  is the true spectral signal of the tree and a and b are the multiplicative and additive factors, respectively.

Then log(r
i
) = log(a) + log(s

i
 + b/a).  The multiplicative term log(a) can be subsequently removed from log(r

i
)

when the derivative is taken.  Taking the logarithm to the normalized reflectance as in (5) will only enhance the
spectral data in the visible and de-emphasize the spectral values in the near-infrared region from the normalized
reflectance data.  Having the merits of both derivative and normalization, (6) was chosen because it can not only
remove the effect of multiplicative factors, but also reduce the effect of additive noise.



2.  Use of an Artificial Neural Network Algorithm

A supervised feed-forward neural network (NN) with an error-propagation algorithm (Rumelhart et al., 1986,
Pao,1989) was adopted in this study.  The network requires training using a certain number of samples of known
species.  After network training was done based on a minimum error criterion or an optimal test accuracy, we
used the trained network to classify new samples to individual tree species. NN algorithms have been explored
by many researchers as a classification technique using both remote sensing and other kinds of data (e.g.,
McCormack et al., 1993; Yin and Xu, 1991; and Hepner et al., 1990).  We used a three layer network structure
with the first layer of nodes corresponding to the spectral value of each hyperspectral or aggregated band, the
second layer of nodes forming the hidden layer, and 6 nodes on the third layer producing 6 similarity values each
corresponding to one conifer species.  For each neural network, with the number of input nodes being the
hyperspectral bands used for classification and a fixed number of 6 output nodes, the only number of nodes that
can be changed is that for the hidden layer.  We followed our previous experience to use a 50-node hidden layer
with a learning rate of 0.2 and a momentum factor of 0.7 in all the networks constructed in this study (Gong et
al., 1997).

During our NN tests, we treated hyperspectral samples of sunlit side of canopies separately from those of shaded
side of canopies. Given the date, the particular site and the side of canopy, the total number of hyperspectral
samples collected were randomly divided into three subsets.  We ran three NN tests.  In each test, we used one
subset to train the NN and the remaining two subsets to test the discriminating power of the NN.  Thus, the
training samples and test samples are not overlapping.  The overall accuracy (i.e. the percentage correctly classified
among the test samples), was obtained to determine the success rate.  We plotted the overall accuracies from
each test to compare the consistency among different tests.

To compare the performance among the different transformation methods, we calculated the Kappa coefficient
(Cohen, 1960) and its associated variance (Fleiss et al., 1969) for each test.  The use of these statistical parametersto
test for the significance of differences between two sets of classification results was introduced by Congalton
and Mead (1983), and has since been widely applied in remote sensing (Jensen, 1996).  The Kappa coefficient is
distinct from the commonly used overall accuracy in that the expected chance accuracy has been removed.
According to Cohen (1960), a z-value can be calculated by dividing the difference of two Kappa coefficients by
the square root of the sum of their two corresponding variances.   Thus, z-value could be either positive or
negative depending the order when the difference of Kappa coefficients is taken.   Absolute z-values of 2.58 and
1.96 indicate that when the number of classification samples is greater than 120, a difference between two sets
of classification results is significant at the 0.99 and 0.95 probability level, respectively.  In this study, we use
overall accuracy to report algorithm performance because they are more intuitive.  We use z-values only to
assess the significance of differences in accuracies obtained with different spectral transformation methods.

RESULTS AND ANALYSIS

1.  General Performance by Various Transformations

Table 2 lists overall accuracies in percentage obtained from classifying each of the 12 sets of data (2 sides of
canopy X 2 sites X 3 seasons).  A neural network was constructed for each set of the data. The neural network
structure and parameter settings are approximately the same as those presented in Gong et al. (1997).  The
average accuracies for the sunlit and shade sides of canopies and the overall accuracies are also shown. The
average accuracies exceed 90% for data collected from either the sunlit or the shade side of canopies.  The
overall average for both the sunlit and shade sides of canopies reaches 91.3%. The best transformation method
was the one taking the derivative of the logarithm of reflectance.  This is closely followed by the method of
taking the derivative after normalization, which yielded an average of all accuracies of 90.1% and taking the
derivative alone, which yields an average of all accuracies of 85.3%.   The three top ranked transformation
methods produce average accuracy improvements of 23%, 21.8% and 17%, respectively, over the 68.3%, the
average of all accuracies obtained from the original data without transformation.  Taking the logarithm alone



resulted in a decrease of 3.9% in average of all accuracies.  The normalization alone and taking the logarithm
after normalization resulted in small accuracy improvements.

Comparing the accuracies obtained from derivative spectra with corresponding non-derivative spectra (D(R) vs.
R, D(LOG(R)) vs. LOG(R), and D(N(R)) vs. N(R)), we can see that taking the derivative has greatly improved
classification accuracies.  Most of the accuracy improvements are between 15-30%,  while some are greater than
36%.   In one instance a decrease of 0.7% was obtained  between D(R) and R for the measurements collected
from the shade sides at the Fenced site in June 1996.

Table 3 lists the average z-values calculated for each pair of column and row entries.  They were obtained by
averaging 12 z-values (3 dates x 2 study sites x 2 sides of canopy).  An average kappa coefficient and an average
variance were calculated from three tests, corresponding to each overall accuracy in Table 2.  As mentioned
earlier, each test used 1/3 of the total samples for training and the remaining 2/3 for the test.  All  z-values were
calculated from average Kappa coefficient and variances.  It can be seen from Table 3 that there exist significant
differences between identification accuracies when those transformations with a derivative component were
compared with those without.  No significant difference exist among R, LOG(R), N(R), LOG(N(R)), and among
D(R), D(LOG(R)), and D(N(R)). The results of significance test agree well with the findings from Table 2.

2.  Effect of Shade

The hyperspectral data collected from the sunlit sides of canopies all produced higher average accuracies than
those from the shade sides, although in many individual cases data collected from the shade sides resulted in
better accuracies (Table 2).  The differences among the averages vary from 8.7% for the original spectra to 0.8%
for the logarithm of the spectra.  For the derivative of the logarithm and the normalization transformation methods,
the differences are both 1.1%.   It can be seen that the effect of shade can be minimized by the normalization
transformation or by taking the derivative after the logarithm of the original spectra.

3.  Effect of Taking the Logarithm

Transform  Grazed,Oct'95 Fenced,Oct'95 Grazed,Jun'96  Fenced,Jun'96 Grazed,Nov'96 Fenced,Nov'96       Average(%)
type Sunlit Shaded Sunlit Shaded Sunlit Shaded Sunlit Shaded Sunlit Shaded Sunlit Shaded Sunlit Shaded Overall

R 70.8 59.2 58.3 35.0 75.8 65.3 81.9 90.3 74.2 60.8 75.0 73.3 72.7 64.0 68.3
D(R) 85.0 95.8 65.0 45.0 90.8 81.7 93.1 89.6 95.8 97.6 94.2 90.0 87.3 83.3 85.3

LOG(R) 60.8 55.8 50.8 41.7 78.3 60.0 77.8 89.6 60.1 65.7 60.8 70.8 64.8 63.9 64.4
N(R) 65.8 64.2 51.7 42.5 72.5 66.7 84.0 91.7 79.8 78.4 76.7 80.8 71.8 70.7 71.2

D(LOG(R)) 91.7 94.2 79.2 64.2 93.3 92.5 97.2 97.9 96.6 99.2 93.3 96.7 91.9 90.8 91.3
LOG(N(R)) 63.3 60.0 48.3 43.3 71.7 65.0 85.4 93.8 76.5 71.8 75.0 79.2 70.0 68.8 69.4

D(N(R)) 93.3 93.3 80.8 56.7 91.7 85.0 95.1 95.1 98.3 97.6 97.5 96.7 92.8 87.4 90.1

Table 2.  Summary of species recognition accuracies

 

 R D(R) LOG(R) N(R) D(LOG(R) LOG(N(R)) 

D(R) 2.02*      

LOG(R) 0.61 2.19*     

N(R) 0.54 1.77 0.79    

D(LOG(R))  2.81** 0.93 3.21** 2.52   

LOG(N(R))  0.45 1.99* 0.65 0.27 2.68**  

D(N(R)) 2.61** 0.77 3.02** 2.33* 0.52 2.48* 

*overall  identification accuracies are significantly different at 0.95 probability level  

Table 3.  Average z-values for each pair of transformation methods

*overall  identification accuracies are significantly different at 0.95 probability level
 **overall  identification accuracies are significantly different at 0.99 probability level



Taking the logarithm of the original spectra resulted in decrease of the average of all accuracies.  This indicates
that applying the logarithm alone to spectral data is not an effective transformation method.

4.  Effects of Weather Condition and Solar Angle

Taking a closer look at Table 2, we can see that all classification accuracies for the 1995 data at the fenced site
are considerably lower than those obtained from the other year or from the grazed site in 1995.  The best
accuracy for the sunlit side was 80.8%, while the best accuracy for the shade side was only 64.2%.  These lower
accuracies are related to weather.  Compared with all other sites, the weather conditions were the worst for this
site when spectral measurements were taken on October 20,1995.  Thin cloud existed in varying amounts during
spectral measurement at this site.  Perhaps the spectral measurements should not have been collected or processed
in the first place.  Taking dark current measurement and white reference panel reflectance at a slower rate than
the variation of cloud could be the cause.  We use this data set to indicate the potential sensitivity of spectral
measurement to weather condition.

Since the 1996 data were measured in two seasons: early June and early November, the difference in solar
elevation is more than 20 degrees.   We were suprised that the summer data, with less shadow, did not produce
better recognition accuracies.  Indeed, the accuracy differences between the two seasons were relatively large
for  the original spectra R and LOG(R).   However, the differences were relatively small for the other data
transformation methods and it is hard to tell which season resulted in better accuracies.  From Table 2, it can be
seen that there is no obvious effect of shade and shadow on the ability of these transformation methods to
produce high overall average accuracies.  This implies that  transformation methods such as  D(LOG(R)) and
D(N(R)) are relatively robust.

5.  Consistency Tests

The discussion above is based on one set of experiments in each of which one third of the samples were randomly
selected and used for network training and the remaining two thirds were used as test samples to generate an
overall classification accuracy.  How consistent are our results?  To answer this question, we randomly divided
the total samples into three sets and used each set as training samples (T1, T2, T3, in Figure 1) while the other
two sets served as test samples.  Thus we have three sets of neural networks trained using non-overlapping
independent samples.  The classification accuracies (test accuracies) obtained for the fenced site are plotted.
The accuracies for the June 1996 and November 1996 data sets are shown in Figures 1a and 1b, respectively .
From the two figures, it can be seen that most of the test accuracy differences obtained using different training
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Figure 1.  Species recognition accuracies (overall accuracy in percentage) obtained from three sets of non-
overlapping training samples.  a) Results obtained from hyperspectral data collected at the Fenced site in June
1996; b) Results obtained from hyperspectral data collected at the Fenced site in November 1996.   The three
sets of training samples are denoted by T1, T2, and T3, respectively.



sets are within 10%.  The transformation methods that take the derivative of the logarithm or the normalization
again resulted in better than 90% accuracies.  The same trends have been observed from the data obtained at the
grazed site.

CONCLUSIONS

Based on our results and analyses, we have the following conclusions:

1. In situ hyperspectral data followed by simple smoothing and band merging do not yield the best results when
a feed-forward back-propagation neural network algorithm is used to differentiate six conifer species commonly
found in the Sierra Nevada mountains of California.  Further transformation of the hyperspectral data can
considerably improve the recognition accuracies.  The two most promising transformation methods are (1)
applying the logarithm to the preprocessed hyperspectral data followed by taking the derivative, and (2) normalizng
the preprocessed hyperspectral data followed by taking the derivative.

2.  Hyperspectral data taken from the shade sides of tree canopies may lead to recognition accuracies poorer than
those measured from the sunlit sides.  However, this can be minimized by normalizing or by taking  the derivative
after  applying the logarithm to the preprocessed data.

3.  Taking the logarithm alone of the preprocessed hyperspectral data does not improve the species recognition
accuracies.

4.  Variable amounts of understory vegetation and varying light conditions may reduce the accuracy of species
recognition.  With some transformations applied to the original spectra, a large difference in solar angle has a
minimal impact on the recognition accuracy of the six species in question.
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1. Introduction

Remote sensing of forest biochemical characteristics at the foliar or canopy level from different platforms (on
ground-, airborne- and spaceborne-base) has been the subject of much research toward a better understanding
of terrestrial ecosystem functioning (Martin and Aber 1997, Jacquemoud et al. 1996, Matson et al. 1994, Running
et al. 1989, Peterson at al. 1988, Card et al. 1988, and Pastor et al. 1983).  The major ecological processes,
involved in exchange of matter and energy, such as photosynthesis, evapotranspiration, respiration, primary
production, and decomposition, are related to nutrient status and growth conditions including chlorophyll, water,
protein, cellulose, and lignin content (Peterson and Hubbard 1992).  These are usually obtained through chemical
analysis and laboratory spectrometer measurements (Zagolski et al. 1996).  Measuring these foliar or canopy
biochemical constituents with traditional methods is difficult at large spatial scales.  It is then limited to small
forest ranges or at the individual tree level.  With remote sensing techniques, scientists have made progress in
developing methods that correlate remotely sensed data with regional estimates of a number of forest ecosystem
variables, including leaf area index (LAI), absorbed fraction of photosynthetically active radiation (APAR),
canopy temperature, and community type (Johnson et al 1994).  However, sensors in common use, such as the
Landsat Multispectral Scanner (MSS) and the Thematic Mapper (TM), integrating radiance data over wide
bands of the electromagnetic spectrum, have been limited to study vegetation to the dominant canopy reflectance
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Abstract  In this paper, we report some correlation analysis results between in situ hyperspectral data in the
spectral range of approximately 350 nm - 900 nm and three foliage nutrient constituents.  240 hyperspectral
measurements were taken using a PSD1000 spectrometer at a Giant sequoia plantation site in 1997.  Foliage
nutrient constituents (expressed in concentration, percentage of dry weight): total nitrogen (TN), total
phosphorus (TP), and total potassium (TK), were measured from the same site.  The potential of hyperspectral
data for estimating foliage nutrient status was evaluated using univariate correlation and multivariate regression
analysis methods with different types of predictors: original and the first-order derivative spectra, VI-based,
spectral position-based, area-based, and PCA-based predictors.  The 8 VIs were constructed from the blue,
green, red and NIR spectra bands; spectral position-based predictors consisted of parameters extracted from
the blue, yellow, and red edges, the green-peak and the red-well; area-based variables were calculated as the
sum of the first derivative values at each of the three edges; and the PCA-based predictors were obtained from
principal component transformation applied to the first derivative spectra of the three edges.
Results showed that the best foliage nutrient prediction was obtained with the PCA-based predictors in 4-term
prediction models for all three nutrient constituents.  In univariate correlation analysis, it seems that only two
VIs RB (R760-850/R350-400) and NRB ((R760-850-R350-400)/( R760-850+R350-400)) may be employed to predict all three
nutrient constituents (P=0.01), and better R2 values were obtained from the maximum first derivative spectra of
blue edge and yellow edge and the spectral reflectance difference between green-peak and red-well for TN, TP,
and TK.  The results obtained from the univariate analysis, however, indicate that the level of correlation
between foliage nutrient concentrations and hyperspectral data is low.  In fact for TN, there existed rather low
correlations with different types of variables.  In general, for either univariate correlation or multiple regression
prediction, the best results were related to TK, then TP, and the worst to TN except for multiple regression with
PCA-based predictors.



features such as chlorophyll absorption in the red spectral band, high reflectance associated with cellular structure
in the near-infrared and water absorption in the mid-infrared (Wessman et al. 1989).  Moreover, extraction of
red edge optical parameters, which have a high correlation with chlorophyll content found in several studies
(e.g., Miller et al. 1990, 1991), is impossible with broad-band sensors.

The advent of laboratory spectrometers and imaging spectrometers on board of aircraft has made it possible to
acquire higher spectral resolution data that contain more information on subtle spectral features which are useful
to estimate biochemical content and concentration at both the leaf and canopy levels (e.g., Peterson et al. 1988,
Johnson et al. 1994).  Various approaches have been developed for estimation of the chemical characteristics
using those hyperspectral data, and among the more notable are statistical regression, spectral position and
physical model approaches (e.g., Johnson et al 1994, Curran et al. 1995, and Jacquemoud et al. 1996).

Most researchers have employed the technique of multiple regression analysis to correlate canopy chemical
components with either original spectral reflectance and various vegetation indices, or derivative spectra in the
visible, near-infrared and mid-infrared wavelengths with varying degrees of success.  For examples, after analyzing
relations of hyperspectral data from the Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) acquired
over several forest stands in west-central Oregon with respect to variation in forest canopy biochemical
characteristics, Johnson et al. (1994) determined predictive relationships for biochemical concentrations using
regressions between the chemical composition of forest canopy and AVIRIS reflectances transformed to the first
derivative of log(1/R).  They obtained strong correlations between the actual and predicted biochemical
concentrations with only three wavelengths.  Using data from the AVIRIS and a Compact Airborne Spectrographic
Imager (CASI), Matson et al. (1994) demonstrated that canopy biochemicals carried information about ecosystem
processes across a wide climate range, and suggested that some of this chemical information might be estimated
remotely using high spectral resolution data collected by airborne sensors.  They found that the first differences
centered in the range of 1525-1564 nm figured prominently in all nitrogen equations.  Wessman et al. (1988, 1989)
reported a significant correlation between radiance data from an airborne sensor, the Airborne Imaging Spectrometer
(AIS), and canopy lignin (in content and concentration), and nitrogen availability (e.g., selected 1555 nm in a 2-
term equation, R=0.91, in a significant correlation with N concentration) in both deciduous and coniferous stands.
Using the regression approach with AIS (transformed into log(1/R) and their derivative versions) and laboratory
data, Peterson et al. (1988) reported that the absorption in the infrared region was strongly influenced by biochemical
characteristics. After correlating vegetation indices of RNIR/R700 and RNIR/R550

 with chlorophyll content, Gitelson
et al. (1996, 1997) demonstrated that the indices for chlorophyll assessment were important for two deciduous
species, maple and chestnut. In spectral feature analysis associated with nitrogen, phosphorus and potassium
deficiencies in Eucalyptus saligna seedling leaves, Ponzoni and Goncalves (1999) proved that the spectral
reflectance can be better estimated using a combination of nutrient constituents (N, P and K) as independent
variables with the results from simple and multiple regression.

In the spectral position approach, wavelength positions rather than the amplitude of the spectral feature were
investigated.  The “red edge”, for example, located between 680 nm and 750 nm, shifts its spectral position
according to chlorophyll content and its seasonal patterns.  Miller et al. (1990, 1991), Curran et al. (1995), Rock
et al. (1988) and Belanger et al. (1995) demonstrated this behavior of the red edge using spectral reflectance
measurements obtained in the laboratory or from airborne sensors.  Although the “red edge” optical parameters
may be extracted from the hyperspectral data acquired in laboratory or from airborne, and even more from
modeling red edge reflectance, e.g., inverted Gaussian red edge reflectance model, IGM (Miller et al. 1990), use
of this approach to predict biochemical content is not extensively studied as use of the statistical regression
method.  This may be because the data analyzed with this approach are collected under restricted conditions.
Precisely measurement conditions and a wider range that both spectra and biochemical contents vary are perhaps
necessary.

The physically based models rest on a theoretical basis consisting of developing a leaf scattering and absorption
model that involve biochemistry.  Among these models, radiative transfer models have been successfully used in
the forward mode to calculate leaf reflectance and transmittance, and in inversion to estimate leaf biochemical
properties.  For the moment, only chlorophyll content and water content have been explicitly included in leaf
optical properties models (Jacquemoud et al. 1995). Dawson et al. (1998) developed a LIBERTY (Leaf
Incorporating Biochemistry Exhibiting Reflectance and Transmittance Yields) to model the effects of leaf
biochemical concentrations including  nitrogen, lignin and cellulose on reflectance spectra.  Further research is
needed to validate it.

In the studies as briefly reviewed above, most of them focus on estimating biochemical contents or concentrations
of chlorophyll, nitrogen, water, lignin, starch, cellulose, sugar, protein from hyperspectral data acquired in the field,
laboratory or from airborne with a varying degree of success.  However, only a few studies relate to assessing
foliar nutrient status of phosphorus (P) and potassium (K) with hyperspectral data.  From nutrient cycling point of



view, it is evident that P and K play an important role in ecosystem functioning.  P and K, the second and third
most limiting nutrient constituents, are essential in all phases of plant growth; they are used in cell division, fat
formation, energy transfer, seed germination, and flowering and fruiting (Milton et al. 1991, Jokela et al. 1997).
For this reason, we will further evaluate the statistical regression approach in combination with the spectral
position determination for the estimation of foliar nutrient status of N, P and K concentrations with the in situ
hyperspectral data measured by a potable spectrometer.  Therefore, the objectives of this study are to (a) test the
consistency in relationship between spectral reflectances and nutrient concentrations when both spectral and
nutrient data were collected from foliages of different ages and at different positions; (b) evaluate the potential of
in situ hyperspectral data in transformed forms of vegetation indices, blue, yellow and red edges’ parameters and
green-peak and red-well variables, area-based and PCA-based predictors in foliage nutrient concentration
estimation; and (c) examine the effectiveness of principal component transformation applied to the first derivative
spectra within the regions of the “three edges” in foliar nutrient concentration estimation.

2. Study Area and Data Collection

2.1 Study area

The study area is at the Blodgett Forest Research Station of the University of California, Berkeley, located in the
American River watershed on the western slope of the central Sierra Nevada, El Dorado County, California.
The vegetation consists of the normal associates of the Sierra mixed conifer forest type, the major tree species
include five conifers: Sugar-pine (SP, Pinus lambertiana), Ponderosa-pine (PP, Pinus ponderosa), White-fir
(WF, Abies concolor), Douglas-fir (DF, Pseudotsuga menziesii), and Incense-cedar (IC, Calocedrus decurrens),
and one hardwood, California black oak (Quercus kelloggii).  A species native to the Sierra Nevada but not
found in the Blodgett Forest, Giant-sequoia (GS, Sequoiadendron giganteum), has been planted at Blodgett
since 1900’s.  Our study site is a nine years old Giant sequoia plantation, located at a flat area with nine spacing
treatments (i.e., spacings 2.1, 2.4, 2.7, 3.0, 3.6 4.3, 4.9, 5.5 and 6.1 m) for each of three blocks, designed primarily
for Giant sequoia growing stock study.

2.2. Nutrient data collection

At the Giant sequoia plantation, we selected 12 sample trees (3 each at 4 spacings: 2.1, 3.0, 4.3 and 5.5 m) as the
centers of 12 sites.  1995 (2 years old) and 1997 foliage samples from both the lower 1/3 and the upper 1/3 of the
crown from each of the 5 nearest neighbors (within the same spacing) of each of the 12 sample trees were
collected from April through October, 1997.  1995 foliage was available once each month, April through October.
1997 foliage was collected from July through October.  Foliage samples collected from an individual sample tree
at the same crown position of the same age were put in a separate paper bag, then put in a big plastic bag.  Once
all foliage samples were collected from all 12 sample trees, they were sent to the DANR Analytical Laboratory,
University of California, to do chemical analysis in order to extract foliage nutrient status of total nitrogen (TN),
total phosphorus (TP) and total potassium (TK) concentrations (in percentage of dry weight).

2.3. Spectral reflectance measurement

A high spectral resolution spectrometer, PSD1000 (Ocean Optical, Inc.), was used to take measurements in the
field.  The PSD1000 spectrometer was connected to a portable computer through a PCMCIA slot using a PCM-
DAS 16D/12 A/D converter.  The instrument may be used for precise measurements in various spectral ranges
from 210 nm through 1050 nm.  The field of view of the spectrometer is approximately 22o.

At the same time as a foliage sample was collected for extracting nutrient data, we took spectral measurement
from the sample before it was put in a paper bag.  When taking spectral measurements, we first put the foliage
sample on a piece of black cloth as the background that was rested on the ground at an open area and attempted
to reduce the effect of background spectra on sample spectrum, then followed the measuring procedure described
in Gong et al. (1997) to take spectral measurements.  We missed June’s measurements.  Therefore, we have 6

Month April May July August September October Sum
Upper'95 12 12 12 12 12 12 72
Lower'95 12 12 12 12 12 12 72
Upper'97 12 12 12 12 48
Lower'97 12 12 12 12 48

Sum 24 24 48 48 48 48 240

*: Each spectrum in the table was obtained through averaging five original samples

Table 1  A break down of the total number of hyperspectral
measurements from Giant sequoia plantation*



months’ spectral data for the study (Table 1).  The date and time of measurements in each month are: April 25,
10:50-12:45; May 19, 13:50-16:00; July 21, 12:50-15:40; August 22, 10:15-12:15; September 23, 10:45-12:20; and
October 27, 13:50-15:50.  The viewing direction is approximately at nadir.  During the period of spectral
measurement, the air temperature near the target measured varied from 15oC on October 27 to about 33oC on
July 21 with dry, mild wind and clear sky conditions.

3. Methods

Each spectrum has 490 bands covering 350 - 900 nm with a bandwidth of approximately 1.2 nm.  Due to the lack
of sensitivity of the spectrometer, those spectral bands outside the range of 350 - 900 nm are too noisy to be used
in this study.  The first derivative spectra (488 bands) were calculated in the same way as described in Gong et
al. (1992).  Each spectral sample listed in Table 1 was calculated by averaging 5 foliage sample spectra collected
from the same crown position and the same age for each individual sample tree.

3.1. Analysis of variance

Analysis of variance (ANOVA) was performed to both spectra and nutrient data.  The foliage average spectra
for several spectral ranges were extracted before ANOVA was performed.  These spectral ranges include the
blue range (BR: 350-400 nm), blue edge (BE: 490-530 nm), green range (GR: 510-560 nm), yellow edge (YE:
550-582 nm), red well (RW: 640-680 nm), red edge (RE: 670-737 nm), the visible range (VR: 350-700 nm), the
NIR range (NIR: 700-900 nm), and all bands (AB: 350-900 nm).  The foliage spectral differences between the
two crown positions (the lower 1/3 and the upper 1/3 of the crown) and between the two ages (1995 and 1997)
were tested with ANOVA, and so were foliage nutrient (TN, TP, and TK) concentration differences.

3.2. Univariate correlation analysis

For univariate correlation analysis with nutrient variables, we analyzed three types of spectral variables.  The first
type is the original spectral bands and corresponding derivative bands.  The 490 original bands were reduced to
163 through band aggregation to remove some high frequency noise.  This resulted in a bandwidth of approximately
3.4 nm.  With the original and derivative bands, correlation coefficient for each band was calculated with nutrient
constituents.

The second is VI-based variables.  Different types of vegetation indices were composed with reflectances in
different spectral regions, including simple ratio indices and normalized difference indices.  Their definitions were
listed in Table 3.  The effort to test the correlation of those VIs with nutrient constituents is to find some VIs that
are more suitable for foliage nutrient concentration estimation.

The third type is spectral position-based variables.  Three spectral regions: blue edge, yellow edge and red edge,
were determined (Table 3).  Their maximum first derivative values and corresponding wavelength positions were
extracted for each of the “three edges”.  In addition, spectral positions of green peak and red-well (including
corresponding reflectance and wavelength) were also selected as spectral position-based variables.  Many
researchers (e.g., Curran et al. 1995, Miller et al. 1991) have made their effort to explore the “red edge” optical
parameters to estimate foliar chlorophyll content.  However, fewer studies used the other “two edges”.  According
to Feng and Miller (1991), vegetation green reflectance can be used to measure leaf chlorophyll content.  Therefore,
we also explored the potential of the other “two edges” for foliage nutrient estimation.

3.3. Area-based prediction

The areas of blue edge (490-530 nm), yellow edge (550-582 nm) and red edge (670-737 nm), calculated as the
sum of the first derivative values ( denoted as SDb, SDy, and SDr), were generated and compared to other VIs
and optical parameters to predict the foliage nutrient concentrations.  The idea is to use all bands within the “three
edges” to estimate the nutrient status.

3.4.  PCA- based prediction

The first derivative spectra of the “three edges” were, respectively, transformed using principal component
analysis to reduce multicollinearity and identify several principal components which account for a major portion of
the total variance involved in the derivative data set.  Then, the first three components of each “edge” were used
to establish regression models to predict the foliage nutrient concentrations.



3.5. Accuracy assessment criteria

A total of 240 samples were divided into two sets: one for model construction and the other for model testing.
Care was taken to ensure each to be fully representative to its population samples. The constructed models were
evaluated based on the overall average accuracy (OAA) from validation data, OAA is defined as
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regression models;  n is the number of test samples; and  m is number of predictors involved in a regression
model.  The greater OAA is, the better the regression results.  Another assessment criterion is R2 (i.e., goodness
of fit, GOF).

The statistical analysis was performed using SAS procedures: ANOVA, REG, and PRINCOMP (SAS Institute
Inc., 1991).

4. Results and Analysis

4.1. ANOVA

Table 2 presents two-way ANOVA results (between two positions and between the two ages) with nutrient
status (TN, TP, TK) and corresponding original spectra within different ranges taken in July through October.
For the nutrient data, the ANOVA results of the two positions and two ages clearly indicate that the concentration
differences are significant (P=0.0001) except the position difference for TN (P=0.1444).  These can be illustrated
by Figure 1(a-c).  Figure 1a shows that the TN is more mixed between the two positions and the two years
compared to TP and TK in Figure 1 b and c.  From Figure 1a, it can be seen that the lack of significance for TN
is caused by two facts.  The older leaves pick up more nitrogen at later season while the new leaves experience
drops in nitrogen level.  The leaves at the lower positions reached comparable level of nitrogen at later season.
If significant differences in measured nutrient variables were found, we might expect reflectance differenecs to
be significant as well.  For the average spectra within a particular spectral range, Table 2 shows that the average
spectral differences between the two years are statistically significant (P=0.0001), and the spectral differences

Positions Years
Items Mean-upperMean-lower Pr>F Mean'97 Mean'95 Pr>F

Nutrient concentrations (%)
TN 1.1838 1.1485 0.1444 1.2149 1.1147 0.0001**
TP 0.0986 0.0853 0.0001** 0.1138 0.0702 0.0001**
TK 0.7583 0.6316 0.0001** 0.8616 0.5283 0.0001**

Spectral reflectances (%)
BR(350-400nm) 3.25 3.19 0.6021 4.03 2.42 0.0001**
BE(490-530nm) 10.69 10.19 0.0842 12.31 8.57 0.0001**
GR(510-560nm) 12.79 12.04 0.0329* 14.69 10.14 0.0001**
YE(550-582nm) 10.79 10.05 0.0217* 12.25 8.59 0.0001**
RW(640-680nm) 5.70 5.37 0.0746 6.20 4.88 0.0001**
RE(670-737nm) 28.56 26.59 0.0068** 31.59 23.56 0.0001**
VR(350-700nm) 7.73 7.32 0.0649 8.82 6.23 0.0001**
NIR(700-900nm) 50.71 47.37 0.0062** 55.36 42.71 0.0001**
AB(350-900nm) 23.95 22.43 0.0081** 26.38 20.00 0.0001**
*: mean difference is significant at 0.95 confident level
**: mean difference is significant at 0.99 confident level

Table 2  Results of ANOVA between the two positions (upper and lower) and
between the two ages (1995 and 1997) for foliage nutrient constituents and spectral
reflectance with four months’ data (July through October of 1997)
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Figure 1  Changes of nutrient concentrations and spectral reflectances between the different positions (upper and
lower) and between the different years (1995 and 1997) across four months (July through October of 1997). (a)
total nitrogen (TN); (b) total phosphorus (TP); (c) total potassium (TK); (d) spectral reflectance from blue range;
(e) spectral reflectance from blue edge; (f) spectral reflectance from yellow edge; and (g) spectral reflectance
from red edge

between the two positions are significant at 0.95 confidence level only for GR, YE, RE, NIR, and AB.  Figure 1
(d-g) shows that the spectral differences between the two positions are interweaving instead of separating well
apart.  This explains why their differences are not significant.  However, the ANOVA results indicate that
spectral differences are consistent with those of nutrient concentrations except for the differences between the
two positions for spectral ranges BR, BE, RW, and VR (Table 2).  Thus, it is possible to estimate foliage nutrient
status using spectral reflectances and their transforms.

4.2.  Univariate correlation analysis

4.2.1.  Original bands

A correlation was calculated between each of the three nutrient constituents, TN, TP and TK and each of
spectral bands using 240 samples.  First-order derivative spectra were derived from the original spectra. The
correlation between each of the three nutrient constituents and the original spectral data, and the first-order
derivative spectra at each band was calculated.  The R2 values were plotted for the original spectra (Figure 2a)
and for the first derivative spectra (Figure 2b) with the three nutrient constituents.  From Figure 2a, it can be seen
that all the R2s except for bands ranging from 550-700 nm for TN, obtained between the original reflectance data
and the three constituents, pass the significance test of linear correlation (R2=0.0524 ) at the 0.99 confidence
level. The shapes of the R2 curves for all constituents correlated with the original reflectance are similar to each
other.  This seems that the three nutrient constituents have similar patterns of contributions to reflectance spectra
because of their similar contributions to the formation of chlorophyll and other pigments and cell development
(Wang and Galletta 1998, Jokela et al. 1997).  R2 peak values for TK are greater than 0.45 at wavelengths
centered at 390 nm and 519 nm and greater than 0.30 at wavelength around 739 nm, and the three peak positions
well match those of TP but TP peaks are lower than those of TK.  In general, for TP and TK,  greater R2 values
happen in the blue-green-yellow region (especially wavelength < 550 nm).  It is interesting that the general
conclusion is consistent with that in Gong et al. (1997) and that in Pu et al. (1998).  This may imply that spectral
measurements in the visible region is more stable than those in the near infrared region when the spectra are
acquired at different seasons (months).  More work is needed to verify it.

Lower R2s in spectral region between 550 nm and 700 nm for TN is mainly due to the spectral inflection point
where the green reflectance peak meets the chlorophyll-absorption-caused red well and the latter meets with the
cellular-structure-scattering-caused high reflectance shoulder in the near-infrared.  However, we can not explain
why the lowest R2 values of TP and TK are locating at 657 nm, a chlorophyll absorption position.

Nevertheless, the first derivative-based R2 exceeds the non-derivative based R2 at some spectral wavelengths
for all three nutrient constituents.  Most of R2 values are significant at the 0.99 confidence level, especially for TP



and TK.  In fact, in Figure 2b, the R2 values calculated between the first-order derivative spectra and nutrient
constituents are greater than 0.5 at wavelengths centered at 509 nm, 554 nm and 595 nm for TK, greater than 0.4
at approximately 506 nm, 550 nm, and 595 nm for TP, and greater than 0.2 at wavelength of 722 nm for TN.
Again, the wavelength positions of several peak values agree well between TP and TK. The level of correlation
between nutrient concentrations and the derivatives changes dramatically along the wavelength axis. This is
expected because we are not using spectral values for correlation rather we correlate curve slope steepness with
nutrients.  If there is no slope in a certain portion of the spectra, we expect a poor correlation.

According to the correlation results in Figure 2, the sensitivities of the foliage spectral properties of Giant sequoia
to changes of the three constituent concentrations for TK, TP and TN are in descending order.  Low R2 values
for TN are explained as discussed for Figure 1a.

The three wavelength positions (approximately at 510 nm, 550 nm, and 700 nm) corresponding to peak R2 values
(Figure 2b) match the positions of maximum variabilities of the “three edges” (Figure 4a, 4b, and 4c).  This implies
that there is a potential in using the “three edges” to estimate foliage nutrient status.

4.2.2.  VI-based variables

Eight vegetation indices were derived from the in situ hyperspectral data.  Their definitions are listed in Table 3.
Univariate regression analysis was done between each of the nutrient concentrations and each of the VIs using
all 240 samples.  Their linear and optimal non-linear R2s were listed in Table 4.  Most non-linear R2s were
estimated with hyperbola and exponential functions. In general, however, the R2 values are low, even lower than
some bands in Figure 2a.  From Table 4, it seems that only RB and NRB (with higher R2 values) may be
employed to predict all three nutrient constituents (P=0.01). All VIs can be used to estimate TK (P<0.05), and
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Figure 2  Correlation analysis (in goodness of fit, R2 ) of individual bands with the foliage nutrient constituents
(TN, TP, TK). (a) with original reflectance; (b) with the first-order derivative spectra



VariableDefinition Description
VI-based variables

RT TM4/TM3 TM4 and TM3 are similar to Themetic Mapper bands 4 and 3,
whose values obtained through averaging all bands 
within each wavelength range.

RG NIR/Green NIR covers 760-850 nm, and Green covers 510-560 nm. 
Averaging all bands within each range.

RR NIR/Red Red covers 650-670 nm. Average all bands in the range.
RB NIR/Blue Blue covers 350-400 nm.  Average all bands in the range.
NRT (TM4-TM3)/(TM4+TM3) See RT
NRG (NIR-Green)/(NIR+Green) See RG
NRR (NIR-Red)/(NIR+Red) See RR
NRB (NIR-Blue)/(NIR+Blue) See RB

Spectral position-based variables
Db Maximum value of 1st Blue edge covers 490-530 nm.  Db is maximum value of

derivative within blue edge  1st order derivatives within the blue edge of 35 bands
λb wavelength at Db λb is wavelength position at Db 
Dy Maximum value of 1st Yellow edge covers 550-582 nm.  Dy is maximum value of

derivative within yellow edge 1st order derivatives within the yellow edge of 28 bands
λy wavelength at Dy λy is wavelength position at Dy 
Dr Maximum value of 1st Red edge covers 670-737 nm.  Dr is maximum value of

derivative within red edge  1st order derivatives within the red edge of 61 bands
λr wavelength at Dr λr is wavelength position at Dr 
Rg reflectance at green-peak Rg is maximum reflectance within the range of 510-560 nm
λg wavelength at Rg λg is wavelength position at Rg 
R0 reflectance at red-well R0 is the lowest reflectance within the range of 640-680 nm
λ0 wavelength at R0 λ0 is wavelength position at R0 

Area-based variables
SDb sum of 1st derivative values defined by sum of 1st-order derivative values of 35 bands

within blue edge  within the blue edge
SDy sum of 1st derivative values defined by sum of 1st-order derivative values of 28 bands

within yellow edge  within the yellow edge
SDr sum of 1st derivative values defined by sum of 1st-order derivative values of 61 bands

within red edge  within the red edge
PCA-based variables

PCB1 PC1 of 1st deriv. in blue edge execute principal component analysis to 35 bands of
 1st derivatives within the blue edge and take 1st PC

PCB2 PC2 of 1st deriv. in blue edge take 2nd principal component within the blue edge
PCB3 PC3 of 1st deriv. in blue edge take 3rd principal component within the blue edge
PCY1 PC1 of 1st deriv. in yell. edge execute principal component analysis to 28 bands of

 1st derivatives within the yellow edge and take 1st PC
PCY2 PC2 of 1st deriv. in yell. edge take 2nd principal component within the yellow edge
PCY3 PC3 of 1st deriv. in yell. edge take 3rd principal component within the yellow edge
PCR1 PC1 of 1st deriv. in red edge execute principal component analysis to 61 bands of

 1st derivatives within the red edge and take 1st PC
PCR2 PC2 of 1st deriv. in red edge take 2nd principal component within the red edge
PCR3 PC3 of 1st deriv. in red edge take 3rd principal component within the red edge

Table 3  Definitions of a bunch of variables (predictors) used in this study

RG and NRG have a certain capability to predict TP concentration.  Even though some of the R2s is statistically
significant, lower R2s indicate that these VIs have a relatively weak capability to predict the nutrient concentrations.
The scatter plots and their linear R2s for RB and NRB with the three nutrient constituents were illustrated in
Figure 3a-f.  All plots show negative relationships between VIs and nutrient concentrations.  This implies that
lower nutrient concentrations may cause a higher reflectance in near infrared (NIR) region.  According to
Murtha and Ballard (1983), Al-Abbas et al. (1974), and Thomas and Oerther (1972), generally, it is conceded that
nutrient status affects spectral reflectance and deficiencies cause decreased chlorophyll amounts and hence



increased reflectance.  Al-Abbas et al. (1974) report that N, P, Ca, Mg, and S deficiencies resulted in reduced
near infrared (NIR) reflectance in their studies on maize leaves, but K deficiency in turn resulted in higher than
normal NIR reflectance. Thomas and Oerther (1972) also report that N deficiency led to increased NIR reflectance.
The same result can be found in Ponzoni and Goncalves (1999).  It seems not consistent that nutrient deficiencies
cause decreased reflectance in the NIR region.  Our results derived from the Giant Sequoia support that lower
TN, TP, and TK concentrations lead to increased reflectance in the NIR region.

4.2.3.  Spectral position-based variables

“Three edge” parameters (maximum derivative values Db, Dy, Dr and corresponding wavelengths,,) and another
4 spectral position variables (green peak and red well Rg, R

0 
and corresponding

 
wavelengths,) as well as difference

and ratio of Rg and R
0
 were derived from the spectral data (Table 3).  Using all 240 samples, their linear and non-

linear R2s with each of the three nutrient constitutes were calculated and were also listed in Table 4.  Some better
correlation results were obtained from Db, Dy and (Rg-R

0
), especially with TP and TK concentrations.  Again,

higher R2s are found with TP and TK. The results obtained with the 5 wavelength positions are poor.  The
relatively narrow dynamic ranges of the three nutrient concentrations and measurement errors caused by
illumination and temperature changes among the different months (April through October) may prehibit such an
analysis.  However, some  parameters described by relative values, such as Db, Dy, and (Rg-R

0
), can partly

constrain the effect of the error on correlation results.  It is noted that taking the difference between Rg and R
0can increase the level of correlation.  With this difference, higher positive correlation results have been obtained

(only lower than those with Db) for TP and TK.  Therefore, use of difference and ratio variables (including
derivative spectra, difference spectra, various vegetation indices) will help improve the correlation, especially
when environmental condition changes between measurements.

Figure 3g-l illustrate the scatter plots between (Rg- R
0
) or Db and TN, TP, and TK.  All of them show positive

correlation.  It is reasonable because higher foliage nutrient concentrations lead to steeper slopes of a spectral
curve in the blue-green, green-red, and red-NIR regions.  And with the same reason, the difference between
reflectances at the green-peak and red-well should also be positively related to the foliage nutrient concentrations.

4.3. Multiple  regression

In this section, a total of 240 samples were broken into two sets with each of 120 samples.  One set was used to

Variable TN TP TK
L i n e a r Non- l i nea r L inea r Non- l inear L inea r Non- l inear

V I -based :
R T 0 .0027 0 .0567* * 0 .0240 0.0305 0.0753** 0.1020**
R G 0 .0200 0.0200 0.1357** 0.1757** 0.2578** 0.3037**
R R 0 .0000 0.0093 0.0075 0.0128 0.0493* 0.0890**
R B 0.0851** 0 .1018* * 0.1597** 0.2528** 0.2890** 0.3897**

N R T 0 .0127 0.0251 0.0176 0.0207 0.0606** 0.0789**
N R G 0.0091 0.0091 0.1621 0.1759** 0.2874** 0.3034**
N R R 0.0027 0.0030 0.0023 0.0066 0.0332* 0.0635**
N R B 0.0841** 0 .0964* * 0.1988** 0.2529** 0.3552** 0.3843**

Spect ra l  pos i t ion-based:
λb 0 .0316* 0 . 0 3 1 6 * 0 .0520 0.0060 0.0002 0.0163
λy 0 .0525** 0 .0743* * 0 .0026 0.0357* 0 .0007 0.0798**
λr 0 .0461* 0 .0647* * 0 .0163 0.0163 0.0067 0.0159

D b 0.0944** 0 .0944* * 0.4069** 0.4375** 0.5116** 0.5209**
D y 0 .1066** 0 .1066* * 0.3724** 0.4238** 0.4888** 0.5102**
D r 0 .1056** 0 .1411* * 0.1888** 0.2915** 0.2168** 0.2882**
λg 0.0633** 0 .0633* * 0.0430* 0.0430* 0.0549** 0.0549**

λ0 0 .0284 0.0284 0.0004 0.0194 0.0037 0.0232
R g 0.0696** 0 .0772* * 0.3140** 0.3656** 0.4314** 0.4629**
R 0 0 .0421* 0 .0610* * 0.1229** 0.1923** 0.2103** 0.3039**

Rg-R 0 0.0746** 0 .0767* * 0.3872** 0.4274** 0.4981** 0.5113**
Rg/R 0 0 .0194 0.0194 0.1563** 0.1668** 0.1418** 0.1701**

*-signif icant at 0.95 conf ident level (R 2
(0.05) =0.0310)

**-signif icant at 0.99 conf ident level (R 2
(0.01)=0.0524)

Table 4  Univariate correlation results (goodness of fit, R2) with three
nutrient constituents, n=240
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Figure 3  Scatter plots for some VI-based variables (a-f) and some spectral position-based variables (g-l) with the
nutrient constituents TN, TP, and TK
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Figure 4  The means and standard deviations of the first-order derivatives for (a) blue edge, (b) yellow edge and
(c) red edge



generate regression models, and the other used to verify the established regression models.  The predicted results
using regression models were evaluated with both R2 (GOF) from the training data set and OAA ( in a relative
form) from the test data set.  An SDR (standard deviation of residual error) derived from the test data was also
employed to evaluate the model effectiveness in an absolute form.  Prediction variables in multiple regression
were divided into four types: VI-based, spectral position-based, area-based  and PCA-based predictors.  Their
prediction capabilities will be discussed below.  All regression models have four terms except for the three-term
area-based variables.  They were statistically significant at the 0.99 confidence level (R2

(0.01)=0.1080).

4.3.1.  VI-based variables

Using the eight VI-based variables were used as predictors, a 4-term regression model was generated for each
of the three nutrient constituents.  For TN, the order of 4 variables selected into the model was NRB, NRT, NRR

Nutrition Range Mean SDa CVb R-TPc R-TKc

TN 0.661-1.752 1.1284 0.1809 0.1603 0.6521 0.5719
TP 0.040-0.200 0.0866 0.0299 0.3448 1.0000
TK 0.270-1.320 0.6393 0.2285 0.3574 0.8800

Table 5  Summary statistics for the foliage nutrient concentrations* and
correlations between them

*: Values are expressed in percentage of dry weight
a: standard deviation; b: coefficient of variation; and c: coefficient of correlation

and RG; for TP, the order was NRB, NRR, RT and RR; and for TK the order was NRB, NRR, NRG and RR.
The results generated by the models and their corresponding measured values for the test data set were plotted
in Figures 5a, 6a, and 7a for TN, TP, and TK, respectively.  Among the three figures, NRB and NRR were
selected as the predictor variables in all three models.  This indicates that blue, red and NIR regions are fundamental
to estimate TN, TP, and TK.  NRR, RR, NRT and RT could be physically explained through their indirect relations
to the absorption feature of chlorophyll at 0.66 ?m (Curran 1989).  However, the first variable selected into the
models, NRB could not be related to any known absorption features for TN, TP, and TK.  It is evident that the
GOF R2 for TK is greater than those for TN and TP, but the OAA value for TN is the highest among the three
constituents.  For the highest OAA value of TN, this may be due to the relatively low variation of measured data
for TN, i.e., a lower CV of 0.1603 ( Table 5), and to its relatively high mean value.  This is easily seen in Figure
5 (most of measured points distribute in the range of 0.9-1.3%).  However, the use of GOF R2 as the criterion for
evaluating the regression models seems to be more appropriate by visual examination of these plots.  This is also
true for the use of other types of variables.

4.3.2.  Spectral position-based variables

The independent variables were divided into two sets with one set related to the “three edges” and the other to
green-peak and red-well.  Two 4-term regression models were generated for each of the three nutrient constituents
with the model building data set.  The results for the test data were shown with the measured values in Figures
5b-c, 6b-c, and 7b-c for TN, TP, and TK, respectively.  For the “three edges”, the orders of R2 and OAA values
for TN, TP and TK shown in these plots are the same as those with the VI-based variables, i.e., TK>TP>TN for
R2 and TN>TK>TP for OAA values.  Db and  are common variables in the three regression models, which
suggest that the maximum values of the first derivative at the blue edge and the positions of the red edge
contribute strongly to the estimation of the three nutrient constituents.  The second selected variable  could be
directly related to chlorophyll concentration (or content), and the three nutrient constituents were indirectly related
to chlorophyll through the red edge.

For the green peak and red well, the orders of R2 and OAA values for TN, TP and TK (Figures 5c, 6c and 7c) are
still the same as those with the VI-based variables.   and Rg/R

0
 are the common variables included in the

regression models.  Rg/R
0 
 accounts for a positive correlation with the nutrient concentrations with known physical

meaning.  It is noted that all four predictors selected through regression analysis for TP and TK are the same.  It
seems that the spectral responses to tree uptaking of P and K at the two wavelength positions are similar because
they have a closer correlation (R=0.88 in Table 5).  From Figure 5c, the total variance of TN accounted by the
regression model is rather limited.

4.3.3. Area-based predictors

Three area-based predictors were generated for each sample.  The three predictors correspond to the “three
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Figure 5  Comparison of measured concentration of TN with the concentration predicted by multiple regression
models with (a) VI-based variables; (b-c) spectral position-based variables; (d) area-based predictors; and (e)
PCA-based predictors

Blue   edge Yellow   edge Red   edge
Eigenvaluecum. con. rate Eigenvaluecum. con. rate Eigenvaluecum. con. rate

PC1 24.3373 0.6954 25.2630 0.9023 43.5323 0.7136
PC2 5.1929 0.8437 1.0229 0.9388 12.8457 0.9242
PC3 4.1977 0.9637 0.5591 0.9588 2.2881 0.9617

Note: cum. cpn. rate--cumulative contribution rate.

Table 6  The first three eigenvalues and their cumulative contribution rates
from PCA to first derivatives for “three edges”



edges” and all were used to establish regression model for each nutrient constituent.  With the 3-term regression
models, the nutrient concentrations were calculated.  The estimated results and the measured values were plotted
in Figures 5d, 6d, and 7d for TN, TP and TK, respectively.  While the order of OAA values for TN, TP and TK
shown in these plots is still the same, the order for R2 is TK, TN, TP.  Because each predictor is the sum of the
first derivative values in each of the “three edge”, it relates to all bands located in the “edge”.  Therefore, a higher
prediction capability by these predictors is expected.  The results show that although only three predictors were
used in the regression models, their prediction capabilities are similar to those other models described above.  For
TN, it is better.  This implies that the area-based predictors may have a greater potential in estimating nutrient
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Figure 6  Comparison of measured concentration of TP with the concentration predicted by multiple regression
models with (a) VI-based variables; (b-c) spectral position-based variables; (d) area-based predictors; and (e)
PCA-based predictors
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Figure 7  Comparison of measured concentration of TK with the concentration predicted by multiple regression
models with (a) VI-based variables; (b-c) spectral position-based variables; (d) area-based predictors; and (e)
PCA-based predictors

status.

4.3.3.  PCA-based predictors

After applying PCA to the first derivative spectra within the “three edges,” we used the first three components
for each “edge” as predictors so that a total of nine principal components were employed to generate regression
models.  They were denoted as PCB1, PCB2, and PCB3 from the blue edge, PCY1, PCY2, and PCY3 from the
yellow edge, and PCR1, PCR2, and PCR3 from the red edge.  Their eigenvalues and cumulative contribution



rates to the total variance are listed in Table 6.  The cumulative contribution rate of the first three components for
each “edge” is approximately 96%.  Therefore, if the nine components from the “three edges” were used to
establish regression models, good prediction results are expected. From Figures 5e, 6e, and 7e, it can be seen that
the results predicted by the 4-term models agree with our expectation.  The R2 value for TN first surpasses the
other two R2 values, while the order of OAA values remains the same.  The R2 values for the three nutrient
constituents from the PCA-based predictors are the highest when compared with the use of any other types of
predictors.  For the four predictors included in the regression models, they constitute an optimal combination for
prediction purposes.  Consequently, three predictors are the same for the TN and TP models.  They are PCB2,
PCB3 and PCR1.  Again, this indicates that the blue edge and red edge make greater contributions to the
estimation of TN and TP.
4.3.4. Comparison of effectiveness among different types of predictors

In general, the PCA-based predictors are better foliage nutrient estimators.  An examination of OAA values, the
green-peak and red-well predictors are better for TK.  Visual examination of the amplitude, shape, and variability
of the first derivative spectra for each of the “three edges” (Figure 4) revealed that the maximum variability and
peak positions shifted toward shorter wavelength for both the blue edge and the yellow edge, and toward longer
wavelength for the red edge.  These observations can be verified by abundant nutrient constituents (July through
October).  The bi-mode (double peaks) of the red edge has been reported by many investigators (e.g., Miller et
al. 1991), but the bi-mode on the blue edge was not seen in literature.  Greater variability of the first derivative
spectra at the “three edges” is more hopeful for estimating nutrient status.  This partly explains why PCA-based
predictors can predict the nutrient concentrations with the highest R2 and OAA among the four types of predictors.
For the other three types of predictors,  their effectiveness varied across the three nutrient constituents.  For
estimating the TN status, the worst result (R2=0.1476, OAA=85.08%) was related to green-peak and red-well
(Figure 5c).  The second worst was obtained with the VI-based variables (R2=0.3077, OAA=86.78%), while
those with the “three edge” parameters and area-based predictors were in the middle.

For TP, the worst result (R2=0.4174) was predicted with area-based predictors, with a slightly better OAA value
than that obtained with VI-based variables.  The worst results were produced by both area-based and green-
peak and red-well predictors for TK.  Among those regression models with different predictors, in general, the
PCA-based predictors had the most powerful capability for foliage nutrient concentration estimation, while green-
peak and red-well predictors are the worst.  Although all OAA values for TN are over 85%, greater than those
for TP (>70%) and TK (>75%), TK can be more easily estimated except when PCA-based predictors are
applied for TN estimation.  This is indirectly supported by the result in Ponzoni and Goncalves (1999) that only the
symptoms related to K deficiency could be spectrally detected in the visible region.  In this study, we tried to use
all types of variables together to establish 4-term regression models through a stepwise regression procedure for
the estimation of the three nutrient constituents, but failed to achieve better results. One reason may be that there
exists too much redundancy among all variables.

5. Summary and Conclusions

Two hundred and forty samples of in situ hyperspectral measurements were analyzed for estimating three
foliage nutrient constituent concentrations (in % dry weight): total nitrogen (TN), total phosphorus (TP), and total
potassium (TK).  The ANOVA results showed that the spectral (except those within BR, BE, RW, and VR
regions between the two positions) and nutrient concentration differences between the two crown positions (the
lower 1/3 and the upper 1/3 of the crown) and between the two ages (1995 and 1997) were significant, and their
differences basically coincided with each other.  Most of univariate correlation analysis and multiple statistical
prediction were statistically significant at the 0.99 confidence level.

When univariate correlation analysis was made between the original spectra and the three foliage nutrient
constituents, the best central wavelengths for TK (R2>0.45 ) and for TP (R2>0.30 ) were around 390 nm and 519
nm, but for TN, no R2 of any band was greater than 0.15. Nevertheless, the first derivative-based R2 at some
bands exceeded the R2 values for the original spectra for all three nutrient constituents. The R2 values calculated
between the first-order derivative spectra and nutrient constituents were greater than 0.5 at wavelengths centered
at 509 nm, 554 nm and 595 nm for TK, greater than 0.4 at approximately 506 nm, 550 nm, and 595 nm for TP, and
greater than 0.2 at the wavelength of 722 nm for TN. Of the eight vegetation indices derived from the in situ
hyperspectral data, it seemed that only RB and NRB (with higher R2 values) might be employed to predict all
three nutrient constituents (P=0.01).  In univariate correlation analysis with spectral position-based variables, the
better R2 values were related to the maximum first derivative spectra at the blue edge, yellow edge and the
spectral reflectance difference between the green-peak and the red-well for TN, TP, and TK.  For TN, however,
there existed lower correlations with all different types of variables.



The principal component transformation applied to the first derivative spectra within the regions of the “three
edges” for estimating foliar nutrient concentrations was effective.  The best foliage nutrient estimation results
were obtained with the PCA-based predictors in the 4-term prediction models for all three nutrient constituents.
The worst predictors for estimating nutrient status were related to green-peak and red-well variables for TN, and
area-based variables for TP and TK.  The best prediction effectiveness was achieved with TK based on all types
of predictors except PCA-based predictors which are more effective for TN.  Therefore, in this study, for either
univariate correlation or multiple regression prediction, the best results were achieved with TK, then TP, and the
worst was for TN.  In general, spectral reflectance has the potential to be used for predicting N, P and K nutrient
status, as concluded by Sembiring et al. 1998a, 1998b, Ponzoni and Goncalves 1999, but further work is needed to
verify the sensitivity of different predictor variables to different environments.
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Abstract   Following a brief discussion on various aspects of data quality, possible methods are examined 
for the detection of errors in a spatial database.   Using examples, we introduce the consistency checking 
method based on spatial relationships among neighboring objects and attribute relationships among map 
layers from different sources.  Using logical relationships among spatial neighborhoods and among 
attribute data from different sources, it is desirable to build an error detection mechanism in a spatial 
database.  This mechanism can be automated and has the potential to be one of the powerful tools for error 
detection and correction suggestion in a spatial database. 
 
Introduction 
 
Data quality can be assessed through data accuracy (or error), precision, uncertainty, compatibility, 
consistency, completeness, accessibility, and timeliness as recorded in the lineage data (Chen and Gong, 
1998).  Spatial error refers to the difference between the true value and the recorded value of non-spatial 
and non-temporal data in a database.  Attribute error is more complicated than other types of spatial errors.  
It is related to scale of measurements.  At one scale of measurement, the difference may be regarded as 
error while not at another scale.  For example, an elevation of 497 m recorded in the database with its true 
value being 492 m will be considered erroneous at the ratio and interval scales but accurate in a general 
category such as an elevation class between 450 and 500 m which is at the nominal scale.  However, 
sometimes the true value is not known, error can not be evaluated.  Under such circumstances, uncertainty 
is used.  Statistically, we use the average from multiple measurements to estimate the true value and the 
standard deviation of the multiple values as an indicator of the level of uncertainty.  Therefore, in order to 
know the uncertainty of a value, multiple measurements are necessary.  For example, a coastal line – the 
boundary between ocean and land, is uncertain as it changes constantly with time due to such factors as 
tides and ocean waves.  There are more causes of data uncertainty than that the truth is not measurable or 
there is no truth at all.  The conceptual fuzziness of an attribute or a category, which represents the level of 
data generalization, could also cause data uncertainty.  For example, one can not tell what is the true 
density of a polygon in a database when its category is “high density residential.”  Similarly, one can not 
tell exactly which tree species are contained in a class of “evergreen broadleaf forest” due to its high level 
of abstraction.   
 
Attribute error has been studied for many years.  Particularly in remote sensing image classification, a 
relatively complete procedure exists for classification error analysis (Jensen, 1996). Chen and Gong (1998) 
divided the classification error analysis into 5 steps:  
(1) determine the sampling method for ground truth data collection;  Methods include systematic 

sampling, random sampling, stratified sampling and systematic unaligned sampling, etc.  
(2) determine the sample size; 
(3) determine the attribute of sample location; this is usually done by field survey or the use of more 

accurate data sources such as aerial photo interpretation. 
(4) compare sample data with classification data and establish the contingency matrix;  
(5) calculate various types of errors from the contingency matrix. 
This can be applied to the determination of any type of attribute error at the nominal measurement scale. 
 
Precision refers to the closeness of measurements obtained from the same object using the same 
measurement method.  It is related to the level of details contained in the measurement.  It can be assessed 



by the standard deviation of a number of measurements made from the same object (Gong et al., 1995).  
Compatibility refers to how easy it is when data collected for other purposes can be used in a particular 
application.  It also refers to how easy it is when data from different sources or collected from different 
locations are used for the same application.  Generally, more specific data have better compatibility than 
more general data because more specific data can be generalized to general data but not vice versa.  For 
example, there may be two forest maps for two neighboring regions but prepared with different methods, or 
using different data sources.  If the content of one map can be made comparable with the other, then the 
two maps are compatible.  If only the classification system needs to be adjusted to make one map to be 
compatible with the other, we call that one map can be “cross-walked” to the other.  Consistency refers to 
the level of agreement when a certain phenomenon is represented in the database.  For example, if the same 
river looks different on two types of maps, the level of consistency between the two maps is poor.  If the 
same terrain feature from two map layers are represented by different number of contour lines and/or 
different levels of smoothness of the contours, the consistency between the two maps is poor.  If one map is 
made from data collected at one time and a second map for the neighboring region is made from data 
collected at a different time, then the two maps may be temporally inconsistent. 
 
There are primarily four types of errors in a GIS database: positional, temporal, attribute, and logical.  
Logical error refers to the inconsistency of relationship among different features presented in a database.  It 
is usually manifested through other types of errors.  Thus, logical relationships of mapped features can be 
checked for error detection.  Positional error has been widely investigated for its determination (Gong et al, 
1995; Stanislawski et al., 1996; Kiiveri, 1997; Veregin, 2000), modeling (Zheng and Gong, 1997; Shi and 
Liu, 2000).  Essentially, positional error is the error contained in the coordinate values of points, lines and 
volumes.  Thus, it is one type of numeric errors.  Numeric error is relatively a simple type of spatial data 
error.  Currently, few GIS systems are truly incorporating the temporal axis as an index that supports 
explicit query in time. When time is not explicitly used as an index like geographical coordinates, it is 
treated as an attribute just as elevation is treated in a 2D GIS.  Thus, in most existing GISs time and 
elevation are treated as attributes. 
 
 Error propagation and uncertainty detection has attracted research attention for the past decade. 
The following table lists some of the research papers done in this field.  Most of the papers deal with single 
variable, and among them, a lot mentioned modelling the spatial autocorrelation to estimate data 
uncertainty.   Consistency check between variables from different sources has been introduced (Scott, 
1994) which is the emphasis  of this paper.  Typical approaches among various research are error modeling, 
simulation, calculation and visualization, etc (Table 1). 
 
 
Table 1.  Review of some of the recent error studies. 
 

Paper Error Type Problem and solution Major 
Approach 

Ehlschlaeger, 
1996 

positional 
inconsistency 
 
Single variable 
elevation 

Visualization approach to view the elevation surface 
change by applying a nonlinear interpolation model to 
develop animations. 

 
Visualizati
on 

Griffith, et al. 
1994 

logical 
inconsistency 
 
Single variable 
 

The standard error difference between area mean and 
population mean caused bias in estimating population 
mean. 
Using census tract data at Syracuse, New York, added 
the underlying spatial autocorrelation in estimating the 
standard error to get population mean 

Modelling  



Heuvelink, 
1995 

logical 
inconsistency 
 
Single variable 
 

Error propagation from different spatial variation 
model fittings 
Compared Discrete Model of Spatial Variation 
(DMSV), Continuous (CMSV), and Mixed (MMSV) 
models with Netherlands high groundwater level data, 
and suggested adopting MMSV when undetermined. 

Modelling 

Heuvelink, 
1998 

Single variable Discussed the errors of many models used in soil 
science coming from not only the input and also the 
model itself.  It discussed the error propagation process 
in data interpolation and aggregation as well.   

Simulation 

Hunter, 
Goodchild, 
1997 

logical 
inconsistency 
 
Single variable 
 

Slope and aspect uncertainties from realized models  
Added spatial autoregressive random field as a 
disturbance to elevation, and propose a worst-case 
scenario by choosing a rho value within the domain of 
0 and 0.25.  
“Uncertainty” includes “error” 

Modelling 

Kiiveri, 1995 Positional  
inconsistency, 
polygon 
 
Single variable 

Took a look at the inconsistency though the polygon 
boundary change, length, perimeters and areas 
calculations after the overlay operation 

Calculation
, 
Simulation 

Mowrer, 
1996 

Positional  
inconsistency 
 
Single variable 

Applied Monte Carlo technique of sequential Gaussian 
simulation to estimate old-growth subalpine forests.  
Suggest using the technique with the technology of 
GPS and GIS to improve decision making 

Simulation 

Phillips, 1995 attribute 
inconsistency 
 
Multiple 
variables 

Use of simulation modelling to measure uncertainties.  
Model potential evapotranspiration as a function of 
temperature, humidity, and wind.   

Simulation 

Phillips, 1999  Theoretical discussion of a major challenge in physical 
geography: the detection of the signals of complex 
deterministic dynamics in real landscapes and data.  It 
introduced the nonlinear dynamical system (NDA) 
theory, reviewed most recent literatures, and compared 
approaches relevant to deterministic uncertainty.  

 

Scott, 1994 logical 
inconsistency 
 
Multiple 
variables 

Introduced Exploratory Data Analysis (EDA) tool to 
help quality assessment and data integrity in GIS by 
using statistical techniques.  It suggested four 
components in this issue (p384): 
(1)distribution checks of both categorical and ratio 
data; 
(2)logical consistency checks of the relationships 
between attribute data values and between attribute 
classes; 
(3) proximity checks of the spatial distribution of data 
attributes; and 
(4) plot and map reviews of the spatial distribution of 
geographical features and their associated attributes 

Modeling, 
Calculation 

Shi, 1999 Positional 
inconsistency, 
line 

Developed G-band model to handle positional error of 
line segments.  With end points normal distribution 
assumption, the model applied stochastic process to 
discuss the uncertainties of end points as well as points 
on the segments. 

Modelling 



Stanislawski, 
1996 

Positional 
inconsistency 
single variable 
digitized 
points 

Estimated positional accuracy by dividing errors into 
absolute error and relative error, while the absolute one 
represents horizontal cartographic data accuracy, and 
the relative one represents variability in spatial 
relationships.  

Modelling 

 
 
In the rest of the paper, we use example to discuss how errors can be detected through consistency checking 
in spatial databases.  Discussions will be made with a suggestion on the development of an spatial data 
inconsistency checking mechanism in spatial databases. 
 
Error detection through consistency checking 
 
We can divide inconsistency into spatial inconsistency, temporal inconsistency, attribute inconsistency and 
inconsistency among any combination of space, time and attribute.  Spatial inconsistency is a process that 
cartographers must deal with on an operational basis.  Map generalization is a major task of cartographers.  
It includes spatial displacement (a process of spatial error introduction), spatial simplification through 
selection, aggregation and smoothing, and attribute abstraction through classification.  This process itself 
introduces a huge amount of error particularly on small scale maps.  Traditional spatial analysis based on 
maps is restricted by map scale, as maps from different scales can not be overlaid with each other for multi-
layer (variable) analysis.  In a GIS system, maps of the same spatial location can be enlarged or reduced to 
map with each other regardless their original scales.  Spatial inconsistency could occur under this 
circumstance.   
 
1. An example of spatial inconsistency 
 
Figure 1 shows a reservoir and a highway overlap with each other as a result of overlaying a drainage map 
with a transportation map.  The highway extends at the same side of the reservoir and the stream with no 
reason for it to run over it.  Provided that the maps have the same scale and their projections and other 
factors that control the geometrical properties of the two maps are consistent, it is most likely that the error 
is caused by some displacement of the reservoir as highways are usually surveyed with high precision.  
This situation could change if we over a large scale drainage map with a small scale road map.  Under such 
circumstances, the error is most likely due to the generalization of the roads on the road map.  Therefore, 
the ways of correcting the error, or at least removing the inconsistency if we believe the error is not 
correctable, vary with the actual situation.  This requires the knowledge of the scale and accuracy report of 
each map if there exists any.  The relevance of metadata of spatial databases is obvious here. 
 
 
 
 
 
 
 
 
 
 
 
Figure 1.  Spatial inconsistency found in map overlay. 
 
2. Logical error detection of individual objects 
 
Certain objects in a map database have logical relationships with other objects.  For example, a parking lot 
should exit to a road.  If a parking lot is by itself without any entrance or exit, then there is a logical error. 
Consider a bridge, it could either be across a stream, river or another road and its two sides should be 
connected to roads.  These are the knowledge that can be coded to automatically check if there is any 
logical errors associated with each bridge.  Such logical error detection associated with bridges is 
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particularly useful in detecting errors of other attributes that are connected to bridges.  Figure 2 illustrates 
the situation for a parking lot and a bridge.  This method can be applied to any type of object whose 
relationship with other objects can be logically expressed. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2.  Logical inconsistencies associated with individual objects 
 
3. Attribute error identification through logical consistency checking among different map layers 
In a spatial database, data are often organized in different map layers.  Each map layer may be obtained 
from different sources.  Attribute error on one map layer may not be detected without being compared with 
attribute data from other map layers.  For example, a forest fire history map contains the distribution of 
burnt areas with an attribute of time of fire occurrence (e.g., Figure 3a).  Are there any mistakes in the fire 
history records?  Some such errors may be detected when the fire history map is overlaid onto an up-to-date 
forest cover map (e.g., Figure 3b).   Fire history records can be checked according to the current stage of 
forest restoration.  In the example as shown in Figure 3, the two fire occurrence times should obviously be 
exchanged because they are not consistent with the age of the vegetation. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.  An example of logical inconsistency between two map layers.  An old 1965 fire is now still 
covered by shrub but a relatively new burnt area in 1996 is covered by conifer forest.   If the forest map is 
considered as correct, the age of the fires should be switched between the two fires. 
 
The simple example illustrated in Figure 3 indicates that consistency checking between maps from different 
sources may be a useful tool in attribute error detection.  In the following, we examine some real map 
layers of central California.   
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Figure 4.  Urban land use from East San Francisco Bay across great central valley to part of Sierra Nevada.  
Data are obtained from three sources: Census Population Density data in pattern bounded in green, USGS 
Land Use and Land Cover data in brown, and urban area in white determined from the city light data from 
the Defense Meteorological Satellite Program (DMSP). 
 
 
Knowing how the maps are made helps us to detect attribute errors.  From Figure 4, it is obvious that the 
urban area determined from the DMSP city light data is largely exaggerated.  This is partly caused by the 
poor spatial resolution of the city light data (1 km resampled from the original 600 m) and the less accurate 
city light intensity thresholding algorithm applied in urban area detection.  It can be considered as the 
extreme end of over-commission of urban land in the mapped area.  Almost any area not included in the 
urban area determined from the city light data is not likely to be urban.  The urban area from the other two 
map sources are relatively consistent except at the lower left corner where there is a large tract of urban 
land only claimed by the USGS source.  Therefore, before any other verification we are almost certain that 
it is an attribute error over that tract of land.  The particular error in the USGS data layer was verified by 
road density and Landsat TM imagery. 
 
 
Discussions 
 
From the illustrations in the above section, it can be seen that inconsistency is a useful indicator of spatial 
data errors. Inconsistency may exist on a single map layer or among different map layers.  Inconsistency 
can be detected automatically.  This requires a good knowledge of various characteristics of spatial data.  
Inconsistency checking should be made in at least four aspects: self checking of data completeness such as 
various spatial, attribute components of an object represented in the database; spatial consistency among 
neighbors of objects; multivariable (multi-attribute) consistency through comparison; and spatial 
consistency among multiple variables.  It is expected that the level of complexity in consistency checking 
increases in a similar order.  Some of the corrections for spatial errors as reflected by inconsistency can be 



done automatically while it is more appropriate to correct errors or reduce uncertainties through an 
interactive process.   
 
Like a spelling checker in a word processing software, an inconsistency checker is envisioned that is  
developed for each database.  It can be fired to run in the batch mode or at the background once new data 
are added into the database.  Some detected inconsistencies are corrected according some rules and are 
highlighted while some others are left uncorrected.  All inconsistencies should be recorded to alert data 
analysts  for final correction decision. Some special visualization tools can be used for the purpose of 
inconsistency warning.  A mechanism should be built for database manager and data users to track changes 
made to data and to allow for reverse processing should automatic correction is considered done 
inappropriately.  
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Quantitative Dynamic Flood Monitoring with NOAA/AVHRR 

Abstract 

The analysis of the spatial extent and temporal pattern of flood inundation from remotely 

sensed imagery is of critical importance to flood mitigation. With a high frequency of global 

coverage, NOAA/AVHRR has the advantage of detecting flood dynamics during devastating 

floods. In this paper, we describe a systematic approach to flood monitoring using AVHRR 

data. Four critical issues for successful flood monitoring with AVHRR were identified: correct 

identification of water bodies, effective reduction of cloud contamination, accurate area 

estimation of flood extent, and dynamic monitoring of flood processes. In accordance with the 

spectral characteristics of water and land in AVHRR channels, a simple but effective water 

identification method was developed with an ability of reducing cloud influences. The area of 

flooded regions was calculated with the consideration of areal distortion due to map projection, 

and mixed pixels at water/land boundaries. Flood dynamics were analyzed from flood 

distributions  in both space and time. The maximum spatial extent of floods, generated by 

compiling the time series of flood maps, was informative about flood damages. We report a 

successful use of this approach to monitor the Huaihe river flood, a centennial devastating 

disaster occurred in the Huaihe river basin of China in the summer of 1991. 

 

1. Introduction 

Landsat, NOAA/AVHRR (Advanced Very High Resolution Radiometer), and radar 

images are often used in flood monitoring. The cloud-penetrating capability of radar has long 

been an attractive feature to flood monitoring. It is inspiring to see that the use of space-borne 

radar imagery for flood monitoring has been increasing (Imhoff et al. 1987, Blyth 1997, 

Delmeire 1997, Profeti and Macintosh 1997, Tholey et al. 1997). Since floods are usually 
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devastating events occurring in short periods of time, it is not easy for Landsat, ERS-1, JERS-1 

and RADARSAT to catch flood dynamics due to their long revisiting periods. On the contrary, 

the two NOAA satellites in operation can acquire images of the entire Earth in approximately six 

hours. The potential of NOAA/AVHRR data in large area flood monitoring should not be 

ignored. Although the coarse spatial resolution of 1.1 km at nadir confines AVHRR data to 

monitoring major floods in plain areas, the high temporal frequency, the large area coverage, the 

low-cost and easy-to-process natures of AVHRR imagery make it suitable to monitor floods in 

large areas, especially in developing countries. In the age of global change, severe floods are 

frequently happening in large areas, as the results of the abnormal climate. For example, the 

floods caused by the 1997-1998 El Niño devastated many regions in the world. This makes 

AVHRR imagery more attractive in flood monitoring.  

Since Wiesnet et al. (1974) recognized the great potential of NOAA-2/VHRR (Very 

High Resolution Radiometer, the predecessor of AVHRR) data in large area flood monitoring in 

the early 1970’s, there have been many noteworthy applications of AVHRR data in monitoring 

floods. Cao et al. (1987) analyzed the Liaohe river flood process by comparing 3-channel 

color images before and after the flood. Xiao and Chen (1987) succeeded in identifying flood 

extent in the Songhua river basin using the difference images between channel 2 and channel 1. 

Barton and Bathols (1989) used AVHRR night temperature images from channel 4 in the 1988 

Darling river flood.  Ali (1989) demonstrated success in mapping the 1984 Bangladesh flood by 

comparing AVHRR visible, near infrared and thermal infrared channels. Rasid and Paramanik 

(1990) employed visual interpretation to monitor the 1987 and 1988 Bangladesh floods, with 

the knowledge of the local environmental setting. In many of the above applications, researchers 

visually compared two cloud-free images before and after (or during) floods to interpret flood 

extent. Although water bodies were delineated in some applications, the area of submerged 

regions was not calculated accurately. To conclude, the methods used are rather qualitative. In 

addition, the dynamic flood processes were rarelyanalyzed in the above applications due to the 

lack of a series of imagery for the flooding events. 
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In this paper, we present a systematic approach to quantitatively monitor floods with 

AVHRR data. It is challenging to use AVHRR imagery in flood monitoing, especially in flood 

extent identification when cloud contamination is present, and in accurate area estimation of 

floods due to the coarse spatial resolution of AVHRR. We recognized the crucial steps for 

quantitative flood monitoring using AVHRR data as follows: to identify water bodies effectively, 

to reduce cloud influences, to estimate the area of the flood accurately, and to monitor flood 

process dynamically. Water identification is fundamental in flood monitoring. Dynamic 

monitoring is impossible without flood extents identified correctly. Because water bodies can not 

always be identified effectively in individual channels, efforts must be made to make better use 

of the multiple channels.  Since cloud-free images are quite rare during floods, and AVHRR is 

unable to detect ground features underneath thick cloud covers, effective algorithms for water 

identification are expected to be immune to cloud contamination. The area of flooded regions, 

which is of importance for both government agencies and victims to make decision to mitigate 

flood damage, can be estimated once the flood extent is recognized. Dynamic flood information 

captured in multi-temporal AVHRR images (i.e., the extent and the area of inundation at 

different times) is valuable for us to understand flood dynamics. The methods proposed here 

were successfully applied to monitor the 1991 Huaihe river flood in China, a centennial 

devastating flood. 

2. Methods  

The flowchart of our approach is illustrated in Figure 1. For effective flood monitoring, 

the original AVHRR data were preprocessed using radiometric calibration and geometric 

correction procedures. Through those procedures, the reflectance of each reflective channel 

(i.e., channel 1 and channel 2) of AVHRR was calculated, and each pixel was projected to a 

equi-longitude-latitude grid with a size of 0.01o x0.01o. In addition, precise geometric correction 

was done to register images to within one pixel so that flood extent at different times can be 
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analyzed together, and geographical or administrative units can be accurately overlaid onto 

AVHRR images. 

 

Figure 1 The flowchart of flood monitoring 

 

 With a water identification algorithm immune to cloud contamination, the flood extent in 

each available image was mapped, and its area estimated. With the dynamic flood extent and its 

area, we mapped spatial flood dynamics to show how flooding evolved through time, produced 

a table of the area of flood inundation, and compiled the maximum flood extent map to 

recognize all the affected regions during the entire flooding period.   

2.1 Water body identification 

Sheng et al. (1998) summarized the spectral characteristics of the main features (i.e., 

water, vegetation, soil, and clouds) during floods at the observation scale of NOAA satellites. 

Computer-aided water identification is needed to conduct quantitative flood monitoring. 

Although AVHRR data can be displayed in 3-channel color composites for visual analysis, it is 

not easy for a computer to correctly distinguish water from land. Water body identification in 

AVHRR imagery evolved from visual interpretation to automated extraction. Several water 

body identification methods have been developed. 

(1) Channel 2 model:  

Many researchers (Lin 1989, Sheng et al. 1998) realized that AVHRR channel 2 is 

more effective in distinguishing water from land than other channels. The model is as simple as:  

           



>
≤

02

02

 Tif CHLand,
 Tf CHWater,   i

   (1) 

where, CH2 is the reflectance of channel 2, and T0 is a threshold.  

(2) Temperature model:  
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Barton and Bathols (1989) found that the night image of brightness temperature derived 

from AVHRR channel 4 was effective in monitoring the 1988 Darling river flood in Australia. 

Verdin (1996) used a daytime image of brightness temperature from channel 5 for water and 

land discrimination in western Niger. 

During  daytime : 





>
≤

05/4

05/4

 T if CHLand,     
 T f CHWater,   i

   (2) 

During  night: 





>
≤

05/4

05/4

 T  if CHWater,    
 T  CHLand,   if

   (3) 

where, CH4/5 is the brightness temperature of channel 4 or 5, and T0 is a threshold. 

(3) Differential model between channel 2 and 1:  

Xiao and Chen (1987) succeeded in identifying water bodies using the difference 

between channel 2 and channel 1. 





>−
≤−

012

012

 T CHif CHLand,     
 T CHf CHWater,   i

   (4) 

 (4) Ratio model of channel 2 and 1:  

Based on the spectral characteristics of ground features during floods, Sheng and Xiao 

(1994) designed a ratio scheme of CH2/CH1 to enhance the difference between water and land 

during floods. This model was evaluated in detail by Sheng et al. (1998). 





>
≤

012

012

/
/

 T CHif CHLand,     
 T CHf CHWater,   i

   (5) 

Since an individual AVHRR channel may not possess a histogram with a bi-modal 

distribution, it is difficult to determine the threshold value that separates water from land. 

cConsequently, the channel 2 model and the temperature model may not work well. The 

temperature model usually works well in areas with a significant temperature difference between 

day and night, especially for floods resulting from melted snow water, because there is usually a 
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temperature discrepancy between water and land. However, it may not work  during rainy 

seasons in the summer when there is relatively low or no temperature difference between land 

and water, or there is cloud.  

According to the spectral characteristics in channel 2, water has lower reflectance than 

vegetation and other land covers. This is also true when there is a large amount of sediment in 

water. On the contrary, water has slightly higher values than land features in channel 1. 

Therefore, the ratio image and the difference image between CH2 and CH1 can be used to 

enhance the difference between water and land. CH2/CH1 has a better enhancing capability than 

CH2-CH1. In the ratio image, water has extremely low value, while land has relatively high 

value. The histogram of the ratio image usually presents a distinct bi-modal distribution. With the 

support of image processing software, the threshold, T0, located between the two peaks in the 

histogram, can be determined interactively.  

2.2 Cloud contamination reduction 

Cloud-free images are rare during floods. Cloud influence is one of the main obstacles 

to flood monitoring using AVHRR data. In areas covered by clouds and shadows, it is more 

difficult to identify water bodies. As an optical sensor, AVHRR cannot penetrate thick clouds. 

No method can eliminate cloud contamination under such circumstances. In the case of thin 

clouds, the sensor does receive some signal from the underlying surface, even though mixed with 

cloud signal. Moreover, the spectral characteristics of water and land are so different that it is 

possible to distinguish water from land under thin cloud covers. The ratio image is immune to 

thin cloud contamination but the original channels are vulnerable. When cloud contamination is 

not very severe (thin clouds), some of the cloud influences (including clouds and their shadows) 

can be removed by the ratio image (model 4). Sheng et al. (1998) demonstrated the 

effectiveness of the ratio image in reducing cloud effect on  water body recognition during 

floods.  
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2.3 Area estimation of flooded regions 

Once water bodies have been identified, the area of the submerged land can be readily 

estimated. However, the mixed pixels, consisting of both water and land along water/land 

boundaries, must be taken into accountfor accurate area estimation. The mixed pixels are 

located between the two peaks in the histogram of the ratio image. When using a simple 

threshold to separate water from land, we arbitrarily classify the mixed pixels to either water or 

land category. However, the mixed pixels are neither fully water nor fully land. This may cause 

unacceptable errors in estimating the area of water bodies, especially when water bodies are in 

irregular shape. To improve the accuracy, we developed an empirical model for estimating the 

area of water in a mixed pixel at the sub-pixel level.  

For a mixed pixel with an area of S, the water portion α in the pixel can be estimated 

from the pixel value , Rmix , in the ratio image.  Original image channels are often used to 

decompose mixed pixels with linear mixing models (Cross et al. 1991, Quarmby et al. 1992, 

Holben and Shimabukuro 1993, Kerdiles 1995).  Applying these models to the mixed pixels 

occupied by water and land, we have equations (6) and (7) for channel 1 and 2, respectively. 

landwatermix CHCHCH 111 )1( ⋅−+⋅= αα    (6) 

landwatermix CHCHCH 222 )1( ⋅−+⋅= αα    (7) 

where, CHi land and CHi water are the reflectance of pure land and water pixels in channel i, 

i=1,2.   

Taking the ratio of (7) and (6), we get  

landwater

landwater
mix

CHCH
CHCH

R
11

22

)1(
)1(
⋅−+⋅
⋅−+⋅

=
αα
αα

   (8) 

As discussed before, the reflectance of water during floods is similar to that of land in channel 1.  

Taking  waterland CHCH 11 ≈  into consideration, we can simplify equation (8) to a linear model of 

ratios: 
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landwatermix RRR ⋅−+⋅= )1( αα     (9) 

where, Rwater and Rland are the typical values for pure land and water pixels, respectively.  

Solving for α in (9), we arrive at 
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α    (10) 

Therefore, the water area in a mixed pixel can be estimated as: 

Water area








≥

<<
−
−

⋅

≤

=

landmix

landmixwater
waterland

mixland

watermix

R if R          ,         

RR  if  R,         
RR
RR

S

R    if R          S,        

0

   (11) 

Figure 2 explains this equation graphically. Rwater and Rland can be determined 

interactively.  

 

 

Because of the areal distortion of the map projection and the large area coverage of 

meteorological satellite images, pixels at different latitudes have different ground areas, i.e. S in 

Equation (11). As Table 1 shows, the area of a pixel shrinks from the equator to the poles 

under this projection. A pixel at 60oN is equivalent to only half an equatorial pixel in area. For a 

severe flood, the inundation may spread a few hundreds of kilometers, the error in area 

estimation due to pixel area variation is not negligible; thus, the area of the flood for a pixel 

should be calculated according to its latitude. 

 

Table 1 Area variation with latitude due to map projection 

 

Figure 2 Area estimation from mixed pixels occupied by water and land  
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The formula for area calculation is as follows (Sheng et al. 1994):  

(12)     ]7cos
2

7
sin5cos

2
5

sin3cos
2

3
sincos

2
sin[

2 2 L+⋅⋅−⋅⋅+⋅⋅−⋅⋅⋅⋅= M
D

dM
D

cM
D

bM
D

aDRS
latlatlatlat

long
ρ

 

where, Dlat, latitudinal span of a pixel, M, latitude of pixel center, Dlong, longitudinal span of a 

pixel, R, short semi-axis of the Earth (6356.863km), ρ=57.295, a=1.0033636057, 

b=0.0011240273, c=0.0000016989, d=0.00000027. 

2.4 Dynamic flood monitoring 

The most attractive feature of AVHRR data for dynamic flood monitoring is their high 

temporal frequency. During a flood event, a series of AVHRR images of flooded regions can 

usually be acquired. After identifying flood extent and calculating flood area from images of each 

phase, we can monitor the flood process in both time and space. 

(1) dynamic monitoring of flood extent 

The flood extent changes through time during a severe flood event. The time series of 

water body maps derived from multi-temporal images are informative about flood dynamics. 

We can see how flood changes in space through time. 

(2) dynamic monitoring of area 

In flood damage assessment, the area of the flooded regions is a major concern. Thus, it 

is necessary to monitor the area of the flooded regions dynamically. Based on the accurate area 

estimation from each image, tables and graphs can be summarized to reflect the dynamic 

changes in area. 

(3) compiling the maximum water body map 

In a large river basin, the whole basin is usually not affected by floods at the same time. 

Instead, certain portions of the basin are usually hit first, while other portions are hit later. The 
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maximum water body map generated by compiling all the water body maps from the time series 

can show all the flooded regions during the entire flood period. 

3. Monitoring the 1991 Huaihe river flood 

The location of the Huaihe river basin and its hydraulic features (i.e., lakes, river 

streams, and flood-storage regions) are illustrated in Figure 3. The rainy season, known as the 

Mei-Yu period, concentrates in June and July, when the basin is mainly under the control of the 

Asia Monsoon. In the late spring and the summer of 1991, the Huaihe river basin was hit by 

severe rainstorms, with a total precipitation in the range of 700-1200 mm, which was 2-3 times 

more than usual. The Mei-Yu period in 1991 lasted for almost two months, from May 19th to 

July 13th. Tao (1993) summarized that there were three heavy rain episodes during the 1991 

Mei-Yu period. The first episode centered on May 22nd, the second between June 2nd and 15th, 

and the third between July 1st and 10th. Showers didn't stop in some parts of the basin until late 

July. The records of water level in many hydrologic stations approached the highest level in 

history. The rise of water level in rivers, lakes and reservoirs caused the most severe flooding 

and waterlogging disaster in the recent hundred years. We chose the seriously damaged regions 

as our monitoring target. The severity of the flood can be seen in the monitored regions by 

comparing the images just before and after the flood in Figure 4. 

 

Figure 3 The location of the Huaihe river basin 

 

Figure 4 The color images before and after the flood 

 

From the pre-flood cloud-free image of May 16, 1991, we extracted a 100 X 100 

pixel sub-image covering the Hongze lake, generated five histograms (Figure 5) to compare the 

effectiveness of various water identification algorithms. From Figure 5, it can be seen that 

channel 2 (Figure 5b) has the most distinctive water-land bimodal distribution among the 
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histograms of individual bands (Figures 5a-c). Both the differencce model (Figure 5d) and the 

ratio model (Figure 5e) improve their separability.  The ratio model results in the best bimodal 

histogram for threshold selection. With more complicated images containing turbid water and 

thin clouds, the ratio model is the most effective among the five ( Sheng et al., 1998) .  

 

Figure 5.  Histograms of example images derived from the pre-flood AVHRR image (May 16, 

1991) using various water identification algorithms. 

 

Clouds loitered in the Huaihe river region for almost two months during the flood. 

Landsat failed to acquire any usable image during these two months. The fact that most of the 

less than ten flood-informative AVHRR images acquired were contaminated by clouds made 

the detection of flood extent rather difficult. These images were processed using the ratio model 

to reduce cloud influences. The flood extent was identified and the area of the flooded regions 

was calculated on each processed image. Comparing the flood extents at different times, we 

analyzed how the damaged areas changed spatially through time so that we can understand the 

flood process. The spatial changes of the flood are shown in Figure 6. The image on May 16th, 

just before the flood, shows the distribution of the original water bodies (i.e., lakes, and rivers). 

Comparing the June 26 image with that of May 16th, we can find that the flood mainly occurred 

in the upper part of the Huaihe river basin before June 26th. After the third rain episode (July 

10th), all the catchment suffered from the flood. This is evidenced by the water body maps from 

July 16th to 23rd. The flood extent did not change much after July 16th. 

 

Figure 6 Dynamic flood process in space 
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The total area of water bodies was calculated in Table 2 for each available AVHRR 

image. The original water bodies (i.e., lakes and rivers) had an area of 3528.3 km2 on May 

16th. The area of the flooded regions can be easily derived by simply comparing the areas of 

water bodies before and after the flood. The areas of the flooded regions at different times 

during the flood event are shown in Figure 7. An image on July 23rd, 1990 (maximum water 

period, shortly after the rainy season in a normal year) was processed for comparison. The area 

of the flooded region on this image was computed at 593.1 km2. On June 26th, just half way 

through the 1991 flood, the area of inundation (1043.4 km2) surpassed that on July 23rd, 1990 

(one month late in the normal year) by 76%.  The area of flood extent on July 23rd, 1991 

reached 5324.3 km2, which is more than eight times of that at the same time in a normal year. 

Because the flooding waters have to travel in narrow river channels and through several lakes to 

discharge into the sea, it took a few months for the flood to be evacuated. The shrinking of the 

total area of water bodies to 3399.7 km2 in Dec. 1991 implies that the flood completely 

retreated by that time.  

 

Table 2 The area of water bodies on each image 

 

Figure 7 The dynamic change on the area of the flooded regions 

 

During the two months of the 1991 Huaihe river flood, the flooded regions were 

constantly changing. The flood extent at any single time is inadequate to estimate the flood 

damage. Superimposing all the time series of water body maps together, we can produce a 

maximum flood extent map (Figure 8), on which all areas flooded at least once is shown. The 

blue color in Figure 8 represents the original water bodies before the flood, while the flooded 

regions are in red. Taken out of the original water bodies in the background image just before 

the flood, the total area of the flooded region during the flood process was estimated as 8,741.4 
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km2. If we used any one of the images during or immediately after the flood to calculate the area 

of inundation, the total area of the flood extent would have been underestimated by at least 

40%. 

 

Figure 8 The maximum flood extent map during the flood period 

 

 

 

4. A PC-based AVHRR flood monitoring system  

AVHRR imagery covers a large area with a small data volume. Flood monitoring with 

AVHRR, which is computationally economic, can be handled by a microcomputer. We 

developed a PC Windows-based AVHRR flood monitoring system to conduct systematic 

quantitative flood monitoring. This system allows us to enhance the AVHRR images, isolate 

areas of interest, screen clouds and shadows, reduce cloud contamination, identify water bodies 

interactively with various identification models, accurately calculate flood area, conduct 

interactive visual interpretation, lay out a dynamic flood map, compose the maximum flood 

extent, overlay administrative units or geographic data to assess flood damage for a county or a 

particular land use type. Dynamic flood information can be produced in this system.  

5. Conclusions 

Although Radar becomes popular in flood monitoring with the capability of penetrating 

clouds, the advantages of NOAA/AVHRR in flood monitoring can not be ignored. For a severe 

flood occurring in a large area, we can conduct a low-cost, expeditious, dynamic monitoring 

using AVHRR data. First of all, NOAA/AVHRR data are available worldwide. The high 

observation frequency of AVHRR increases the chance of acquiring relatively cloud-free 

imagery during floods. During the two months of the 1991 Huaihe river flood, AVHRR acquired 
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a series of informative flood images that made flood monitoring possible, while other satellites 

did not. However, the coarse spatial resolution and the vulnerability to cloud contamination are 

the major disadvantages of AVHRR data. Our approach to flood monitoring using AVHRR 

data tackled the crucial issues from correct identification of water bodies, effective reduction of 

cloud contamination, accurate estimation of the area of the flood extent, to dynamic monitoring 

of flood process. The disadvantages of AVHRR data can be compensated, to some extent, by 

accurately estimating the area of the flooded regions at the sub-pixel level, and developing water 

body identification methods immune to cloud influences. The advantages of AVHRR can be 

better used in producing the time series maps of flood extent, monitoring areal changes of 

inundation, and compiling the maximum flood extent map. The potential of AVHRR in flood 

damage assessment for land use types or administrative units is shown through the methods 

developed in this research. Our approach provides dynamic information about the 1991 Huaihe 

flood. The successful application to that flood demonstrates the effectiveness of this approach. 

The methods developed in this research should be directly applicable to the EOS Moderate 

Resolution Imaging Spectrometer (MODIS) data to be available in 1999. 
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Table 1 Area variation with latitude due to geographic map projection 

Latitude 00 100 200 300 400 500 600 

Area (km2) 1.231 1.213 1.159 1.070 0.948 0.797 0.622 

 

Table 2 The area of water bodies on each image 

Date Area of water bodies (km2) Note 

23 July 1990 4121.4 At a normal rainy season of the previous year 

16 May 1991 3528.3 Just before the devastating flood 

26 June 1991 4571.7 After the 2nd rain episode 

16 July1991 7214.5 Underestimated due to thick clouds 

18 July 1991 8486.6  

20 July 1991 8609.3  

23 July 1991 8852.6 Just after the flood 

16 Dec. 1991 3399.7 After water completely retreated 
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Figure 1 The flowchart of flood monitoring 
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Figure 2 Area estimation from mixed pixels occupied by water and land. 

S 

0 
Rwater Rland Ratio value 

Water area 

areal curve 



 20

0

0.05

0.1

0.15

0.2

0.25

 Value

F
re

q
u

en
cy

0

0.05

0.1

0.15

0.2

0.25

Value

F
re

q
u

en
cy

 

(a) Histogram of channel 1                            (b) Histogram of channel 2 
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                   (c) Histogram of channel 4                 (d) Histogram of channel 2 - channel 1 
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           (e) Histogram of channel 2/channel 1 

Figure 5.  Histograms of example images derived from the pre-flood AVHRR image (May 16, 

1991) using various water identification algorithms. 
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Figure 7 The dynamic change on the area of the flooded regions 
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Abstract 
 
Road density provides meaningful structural information for urban development analysis. This paper 
investigates the integration of  road density structural measure  with Landsat TM spectral information for 
urban area change detection. Beijing, the Chinese capital, serves as the study area, where there have 
been great changes in the last two decades. Two Landsat TM images used in this study were acquired in 
the same season from 1984 and 1997. To reduce the spectral confusion between urban ‘built-up’ and 
rural ‘non built-up’ land cover categories, we propose a new structural  method using road density 
combined with spectral bands for post-classification comparison change detection. Road density maps for 
both dates were produced using a Gradient Profile Direction Analysis (GDPA) algorithm and then 
integrated with spectral bands. The results from the combined spectral-structural datasets were evaluated 
and compared with the results from datasets of spectral bands alone. Our study shows that the addition of 
road density information greatly reduced spectral confusion and increased the accuracy of land cover 
classification, which in turn improved the change detection results.  
 
 
 
1. Introduction 

 
It is an important and challenging task to 
monitor urban development in a rapidly 
changing environment such as Beijing, the 
Chinese capital. Remote sensing has provided 
timely data that can be used for change detection 
purpose.  

 
Traditional remote sensing image analysis 
methods are based on grey level pixel values 
(spectral information). Problems arise when 
studying urban land cover using spectral 
information alone (Barnsley and Barr, 1996; 
Mesev, 1998). Some urban land cover categories 
are spectrally similar to other ‘non-urban’ cover 
types. In the case of change detection, large 
spectral difference between two dates does not 
necessarily indicate land cover transition 
between urban and non-urban classes. At the 

same time, the spectral response may be similar 
even if there is land cover transition. Therefore, 
it is desirable to incorporate structural/spatial 
information for urban change detection. 

 
In this study, we propose a change detection 
method using road density and spectral 
information. Urban area usually has a much 
denser road network than non-urban area. The 
density of roads supplies additional structural 
information. Our objective is to evaluate the 
utility of this additional structural information 
for our change detection study. The 
straightforward post-classification comparison 
change detection method was adopted. It 
classifies the images from different dates 
separately using compatible classification 
system and compares the classification results to 
detect changes (Jensen, 1996: 269-270; Mas, 
1999). The change detection result was then 
compared with result from spectral bands only. 



 

The study area was Beijing, China. After the 
reform and open door policy in 1979, the city 
has been growing very fast (Gaubatz, 1995). A 
large amount of rural land has been transformed 
into urban use at the urban-rural fringe. Digital 
change detection was carried out using remotely 
sensed data to locate the recent urban 
development. Two Landsat TM scenes used in 
this research were acquired on October 2, 1984 
and September 21, 1997 respectively. They were 
registered with each other using a third order 
polynomial function. And a relative DN 
matching were performed on the 1984 image 
against the 1997 image using a linear regression 
(Jensen, 1996: 116-121). The change detection 
was performed on a sub area of 1024x1024 
pixels. 

 
 

2. Method 
 

In order to incorporate road density information 
for change detection, we modified the traditional 
maximum likelihood classification by using a 
spectral-structural dataset as input, with the road 
density channel representing structural 
information. We produced the road density 
channels for two dates from a Gradient Direction 
Profile Analysis (GDPA) algorithm. Road 
density channels were put into the multi-spectral 
dataset and treated as spectral bands and change 
detection procedures were applied on the 
combined spectral-structural datasets.  The 
procedures involve: (1) generation of road 
density maps from original images for both 
years, (2) image classification using combined 
spectral-structural channels, (3) overlying the 
classification results and labeling change and no 
change classes. Finally, change detection result 
from spectral-structural channels and spectral-
only channels were compared visually and 
evaluated quantitatively. 
 
 
2.1 Generating road density images  
 
Before producing road density maps, we 
extracted road networks from Landsat TM 
images. A line detector based on a GDPA 
algorithm developed by Wang (1993) was 
applied to produce road networks.  

 
To produce the initial road networks, the GDPA 
algorithm fits a profile crossing a line using a 
polynomial function and finds the point when 
the function reaches its extreme value. The 
maximum extreme value is found for light-toned 
object while the minimum extreme value is 
found for dark-toned object. The GDPA 
algorithm firstly produces an initial set of 
candidate road pixels. Then a noise removal 
algorithm is applied to remove small groups of 
pixels of a user-defined area from the initial road 
network. This procedure produces a binary 
image with ‘1’ representing roads and ‘0’ 
representing background. Road network density 
is calculated as the number of non-zero pixels in 
the binary road image within a moving window. 
The window size is user-defined.  On the final 
output of the density image, a higher numeric 
value represents higher road density in its 
neighbourhood. 

 
Since Beijing has a long history, roads have 
been built at different time periods and the road 
networks display a spectral diversity in TM 
images. As a tradition, the old street networks of 
the city are narrow and tree-lined, with 
complexes of buildings on both sides. These 
streets are relatively dark-toned lines in TM 
visible bands. The recently built areas around 
the city, on the contrary, are very bright because 
of lack of vegetation cover.  

 
Considering the above situation, only light-toned 
road networks, which were built recently, were 
extracted from the images. The original images 
were resampled to 15m resolution, because the 
30-meter spatial resolution of Landsat TM 
image is relative coarse for road extraction,. We 
extracted roads from TM bands 2 and 3 using 
the GDPA method. We found that TM band2 
produced slightly better road maps. Therefore 
the road network from TM band2 was selected 
for further analysis. Road network density maps 
for the two years were calculated based on a 
moving window of 35x35 pixels from the 15m 
resolution images. The numeric density values 
were normalized to a 0-255 grey scale. Then the 
density images were resampled back to 30m 
spatial resolution to be consistent with the 
resolution of other spectral bands. The resultant 



 

road density maps show a brighter area of recent 
development at out-skirt of the city. The road 
density maps were then integrated with TM 
spectral bands to form the spectral-structural 
datasets, ready for change detection. 

 
 

2.2 Post-classification comparison change 
      detection  

 
The images from the two dates were firstly 
classified using a compatible classification 
system. Supervised maximum likelihood 
classification algorithm was chosen for all 
classifications. For both dates, four 
classifications were performed using: (1) six TM 
spectral bands (without the thermal band), (2) 
six TM spectral bands plus the road density 
channel, (3) TM bands 2,4,5, and (4) TM bands 
2,4,5 plus the road density channel. Training 
sites were selected from the original images. The 
same training sites were used for all the 
classifications of the same date. Different 
combinations of spectral bands were included 
for comparison purpose. Initially, the 1984 
image was classified into 18 different land 
covers of agriculture, non-crop vegetation, water 
and built-up land. 19 land cover classes were 
resulted for the 1997 image classification. The 
land cover classes were then aggregated into two 
categories, built-up and non built-up, for all the 
classifications. Then, the classification results 
from the two dates were overlaid to find out 
changes. Only one-direction changes were 
studied here, which is from ‘non built-up’ to 
‘built-up’, because it is unlikely that a large 
amount of built-up area was converted back to 
non built-up in the situation of Beijing.  If pixels 
are classified as ‘non built-up’ in 1984 and 
‘built-up’ in 1997, they are considered as 
‘change’.  
 
 
2.3. Performance evaluation 
 
Results from different combinations of input 
channels were visually compared and 
quantitatively evaluated. We selected two 
windows where dramatic changes happened as 
our test area.  Test channels were produced by 
visual interpretation of these areas. Pixels in 

these two windows were interpreted as ‘built-up’ 
and ‘non built-up’ for both years separately. The 
results were used as ground data to test the 
classification results. The accuracy assessment is 
shown in table 1. Then the visually interpreted 
1984 built-up land was subtracted from that of 
1997, and the result worked as the ground data 
to test change detection results and accuracy 
measurements are shown in table 2. 
 
 
3. Results  
 
The classification results were generally good 
from all combinations of input channels. When 
we used only spectral bands, the confusion was 
the greatest between some bare agricultural 
fields and some built-up land. Another kind of 
confusion happened between built up areas with 
dense vegetation cover and other non built-up 
vegetated areas. When adding the road density 
channel into the classification process, most of 
the confusion was resolved, because road 
density in these agricultural areas, which are 
mistaken as built-up, is usually very low. In 
addition, the road density for vegetation covered 
built-up area is higher than forest or crop areas 
outside of the city. There was a small amount of 
error introduced by adding the road density 
channel, in non built-up areas where lines/edges 
were mistaken as roads. 

 
Quantitative evaluation showed that the use of 
road density channel helped to improve all 
classification results in terms of overall accuracy 
and Kappa coefficient (table 1). The overall 
accuracy for classification of the 1997 image 
increased by 3% for six TM bands and 5% for 
three TM bands. For the classification of 1984 
image, the overall accuracy for six TM bands 
increased from 82% to 89%. The Kappa 
coefficient for the classification of 1984 image is 
more than 0.12 higher after adding the road 
density channel for both six spectral bands and 
three spectral bands.  
 
Image classifications were experimented using 
six TM bands and three TM bands. The results 
of six bands were not always better than three 
bands, which was different from what we had 
expected. They produced similar classification 



 

results. Table 1 shows that six TM bands 
achieved higher classification accuracy for built-
up land, while three bands produced higher 
accuracy for non built-up land for both years. 
When road density was added to the 
classifications, the results from six bands and 
three bands were very close. 

 
Better classification maps yield better change 
detection results. As shown in table 2, spectral-
structural dataset produced higher change 
detection accuracy than spectral bands alone. 
The overall accuracy increased by about 5% for 
six bands and 6% for three bands, with a Kappa 
coefficient of more than 0.13 higher. The road 
density channels helped producing much better 
producer’s accuracy for changed areas, with an 
accuracy increase of more than 13%, for both six 
bands and three bands.  

 
 

4. Conclusion 
 
With the increase of spatial resolution of 
remotely sensed data, more structural 
information can be extracted and used for land 
cover change detection.  In an urban area, the 
spatial variation is so great that even the medium 
resolution satellite imagery such as Landsat TM 
can detect. This paper presents a method to 
integrate road density information for urban 
built-up land change detection in a dynamic 
environment. By adding the road density 
channel, the overall accuracy has improved by 
3%-7%, and Kappa coefficient had increased by 
0.07-0.13 for single date image classification. 
The spectral-structural dataset has produced the 
best change detection results, with an overall 
accuracy increased from less than 82% to around 
87%, and a Kappa coefficient increased from 
0.54 to 0.68-0.7. This demonstrates that the 
addition of structural information, such as road 
density, is helpful for multi-spectral remote 
sensing image classification and multi-temporal 
change detection.  
 
Image resolution plays a role in extraction of 
structural information. The coarse resolution of 
Landsat TM imagery affected the quality of road 
density maps in this study. Though the extracted 
roads show the general distribution pattern of the 

road network, they are not very accurate. Better 
results from the proposed methods can be 
expected for higher resolution remote imagery in 
future research. 
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Table1. Comparison of image classification accuracy from different input channels 

 

Classification, 1997       

  Input channels  producer's accuracy % consumer's accuracy % overall Kappa 

 non built-up built-up non built -up built -up Accuracy %  

Bands 1-5,7 90.9 87.9 71.5 96.7 88.64 0.723 

Bands 1-5,7, road density 95.0 90.4 76.8 98.2 91.55 0.792 

Bands 2,4,5 94.2 84.1 66.5 97.7 86.62 0.688 

Bands 2,4,5, road density 95.4 90.3 76.7 98.3 91.56 0.792 

Classification, 1984       

  Input channels  producer's accuracy consumer's accuracy overall Kappa 

 non built -up built-up non built -up built -up Accuracy %  

Bands 1-5,7 75.2 94.8 96.4 67.6 82.11 0.641 

Bands 1-5,7, road density 86.0 94.8 96.8 78.7 89.10 0.772 

Bands 2,4,5 83.3 88.1 92.8 74.3 85.02 0.686 

Bands 2,4,5, road density 88.5 93.1 95.9 81.6 90.13 0.791 

Producer's accuracy: (pixels correctly classified in each category) / (total number of pixels in that category in the 
reference map) * 100% 

Consumer's accuracy: (pixels correctly classified in each category) / (total number of pixels that were classified 
in that category) * 100% 

Overall accuracy = (total number of correctly classified pixels) / (total number of pixels) * 100% 
Kappa = (observed correct - expected correct) / (1- expected correct) (Campbell, 1996: p389-392) 
 
 

 
Table2. Comparison of change detection accuracy from different input channels  

 

  Input channels  producer's accuracy % consumer's accuracy % overall Kappa 

 no change change no change change Accuracy %  

  from bands 1-5,7 95.9 52.6 80.7 86.3 81.78 0.540 

  from bands 1-5,7, road density 96.8 66.3 85.5 91.0 86.85 0.679 

  from bands 2,4,5 93.8 56.2 81.5 81.4 81.50 0.543 

  from bands 2,4,5, road density 96.2 69.4 86.6 90.0 87.49 0.698 
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