Texture-based segmentation of temper ate-zone woodland
in panchromatic IKONOS imagery

L. Gagnon®, P. Bugnet®®, and F. Cavayas’

#R& D Department, Computer Research Institute of Montreal, Montreal (QC), CANADA
P Geography Department, Montreal University, Montreal (QC), CANADA

ABSTRACT

We have performed a study to identify optimal texture parameters for woodland segmentation in a highly non-
homogeneous urban area from a temperate-zone panchromatic IKONOS image. Texture images are produced with
the sum- and difference-histograms depend on two parameters. window size f and displacement step p. The four
texture features yielding the best discrimination between classes are the mean, contrast, correlation and standard
deviation. The f-p combinations 17-1, 17-2, 35-1 and 35-2 are those which give the best performance, with an
average classification rate of 90 %.
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1. INTRODUCTION

The new generation of high-resolution panchromatic images, such as the ones provided by the IKONOS and
QUICKBIRD satellites, is driving image scientists to revisit many image analysis tools that were optimized over the
last decade for lower resolution imagery. Edge-based and area-based segmentation are examples of toolsthat have to
be revisited. The present work is a contribution to this field. It addresses the specific topic of determining the
optimal set of Haralick's textures [1] for the characterization and segmentation of North-American temperate-zone
woodland from panchromatic IKONOS imagery. The choice of the topic is motivated by the facts that (1) woodland
detection, specifically within a highly non-homogeneous urban environment, is an important aspect of terrain
management and planning from earth observing data, (2) panchromatic images of temperate zones have important
shadows that contribute to the texture, (3) IKONOS panchromatic band (450 to 900 nm) includes a portion of the
near infrared spectrum which gives a certain advantage in detecting woodlands and (4) Haralick's textures are
widely used texture descriptors.

Urban development usually results in the fragmentation of forested land, which complicates their detection from
coarse to medium resolution images (>10 m/pixel). High-resolution satellite imagery (<1 m/pixel) can now allow
appropriate monitoring of these critical areas by providing a valuable alternative to its airborne counterpart. The
geometric and radiometric stability of satellite images along with their relatively low acquisition cost represent some
of the advantages over airborne imagery.

Research in forest environments with high-resolution imagery has shown that it is possible to discriminate between
tree species using spectral and spatial measures (see, for instance, ref. [2] and [3]). In urban environments however,
the inventory phase must be preceded by precise woodlands demarcation lying within a heterogeneous environment
(infrastructures, housing, grass, agricultural plots, etc.). Such heterogeneity and the level of visible details on images
make standard automatic procedures that are solely based on pixel value ineffective at discriminating between
wooded and non-wooded areas. It is thus essential to consider the way in which the gray levels are distributed in the
immediate proximity of agiven pixel. Texture measurements are one way of quantifying such distribution.

Over the past thirty years, many researchers have explored the potential of using texture in optical image
classification. Impressive results were achieved with satellite and airborne imagery using spatial resolutions ranging
from tens of meters to one meter in various types of land cover mapping (see, for instance, ref. [4] and [5]). The



literature describes many methods and techniques for measuring texture including first- and second-order statistics,
Fourier spectra, wavelets, variograms, local edge density, fracta measurements and texture spectra (see, for
instance, ref. [6]-[10]).

The Haralick method [10] for calculating second-order texture measurements using second-order statistics of the
Co-Occurrence Matrices (COM) is certainly the most prevalent. The different texture measurements calculated for
each pixel are used to generate “texture images’ which may be subsequently classified using standard algorithms to
distinguish between different land uses. Haralick second-order texture measurements calculated using the sum- and
difference-histogram method [11] serve as the basis of the present study. The approach is similar to the COM-based
method, but calculations are much faster and require far less computer memory.

The paper is organized as follows. The data used in this research are described in Section 2 and the methodology is
presented in Section 3. An analysis of the results obtained from experimental sitesis given in Section 4. Discussion
and conclusion are given in Section 5. In particular, we discuss the potential of our results in establishing an
automatic procedure for producing accurate segmentation of woodlands.

2. DATASET

The zone under study is a 12 km X 12 km suburban area of an eastern Canadian city (Montreal, QC). The
panchromatic IKONOS image was acquired on August 21st, 2000 around 3:30 PM (local time) and a viewing angle
of about 19°. The sun’s elevation angle over the horizon was about 52°, resulting in substantial texture from
shadowing effect. The area exhibits woodlands composed of deciduous and coniferous trees of various dimensions.
We used five portions from the initial image to perform this research. Figure 1 presents the five selected area, each
of which makes 512 x 512 pixels.

Figure 1: The five test images of the Montreal region (Upper row: images A, B and C; Lower row: images D and E)



In this analysis, awoodland is defined as aregion that is densely covered with mature trees with a minimum surface
of 1000 m? and a minimum width of 30 m. In contrast with SPOT-4 panchromatic images, in which one pixel is
comparable to the size of atree, an IKONOS image breaks each tree into several dozen pixels. Figure 2 shows small
isolated trees represented by about 40 pixels each. The presence of shadow helps creating texture and has proven to
be a useful effect for distinguishing woods from other land uses.

Figure 2: Zoom showing small isolated trees and shadows

3. METHODOLOGY

Our study involves four main steps: (1) creation of texture images using different input parameters, (2) selection of
the optimal textures through unsupervised K-means classification and class separability measures, (3) identification
of the optimal texture parameters under supervised Maximum Likelihood (ML) classification and (4) analysis of
results.

In 1986, Unser proposed a method to calculate Haralick textures that significantly reduce time and memory
congtraints [11]. It involves replacing the COM with two histograms. the sum- and difference-histogram. The sum-
histogram represents the numbers of time each sum of two pixel values pairs is present within the window. The
difference histogram is the same but for differences between pixel values. These histograms define probability
functions along the main COM axes and possess properties similar to COM for distinguishing between various
textures of an image. They are characterized by three parameters f, p and d, respectively designating the window
size, the step size and the orientation of the sampling. In this work, texture images were calculated for four
orientations: 0& 45¢ 90éand 135é

We initially selected the following eight second-order texture measurements proposed by Unser: mean, contrast,
correlation, energy, entropy, homogeneity, maximal probability and standard deviation. Table 1 lists the formulas

for these eight measurements, where IE’S (i) isthe value of index i of the normalized sum-histogram and Isd () isthe

value of index j of the normalized difference-histogram. These texture descriptors were calculated on each of the 5
images. Four optimal textures were then determined. Those were the textures that best separated the various object
classes in the image under a K-means classification. The CHNSEL module of XPACE were used to select the four
textures that maximize class separability. We found that the mean, contrast, correlation and standard deviation were
the optimal texture set. Using this subset of textures, a second optimization procedure was performed to find the
optimal window and step sizes for the texture measures, based on various detection performances (confusion matrix,
detection rate, false alarm, Kappa coefficient, etc.) under ML classification.

Figure 3 summarizes the methodology. The main steps are (1) local histogram equalization, (2) creation of texture
images (mean, contrast, correlation and standard deviation), (3) averaging of the 4 orientations images, (4)
histogram normalization of the texture images, (5) supervised classification with training sites and (6) morphological
post-filtering. In the following, we give details for each of these steps as well as a description of the texture
measurement optimization results.



The histograms of the initial images were equalized to eliminate the influence of the first-order statistics on the
textural discrimination. Such first order statistics can vary from one image to another or from one part of an image to
another due to a global illumination change, for instance. Ojala and Pietikénen recently discussed the importance of
this kind of pre-processing for textural classification [12]. This equalization process makes texture characterization
invariant under images acquired under different radiometric conditions. The equalization was performed locally,
over a window moving across al of the image’s pixels. The window was 32x32 pixelsin size in order to comply
with our definition of minimum woodland width.

Mean m=3% iP.()
Contrast _ (JZ xlsd (J))

]
Correlation 1 (i-2m*RG3)-  j2P(j)

]

Energy (Iss(i)z)x (lsd (1)2)

Entropy - (B.()HodP.(0)))- | B, (i) lodP, (1))

Homogeneity _ (1+ljz P (J ))

Maximal Probability Max{ls i )}

Standard Deviation

N
_
1
g/
N
X
el
_
~—
S—
+
—~
—
N
5
—~
—
~—
~—

i j

Table 1: Unser’s formulation of the eight Haralick’ s textures used in this study

In order to produce a woodland detector that is fairly robust to shadow orientation, the influence of the azimuth
angle of the sun has been eliminated. This was done by averaging the four orientation texture images.

The resulting texture images were then standardized at 256 shades of gray to make the dynamic ranges uniform.

Detection performances were assessed by comparing the detected wooded areas with a Reference Mask (RM) in
which the “real” woodlands of the image have been manually segmented. The RM were produced through visual
interpretation in which we eliminated isolated trees and wooded strips that were too narrow under our woodland
definition. We then calculated the Detection Rate (DR), the False Alarm Rate (FAR) and the Non-Classified Rate
(NCR) for the image pixels. DR is the percentage of true woodland pixels detected as woodland, FAR is the
percentage of true non-woodland pixels detected as woodland and NCR is the percentage of non-classified pixels
(outlisers). As an additional validation test, we used the confusion matrix calculated on test sites for each class to
obtain the detection rate DR* (with respect to test sites) and the Kappa coefficient.

Training and testing sites were chosen on each image depending on the number of object classes present in the scene
(woodland, crop, water, urban area, etc.). For each f-p combination, the eight texture images served as input



channels for the MLC module, with class signatures previously calculated for these images with the CSG module of
XPACE.

Finally, a post-processing filter was applied. Small isolated zones (less than 1000 m?) of a certain class within a

larger zone of another class were fused with the large neighboring region using the SIEVE morphological filter of
XPACE.
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Figure 3: Block diagram of the procedure



Image A Image B Image C Image D Image E

5-1 | 37.8/10.0 | 39.8/16.8 | 26.8/10.3 | 27.0/89 | 338/75
5-2 4947202 | 13.3/84 | 39.7/16.7 | 26.2/9.2 221/51
171 725/74 | 39.6/133 | 61.9/10.7 | 720/21.3 | 64.2/94
17-2 | 74.2/104 | 382/15.1 | 69.7/14.4 | 75.8/20.0 | 60.3/6.2
17-4 | 73.3/244 | 156/105 | 70.7/29.6 | 65.6/240 | 63.8/7.5
17-7 | 756/364 | 147/10.1 | 77.6/48.0 | 685/339 | 645/134
17-11 | 71.6/26.2 | 25.8/16.4 | 63.1/27.7 | 579/255 | 56.4/9.7
35-1 712122 445/9.6 56.5/51 | 746/13.2 | 58.4/4.1
35-2 73.6/1.7 41.4/85 64.6/6.1 76.8/9.5 56.7 /1.6
35-4 66.1/3.3 341/96 | 73.1/151 | 721/89 48.7/0.8
357 | 66.8/248 | 244/96 | 69.7/323 | 66.5/13.6 | 53.9/31
35-11 | 66.9/288 | 22.4/11.0 | 69.1/40.6 | 65.3/152 | 55.0/5.8
3516 | 67.7/254 | 29.0/14.7 | 68.1/40.1 | 69.4/183 | 59.1/6.1

Table 2: Results of the supervised classification (DR/FAR in %) obtained from the four optimal textures

with respect to the reference woodland masks before post-processing

Image A Image B Image C Image D Image E

51 34 2.8 43 34 33

5-2 3.7 24 43 19 3.6
17-1 5.6 15.9 6.8 6.1 10.0
17-2 55 10.2 6.9 45 6.8
17-4 50 84 57 37 6.9
17-7 52 52 57 38 4.7
17-11 4.6 6.9 5.0 32 6.0
35-1 104 24.4 154 15.0 321
35-2 105 21.2 16.5 16.2 312
35-4 71 29.8 9.1 13.3 42.9
35-7 4.7 25.6 51 11.2 35.3
35-11 4.7 16.5 37 10.3 27.0
35-16 45 149 52 11.3 234

Table 3: Result of the non-classified pixels (NCR in %) from the four optimal textures




Table 4:

Image A Image B Image C Image D Image E Mean S
17-1| 83.0/41 | 435/28 |823/115| 850/250 | 865/79 | 76.1/10.3|16.3/8.0
17-2| 84.1/3.0 | 58.7/11.0 | 89.2/19.7 | 89.0/21.0 | 756/49 |79.3/119 (114/74
35-1| 83.7/23 | 50.8/59 | 724/68 | 81.7/129 | 69.9/3.0 | 71.7/6.2 |11.7/3.8
35-2| 786/05 | 488/3.7 | 755/83 | 84.7/7.2 739/45 | 723/48 |123/2.7
Detection and false alarm rates (DR/FAR in %) with respect to woodland reference mask after post-

processing

Image A Image B Image C Image D Image E Mean/s
17-1 0 7.2 0 20 0.9 20/27
17-2 0 0.5 0 0.5 0 0.2/0.2
351 0.6 16.7 7.6 10.6 32.7 13.6/10.8
35-2 14 14.5 3.6 121 24.2 11.2/8.2

Table 5: Non-classified pixelsrate (NCR in %) after post-processing

Image A Image B Image C Image D Image E Mean/s
17-1 100 49.9 95.4 99.7 98.0 88.6/19.4
17-2 100 77.1 100 100 88.1 93.0/9.2
351 100 68.1 92.5 97.4 100 91.6/12.1
35-2 100 73.3 94.0 99.7 98.9 93.2/10.2

Table 6: Detection rate with respect to test sites (DR* in %) after post-processing

Image A Image B Image C Image D Image E Mean/s
17-1 0.894 0.681 0.854 0.871 0.711 0.802/0.088
17-2 0.805 0.770 0.901 0.808 0.679 0.793/0.071
351 0.962 0.722 0.927 0.875 0.560 0.809/0.149
35-2 0.971 0.677 0.868 0.909 0.638 0.813/0.131

Table 7: Kappa coefficients after post-processing




4. RESULTS

Tables 2 and 3 present the results of the woodland classification performance for each image with the four selected
textures (mean, contrast, correlation and standard deviation) before the post-processing filtering. The 5 x 5 pixel
window produces the lowest DR. No f-p combination clearly stands out with a DR better than 85%. The best score
for images A and C (respectively 76% and 78%) is achieved with a 17-7 combination, while a maximum
comparable DR for sub-image D (77% ) is achieved using a 35-2 combination. Finally, the DR for sub-image E is
low (65%) and is achieved using the 17-7 combination. These tables show also that a step size of 1 or 2 pixels along
with awindow size of 17 X 17 or 35 X 35 pixels are the four optimal choice in terms of DR and FAR.

Tables 4 and 5 show the detection performances for the four optimal f-p combinations (17-1, 17-2, 35-1, 35-2) after
the post-processing filtering. Comparing Tables 2 and 4, we see a substantial increase (from 10 to 15 %) in the DR,
with a slight decrease in FA. Image B still yields poor DR but maintains an acceptable FAR. The post-classification
filter reduces the NCR significantly (Table 5). However, the NCR remains relatively high for combinations 35-1 and
35-2, particularly in the case of image E. It is worth noting that it is not always the same f-p combination which
provides the improved DR after filtering. For example: @) the maximum DR for image B prior filtering is achieved
with the 35-1 combination (45%) and after filtering with the 17-2 combination (59%), and b) the maximum DR for
image D before filtering was achieved with the 35-2 combination (77%) and after filtering with the 17-1
combination (89%). The same phenomenon appears for the FAR and NCR. Accordingly, the rates for certain
combinations that are quite acceptable before filtering deteriorates after filtering, while the converse occurs in other
cases. These results show that even if filtering produces a global general improvement in the cases considered here,
it does not yield a predictable result for a specific f-p combination.

Two other multi-class performance measures have been calculated: the detection rate with respect to validation sites
(DR*) and the Kappa coefficient [13] which represents a global map accuracy calculated from confusion matrix. A
value above 0.75 is usualy representative of a good class separability. Tables 6 and 7 presents those results.
Woodland DR* for all images except image B received perfect or near-perfect scores. Thisis also the case for the
Kappa coefficients. While no optimal f-p combination clearly emerged after filtering, the 35-2 combination seems to
be a good compromise for the data set considered.

Finally, Figures 4 and 5 show the visua classification results for the five images after post-processing filtering for
the 17-2 and 35-2 combination respectively. The region labeled “W” are the ones that have been classified as
woodland. The black pixels are non-classified. The others represents non-woodland (either grass, urban area, road,
crop field, water or short grass).

5. DISCUSSION AND CONCLUSION

The effect of the f and p parameters associated with the creation of texture images were systematically studied using
thirteen combinations. Combinations with large p values (7, 11 and 16) should be avoided because they result in
unacceptable FAR. Generally, p values of 1 or 2 provide the highest DR, while reducing FAR values below 10%.
This is certainly due to the ability to sense micro-texture (at the one-meter scale). In fact, since woodlands are
characterized by a high brilliance variability in temperate zone IKONOS imagery, it is helpful to use a small scale
for sampling pixel pairs. Combinations with small f values (5-1 and 5-2) were excluded because they produced low
DR. This has led us to the conclusion that the region considered for calculating texture around a pixel must be large
enough to detect woodland texture periodicity. The optimal window sampling size must thus be equal or greater than
the diameter of a tree. Neither of the two selected f values (17 and 35) stands out as being clearly better than the
other. Before post-processing, the 35x35 pixel window proved superior in terms of reduced FA values. After post-
processing, an f value of 17 maximizes TD values for al of the sub-images that were considered. Thus, it is possible
that an optimal sampling window size exists between 17 to 35.



Woodlands can be located with good accuracy (about 90% according to Table 6) when they cover extended areas
and include trees of fairly uniform size. However, the detection performance falls at woodland border. This effect is
mainly an implementation issue related to the way textures features are locally calculated. One way to go around this
limitation could be to consider pixels assigned to the wooded class as “seeds’ of a growing segmentation algorithm.
By starting with these seeds and by using one of the texture images (such as contrast), one could seek to extend the
wooded areas until a significant variation of the selected texture measurement is observed.

This work has shown that the proposed method can serve as a basis for an automatic segmentation of woodlands in
highly heterogeneous environment of an urban community. Texture is a good way of discriminating between
conceptual classes that are as general as wooded or urban areas. Improvement of the proposed method is necessary
to minimize errors in identifying woodland borders and in demarcating wooded areas that have highly
heterogeneous structures. While based on IKONOS imagery, the method could certainly be extended to other high-
resolution spatial images, such as those from the QUICKBIRD satellite.

Figure 4: Classification results after post-processing for the 17-2 combination.



Figure 5: Classification results after post-processing for the 35-2 combination.
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