


which utilizes vegetation. imperviou s surface, bare-soil #2. 
and water (used as a surrogate for the shade) was found to 
produce the best results with realistic fraction valu es and a 
mean RMS erro r of 4.3%. As shown in map "0 " of Figure 5. 
the RMS errors for this model do not show any systematic 
pattern in compari son to the other three maps. In addition. 
significa nt reduction s in error values can be observed in the 
urbanized areas of the scene. Th is conforms well to our 
observation that Ridd ' s VIS model may need to utilize an 
addi tional compo nent when applied to other ci ties that differ 
in the ir morphological patterns from those of American 
cities. In the case of Cairo. s~"ppears to be important in 
the distinct ion between various Jrban subdivisio ns. 

The SMA fractions of vegetation . impervious surface. 
bare-soil (#2), and water/shade endmemben are sho....n in 
Figure 6. Brighter areas indicate a higher fr3ctiona1 abundance 
of the endmember while darker areas indicate lower 
abundance. These fracti ons provide a measure of tile physical 
properties o f the dominant classes in the sce ne, thus helping 
to reveal the morphological patterns of the Cairo metropolitan 
area andits surrou ndings. For example. the active agricultural 
fields in the NW quadrant of the sce ne can be characterized 
as consisting primarily o f vegetation and shade with a minor 
amount of soil. consis tent with the types of crops cultivated 
in these areas (map A of Figure 6). In contrast, urban vegetated 
areas such as recreational perks and lawns incl ude a lower 
shade content. and higher vegetation (i,e.• higher green leaf) 
and soil. consiste nt with the smal l trees and gaps of exposed 
soil that exist in such areas . The Nile River and its tributaries 
can be characterized as having a high water/shade content 
due to the lo w reflectance (map 0 . while the Mukatim 
dese rt at thesouthern portion of thescene consists exclusively 
of bare-so il (map B). 

Both the impervious surface and shade endmembers p lay 
a more important role than bare -soil endmembe r as we move 
to the urbani zed area of the scene . Th e central business 
district (CBO) of the cit y can be described as having a high 
content of impe rvious surface and shade. with very low 
vegeta tion and bare-soil fractions (map 0). The shade 
fractions are also very effec tive in revealing the pattern of 
wide stree t networks du e to the darkness of pavement 
mate rials and shadows fro m buildings and trees. Furthe r. 
patte rns ofvegetation. impervious surface andshade fractions 
displ ay the physical variability between different residential 
districts. For examp le. thedominant compone nts of residential 
areas with higher soc ial strata include a considerable amount 
of impe rvious surface . high shade fractions. an d some 
vegetation. This is consis tent with the fabric of these areas 
which include a variety of high-rise struc tures with different 
building and roofing ma terials (e .g.• steel. concrete) mixed 
with recreatio nal areas. sport clu bs. and relati vely wide 
boulevards. In contrast, the less affluent residential districts 
with a lo wer social-status can be characteri zed as having 
lower shade and vegetation fractions. which reflect the 
" higgledy-piggledy burrows" of Cairo's popular quarters 
(Rodenbeck. 1999. pp . 224 ) and are associated with narrow 
streets and low-lying buildings made o f local materials (i.e.• 
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3 to 5 stories on average). Finally, the newly developed land 
located at the SE quadrant can be distinguished by its high 
soil and impervious fractions. and low shade and vegetation 
fractions. 

Analysis of theRMSerrors is also very useful. lbe errors 
indicate that vegetated areas. the Nile River. and urbanized 
areas are ~II characterized by the endmembers (low RMS 
with an avenge less than 3.5%). On the other hand. some 
portions of the Mukatim desert are poorly characterized 
(high RMS) due to variations in the soil reflectance. These 
variations can mainly be attributed to the saturation of pixel 
values because of the strong re~~ that is beyond the 
range of the sensor to detec9Tabie 1 summarizes the 
characteristics of various urban classes in terms of SMA 
fractions and RMS values. 

ClassiRcation Results 
The training sam ple was used as input to a deci sion tree 

classifier. This technique was chosen because it requires a 
minimum numberof assumptions about statistical properties 
of the classes, yel has the potential to provide a set of 
decision rules based on physical properties (Roberts et al•• 
1998a). The final tree consisted of 19 nodes with a 
misclassification rete of 0.07. indicating a high overall 
classificationaccuracyof tbe training sites. The classification 
tree. shown in Figure 7. can further our understanding o(che 
anatomy of the study area in terms of its physical patterns. 
11K: first splitting role. occurring at theroot node . is based on 
vegetation. implying that greenness is the variable that 
produces the largest deviance measure. 'Ibe classes under 
the low-vegetation category « 15%) include desert (OS). 
waterbodies (WB).newly developed land(OL). lower social­
status residential areas (LC). the CBO (BO). while those 
with a high-vegetation component (> 15%) include active 
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agricultural fields (AG) and urban parks and recreational 
areas (UG). The class of higher social-status residential 
areas (HC) is located under both categories. confirming a 
high heterogeneity and physical variability o( this class in 
Cairo as discussed earlier. The desert class is classified 
throughlow vegetat ion. Jew impervious and low shade filter. 
very similar to the water class but the latter has a higher 
shade componenL Both newly developed land (OL) and 
lower social status residential areas (LC) classes can be 
reached through a high impervious and low shade filter. 
Ho~e ver. the bare-soil plays a vital part in the distinction 
between the OL and the LC classes. with OL higher in the 
percentage of exposed soil and lower in vegetation. In the 
case of the business district class (BO), the shade becomes 
more important (>40%). The multiplepaths (orsomeclasses 
reflect variability in class composition: either natural. as in 
the case o( active agricultural (AG) and urban parks (VG) 
classes (e.g., different types of cultivated crops, grass). or 
human-induced as in the case HC, LC and BO classes (e .g., 
building heights, roofing materials. pavement conditions). 
11K: tree confinns the diminished role of soil in the context 
o( long-esrabllshed residential areas of Cairo since the 
distinction between HC and LC classes is achieved in terms 
of vegetation. shade. and impervious surface. However, soil 
is still important for the distinction between other classes 
such as AG versus VG. as well as DL venu s LC. 

Ac:c:uracy A.s.sessment Results 
Applying the splitting rules to theSMA output bands. the 

scene of the study area was classified into the 8 classes 
discussed above. 1be final classification was then assessed 
in tenns of its individual class accuracy. 'The commission 
and omission errors of the 8 classes are reported in Table 2 
(in percent). 1be water bodies (WB) class shows the best 
result with only 0.88% commission error indicating the 
representat ive use of waterlshade endmembe r in the 
classification. The desert (OS) class also shows a high 
accuracy (0% commission error). with an error or emission 
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indicating that only 15.31% of the test points were incorrectly 
excluded from that class. The worst case was the HC class 
with a 12.30% error of commission and 58.20% error of 
omission. This indicates that the training areas did not account 
for the high diversity of the physical settings that exist in the 
residential areas of higher social-status-a characteristic 
which we have already discussed above. Because the LC 
class corresponds to the residential areas with lower social­
status, which are characterized by a homogeneous fabric of 
landscape, the accuracy ofthat class was much better (26.95% 
and 2.34% commission and omission errors respectively). 
As for the other urban classes, business district (BO) and 

'I
newly developed land (OL), the accuracy scores were quite 
good (2.23% and 3.74% omission error for BO and OL 
respectively). The OL class, however. has a higher 
commission error of 16.82% since some of the test points 
under the desert class had been misclassified as the OL class 
because of the high soil fractions. Finally, the accuracy 
results of classes representing vegetated areas were 
acceptable, with 7.46% omission error for active agricultural 
areas (AG) class and 16.33% for urban parks (UG) class. 
The analysis of commission errors indicates a degree of 
confusion between these two classes due to the similarity in 
their physical attributes. 

As mentioned earlier, we also assessed the classification 
accuracy conducted through two per-pixel supervised 
classifiers: maximum likelihood (ML) and minimum 
distance-to-means (MOM). The purpose was to test our 
basic hypothesis that a classification of the urban scene 
based on SMA-derived measures may be superior to other 
traditional per-pixel classifications techniques. Results of 
the comparison between the overall accuracy of the three 
classifications are shown in Table 3. As reported in the table, 
the overall accuracy of the classification based on SMA 
fractions and RMS errors was 89.52% (with a KAPPA (k) 

coefficient =0.88) indicating that the technique performs 
well. The overall accuracy was severely reduced in the case 

Table 2	 Error of commission and error of omission for different classes 
derived through a decision tree classification based on SMA­
derived fractions. 

IClass Commission Omission 
(%) (%) 

Active agricultural areas(AG) 17.41 7.46 
Urban parks and recreational 5.98 16.33 
areas (Um 
Desert (OS) fJ.lJO 15.31 
Water bodies (WB) 0.88 0.00 
Newly developed land(DL) 16.82 3.74 
Central business district (BD) 3.63 3.23 
Residential areas withlower 26.95 2.34 
social-status (LC) 

Residential areaswithhigher 12.30 58.20 
social-status (HC) 

Overall Accuracv =89.51% 
Kappa =0.8793 

of the other two classifiers applied directly to the original 
image bands (64.51% and k =0.60 in the case of ML, and 
52.69% and k =0.45 for the MOM). 

These results suggest that, in the case of multispectral 
images with medium spatial resolution, a classification based 
on SMA-derived fractions would be recommended over the 
other two traditional per-pixel classifiers. The results also 
confirm that a decision tree (OT) model is robust and well 
suited to representing the complexity of interactions between 
diverse urban classes through its hierarchical, nonlinear 
structure. Vegetation and impervious surface fractions that 
operate at regional scale (e.g., distinguish broadly between 
vegetated classes versus urbanized classes) were used as 
splitting criteria early in the model, while shade and soil 
fractions that have local influence (e.g., distinguish between 
various urbanized classes) were used near the terminal nodes. 

Summary and Conclusion 

In this paper, we have described a remote sensing 
methodology for analyzing the anatomy of cities using the 
Greater Cairo metropolitan area as an example. The 
methodology adopted is based on applying the SMA 
technique, using endmembers derived from the image. We 
have utilized Ridd's VIS model as a conceptual framework 
to guide us through the selection procedure of the 
endmembers. However, the results of the analysis indicate 
that a 4-endmember model that utilized an additional 
endmember (i.e., shade/water) will provide better fractions 
and lower RMS error than a 3-endmember model based on 
the three main components of the VIS model. This implies 
that Ridd's model may require some modification when it is 
applied to other settings that differ in their morphological 
patterns from the American cities. 

Using a 4-endmember model, we extracted four fractional 
bands, which provided a "soft" classification of the urban 
scene that describes what materials, and how much, are 
present on the ground. We used the results of the soft 
classification to perform a "hard" classification by which the 
urban scene was classified into 8 discrete classes of natural 
and human-built features. Accuracy results validate our 
hypothesis that an approach in which the hard classification 
complements the soft analysis of imagery has the potential 
to provide improved discrimination of urban classes over 
other traditional per-pixel classification techniques. 

SMA addresses the spectral mixture problem which 
implicitly exists in all urban imagery with a medium spatial 

Table 3	 A comparison between the overall classification and KAPPA 
accuracies for the three classifications applied to the study area. 

Decision tree(based Maximum Minimum distance-
on SMA fractions likelihood to-means 

Overall 89.5194 64.5126 52.6875 
accuracy (%) 

KAPPA 0.8793 0.5950 0.4450 



resolution. Future investigations are still needed to examine 
the feasibility of applying SMA to other urban settings, as 
well as to explore potential uses of the technique other than 
traditional land-use/land-cover mapping. Ofcourse, the SMA 
technique does have its own limitations, specifically the 
identification of the required number of endmembers and 
their spectral characteristics. Further, endmembers derived 
from a single-date image cannot be used to analyze other 
images from different dates. This imposes a major limitation 
for applications such as urban change detection. Directly 
related to this problem is the conflict that exists between the 
number of endmembers that ca~ be used in the analysis (4 in 
the case ofIRS images) and ach~~ving a successful model of 
the diverse patterns of urban landscapes. We offer the 
following two suggestions for future research concerning 
the use of SMA in the urban arena: 
(1)	 Investigate the use of reference endmembers for 

conducting SMA. This can be achieved by building a 
region-specific spectral library. This step is essential if 
temporal relationships between urban biophysical 
variables and other phenomena such as the development 
of the city or social variations are to be investigated. 

(2)	 Employ techniques that allow each pixel in the image to 
be modeled as different endmember combinations. This 
technique is known as Multiple Endmember Spectral 
Mixture Analysis (MESMA) (Roberts et al., 1998b). 
MESMA incorporates a large number of endmembers 
in the analysis while meeting the constraints regarding 
the relationship between the number of endmembers 
and image bands. Thus, MESMA can account for 
variations between different materials constituting the 
built environment (since the assumption that a mixture 
between constant endmembers for all pixels in an image 
is unlikely to be valid). 

In terms of the operational value of the SMA approach in 
connection with our ongoing project in Egypt. the SMA­
derived classification of the urban scene seems capable of 
revealing the anatomy of the metropolitan area of Cairo and 
describing areal differences between various urban districts 
(i.e., LC, HC, BD, DL), which can be linked to variations in 
wealth or social class. An analysis of Landsat images for 
Detroit, Michigan, has shown that in that city a classification 
of the change in different types of vegetation occurring in 
urban areas is associated with socioeconomic changes 
occurring in these areas (Ryznar, 1998). Our analysis takes 
the classification scheme beyond that, to examine not only 
vegetation (which was indeed an important variable in our 
data analysis), but other features of the urban scene including 
buildings, shades, and bare soils. The implication of this is 
significant as it suggests that remote sensing imagery can be 
used to compensate for deficiencies in the range of data 
collected in the census. For example, it is rare in developing 
countries such as Egypt for censuses to include questions on 
income and wealth. However, the results of the present 
research indicate that features of the urban environment that 
are observable "from the top" can be classified and quantified 

-to represent patterns of urban morphology that are associated 
with characteristics of the people living on the ground-a 
hypothesis which remains to be tested. 
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