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Abstract 

The Urban Security research project attempts to characterize sub-national 
populations and urban dynamics that impact indicators of urban security 
threats. This work used the MaxEnt (Maximum Entropy) program to de-
fine the probable locations of human habitation for Chittagong Division, 
Bangladesh. This represents the likely first application of maximum en-
tropy analysis to the delineation of human populations. The model was pa-
rameterized with a large number of known house locations and several 
predictor geographic information system (GIS) data layers that might in-
fluence the geographic distribution of human habitation. Analyses and 
tests done using MaxEnt indicated that the MaxEnt model effectively de-
lineated the probability distribution of human habitation based on a series 
of inputs based on a series of inputs from three data sources: Landsat Nat-
uralVue TM (Thematic Mapper) imagery, Shuttle Radar Topography Mis-
sion (SRTM) elevation, and OpenStreetMap roads. Results show that, by 
using remotely-sensed data and “presence only” samples of human habita-
tion, it is possible to estimate the habitation distribution probability based 
on sound statistical procedures used in MaxEnt.  

DISCLAIMER: The contents of this report are not to be used for advertising, publication, or promotional purposes. Ci-
tation of trade names does not constitute an official endorsement or approval of the use of such commercial products. 
All product names and trademarks cited are the property of their respective owners. The findings of this report are not to 
be construed as an official Department of the Army position unless so designated by other authorized documents. 
 
DESTROY THIS REPORT WHEN NO LONGER NEEDED. DO NOT RETURN IT TO THE ORIGINATOR. 
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1 Introduction 

1.1 Background 

The Urban Security research project attempts to characterize sub-national 
populations and urban dynamics that impact indicators of urban security 
threats. The research goal of this project is to develop analytic techniques 
that use existing data to characterize indicators for long-term monitoring. 
The outputs of the developed techniques can be used to develop maps of 
household and cultural attributes at the neighborhood scale that reflect 
multiple population attributes that identify specific subgroups. The meth-
odology extends traditional survey analysis methods to create cartographic 
products useful in agent-based modeling and geographic information 
analysis. The conceptual approach of the methodology is to locate poten-
tial household locations with a conflation model (Cobb et al. 1998), which 
is also known as “data fusion” (Wald 1999). Conflation is the process by 
which multiple data layers are combined to generate a product containing 
the best aspects of each layer. In this research, five types of data are con-
flated: choropleth population enumeration estimates, survey responses or 
microdata, a household or population density map, maps of survey re-
sponse constraints, and samples of ground truth information containing 
specific survey responses. Each of the data inputs imparts specific types of 
precise information that other data types do not contain. Monte Carlo 
methods are employed to simulate survey cases’ locations in a study area. 
The distribution of point patterns requires household density surfaces that 
probabilistically located the households. 

Since most of the basic data about the occurrence of human occupation re-
lates to the location of structures in which people reside, this work concen-
trated on means of defining the distribution of human habitation based on 
“presence only” techniques. There are several techniques in the “presence 
only” genre for modeling of species geographic distribution: (1) BIOCLIM 
(Busby 1986, Nix and Busby 1986), which predicts suitable conditions in a 
“bioclimatic envelope” of observed presence values in each environmental 
dimension; (2) DOMAIN (Carpenter, Gillison, and Winter 1993), which 
uses a similarity metric, for which a predicted suitability index is given by 
computing the minimum distance in environmental space to any presence 
record; (3) GARP, which has been applied to several presence only studies 
(Anderson, Lew, and Peterson 2003; Joseph and Stockwell 2000, Peterson 
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and Kluza 2003, Peterson and Robins 2003, Peterson and Shaw 2003), and 
(4) MaxEnt (Phillips, Anderson, and Schapire 2006), which is a more recent 
software program that uses “presence only” techniques, and which was se-
lected for used in this research because it provides the advantages of: 

• presence only predictability 
• statistical objectivity 
• a generative approach that gives better predictions when the amount of 

training data is small 
• statistical analysis of model performance 
• intuitive logistic output that represents probability of presence. 

This research used the MaxEnt software to apply the maximum entropy 
analysis technique. In image processing, entropy is a measure of image in-
formation content. MaxEnt is designed to determine the maximum infor-
mation content expressed by the data submitted to it. MaxEnt defines the 
geographic distribution of species based on a multivariate approach. The 
technique develops an unbiased probability distribution on the basis of 
partial knowledge. In addition, it offers a suite of statistical analysis tools 
that are highly useful in evaluating the quality of the resulting range map 
and ancillary outputs. This research, which represents the likely first appli-
cation of maximum entropy analysis to the delineation of human popula-
tions, focused on predicting the geographic distribution of humans based 
on human response to the availability of resources.  

1.2 Objective 

The objective of this research was to test and evaluate the maximum en-
tropy analysis modeling approach for predicting the geographic distribu-
tion of human habitation for the Chittagong Division of Bangladesh. 

1.3 Approach  

The objective of this work was met in the following steps: 

1. Many geospatially explicit data (i.e., geographic information system (GIS) 
data layers) necessary to parameterize the MaxEnt model were compiled. 
More specifically, GIS layers for various themes that are likely to impact 
where humans live (e.g., distance to roads, landcover, etc.) were input to 
the MaxEnt model as predictor layers.  

2. Locations where humans are known to live were also input to the MaxEnt 
software.  
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3. Based on these inputs, MaxEnt produced a spatially explicit output map 
where every pixel value represented the probability of human habitation, 
conditional on the predictor variables provided as input.  

4. MaxEnt also identified the importance of the contribution of each predic-
tor layer to the overall estimate of probability of human habitation.  

5. Finally, MaxEnt provided a measure of overall model performance. 

1.4 Scope  

The maximum entropy analysis approach was used only in the study area 
described. However, since the data layers used were those commonly pre-
pared for operational planning and design, it is anticipated that the tech-
niques developed in this work will be useful in all locations where the U.S. 
Department of Defense (DoD) collects and stores information.  
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2 Maximum Entropy Analysis with MaxEnt 

Shannon (1948) described entropy as “a measure of how much ‘choice’ is 
involved in the selection of an event.” E.T. Jaynes (1957) suggested that 
the best approximation for an unknown probability distribution is to en-
sure that the approximation satisfies any constraints on the unknown dis-
tribution, and that subject to those constraints, the distribution should 
have maximum entropy.  

The MaxEnt (MAXimum ENTropy analysis) program is a downloadable 
tool (Shapire 2017) developed to define the probable geographic distribu-
tion of species based on a multivariate approach. MaxEnt applies a tech-
nique called “maximum entropy” analysis. The maximum entropy ap-
proach is theoretically derived from a “First Principle” of physics (which 
starts directly at the level of established science and does not make as-
sumptions such as empirical model and fitting parameters). Specifically, 
the Second Law of Thermodynamics states that, in systems without out-
side influences, processes move in a direction that maximizes entropy. As 
applied to the distribution of a species, the hypothesis is that the sum of 
the species population behavior will tend to follow this constraint and 
thus, result in a habitat usage that reflects maximum entropy. Since there 
may be outside influences not included among the input data for a species, 
the distribution is likely to be larger than the observed delineation. Thus, 
the maximum entropy approach can be expected to generate a “potential 
distribution” for each species based on the inputs available.  

The maximum entropy analysis technique develops unbiased probability 
distribution on the basis of partial knowledge (Phillips, Anderson, and 
Schapire 2006). It uses a “presence only” approach (called an uncondi-
tional model) rather than including data that reflect “known absence sight-
ing” (a conditional model). MaxEnt also provides a suite of statistical anal-
ysis tools that are highly useful in evaluating the quality of the resulting 
probable geographic distribution map and ancillary outputs. MaxEnt “soft-
ware [is] based on the maximum entropy approach for species habitat 
modeling. This software takes as input a set of layers or environmental 
variables (such as elevation, precipitation, etc.), as well as a set of georefer-
enced occurrence locations, and produces a model of the range of the given 
species” (Phillips and Dudík 2008). Since humans respond to availability 
of resources just as other species do, this research used MaxEnt to predict 
the probable geographic distribution of humans. 
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The idea behind MaxEnt is to estimate a target probability distribution by 
finding the probability distribution of maximum entropy (i.e., that is most 
spread out, or closest to uniform surface), subject to a set of constraints that 
represent the incomplete information provided about the target distribu-
tion. This is accomplished via a deterministic sequential-update algorithm 
(Dudík, Phillips, and Schapire 2004). The process iteratively adjusts a 
weight so as to minimize the resulting regularized log loss. The algorithm is 
guaranteed to converge to the MaxEnt probability distribution. The default 
output is logistic, thereby providing an estimate between 0 and 1 of proba-
bility of presence in each pixel of the predicted geographic distribution map.  
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3 Data Input to MaxEnt  

Since this project did not have access to the field to collect data, it was lim-
ited to those items that could be accessed from sources available more 
generally. MaxEnt uses two types of inputs: 

1. GIS layers for various themes that are likely to impact where humans live 
(predictor layers) 

2. Sample locations of human habitation (presence sites). 

3.1 Predictor layers 

Predictor GIS layers for all of the various themes that might influence the 
geographic distribution of human habitation are required as input to 
MaxEnt. In this project, 23 layers were initially provided as predictor layers, 
including individual bands of satellite imagery, unsupervised classifications 
of satellite imagery, satellite image pattern and texture measures, elevation 
and its derivatives, hydrography, and distance to primary roads (Table 1).  

All of these predictor layer inputs, with the exception of roads, were de-
rived from two remotely-sensed data sources: Thematic Mapper (TM) im-
agery (from the NaturalVue natural color worldwide seamless mosaic, col-
lected circa 2000), and global elevation data (from the Shuttle Radar To-
pography Mission (SRTM). Roads were derived from OpenStreetMap. All 
data were standardized to a 15-meter resolution (i.e., that of the Natural-
Vue image; the elevation data were resampled from 30 meters to match 
the 15-meter NaturalVue TM image). 

An investigation to determine the grossest resolution that would be ac-
ceptable for this tasking was carried out. Imagery resolution in the 5- to 8-
meter range would be useful to identify important human habitation pat-
terns such as linear roads or building right angle corners. A 15-meter reso-
lution is too gross to identify these indicators of human activity. Some 5-
meter imagery was available, but it only covered a small part of the study 
area. Unfortunately, 15-meter imagery was the only type available that 
covered the entire study area.  
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Table 1.  Twenty-three “predictor” GIS layers input to the MaxEnt model. 

MaxEnt Input Layers 

TM NaturalVue (resampled to 15-meter)  
Red 

 
 

Green 
 

 
Blue 

 
 

Unsupervised Land Cover   
SOM (Self-Organizing Map) - 60 unique classes   
K-means - 35 unique classes  

Pattern 
 

  
Diversity   
Dominance   
Center vs neighbors  

Texture Haralick   
Mean   
Variance   
Difference of Entropies   
Difference of Variances   
Information Measures of Correlation IC1   
Information Measures of Correlation IC2 

Elevation (15-meter) 
 

 
Elevation 

 
 

Slope 
 

 
Slope length  
slope_deg_curve  
slope_deg_tancurve  
Hydrology   

Distance from streams   
Accumulation   
Drainage Direction (=Aspect) 

GIS Layers from other  
Distance from roads  

The NaturalVue Imagery was classified using two different unsupervised 
classification methods: Self-organizing map (SOM), and k-means classifi-
cation. Three different pattern measures and six different texture 
measures were also derived from the satellite imagery and input to 
MaxEnt as predictors. From the elevation data, several derivatives of slope 
were extracted and used as input to MaxEnt as predictors, as well as hy-
drological data derived from elevation. Distance to primary roads was also 
input to MaxEnt. 
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All 23 “predictor” GIS data layers were processed so that they had the 
same geographic bounds and cell size. They were provided to MaxEnt as 
American Standard Code for Information Interchange (ASCII) raster grids 
(in the Environmental Systems Research Institute, Inc. [ESRI] *.asc for-
mat). They were all identified within MaxEnt as continuous data layers, 
with the exception of the two image classifications, which were identified 
as categorical. Figures 1 and 2 show examples of “predictor” GIS data lay-
ers that were derived from elevation data. 

3.2 Sample locations of human habitation (presence sites) 

Locations of human habitation, or residences, were identified as “pres-
ence” sites by digitizing points in high resolution panchromatic imagery at 
1:1300 scale. For rural areas, at least 10-20 points were identified for each 
rural image that was available within the study area. This resulted in 1168 
small town/rural points. Living quarter houses were desired. They had the 
character of having either a gable or hip roof with straight edges and a size 
appropriate for a living unit (rather than a shed) and shadows in the cor-
rect direction (Figure 3). Images in Google Earth were referenced as a sec-
ondary source of information when the type of building could not be deter-
mined in the panchromatic imagery.  

Figure 1.  Example of streams (blue) delineation from elevation data using GIS analysis to 
create a water accumulation layer (yellow [fewer number of contributing cells] to blue [greater 

number of contributing cells]). Red lines are larger drainage basin boundaries.  

 



ERDC/CERL TR-18-22 9 

Figure 2.  Example of streams (blue) derived from elevation data from which distance from 
streams (gray scale) was generated.  

 

Figure 3.  Example of panchromatic image from which housing locations were determined 
(dots). 
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Sampling for urban areas differed from that done in rural areas. Urban 
sampling was done on locations already identified as populated/urban. In 
urban areas, it was difficult to distinguish apartment buildings from of-
fices. Context was used to distinguish between commercial and residential 
structures. Building dimensions were also used as a clue. Long, rectangu-
lar buildings were considered likely warehouses, while residences tended 
to be “squarer.” This resulted in 1921 small urban/suburban points. 

Since the “presence” sights were identified from high detail panchromatic 
images and “predictor” GIS data layers were derived from separate, 15-me-
ter source datasets (either satellite images or elevation) the “presence” 
data and the “predictor” layers were independent of each other. 
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4 Modeling Human Population Distribution 
with MaxEnt 

4.1 Testing alternatives 

To identify the importance of the contribution of each predictor layer to 
the overall estimate of probability of human habitation, MaxEnt was run 
for a subset of the entire study area. The test area was run with 23 predic-
tor GIS layers and all “presence” locations. Outputs from MaxEnt for this 
subset area were a Probability of Human Presence image (Figure 4) and 
the Variable Contribution and Permutation table (Table 2). 

Figure 4.  MaxEnt test area output. Yellow dots are sample points for presence of buildings. 
Black lines are roads from which the distance from roads variable layer was generated. 

Darker shades of red indicate higher probability of human presence. 
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Table 2.  MaxEnt Variable Contribution and Permutation table for test area. 

Variable 
Percent 

Contribution 
Permutation 
Importance 

Distance from roads 51.3 42.2 
Haralick_texture_Variance 13.2 1.2 
NaturalVue TM Band 1 7.9 34.5 
Distance from streams 5.1 3.4 
Haralick_texture_Difference_of_Entropies 4.2 1.3 
Unsupervised landcover classification (SOM) 2.8 1.7 
NaturalVue TM Band 3 2.3 3.8 
Unsupervised landcover classification (k-means) 2.3 0 
Slope_deg_curve 1.9 1.1 
Haralick_texture_measures of correlation(IC2) 1.6 0 
NaturalVue TM Band 2 1.5 8.4 
Slope_deg_tancurve 1.1 0.7 
Slope 1.1 0.1 
Drainage direction (Aspect) 0.7 0.1 
Haralick_texture_Difference_of_Variances 0.7 0.2 
Haralick_texture_Mean 0.6 0.5 
Pattern_dominance 0.4 0.1 
Elevation 0.3 0.1 
Pattern_center_vs_neighbors 0.3 0.2 
Pattern_diversity 0.3 0 
Slope length 0.2 0.1 
Haralick_texture_ measures of correlation IC1 0.2 0.1 
Accumulation 0.1 0.1 

Visual inspection of the geographic distribution probability map indicates 
that distance to roads is an important predictor of human habitation for 
the study area (Figure 4). This observation is confirmed in the Variable 
Contribution and Permutation table, where distance to roads contributes 
51.3% to the overall model, and where the next highest contributor is a 
variance texture measure at 13.2% (Table 2). A second measure of predic-
tor variable contribution is permutation importance. Again, distance to 
roads was clearly the most important variable with a permutation im-
portance of 42.2%, followed by Band 1 of the NaturalVue image with a per-
mutation importance of 34.5%.  

To reduce MaxEnt run time when running the model for the entire Chitta-
gong Division of Bangladesh, those predictor GIS layers with minimal con-
tribution to the model were eliminated. More specifically, predictor layers 
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with a “percent contribution” value greater than 1.5% and a “permutation 
importance” value greater than 1.2% were retained as predictor layer in-
puts for analysis of the entire study area. The eight predictor layers that 
met this criteria are: 

• Distance from roads 
• Haralick_texture_Variance 
• NaturalVue TM Band 1 
• NaturalVue TM Band 2 
• NaturalVue TM Band 3 
• Distance from streams 
• Haralick_texture_Difference_of_Entropies 
• Unsupervised landcover classification (SOM). 

4.2 Maximum entropy analysis household probability result 

4.2.1 Complete study area results 

A final MaxEnt analysis was run for the entire Chittagong Division of 
Bangladesh. A total of 3089 “presence” locations were input to the model. 
A total of seven predictor GIS layers were also input to the model. For 
technical reasons, distance from streams had to be removed from the anal-
ysis. MaxEnt requires that all input layers be in the same format, and there 
was a formatting problem with the distance to streams layer. Table 3 lists 
and Figures 5 and 6 show Final MaxEnt results. 

Table 3.  MaxEnt Variable Contribution and Permutation table for Chittagong Division, 
Bangladesh. 

Variable 
Percent 

Contribution 
Permutation 
Importance 

Distance from roads 84.8 60.8 
Haralick_texture_Difference_of_Entropies 5.6 3.3 
Haralick_texture_Variance 5.4 2.8 
NaturalVue TM Band 1 2.5 22.7 
NaturalVue TM Band 3 1.2 7.4 
NaturalVue TM Band 2 0.3 2.6 
Unsupervised landcover classification (SOM) 0.2 0.3 
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Figure 5.  MaxEnt complete study area output for subset area. Darker shades of red indicate 
higher probability of human presence. 
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Figure 6.  MaxEnt complete study area output for Chittagong Division, Bangladesh. Darker 
shades of red indicate higher probability of human presence. Dark red lines clearly delineate 

the road network. 
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Similar to results for the test area, MaxEnt results for the entire Chitta-
gong Division of Bangladesh indicate that distance from roads is extremely 
important (85% Percent contribution to the model and 61% Permutation 
importance). The greater contribution of distance from roads for the entire 
study area as compared to the test area may result from the fact that, 
within the complete study area, more of the “presence” points, particularly 
the urban points, were located near the major road networks. The two tex-
tural measures contribute approximately 5% to the model, followed by 
NaturalVue bands 1 and 3.  

4.2.2 Evaluation of human habitation model  

As mentioned, one of the advantages of the MaxEnt modeling technique is 
that it generates several statistical evaluations of the quality of its output. 
Several of these statistics that were generated for the human habitation 
model for all of the Chittagong Division, Bangladesh are presented below. 
Figure 7 shows the omission rate and predicted area as a function of the 
cumulative threshold. The lack of correctness, or the omission rate (the 
fraction of the training localities that fall into pixels not predicted as suita-
ble), is calculated on the training records (blue line). If the model per-
formed well, the omission rate should be close to the predicted omission 
(black line). In this model, the lines are very similar, indicating that the 
model performed well.  

Figure 8 shows the receiver operating curve (ROC) for the MaxEnt model 
for Chittagong Division, Bangladesh. A ROC is a plot of sensitivity, or 
1-Omission Rate, plotted against 1-Specificity (Fractional Predicted Area). 
The name is derived from its original use in radar technology. The black 
line shown in the ROC curve represents what one would expect if the 
model resulted in one that has no discriminatory power. The size of the 
area between the black line and the red lines in the ROC curve reflects the 
ability of a model to discriminate between presence and non-presence of 
human habitation across the range of potential thresholds. More specifi-
cally, the Area Under the ROC Curve (AUC) provides a single measure of 
model performance, independent of any particular choice of threshold. 
The AUC can be interpreted as the probability that a random positive in-
stance and a random negative instance are correctly identified by the clas-
sifier (Fielding and Bell 1997). The larger the AUC, the better the model 
has performed.  
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Figure 7.  Omission on training samples and predicted area as a function of the cumulative 
threshold. 

 

Figure 8.  ROC for MaxEnt model for Chittagong Division, Bangladesh. 
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In Figure 8, the black line shows the line one would expect if this model 
was no better than random (AUC =0.5). The red (training) line shows the 
“fit” of the model to the training data (AUC = 0.764). The further towards 
the top left of the graph that the red line is, the better the model is at pre-
dicting the presence of human habitation. With an AUC of 0.764, this 
MaxEnt model of the geographic distribution of human habitation predicts 
the distribution fairly well. In general, AUC values between 0.7 and 0.9 in-
dicate a reasonable discrimination ability appropriate for many uses 
(Swets 1988, Pearce and Ferrier 2000). Likewise, Elith (2002) recom-
mends that AUC values above 0.75 are considered potentially useful. 

The MaxEnt program automatically calculates Fractional Predicted Area 
and Training Omission Rate for some common Cumulative and Logistic 
thresholds and model objectives. Table 4 shows some Fractional Predicted 
Areas and Training Omission Rates for Chittagong Division MaxEnt model 
using a variety of model objectives, under a series of differing threshold 
levels. Each threshold (Cumulative and Logistic) was used to obtain a bi-
nary (presence vs. absence) prediction for human habitation. Output col-
umn headings are: 

• Thresholds (Cumulative and Logistic) used for the model objective 
• Description = model objective 
• Fractional predicted area = proportion of total area predicted to con-

tain human habitation 
• Training omission rate = rate of failure to predict an occurrence of hu-

man habitation where it is known to occur with the training data. 

Table 4.  Threshold tests and training omission rates for a variety of model objectives. 

Cumulative 
Threshold 

Logistic 
Threshold Description 

Fractional 
Predicted Area 

Training 
Omission Rate 

1.000 0.104 Fixed cumulative value 1 0.902 0.003 

5.000 0.179 Fixed cumulative value 5 0.749 0.036 

10.000 0.223 Fixed cumulative value 10 0.620 0.076 

0.416 0.069 Minimum training presence 0.942 0.000 

12.784 0.243 10 percentile training presence 0.560 0.100 

30.627 0.396 Equal training sensitivity and specificity 0.297 0.297 

32.002 0.414 Maximum training sensitivity plus specificity 0.284 0.308 

1.234 0.111 Balance training omission, predicted area and 
threshold value 

0.889 0.004 

8.690 0.213 Equate entropy of thresholded and original 
distributions 

0.651 0.065 
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For most model objectives tested, the training omission rates were low; 
only two were as high as the 0.3 level, indicating that the obtained results 
were satisfactory. 

4.2.3 Analysis of variable contributions 

An alternate estimate of which “predictor” variables are most important in 
the MaxEnt model can be determined by a “Jackknife” analysis. For a jack-
knife analysis, each “predictor” layer is excluded in turn so a model is cre-
ated with the remaining “predictor” variables. Then a model is created us-
ing each “predictor” variable in isolation. Finally, a model is created using 
all “predictor” variables, as before. The results of the jackknife analysis are 
presented as bar charts. 

Figure 9 shows the results of the jackknife analysis for the MaxEnt model 
of human habitation for Chittagong Division, Bangladesh. The red line at 
the bottom of the graph shows the complete human habitation model us-
ing all “predictor” variables for the model. The environmental variable 
with highest gain when used in isolation (the blue bars) is distance from 
roads, which therefore appears to have the most useful information by it-
self. This is followed by the two texture layers: variance followed by differ-
ence entropy. These results are in agreement with the values provided in 
Table 3, where distance from roads had the greatest influence on model re-
sults, followed by the two texture measures. In contrast, NaturalVue Band 
2 makes almost no contribution in gain. It could be dropped from the anal-
ysis with little consequence. The input variable that decreases the gain the 
most when it is omitted (the green bars) is distance from roads, which 
therefore appears to have the most information that is not present in the 
other variables. In general, the “without variable” values are similar for the 
remaining variables, so none of the remaining variables contain a substan-
tial amount of useful information that is not already contained in the other 
variables. In summary, the jackknife analysis confirmed that distance from 
roads is primarily important and cannot be dropped from consideration.  
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Figure 9.  Jackknife test results. 
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5 Conclusions and Recommendation 

This work used the MaxEnt (Maximum Entropy) program to define the 
probable locations of human habitation for Chittagong Division, Bangla-
desh. The analyses and tests done using MaxEnt indicate that the MaxEnt 
model effectively delineated the probability distribution of human habita-
tion based on a series of inputs derived from two data sources: Landsat 
NaturalVue TM imagery and SRTM elevation. Results show that, by using 
remotely-sensed data and “presence only” samples of human habitation, it 
is possible to estimate the habitation distribution probability based on 
sound statistical procedures used in MaxEnt. MaxEnt also provides ample 
output to evaluate the performance of model output.  

Within the Chittagong Division of Bangladesh, distance from roads (repre-
senting 85% of the importance to the model) was the single largest predic-
tor of the probability of human habitation. Other predictor inputs that in-
fluenced the MaxEnt model to a significantly lesser degree were two tex-
ture measures and NaturalVue TM Bands 1 and 3. Imagery resolution in 
the 5- to 8-meter range would be useful to detect important human habita-
tion patterns such as linear roads or building right angle corners. 15-meter 
resolution is too gross to detect these indicators of human activity. 

It is recommended that future similar studies use imagery in the 5-meter 
range, which would provide improved information about human presence and 
likely eliminate the need to hand digitize the all-important road networks.  
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