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Abstract 
This paper describes the use of robust extracted object 
features in the IR spectral band to detect ground-based 
point objects. Single and double window features are 
proposed as two classes of features for object of interest 
recognition. It is demonstrated here that by robust feature 
selection it is possible to discriminate between objects and 
various background clutter with diurnal variations. The 
novelty of the approach presented here is its simplicity: 
excellent results were obtained using simple features not 
based on the co-occurrence matrix, and a network with 
only three hidden nodes. * 

1. Introduction 
 
The problem of targeting infrared, ground-based point 
objects has the following aspects: 

• The objects can be at different temperatures and 
thus have different intensities in an infrared 
image, as shown in Figure 1, 

• The backgrounds of the objects can differ 
significantly, as shown in Figure 1 to Figure 3, 

• The backgrounds can be at different 
temperatures, 

• The objects can be very small at high altitudes 
where ATR (Automatic Target Recognition) 
acquisition is required, 

• The objects can be at different aspect angles, as 
shown in Figure 1 and Figure 2. 

 
The objective of this study was to detect, on simulated 
images, a grid of sixteen objects, at varying temperatures, 
on different terrain backgrounds and during different 
times of the day. 
 
Various features were extracted from the images and used 
to train a neural network that classifies pixels in the image 
as object pixels or non-object pixels. 
 

                                                 
* P.O. Box 7412, Centurion, 0046, South Africa. e-mail: 
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Figure 1: A simulated infrared image illustrating the 
type of objects addressed (on a relatively uncluttered 
background). 
 

 
Figure 2: A simulated infrared image illustrating the 
type of objects addressed (on a very cluttered 
background). 

                      

e.                             f.                             g.                            h.    

a.                                b.                            c.                           d. 

 
Figure 3: A range of different terrain backgrounds for 
ground based objects. 
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a.                                          b.                                          c. 

Figure 4: Day variations of the IR image in Figure 2. 
a. early morning, b. just after dawn and c. early 
evening. 

In [3] features extracted from optical and infrared images 
were used in conjunction with an adaptive mixtures 
classifier to identify man-made areas in the images. In [1] 
features (from optical and infrared images) were used in 
conjunction with feature-based fusion to identify targets. 
 
Research has also been done on the detection of small 
objects in synthetic aperture radar (SAR) images, as 
documented in for example [2] and [4]. The problem 
when using SAR images is easier to solve because the 
signature of a specific object, e.g. a vehicle, stays the 
same and is not influenced by temperature, as is the case 
for infrared images. 
 
Several of the features mentioned in the above papers 
were used, and adapted where necessary, to address the 
problem discussed here. The features are discussed in 
section 2. 

2. Feature Extraction 
 
Two classes of features were considered, namely single-
window and double window features.  Double-window 
features are calculated using parameters derived from 
both an inner (target) and an outer (local background) 
window, while single-window features are calculated by 
only operating on the target window. This concept is 
shown in Figure 5. The sizes of the target and the local 
background windows were determined by the 
approximate object size. It was assumed that object width 
and length parameters are known and that the target and 
local background windows could be adjusted according to 
the platform altitude. To improve detection accuracy a 
guardband between the target and local background 
windows, as shown in Figure 5, was also investigated. 
Different target window and guard band sizes for different 
features, to improve detection, were also investigated.  

 
Figure 5 : Inner window, outer window and guard 
band. 

Features using co-occurrence matrices were not 
considered during this investigation as they are too 
processor intensive. 

2.1. Double-Window Features 
Double-window features considered during our 
preliminary investigation were: 
 

1. Average Gradient Strength [1] 
2. Contrast Mean Difference [1] 
3. Local Variation [1] 
4. Window Deviation [2] 
5. Variance Ratio 

2.1.1. Average Gradient Strength 
This feature described by [1] relies on the occurrence of 
sharper internal detail in man-made objects when 
compared to natural objects, even if the average intensity 
of the man-made and natural objects are similar. The 
average gradient strength of the local background is 
subtracted from the average gradient strength of the target 
region to prevent large regions of background exhibiting a 
larger than normal variation from yielding a high value 
for this feature. 

 
In [1] the feature is calculated as 
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and ),( lkGout  is defined similarly. Here outn  is the 
number of pixels in ),( jiNout  and inn  is the number of 
pixels in, ),( jiNin  where outN  and inN  respectively 
denotes the target and local background windows. 

 

2.1.2. Contrast mean Difference 
This feature relies on the assumption that pixels not on an 

74



engine or other hot parts of an object will still have a 
somewhat higher temperature than the natural 
background. The average gray level over the target region 
is compared with that of the local background, and is 
calculated as 
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2.1.3. Local Variation 
Unlike the Gradient Strength feature, which detects rapid 
intensity variations among immediate neighbouring 
pixels, the Local Variation is used to detect slow intensity 
variations over the local regions. Similar to the 
calculation of Average Gradient Strength, the local 
variation of the local background is also subtracted from 
the variation of the target region: 
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2.1.4. Window Deviation 
This feature has been adapted from [2] and [4], which 
don’t use a target window, but only a single centre pixel. 
This feature can be calculated as 
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where in  denotes the standard deviation for the target 
window and out  the standard deviation for the 
background window. 

2.1.5. Variance Ratio 
This simple feature is given by: 
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where out  and in  respectively denotes the standard 
deviation values calculated for the local background and 
target windows. 

2.2 Single-Window Features 
Single-window features considered during our 
preliminary investigation are: 
 

1. Maximum Gray Level [1] 
2. Coefficient of Variation [3] 
3. Single-Window Extended Fractal [4] 

 

2.2.1. Maximum Gray Level 
This feature is simply the maximum gray level in a single 
window centred on the pixel of interest. The basic 
assumption is that in many FLIR images of vehicles, there 
are a few pixels that are significantly hotter than the rest 
of the object or background. 

2.2.2 Coefficient of Variation 
The coefficient of variation of a random variable with 
non-zero mean is defined as the standard deviation 

divided by the mean, i.e. 
µ
=CoV                   (6) 

where  and µ  are calculated for a window centred on 
the pixel of interest. It is obvious that this feature can be 
implemented as a double-window feature by calculating 
the CoV  for both the target and local background 
windows and then using the ratio as a double-window 
feature. In the implementation used here the coefficients 
of variation for the target window (in) and the local 
background window (out) were used as two different 
features. 

2.2.3. Extended Fractal Feature 
[4] introduced single-window Extended Fractal (EF) 
features, which are related to the computation of local 
multi-scale Hurst parameters. The following description 
for the extended fractal feature for the target window 
parallels that of [4]: Given an image ],[ nmI , the x  and 
y  directed EF feature is computed as the log ratio of the 

local average incremental power for lags 2 and 4  in 
the x  and y directions respectively, i.e.  
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where the structure functions xf  and yf are computed 
as  
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where ),( jiI  denotes the gray level value in the image at 
the i'th row and j'th column. 
 
The sliding window size is WW × where 12 += wW  and 
the window size is adjusted w.r.t. the smallest lag so that 

4
1=

W  where   is an integer. The EF feature is then 

simply given by  
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In general, the feature is designed so that the optimal 

object size is related to the window size by .
2

3= WS  

 

3. Sensitivity Analysis 
An example of the features generated is shown in Figure 
6. These features were generated from the simulated 
infrared image in Figure 1 and shows clearly where the 
targets are. Other combinations of background and time 
of day have worse feature characteristics and the object 
could not be distinguished very clearly. 
 
A histogram-based approach was used as a first order 
method, as shown in Figure 7, to compare the values of 
the features at object points and non-object points (using 
images with a wide variety of combinations of 
backgrounds and times of day). From this comparison it is 
obvious that features 1 (Maximum Gray Level), 3 
(Average Gradient Strength) and 7 (Variance) gives the 
best differentiation. Other methods of feature selection, 
for example hypothesis testing and scatter matrices, were 
not used as it was found that the three features selected 
with the histogram approach gave satisfactory results. 
 

1. Maximum gray level     2. Contrast mean difference       3. Average gradient 
strength 

4. Local Variation                 5. Extended fractal 

6. Window deviation                                        7. Variance 

8. Coefficient of Variation (in)                9. Coefficient of Variation (out) 

 
Figure 6: Features extracted from the image in Figure 
1. 

                       

                      

                      

Objects: 

Objects: 

Objects: 

Non-objects: 

Non-objects: 

Non-objects: 

1. Max gray level       2. Contrast mean difference  3. Average gradient strength 

4. Local variation                5. Extended fractal              6. Window deviation 

7. Variance                9. Coefficient of variation     10. Coefficient of variation  
                                                     (in)                                            (out) 

 
Figure 7: Histograms of feature values extracted at 
target points and non-target points in image sequinces. 

4. Neural Network Architecture 
Two neural networks were trained and tested, one using 
all nine features as inputs and one using only features 1, 3 
and 7 as inputs. Features 1, 3 and 7 were used for the 
reasons described in section 3. 
 
It was found that very simple neural network architectures 
were sufficient to do the classification. They had a general 
architecture of an input layer, one hidden layer and an 
output layer where there were as many neurons in the 
hidden layer as there were inputs in the input layer and 
there was only one neuron in the output layer. 
 
This general architecture is shown in Figure 8 for the case 
where all nine features were used. 
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Figure 8: The general architecture of the neural 
networks used. 

5. Results 
In Figure 9 and Figure 10 the output of the neural nets are 
shown as contour plots over the original simulated IR 
images. There is considerable variation in the images used 
in regard to the backgrounds used and the time of day of 
the images. These differences are tabulated in Table 1. 

 
Figure 9: Contour plots of the outputs of the neural 
net that uses all nine features, plotted over the original 
infrared images. 

 

                

 

 
Figure 10: Contour plots of the outputs of the neural 
net that uses features 1, 3 and 7; plotted over the 
original infrared images. 

Background Image nr. Time of day 
1 early morning 
2 late morning 1 
3 evening 
4 afternoon 
5 late evening 2 
6 early morning 
7 late morning 3 8 afternoon 
9 morning 4 10 afternoon 

11 late morning 5 12 evening 
13 late morning 6 14 evening 
15 early morning 
16 afternoon 7 
17 evening 
18 morning 
19 dawn 8 
20 late afternoon 

Table 1: Diurnal variations of the images used. 
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6. Summary 
 
The experiments demonstrated that for the current 
application features 1, 3 and 7 are best suited. They 
provide a better performance at this altitude difference 
than all nine features combined and reducing the number 
features cuts the processing power needed significantly. 
They also provide more robustness with regard to diurnal 
variations and background variations. 
 
The novelty of the approach presented here is its 
simplicity: excellent results were obtained using simple 
features not based on the co-occurrence matrix, and a 
network with only three hidden nodes. 
  
Future work will include a two-pass clustering algorithm 
for the determination of object centroids and the rejection 
of spurious detections.  
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