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Abstract 
 

The objective of this project is to use digital imaging devices to monitor a delineated 
area of the public space and to register statistics about people moving across this 
area. A feasible detecting approach, which is based on background subtraction, has 
been developed and has been tested on 39 images. Individual pedestrians in images 
can be detected and counted. The approach is suitably used to detect and count 
pedestrians without overlapping. Accuracy rate of detection is higher than 80%. 
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1 Introduction 

The analysis of how people move in urban spaces is important for a variety of public 
planning tasks such as its potential applications in video surveillance, traffic safety 
monitoring, optimizing transport schedules, etc. Reliable and yet non-intrusive 
measurements of human’s motion in large spaces are up to this point difficult to 
obtain. The context of this research is to help a company that provides outdoor 
advertising TV board by counting how many people will potentially watch the TV 
board. It was hard to give out an accurate number of people who would look at 
advertising TV, but counting how many people passed by would be helpful for this 
purpose. Before counting pass by people, necessary previous detecting work has to be 
done first. Pedestrians who are passing by advertising TV board have to be detected 
and labeled before counting. After this detection, the program would give out 
positions of people in the digital image and label each individual rectangle, which 
surrounds person, with numbers. After the detection work has been done, counting 
work can be done using statistical method. 
  The goal of this work is to detect and count pedestrians without occlusion and 
then estimate how many people would walk along a footpath. The approach, which is 
used for human detection and counting in this paper, is based on background 
subtraction and regular morphological methods. The reason to choose background 
subtraction is that we only need to estimate the human flow in a fixed area, and static 
background image is easy to obtain. The potential human crowd in the fixed area, 
which is estimated in this paper, is not so large, so approaches in map-based papers [4, 
5, 6, 7] are not suitable for this small crowd situation. Comparing with previous 
background based human detection and counting system [2, 8, 9]; one of the 
contributions of this paper is using histogram equalization attempting to solve the 
problem caused by varying illumination about condition. Using the histogram of a 
reference image to equalize the histogram of waiting detected image that can make the 
contrast of waiting detected image appropriate matching the reference image. After 
histogram equalization, the brightness and contrast of waiting detected image would 
show stable performance. This equalization can apparently improve the performance 
of background subtraction based human detection and counting system in the varying 
illumination environment.  

 

2 Related work 

A lot of studies have been done in the field of human detection and counting people in 
crowds. Two main different approaches were often applied that count individuals in 
crowds. One is estimating the size of inhomogeneous crowds without using explicit 
object segmentation or tracking. This is a map-based approach [4, 5, 6, 7] that 
estimates the density of foreground in order to infer amount of pedestrians in the 
certain area. Supporting theory behind this inference is that size of crowd is linear 
changing with the amount of people in the crowd.  

In a previous study [4], Antoni and Nuno estimated the size of inhomogeneous 
crowds without using explicit object segmentation to count people. In their research, a 
set of holistic low-level features was extracted from each segmented region. Using 
Bayesian regression, features were mapped into estimates of the number of people in 
every segment. Two Bayesian regression models supported the counting process. One 
of the models was a combination of Gaussian process regression with a compound 
kernel. This model helped to account for both global and local trends of the count 
mapping. But the real-valued output, which was a limitation of the first model, did not 
match the discrete counts. In order to address this limitation, they implemented the 
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second model, which relied on Bayesian treatment of Poisson regression that 
introduces a prior distribution on the linear weights of the model. Their crowd 
counting method was evaluated on a large testing set that contains distinct view 
directions. As a result, this method was efficient and robust when it worked over long 
periods of time. 

Another approach is segmenting the crowd into components individually and 
detecting each of them. The task of detecting or tracking individual human object can 
be solved in two ways they are background subtraction based detection [2, 8, 9] and 
Histogram of Oriented Gradients (HOG) based feature detection [3, 10, 11, 12, 13]. In 
paper [2], a sort of background subtraction was implemented to extract potential 
human out. A crowd of people was filmed while they were entering and leaving fixed 
area. A camera was mounted vertically above this area. A proposed algorithm of 
motion object detection and segmentation was applied to the film. Dilation calculation 
was used to detect the edge of objects after background having been subtracted. To 
solve the overlap problem, they used a dividing method according to the rate of height 
and width human in image, when the width or height human was apparently higher 
than average value of width or height, the human would be detected as multiple 
human bodies. The researchers compared width and height of labeled component, and 
after analyze feature of each component, they used a suitable equation to partition the 
labeled component that indicated overlapped people. By this way, the accuracy of 
their detection algorithm increases. Background subtraction or motion detection is a 
traditional approach that can be used for detecting or tracking human. However, such 
kind of approach is inherently highly sensitive to changes in lighting. In order to 
address this limitation, they applied a frame difference algorithm, which used 
morphological processing, to solve the light-changing problem. Histograms of 
Oriented Gradients [3] are feature descriptors popularly used for purpose of object 
detection in computer vision and image processing. According to count the 
occurrences of gradient orientation in localized portions of an image, the histograms 
of counts of occurrences of gradient orientation are treated as features of objects. It is 
similar to that of edge orientation histograms but differs in that it is computed on a 
dense grid of uniformly spaced cells. Navneet Dalal and Bill Triggs who implemented 
a robust feature detector using HOG in 2005 inspired a lot of researchers with 
developing HOG based feature detector. Navneet Dalal and Bill Triggs [3] studied the 
question of feature sets to find robust visual object recognition approach by adopting 
linear Support Vector Machine (SVM) based human detection as a test case. “Support 
Vector Machine is a concept in statistics and computer science for a set of related 
supervised learning methods that analyze data and recognize patterns, used for 
classification and regression analysis.” [18] Grids of Histograms of Oriented Gradient 
descriptor work pretty well on performing existing feature sets for human detection 
according to review existing edge and gradient based descriptors. They firstly trained 
SVM with thousands of images that were models of human, this training helped to get 
HOG features of regular humans. After that, SVM was used to classify human features 
and non-human features. Their implementation gave a pretty good performance 
especially worked greatly on MIT pedestrian database. Compared with the 
background subtraction approach, HOG+SVM based feature detector will not be 
influenced by light changing and it can work in un-fixed situation such as automatic 
driving system. 
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3 Multiple Human Detection in Crowds  

 
 

Figure 1. Detecting people in crowds. At first step, pick out one frame of image from video 
flow. At second step, prepared invariable background image and picked image are converted 
from RGB color model to Gray scale model. At next step, background subtraction is complete 
by subtracting gray frame image from gray background image. After background subtraction, 
a serial of morphological processing is implemented to remove noise and find potential human 
area. At the final step, abnormal human area has to be checked if it involves multiple people 

using multiple detector. 
 
 

A working flow of a proposed human detection system is shown in Figure 1. A frame 
of image is extracted out from video flow. This image and the prepared invariable 
background image are converted into gray images. These two gray images are applied 
to extract different features between the background and the frame picked from video. 
After low-level features have been extracted, a sequence of morphological processing 
methods is applied for finding potential human areas. Potential human areas may 
involve more than one human object, hence a multiple detector, which depends on 
perspective theory, is implemented to estimate how many human objects are involved 
in the area. Finally, positions of human object are illustrated using matched bounding 
boxes and the number of detected human objects is printed out in the box. 
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3.1 Background subtraction 

 
 

Figure 2. Background subtraction. Sampling frame in video sequence is picked out every 2 
seconds. Both sampling frame and invariable background image are converted into gray. Gray 

background image subtract gray frame resulting changed features coming out. 
 
 
The processing flow of background subtraction is shown in Figure 2. At first, an 
invariable background image must be taken using a camera when there is no 
pedestrian in the scene. This perhaps is the most important part of background 
subtraction. Without this invariable background image, background subtraction could 
not be implemented. In next step, a sampling frame is picked out from video flow. 
Chosen frame and invariable background image are converted into gray model. After 
that, using the background image subtracts the sampling frame. As a result, features 
are shown up. These features are used in the following processing. 

3.2 Morphological processing 

Even though features have been extracted, actually there are lot of noise hidden in 
dark area. These noises and shadows of people affect performance of human detection. 
In order to eliminate the effect caused by shadows, I choose value of 90 and use it as 
threshold to remove shadow from subtraction result image. Choosing this value is 
based on analysing the histogram of subtracted background image and many 
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experiment testing. Only pixels with value of intensity higher than 90 levels maintain. 
Gray feature image is converted into binary (Black-White) image after removing 
shadows. Next step is noise elimination and potential human area dilation. Erosion and 
dilation are two fundamental operations in morphological image processing [14]. 
Erosion removes pixels on object boundary in an image, while dilation adds pixels to 
the boundaries of object. The number of pixels removed or added depends the 
structuring element used to process the image. Noise elimination can be done by 
erosion morphological method. A disk-structuring element with radius 1 pixel is 
implemented to erode noise in the binary image. In the erosion process, not only noise 
is removed, but also some parts of human are also removed.  The dilation process is 
necessary to recover removed parts of human. By analysing the ratio between height 
and width of human body, mean ratio 2.8 (Table 1) is chosen for defining a rectangle 
structure element for dilation. Experimental experience shows that a structuring 
element using 22 rows and 65 columns gives best performance. The performance of 
detection results depends on many factors such as the size of remaining human body 
after erosion process. After dilation processing complete, potential human body are 
almost found and covered by white components. (See Figure 3.) Dilation process may 
cause a problem. People close to each other may be treated as one bigger component. 
To address this limitation, perspective normalization method is implemented in next 
step. 

 
 

Figure 3. Morphological processing. After erosion and dilation, potential human areas are 
found and indicated by white components. 

 

3.3 Perspective normalization 

In order to find the multiple black-white human bodies that appear after dilation 
processing in Figure 3, we have to implement a multiple detector.  

In Figure 4, components are indicated using red bounding boxes. The component 
at the right side is apparently bigger than an individual human object from our 
cognitive judgement. Two human bodies that are so closed to each other make 
individual component belongs to each of them become one bigger component (Figure 
3, right side component after dilation processing). Perspective normalization can be 
used to address this problem. The idea of this solution comes from paper [7]. Antoni 
B. Chan, Zhang-Sheng John Liang and Nuno Vasconcelos had stated the importance 
of perspective effects. Before extracting features from video segments, they 
normalized the features depending on perceptive theory. Objects closer to the camera 
appear larger than the objects appear farther away. So consider perspective effect is 
also important in our research. In Figure 4, according to the size of the right side 
component, we can easily know the width and height of the bounding box that 
indicates this component. Height at location (H2) can be calculated: 

 
 !2 = ! + !

!
ℎ!"#ℎ! 
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(L is the distance from upper edge of image to upper edge of rectangle of object2 
in Figure 4) 

H2 is later be used to calculate the width of a human body at H2 position. 
 

 
 

Figure 4. Indicate potential components using bounding box. The size of image is 640 pixels 
width with 480 pixels height. H1 is the height of middle position for left side component while 

H2 is the height of middle position for right side component. 
 
 

Table 1. Width and height of 11 human models and mean of ratio with 
height/width 
Model	   Width	   Height	   Height/Width	  

Mean	  of	  Height/Width	  1	   64	   170	   2.65625	  
2	   68	   181	   2.661764706	  

2.832067015	  

3	   73	   213	   2.917808219	  
4	   67	   199	   2.970149254	  
5	   71	   184	   2.591549296	  
6	   58	   149	   2.568965517	  
7	   50	   146	   2.92	  
8	   51	   149	   2.921568627	  
9	   54	   167	   3.092592593	  

10	   53	   154	   2.905660377	  
11	   56	   165	   2.946428571	  

 
In this work, perspective normalization is used to calculate the width of a human 

body at different heights in the image. This width of human body will be used to 
determine the size of the bounding box that belongs to this human body. The mean 
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ratio between height and width of human body is 2.8 (Table 1.); if we know the width 
of human body, we can estimate the size of the bounding box: 

 
 !"#$ = !×2.8×! 

(W is assumed width of body at height H2, Size is the area) 
  
In Figure 4, the size of right bounding box is width*height, but size of theoretical 

bounding box at height H2 should be W   H2 ×2.8×W H2 . The number of potential 
human objects can be calculated by: 

 

!"ℎ =   
!"#$ℎ×ℎ!"#ℎ!

W   H2 ×2.8×W H2
 

 
      Equation 1: nph is number of potential human 

 
Up to now, if we can calculate width of human body at height H2, we can 

estimate the number of potential human bodies in the right bounding box in Figure 4. 
 

 
 
Figure 5. a) Left image shows a combination of two adjacent frames. The same human object 
appears at different location that is covered by two red rectangles displaying different size at 

different depth in image. b) Perspective model used to calculate width of body at different 
depth. 

 
In Figure 5a, two adjacent frames are combined together resulting the image that 
illustrates a perspective effect for the same people (covered by red retangles) 
appearing at different depth. The width of the body close to the camera position is 
much wider than that it is far away. Figure 5b is perspective model for width of body 
calculation at different depth. Observing the perspective model, we notice two parallel 
edges of footpath going closer at deeper perspective position. According to calculate 
the changing ratio of width of footpath, we can calculate the width of human body at 
different depths using equation: 

 
!"1
!1

=   
!"2
!2

 
 

Equation 2: rw1 is width of footpath at depth 1; w1 is width of human body at depth 1 
                   rw2 is width of footpath at depth 2; w2 is width of human body at depth 2 

 
Another problem is coming that is how do we know the width of footpath at different 
depth? Because we should know this width to estimate the size of people at different 
depth. 
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In this work, the approach to do human detection is using a kind of approach based on 
background subtraction. This context gives a lot of convenient conditions such as 
invariable background image. It means that the footpath in the image will never 
change its position in the scenes. Then the question becomes simpler because static 
footpath causes that the positions of line ad and line bc in Figure 5b are static. The 
coordinates of a, b, c, d in Figure 5b are (0, 365), (602, 365), (638, 0), (313, 0) 
respectively.  Then the linear functions of line ad and line bc are [15] using two points 
form of linear equation: 

 
Linear function for line ad (fad (h)):  

ℎ − 365 =   
0 − 365
313 − 0

  ×  (! − 0) 
Linear function for line bc (fbc (h)):  

ℎ − 365 =   
0 − 365
638 − 602

×(! − 602) 
 

(h is the Y(height) in Figure 5b) 
After we know these two linear functions for lines ad and bc, we can use them to 
calculate the width of the footpath at any height. For example, the width of the 
footpath at height h can be calculated using function: 
 

!"#$ℎ =   fbc (h) – fad (h) 
equals to 

!"#$ℎ = 602 −   
349×(ℎ − 365)

365
 

Equation 3: Width is width of footpath at height H 
 

As so far, we have width of footpath at the height h, only if we have one sample 
element of width of human at a known height, and then we can calculate width of 
human object at any height in image. In order to get this sample element, I choose the 
w1 and rw1 in Figure 5b as a reference sample element and measure the size of w1 
and rw1 to get the measurement of w1 and rw1. These measurements of reference 
sample element are used in all computation that reasons the number of person in 
questionable bounding box. In the condition of Figure 4, the questionable bounding 
box is the right bigger one. Using height H2 and Equation 3, we can get width of 
footpath at height H2. Using Equation 2 we can get: 
 

!"#$ℎ(!2)
ℎ!(!2)

=
!"#$%ℎ
!ℎ!

 

 (width (H2) is the width of footpath at height H2; hw (H2) is the width of human 
body that we want to calculate; rwidth is the reference width of footpath while rhw is 

the reference width of human body) 
 

In order to detect how many persons are in the right bounding box in Figure 4, we can 
use Equation 1: 
 

!"ℎ =   
!"#$ℎ×ℎ!"#ℎ!

ℎ! !2 ∗ 2.8 ∗ ℎ!(!2)
 

(width and height are the measurements of width and height of right bounding 
box in Figure 4. hw (H2) is width of human body at height H2, which we just got in 

last step. nph is number of potential human body that reasons using Equation 1) 
 

The final result for the original image corresponding to Figure 4 is shown in 
Figure 6. 
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Figure 6. Frame35 from 39 frames dataset. The questionable bounding box is right detected 
and 2 potential human objects are counted. 

4 Experimental Evaluation 

4.1 Data collection 

The objective of this paper is to help an out-door LED screen advertisement provider 
do a basic research about human detection in order to estimate amount of people who 
may walk across a fixed area. Counting these people become important because they 
are potential customers who may buy production after watching the advertisement. 
Advertisement provider could fix an suitable price for their out-door LED screen. In 
order to simulate this context, a camera was set at about 4 meters above ground. This 
height was near to the height of the LED screen that is set on the wall in Gävle Center 
Square. Scene of images which camera took was a footpath. Shooting duration was 
between eleven o’clock and 1 o’clock at noon. Weather condition was sunshine. In 
order to simulate video flow, the camera took pictures in every 2 seconds. Finally 79 
pictures were taken and 39 of them that had people in image were picked out and used 
to test program.  
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4.2 Dataset used for testing 

 
 

Figure 7. A test dataset includes 39 frames including pedestrians. 
 
 
This section describes the detailed process of getting the pedestrian dataset that is used 
to test this program. 79 frames of picture were taken on a staircase. The scene of 
pictures was real-time capture image of the pedestrians passing by. The position of 
camera was set about 4 meters above a footpath and the camera took picture 
downwardly sloping in every 2 seconds. In 79 frames of picture, pedestrians appeared 
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only in 39 of 79 frames. Finally these 39 frames of picture were used to test this 
detecting system. Original pictures had resolution with 4288*2848 pixels. Such large 
pictures were so time consuming that slowed down image processing. Therefore, I 
cropped the image from up left in order to remove irrelevant objects such as the tree 
and bench at the side of footpath after that I scaled these high-resolution pictures into 
the lower level with 640*480 pixels. The photographing duration was around noon. 
Weather condition was sunshine. The testing dataset that includes 39 frames with 
pedestrian is shown in Figure 7. 

 

4.3 Crowd counting results on testing dataset 

Table 2. Records of counting in 39 images 
 
Frame Counting 

result 
Actual 
amount 

Absolute 
error 

1 1 1 0 
2 1 1 0 
3 1 1 0 
4 1 1 0 
5 1 1 0 
6 1 1 0 
7 1 1 0 
8 1 1 0 
9 1 1 0 

10 1 1 0 
11 1 1 0 
12 1 1 0 
13 1 1 0 
14 2 2 0 
15 2 2 0 
16 2 2 0 
17 1 1 0 
18 1 1 0 
19 1 1 0 
20 1 1 0 
21 1 1 0 
22 1 1 0 
23 1 1 0 
24 2 4 2 
25 3 4 1 
26 4 4 0 
27 3 4 1 
28 3 4 1 
29 2 2 0 
30 2 3 1 
31 3 3 0 
32 2 2 0 
33 2 2 0 
34 3 3 0 
35 3 3 0 
36 2 2 0 
37 2 2 0 
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38 2 2 0 
39 2 2 0 

Total amount 66 72 6 
Rate of 

accuracy 0.916666667 

 
This program has been tested on the 39 images that consist of pedestrian in the 

scene. Table 2 illustrates the results of counting comparison counted by the software 
and human. The forth column gives absolute error counting amounts between software 
counting and human counting. Among 39 times of the counting process, 5 of the tests 
delivered an incorrect result. The rate of accuracy of counting is acceptable with 
percentage value about 91.7%. In these 39 times of counting tests, multiple detection 
occurs in 11 times, and 8 of 11 detections are correct while 3 of 11 detections are 
mistaken. There are two reasons causing mistaken detection. One is people occlusion. 
Sometimes people occlude each other making component of white area in image, 
which occurs after image dilation, become smaller. For example, if two of the people 
occlude each other, the bounding box for these two people is smaller than that for two 
human objects. If the smaller bounding box were smaller than 1.5 times of theoretical 
bounding box for two human objects at this depth, the software would only count 1 
people at this situation. Another reason occurs in the section of theoretical bounding 
box computation. The theoretical bounding box at specified depth is calculated 
depending on perspective theory and imprecise width of human body. This reason 
causes the size of theoretical bounding box is not totally appropriate for all size of 
human objects. These two reasons make the detector sometimes do mistaken 
detections. 

 

5 Progressive improvement 

As like general approaches of background subtraction, the approach used in this work 
has a fatal problem because it is lighting sensitive. Light changing situations would 
cause a lot of processing problems during the detection such as pixels for human 
features were removed when the light of environment darkled. This limitation makes 
the approach do not suit for diversity of weather conditions such as detecting when the 
weather was cloudy. Because many parameters used in the testing were set for those 
39 testing images that were taken under sunshine weather condition, the detecting 
system only works well when the weather was sunshine. So finding a solution for that 
limitation is much important in improving reliability of the software and also that can 
make the software suit for diversity of weather conditions.  

 

5.1 Histogram equalization 

In image processing of the contrast adjustment, there is a method named histogram 
equalization that adjusts the contrast of an image [16]. Histogram equalization usually 
increases the global contrast of images, especially when the usable data of the image is 
represented by close contrast values. It is very useful in images with backgrounds and 
foregrounds that are both bright or both dark, so it is much suitable for our detection 
software that is used for diversity of weather condition (e.g. sunshine and cloudy). 

I implemented the software in MatLab, and there is a powerful build-in function 
which name is J = histeq (I, hgram) [17]. This function transforms the intensity image 
“I” so that the histogram of the output intensity image “J” with length of “hgram” of 
bins approximately matches hgram. “hgram” is a vector that contains integer counts 
for equally spaced bins with intensity values in the appropriate range (e.g. from 0 to 
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255 for 8 bits intensity level image). Testing dataset only has images that are taken in 
sunshine weather condition. In order to check if the histogram equalization makes 
efforts on fixing the problem of lighting sensitive, I have to adjust the intensity value 
of testing image with MatLab. The adjusted images are shown in Figure 8. 

 

 
 

Figure 8. Simulated under-exposed and over-exposed images 
 
In Figure 8, there are 8 under-exposed and over-exposed images that are achieved by 
multiplying different level values by intensity of original image. The under-exposed 
images are achieved by multiplying 0.1, 0.3, 0.6 and o.9 by intensity of original image 
respectively while over-exposed images are achieved by multiplying 1.1, 1.3, 1.6 and 
1.9 by intensity of original image respectively. Now, we have the datasets that have 
diversity of levels of luminance. The background image, which is taken in sunshine, is 
used as a reference image to adjust these under-exposed and over-exposed images. 
That means intensities of both under-exposed and over-exposed images are equalized 
matching the background image after adjusting.  
Figure 9 is a grayscale background image, this image is a reference image used to 
equalize waiting detected images. Figure 10 is the comparison of under-exposed 
images before and after histogram equalization. Figure 11 is the comparison of over-
exposed images before and after histogram equalization. Observe Figure 9, 10 and 11, 
we can easily find that the contrast of equalized images are stable and similar to 
reference background image. 
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Figure 9. Reference grayscale background image 
 
 

 
 

Figure 10. Comparison of under-exposed images before and after histogram equalization 
 

 
 

Figure 11. Comparison of over-exposed images before and after histogram equalization 
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5.2 Testing after using histogram equalization 

Table 3. Comparisons of different intensities after using histogram equalization 

 
As it is shown in Table 3, the accuracy of detection becomes much stable after 

using histogram equalization. Besides the intensity level at 0.1 times of original 
intensity, other 7 different level detections are have the same accuracy rate 0.889. 
Compare with the accuracy rate 0.9167 illustrated in Table 2, the accuracy of 
detection using histogram equalization is a little descending, fortunately it is still 
sticking in a range that is more than 80% accuracy rate. Histogram equalization, which 
may not the only and best way, at least is an available approach to weaken the affects 
caused by varying illuminance about condition when we are doing background 
subtraction. We only need an appropriate reference histogram of a reference image, 
and then we could equalize the histogram of waiting detected image appropriately 
matching reference histogram. That is the key point of using histogram equalization to 
solve varying illuminance problem. 

 
 

6 Discussion 

The approach, which is illustrated in this paper, brings reliable multiple human body 
detection with high correction rate in the small scale testing set. This high correct 
detection rate comes because the testing data set was taken from a footpath at which 
there were few people pass by. This context results in few of testing images including 
more than 3 persons in the scene. Because of this condition, occlusion problem does 
not happen so frequently. In research of human detection in crowds, occlusion of 
people is a difficult problem and often results in mistaken detection. So far, there is no 
approach can make perfect multiple human body detection since occlusion problem 
cannot be solved perfectly. Unsolved human occlusion is the biggest drawback for the 
approach that is illustrated in this paper. Using perspective theory to solve human 
occlusion is available, but it is still not perfect. Computing the width of a human body 
at different depth based on perspective theory also has its own problem. The sizes of 
human are different. In general, the width of a man is wider than that of a woman. 
Using perspective theory is not absolutely accurate. As like most of background 
subtraction methods, the method in this paper has the limitation of light sentivity. 
Even though histogram equalization helps to improve the performance, which is 
influenced a lot by light changing, it brings the problem of how to choose an 
appropriate reference image. In this paper, the camera is mounted at a fixed position, 
this makes that it is possible to choose an appropriate image as a reference. The test 
dataset of varying illuminance images are addressed by mathematic calculation. So 
they are not real scenes under real weather conditions. Further experiments can be 
done on images of real scenes. Compare with human detection methods based on 

Intensity	  
Levels	  

0.1	  
times	  

0.3	  
times	  

0.6	  
times	  

0.9	  
times	  

1.1	  
times	  	  

1.3	  
times	  

1.6	  
times	  

1.9	  
times	  

Total	  
Countin
g	   61	   64	   64	   64	   64	   64	   64	   64	  
Real	  
Amount	   72	   72	   72	   72	   72	   72	   72	   72	  
Accuracy	  
Rate	   0.847	   0.889	   0.889	   0.889	   0.889	   0.889	   0.889	   0.889	  
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HOG+SVM, background subtraction has both advantages and disadvantages. 
Background subtraction method is easy to implement and no need to train first. But 
stable light environment and unchanged background scene makes that it is more 
suitable for in-door environment monitoring. A HOG+SVM method is robust 
performing in diversity of environment but the program has to be trained first. This 
training process is heavy time consuming. Both of them are meeting the problem of 
human occlusion. 

7 Conclusion 

In this paper, a human detection method based on background subtraction is published 
and provides a feasible way to detect multiple human bodies in crowds. Implementing 
histogram equalization using a reference image has decreased the influence of light 
changing. Human detection is running by segmenting individual human objects and 
then detecting abnormal human component including multiple human objects. The 
method brings higher than 80% of correct detection both with and without using 
histogram equalization. Multiple detection is based on perspective theory by 
computing the theoretical size of component comparing with size of abnormal 
component size different depth. The light sensitivity problem is solved using 
histogram equalization.  
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