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Abstract - Sudden crossing by pedestrians at zebra crossings presents a major problem regarding collisions with vehicles. In the 
project reported in this paper we aimed to identify such sudden crossings during the evening in order to develop an advanced system 
for driver assistance using a Far-InfraRed (FIR) camera mounted at the front of the vehicle’s rooftop. For consistent handling, first 
optimal levels of image scaling were chosen. Second, we proposed a strategy to recognise the virtual reference lines related to street 
division without using shading data, and these lines were changed in accordance with the vehicle’s turning path. Then we used 
background subtraction method to detect pedestrians. The tracking of a pedestrian suddenly crossing the road was carried out by 
using a combination of the Scale-Invariant Feature Transform (SIFT) and Kalman filtering, which were effectively applied for the 
proposed method. The results demonstrated that the proposed method improved the speed of the detection system with minimal 
degradation of the accuracy of the detection. 
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I. INTRODUCTION 
 
Pedestrian detection has gained significant attention in 

recent decades due to the extensive application of driving 
assistance and self-driving systems with video surveillance 
[1, 2]. Pedestrians with a height less than 30 pixels are 
regarded as being low resolution, which results in difficulty 
in detection. Moreover, pedestrians are usually distant from 
the camera when using outdoor video surveillance, which 
causes the samples to be small and the resolution to be low 
[3, 4]. When driving assistance is applied, small pedestrians 
can be detected, and the response time is sufficient. In the 
efficiency of the detection, the scale of pedestrians can be a 
major factor. Therefore, the performance of the majority of 
pedestrian detectors would decrease when the used data sets 
were of low resolution [5-7]. 

In this paper, there were two challenging factors that 
caused pedestrian footage to be small and difficult to detect. 
Firstly, camera technology had developed rapidly in the last 
decade. For example, a smartphone; such as, an iPhone could 
capture 12 megapixels, and the quality of the images was 
comparable to those taken by professional digital cameras. 
However, when compared to a smartphone camera, general 
traffic cameras still operated at a moderate level of image 
resolution and pedestrians in the traffic security videos 
appeared small. The main reason for this was that many 
CCTV cameras were installed decades ago. Therefore, the 
video quality of the older CCTV cameras may not be equal 
to the video quality of the newly installed traffic cameras. 
Another reason was that most traffic cameras were designed 
to monitor the flow of vehicles. In general, traffic cameras 
with a resolution of 352 x 240 are adequate for counting the 
number of vehicles and detecting their appearance. However, 

the resolution of this type of camera may not be sufficient to 
detect pedestrians.   

 

 
Figure 1. A dangerous situation for pedestrians. 

  
Secondly, the analysis of crossing traffic could be 

complicated, as most studies only had indicators to analyse 
simple traffic scenes; such as, crossing a zebra crossing or a 
single-lane road. In Figure 1, there is a person crossing. There 
is only a single path for their movement, which is limited to 
the zebra crossing, and the pedestrian is not obscured by 
other objects, as there are no traffic lights. On the other hand, 
Figure 2 shows a crowded traffic scene where pedestrians are 
crossing a two-lane road and vehicles are driving through the 
same area. Some pedestrians are obstructed by other 
pedestrians or street light poles. Therefore, those pedestrians 
could not be detected, and although it is possible, there would 
be complexities in counting multiple walkers in traffic scenes 
like in Figure 2.  

For more than 10 years, a major area of research and 
development has been computer vision for safety in vehicles. 
The effective machine learning methods for the recognition 
and detection of objects have included deep learning 
strategies [3-6]. These methods differ from conventional 
ones, as features from the raw image pixels of the input 
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images or real-time video are learned quickly and 
automatically without employing approaches; such as, HOG, 
SIFT, and SURF [7-8].  

 

 
Figure 2. A crowded traffic scene including pedestrians and vehicles. 

 
 

In addition, the use of Convolutional Neural Networks 
(CNNs) for deep learning have been highly effective for job 
classification as well as the improvement of inspection work 
with enhanced architecture and decreased negative data [9]. 
In recent research utilising CNNs, it was demonstrated that 
they were quite useful for situations involving highway 
driving [10]. ImageNet's classification work, which has been 
challenged in numerous categories, has also shown the 
successful application of this method. During the past few 
years, the perceived efficiency of CNNs has involved 
classifiers using the technique of general feature extraction 
[11, 12]. Recent studies on semantic segmentation with CNN 
were conducted as a profound segmentation approach using 
deep learning [13]. Utilisation of the full artificial neural 
network was another technique, which was described step-
by-step [14]. This introduced the concept of applying the 
network for “reshaping” with the objective of the sampling 
and prediction of the pixels. Having newly developed 
hardware sensors, this system was able to detect objects 
within an area with the highest level of accuracy. However, 
the primary engineering challenge to the design of this 
system has involved the cost, as it is presently significantly 
expensive. Furthermore, the more technologically advanced 
vehicles that would be equipped with the latest equipment 
would require a processor that could consume a much higher 
rate of power, as well as an extremely powerful graphics 
processor for the processing of the data and images provided 
by the sensors to perform the detection of pedestrians. One 
main area in which pedestrian detection and computer vision 
is required is traffic surveillance. The cameras installed on 
traffic lights or in police cars that are used for pedestrian 
detection can also identify the areas that are crowded so that 
traffic on that route can be reduced or caution can be 
exercised. 

Earlier studies on this topic used a template matching 
method for the detection and tracking of pedestrians. In this 
paper, a combination of a Kalman filter and Scale-Invariant 
Feature Transform (SIFT) for pedestrian detection using 
inexpensive cameras with a normal resolution that could be 
processed more quickly were used. 

 
II. OVERVIEW 

 
A. Background Subtraction Algorithm 

 
In this paper, the background subtraction algorithm [15, 

16] consisted of two steps: the creation of the background 
model and the background improvement. Almost all 
background removal algorithms collected image frames and 
used those images to create a background model. The 
algorithm then extracted the pedestrians in the foreground 
using the background model, which was continuously 
updated. However, the proposed method did not require a 
collection process to create a background model. The method 
proposed by the authors would improve the background 
model and extract the pedestrians in the foreground of every 
frame. On the other hand, the background model was created 
from the first frame and modified with the same process. 
Over time, this method was adapted to the environment and 
extracted pedestrians in the foreground more precisely. The 
proposed method used the minimum distance between the 
current image and the background model to obtain the 
pedestrian in the foreground, and the smallest distance 
average was used to adjust the extraction of the objects. The 
pedestrian in the foreground could be obtained by the 
following steps. Firstly, the nearest  value was calculated 
from each new imported image for each pixel. Here, 	was 
the centre of the histogram of the background, which had a 

probability greater than	 	; then, the smallest distance 

between 	and the new imported data was calculated for 
each pixel in each dimension as follows: 

 

∀ , ̂ 1/  (1) 
 

 The pedestrian in the foreground could be obtained by 
comparing  and 	as follows: 
 
 

	 ∑ | |/ 1 , ∑

, 1, , 1 , | |
, 1,2,3

, 0, , 1 , | |
, 1,2,3

             (2) 

 
where  is the result of extracting the foreground 
pedestrian or the moving pedestrian.  equal to 1 denotes 
the pedestrian in the foreground, while  equal to 0 refers 
to the background in Equation 2. The first line, ,  is the 
mean value of the absolute value of  at time t, which 
initially has a value of 1 and would be adjusted. Any value 
can be chosen as the default value of , 		because the 
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algorithm would automatically find the appropriate value 
when updating	 , . The W variable is the weight control 
of the speed of adaptation to the environment. If  was large, 
the algorithm could adapt to the environment and reduce any 
noise. However, if  was too large, the algorithm would 
calculate the pedestrian in the foreground as being in the 
incorrect area of the background instead. Here, W was in the 
range 0.1 to 0.3, and γ was the weight for the threshold.  
was 0.1 and γ was 1. We divided ,  by 

, 	,	where , 	was the average of the absolute 
values of all , 	, and added one more ,  to 
avoid deviations when  was divided by , . 

 
 
B. Scale-Invariant Feature Transform (SIFT) 

 
The use of the SIFT algorithm [17] was proposed to 

exclude any unresolved features for the rotation, resizing, and 
some changes to the brightness and images to match the 
different perspectives of the object or scene. The steps for 
separating the SIFT feature were as follows: firstly, the large 
values at different levels of the image were detected to be the 
main option. The second training set, Taylor and Hessian, 
was used to define three key points that were stable. The level 
of the slope was assigned to the keypad using the pixels. The 
first step in detecting a key was to specify the scale and the 
position that were able to be reassigned within various views 
of a single object. The size of the image was defined as a 
function derived from the fluctuation of the Gaussian 
function, which was a variable that had an input format. For 
the effective positioning of the important points, the authors 
used the extrema of the space size in the Gaussian persuasion 
function with the images and calculated the differences using 
two similar scales that were separated with the constant 
factor K, as shown in Equation 3: 

 
, , , , , , , , , , , 	        (3) 

  

A close approximation to the scale-normalized Laplacian 
of Gaussian  was provided by the difference of 
the Gaussian function [18]: 
 

, , , , ,            (4) 
 
where σ is the scale of blurring: 
 

                 , , 	                          (5) 

 
To find the local extrema [19] (maxima or minima) 
, ,  of each sample point, this would require 

comparing the current image having eight neighbours, and 
the top and bottom levels having nine neighbours (Figure 3). 
The extrema would be selected only if the current pixel was 
larger or smaller than the remaining pixels; otherwise, it 
should be eliminated. The position of the key point was 

determined to filter out the key points that were sensitive to 
noise or did not affect the margin in the reference process 
[20]. According to the Taylor vector, the rectangle with 
extreme intensity could be removed. The values of the 
Hessian vector and the ratios of the determinants could be 
reduced. After determining the location and size of the key, 
the next step was to set the direction of the key point, which 
could indicate the variability of the rotation. The key point 
alignment was based on neighbourhood information. For 
each extreme point, the gradient of , 	and orientation 

,  was calculated in this level: 
 

, 	 1, 1 , , 1 , 1 	 (6) 
 
 

, , ,

, ,
	                        (7)  

 
 

 
Figure 3. Difference scales of the blurred images and calculation of DoG 

images [17]. 
 

 
Figure 4. ’X’ indicates the sample point location [17]. 

 
 

C. Kalman Filter 
  

It was necessary to track the pedestrians in order to 
monitor their movement between the frames in real time. 
Monitoring involved two steps; namely, prediction and 
matching. In the prediction step, the search area in the next 
frame, in which pedestrians may be seen, was determined. 
The search window for each of the pedestrians was defined 
with a zero value on the projected centroid. Additionally, 
there was an area that was adapted to the size of the 
measurement error in the Kalman model. In the process of 
matching, the relevant pedestrians were identified within this 
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projected area. The vector feature of the pedestrian crossing 
that was detected in the search window was compared to the 
integrated template. If it matched the relationship between 
the pedestrians in the two frames, a continuous frame was 
recorded. 

The Kalman filter method was used to predict the position 
of the pedestrians crossing in the next frame. This model was 
used to reduce the time needed for performing searches. The 
Kalman filter comprised the system status and measurement 
models as shown in Equations 8 and 9. 
 

             . 1 .             (8) 
 

                       .                         (9) 
 

 is a vector with size n,  is a measurement vector 
with size m,  is a control vector, and  and  are state 
transition and measurement metrics.  and  are random 
variables representing the processes and measurement of 
noise. Thus, the expression of the Kalman state equation and 
observation model would be as follows: 

 

1	0	 	0
0	1	0	
0	0	1	0
0	0	0	1

        (10) 

 

1	0	0	0
0	1	0	0

1
1

              (11) 

 
Based on the principle of the Kalman filter, the position 

of the pedestrian movement in the subsequent frames could 
be predicted using the known speed and direction of their 
motion. Therefore, the pedestrians were detected in a limited 
area based on the data derived from the previous frame rather 
than the entire image in order to minimise the range of the 
search by which the detection time for each frame was 
reduced. As a result, actual tracking in the real-time video 
would be generally possible. Simultaneously, the results of 
the tracking would become more accurate because the 
measurement of the movement speed would be constantly 
improved. In some situations, several special problems could 
also be solved by the introduction of the Kalman filter. In 
summary, using the Kalman filter could reduce the time 
needed for detection, improve pedestrian detection, the 
accuracy of the tracking in real-time monitoring with a 
general video, and provide solutions to special problems. 

 

 
Figure 5. Framework of the Kalman filter. 

 
 

III. THE ALGORITHM USING A COMBINED METHOD 
 

The objective of the combined method involved the 
concentration of the benefits offered by the classic methods 
utilised in tracking objects in video and their application in 
practical usage. The process of the combined method 
included analysis of the objects’ features and the choice of 
one or more techniques based on the demands and the 
characteristics of the tracking methods. It would also be 
possible to describe each part of the combined method using 
algorithms and models, which are explained in this part. The 
flow chart (Figure 6) illustrates the algorithm, which could 
be summarised as follows:  

   
(1) Firstly, a region of interest in the first frame was 

selected as a reference object model. The estimation of the 
probability distribution function (PDF) of this reference 
model, which is a m-bin colour histogram g_u in a 
rectangular (or ellipsed) region centred at y_0 and window 
size h, described the model. 

  
(2) The SIFT and RANSAC methods were implemented 

in the subsequent frame. When numerous corresponding 
points between a candidate region and the reference object 
region were present, the RANSAC method was applied to 
estimate an affine matrix. After identifying the rectangle 
model’s four corners in the first frame, the location of the 
previous four corners was transformed to a new one through 
use of the affine matrix by finding the average of the new 
positions, which led to a new centre point affine_SIFT. When 
a sufficient number of pairs of matched points located in the 
second frame was not present, these positions were simply 
averaged in order to obtain the affine_SIFT. The colour 
histogram φ_u (affine_SIFT) described the SIFT candidate 
region centred at the affine_SIFT. 

  
(3) The Kalman filter was applied to the new frame in 

parallel. A new centre position of the Kalman filter, 
affine_kalman, and the corresponding colour histogram φ_u 
(affine_kalman) was calculated. 
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 (4) A comparison was conducted of these two 
Bhattacharyya coefficients from the regions having centres 
that were derived from the mean shift and SIFT, respectively, 
as follows: 

 
	∑ _         (12) 

 
 

	∑ _      (13) 
  
(5) For the new box centre y1 in the current frame, the 

bounding box centre that was associated with a large 
Bhattacharyya coefficient was chosen: 
 

1
1_ 	, 	 	
1_ , : 	        (14) 

  
(6) When the coefficient was greater than the threshold 

that was previously specified by the application requirements 
(that is, φ≥T), then the target in the current frame was not 
occluded as assumed. For the SIFT matching process in the 
subsequent frames, an update of the region of interest was 
performed. Thus, the flow chart of the combined method 
progress presented in this study could be depicted as follows: 

 

 
Figure 6. The flow chart of the combined method. 

 
 
 
 
 

IV. EXPERIMENTAL RESULTS AND ANALYSIS 
 

The experimental environment consisted of Windows 
XP2 and MATLAB 2016a. The first 320 x 240 test kits 
compared the matching detection and the speed of the dots 
between the updated SIFT algorithms. In order to ensure the 
validity of the method’s performance based on the SIFT and 
Kalman filter algorithms on the corrected images, a contrast 
experiment was designed to compare the performance of the 
pedestrian tracking on the corrected images, which were 
regarded as the experiment group and the original images that 
were the test group.  

The authors’ pedestrian tracker was evaluated by 
conducting a comparison of its performance with the SIFT 
and SURF algorithms. The results of this comparison can be 
seen in Table 1. Testing using different challenges was 
carried out with the authors’ pedestrian tracker, which 
generally demonstrated satisfactory outcomes. The results 
provided by the pedestrian algorithm of this study proved to 
be more successful than the others. An experiment was also 
conducted to validate the reliability of the pedestrian 
detection on the zebra crossing with the SIFT and Kalman 
filter. The experiment was divided into the evaluation metrics 
of the correct calculation that are shown in Equation 15, 
measurement of the recall depicted in Equation 16, and the 
precision as described in Equation 17. 

 

 	
_ _ _

	             (15) 

 

                      (16) 

 

                      (17) 

 
TP is the true positive as the number of detected 

pedestrians, FN is the false negative as the number of 
undetected pedestrians, and FP is the false positive as the 
number of detected pedestrians.  

Table I shows the performance of each of the algorithms 
that was measured for recall and precision. Table II shows 
the speed of each method. Table III shows the accuracy of 
each algorithm using Equation 13. Finally, Table IV shows 
the comparison of the results of the SIFT + Kalman filter with 
other studies regarding recall and precision. 

 
TABLE I. THE PERFORMANCE OF EACH ALGORITHM. 

Algorithm Recall 

SIFT 87.3 

SURF 79.5 

Proposed (SIFT + Kalman filter) 89.8 
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TABLE II. COMPARISON OF THE SPEED OF THE PROPOSED 
METHOD WITH TWO OTHER METHODS. 

Algorithm Speed (s) 
SIFT 52 
SURF 86 

 

 
Figure 7. Tracking results for the proposed method. 

 
 
 
 
 
 
 
 

TABLE III. COMPARISON OF THE ACCURACY OF THE PROPOSED 
METHOD WITH TWO OTHER METHODS. 

Algorithm Accuracy (%)
SIFT 87 
SURF 83 

Proposed (SIFT + Kalman 
filter) 

92 

 
TABLE IV. COMPARISON OF THE RESULTS OF THE SIFT + 

KALMAN FILTER WITH ANOTHER STUDY WITH RECALL AND 
PRECISION 

Algorithm Accuracy (%) 
Haar-based Cascade Classifiers [21] 90 

Proposed (SIFT + Kalman filter) 92 
 

 
Figure 8. Tracking results for the SIFT method. 
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V. CONCLUSIONS 
 
The detection and tracking of pedestrians crossing streets 

is important for vehicle drivers in terms of safety. This is a 
very challenging problem compared to the detection and 
tracking of vehicles using many types of technologies that 
have been developed recently. In this study, a simple 
algorithm was developed that was effective for the purpose 
of detecting and tracking pedestrians with a combination of 
the SIFT and Kalman filtering. The system was evaluated for 
the first time by a system of mixed testing using MATLAB 
and was shown to be able to perform well. Following this, 
real-world video data collected from two testing sites were 
used to assess the performance under the conditions of a real 
environment. The overall pedestrian zebra crossing tracking 
rate of the proposed method was 92%. In the future, the 
authors will develop an algorithm that is more efficient and 
requires less time than currently achieved. 
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