
Sensors & Transducers, Vol. 171, Issue 5, May 2014, pp. 93-98 

 93

   
SSSeeennnsssooorrrsss &&& TTTrrraaannnsssddduuuccceeerrrsss

© 2014 by IFSA Publishing, S. L. 
http://www.sensorsportal.com 

 
 
 
 
 

Nighttime Motion Vehicle Detection Based on MILBoost 
 

1 Zhu Shao-Ping, 1, 2 Fan Xiao-Ping 
1 Department of Information Management, Hunan University of Finance and Economics,  

Changsha, 410205, China 
2 School of Information Science and Engineering, Central South University, Changsha 410075, China 

1 Tel.: 13787247056 
E-mail: zhushaoping_cz@163.com 

 
 

Received: 11 March 2014   /Accepted: 30 April 2014   /Published: 31 May 2014 
 
 
Abstract: This paper propose an effective approach for detecting and tracking moving vehicles in nighttime 
traffic scenes. Vehicles were detected automatically from video sequences at nighttime by constructing the 
MILBoost model. At first, we extract SIFT feature using SIFT feature extraction algorithm, which is used to 
characterize moving vehicles in nighttime. Then MILBoost model is used for the on-road detection of vehicles 
at nighttime. In order to improve the detection accuracy, the class label information was used for the learning of 
the MILBoost model. Final experiments were performed and evaluate the proposed method at nighttime under 
urban traffic condition, the experiment results show that the average detection accuracy is over  
98.17 %, which validates that the proposed vehicle detection approach is feasible and effective for the on-road 
detection of vehicles at nighttime and identification in various nighttime environments.  
Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 
 

In recent years, vision-based vehicle detection is 
of great scientific and practical importance in many 
related applications, such as self-guided vehicles, 
driver assistance systems, intelligent parking systems, 
or in the measurement of traffic parameters, which is 
like vehicle count, speed and flow. Due to the 
decreasing costs and increasing power of computers, 
vision-based vehicle detection technology plays an 
increasingly important role in traffic monitoring and 
intelligent transportation systems. However, the 
detection of vehicles based on video at daytime 
allows driver assistance systems to avoid collisions 
and improve safety, like the well known adaptive 
cruise control. But at nighttime, many video-based 
vehicle detection algorithms during daytime can't be 
used, because most state-of-the-art features cannot be 

measured, which are like shadows, symmetry and 
others. The on-road detection of vehicles at nighttime 
is very challenging for developing a robust and 
effective system of vision-based, because of the 
shadows of vehicles, variable illumination conditions 
and variable weather conditions. For example, the 
shadows of the moving vehicles may easily be 
regarded as a part of the vehicles in sunlight, which 
results in incorrect segmentation. At night, vehicle 
headlights and bad illumination may cause many 
difficulties for accurate vehicle detection.  

In this paper, we propose an effective approach 
for detecting and tracking moving vehicles in 
nighttime traffic scenes. The proposed algorithm, 
including SIFT feature extraction and MILBoost 
classifier detection. In the extracting feature, features 
of moving vehicle at nighttime are extracted by using 
SIFT feature extraction algorithm, which is used to 
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characterize moving vehicles in nighttime. Then 
MILBoost model is used for the on-road detection of 
vehicles at nighttime. In order to improve the 
detection accuracy, the class label information was 
used for the learning of the MILBoost model. Final 
experiments were performed and evaluate the 
proposed method at nighttime under urban traffic 
condition, the experiment results show that the 
proposed vehicle detection approach is feasible  
and effective for the on-road detection of vehicles  
at nighttime and identification in various  
nighttime environments. 

The rest of this paper is organized as follows. 
Section 2 gives a brief survey of some recent work on 
the moving vehicle detection. After reviewing related 
work, we describe SIFT feature extraction algorithm 
in section 3. Section 4 gives details of MILBoost 
algorithm for the moving vehicle detection at 
nighttime. Section 5 shows experiment result, also 
comparing our approach with two state-of-the-art 
methods, and the conclusions are given in the  
final section. 
 
 

2. Related Work 
 

Vehicle based on vision speed measurement 
(VSM) is one of the most convenient methods 
available in intelligent transportation systems. The 
on-road detection of vehicles at nighttime has 
become a hot spot. Tremendous amount of researches 
have been carried out in the field of automatic vehicle 
detection from video sequence. Matthews et al. [1] 
proposed two-stage vehicle detection and recognition 
algorithm by combining an image processing region 
of interest (ROI) designator to cue a secondary 
recognition process implemented using principal 
component analysis (PCA) as input to a Multi-
Layered Perceptron (MLP) classifier, which have 
been designed for real-time implementation and data-
fusion with other information sources. Tsai et al. [2] 
proposed a detecting vehicles approach by still 
images in 2007, which based on color and edge 
features. This approach can detect vehicles without 
motion information or slowly moving vehicles to be 
efficiently detected from image sequences. Vargas et 
al. and Toral et al. [3] used background subtraction to 
extract motion information from video sequences and 
detected moving vehicles. Wan et al. [4] proposed a 
novel algorithm to extract pair and track headlights 
using two thresholds in 2011. Zhang et al. [5] 
presented the based-analysis of the light attenuation 
model using a reflection intensity map and a 
suppressed reflection map in order to extract the 
headlights. The accuracy rate of headlight detection 
obtained 95.2 %, but the vehicle tracking rate was 
only 88.2 % in 2012. However, these methods did not 
consider vehicles ,which have not lights, only light, 
or all lights shielded by others, and did not fully 
consider the reflections of the headlights. 

A lot of work has been done in detecting the 
moving vehicle from both still images and video 

sequences. In this paper, we concentrated on 
detecting vehicles with MILBoost method. The 
proposed algorithm, including SIFT feature 
extraction and MILBoost classifier detection. First, 
pixels of the moving vehicle at nighttime are 
extracted from the captured image sequences by 
using the SIFT method. Second, the pixels of the 
moving vehicle are grouped and matched to obtain 
characteristics of the related components. The 
locations and sizes of the related components are 
used for the moving vehicle pairings. A related 
component of the moving vehicle composed of an 
instance and came into the same bag. Finally, the 
bags are classified by MILBoost method to detect 
vehicles. Experimental results show that our 
proposed approach can robustly and effectively 
detect the moving vehicles under complicated 
nighttime traffic conditions.   
 
 
3. SIFT Feature Extraction Algorithm  
 

Most of the features used for moving vehicles 
detection, such as color, shadows, edges and motion 
information, are difficult or impossible to extract in 
dark or nighttime situations. Hence, some feature 
extraction methods are inadequate in dark or 
nighttime traffic conditions. However, nighttime 
traffic conditions are complicated and chaotic, with 
many potential light sources, such as traffic lights, 
street lights and reflections from vehicle headlights. 
The on-road detection of vehicles at nighttime is a 
difficult problem. 

In image matching and retrieval, image feature 
extraction is an important technology. Image features 
can be divided into global features and local features. 
Global features mainly describe the statistic 
information of the whole image, and local features 
reflect the details of the structure and texture of local 
areas of the image [6]. Local features have a higher 
robustness and broader application [7]. The studies 
have shown that in the local features SIFT has the 
highest accuracy [8, 9, 10]. 

The methods based on SIFT have been applied to 
many various problems, such as image tagging [11], 
object classification [12], large-scale mobile visual 
search [13] and duplicated regions detection [14]. 
Although nighttime traffic conditions are complicated 
and chaotic, vehicle body are visible at nighttime due 
to traffic lights, street lights and reflections from 
vehicle headlights. We utilized SIFT algorithm to 
extract SIFT feature for the moving vehicle. The 
process of SIFT feature extraction is as follows:  

Step 1: finding extremes in multi-scale space, 
which is expressed as: 
 

( , , ) ( ( , , ) ( , , )) ( , )

( , , ) ( , , )

D x y H x y k H x y I x y

L x y k L x y

σ σ σ
σ σ
= − ∗

= −
, 

 
where ( , )I x y  is the input image, ( , , )L x y σ  is the 

image scale space, 
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− += , ( , , )H x y σ  is the 

Gaussian function of variable dimension. 
Step 2: locating the extremes and finding the 

corresponding key points and their positions and 
scales; 

Step 3: assigning direction parameters to each key 
point using the principal direction of the key point 
gradient in its neighbor as the characteristic direction 
to achieve scale and direction invariance for the 
descriptor, which is expressed as: 

 
2 2( , ) ( ( 1, ) ( 1, )) ( ( , 1) ( , 1))G x y L x y L x y L x y L x y= + − − + + − −  

( , ) arctan2( ( , 1) ( , 1)) / ( ( 1, ) ( 1, ))x y L x y L x y L x y L x yθ = + − − + − −  
 
Step 4: generating key points descriptor. Each 

feature point of 16×16 neighborhood is divided into 
16 sub regions, which the size of each sub region is 
4×4, calculate the gradient and the gradient histogram 
of each subdomain in eight directions and obtain the 
4×4×8 dimensions SIFT feature vector, which is a 
total of 128 dimensions, and normalize the feature 
vector.  

Although SIFT feature exaction has the highest 
accuracy, SIFT feature point descriptor with  
128 dimensions are generated with gradient of the 
key point in its neighbor. Therefore, it has a high 
computational complexity and serious consumption 
of the computing resources [15, 16]. To solve this 
issue, we proposed a new approach based on 
MILBoost to detect vehicle. 
 
 

4. Nighttime Motion Vehicle Detection 
Based on MILBoost 

 
Keeler, et al. [17] proposed originally the idea for 

the multiple instance learning for handwritten digit 
recognition in 1990. It was called Integrated 
Segmentation and Recognition (ISR), and it is the 
key idea to provide a different way in constituting 
training samples. Training samples are not singletons, 
at the same time they are in “bags”, where all of the 
samples in a bag share a label [18]; Samples are 
organized into positive bags of instances and negative 
bags of instances, which each bag may contain a 
number of instances [19]. At least one instance is 
positive (i.e. object) in a positive bag, while all 
instances are negative (i.e. non-object) in a negative 
bag. In MILBoost, learning must simultaneously 
learn which samples in the positive bags are positive 
along with the parameters of the classifier. MILBoost 
can learn which instances in the positive bags are 
positive, along with a binary classifier [20]. In this 
paper, MILBoost is employed for vehicle detection 
with non-aligned training samples. The MILBoost-
based vehicle detection proceeds as follows: 

Input: Given dataset 1{ , }N
i i iX y = , where iX  is 

training bags, 1 2{ , , , , , }i i i ij iNX x x x x=   , yi is the 

score of the sample, and {0,1}iy ∈ , N is the number 

of all weak classifiers. A positive bag contains at 
least one positive sample. 

Pick out K weak classifiers and consist of strong 
classifier. 

Update all N weak classifiers in the pool with  
data { , }ij ix y .  

Initialize all strong classifier: 0ijH =   for all i , j . 

for k=1 to K do 
for m=1 to N do 
We calculate the probability that the j-th sample is 

positive in the i-th bag as follow: 
 

 ( ( ))m
ij ij m ijP H h xσ= + , (1) 

 

where 
1

( )
1 exp( )

m
ij i ij

ij

P p y x
y

= =
+ −

. 

We calculate the probability that the bag is 
positive as follow: 
 

 1 (1 )m m
i ijj

P p= − −∏ , (2) 

 
where p( | )m

i i iP y X= . 

The likelihood assigned to a set of training  
bags is: 
 

 ( log( ) (1 ) log(1 ( )m m m
i i i ii

C y p y p= + − − , (3) 

 
Finding the maximum m* from N as the current 

optimal weak classifier as follow: 
 

 * arg min m
mm C= , (4) 

 
The m* come into the strong classifier: 

 
 

*( ) ( )k mh x h x← , (5) 
 

 ( )ij ij kH H h x= + , (6) 
 

Output: Strong classifier which consist of K weak 
classifiers as follow: 
 

 ( ) ( )kk
H x h x= , (7) 

 

where kh  is the weak classifier and can make binary 

predictions using ( ( ))Ksign H x . 

In MILBoost, samples come into positive bags of 
instances and negative bags of instances. Each 
instance xij is indexed with two indices, where i for 
the bag and j for the instance within the bag. All 
instances in a bag share a bag label yi. Weight of each 
sample composed of the weight of the bag and the 
weight of the sample in the bag. The quantity of the 
samples can be interpreted as a likelihood ratio, 
which some (at least one) instance is positive in a 
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bag. m
ijP  is the probability which some instance is 

positive. So the weight of samples in the bags is m
ijP . 

We calculate: 
log m

ij
ij

C
w

y

∂=
∂

, and get weight of the 

bags ijw . 

Training in the initial stages is the key to a fast 
and effective classifier. Training and evaluating has a 
direct impact on both the features selected and the 
appropriate thresholds selected. The result of the 
MILBoost learning process is not only a sample 
classifier but also weights of the samples. The 
samples have high score in positive bags which are 
assigned high weight. The final classifier labels these 
samples to be positive. The remaining samples have a 
low score in the positive bags, which are assigned a 
low weight. The final classifier classifies these 
samples as negative samples that as they should be. 
We train a complete MILBoost classifier and set the 
detection threshold to achieve the desired false 
positive rates and false negative rates. Retrain the 
initial weak classifier so that a zero false negative 
rate obtains on the samples, which labeled positive by 
the full classifier. This results in a significant increase 
in many samples to be pruned by the classifier. 
Repeating the process so that the second classifier is 
trained to yield a zero false negative rate on the 
remaining samples. 

For the task of nighttime moving vehicle 
detection, our goal is to classify a new moving 
vehicle image to a specific moving vehicle class. 
During the inference stage, given a testing moving 
vehicle image, we can treat each aspect in the 
MILBoosted model as one class of moving vehicle. 
For moving vehicle detection with large amount of 
training data, this would result in long training time. 
In this paper, we adopt a supervised Algorithm to 
train MILBoost model. The supervised training 
algorithm not only makes the training more efficient, 
but also improves the overall detection accuracy 
significantly. Each image has class label information 
in the training images, which is important for the 
classification task. Here, we make use of this class 
label information in the training images for the 
learning of the MILBoost model, since each image 
directly corresponds to a certain nighttime moving 
vehicle class on train sets.  
 
 
5. Experimental Results and Analysis 
 

The performance of the proposed algorithm was 
verified by using C++ and Matlab hybrid 
implementation on a PC with Pentium 3.2 GHz 
processor and 3G RAM. We captured nighttime 
traffic videos at night, for different traffic conditions, 
different weather conditions and under different 
lighting conditions by using Charge Coupled Device 
(CCD) cameras, which of the frames per second (fsp) 
was 25 fsp and the resolution of each video was 

720×576 pixels. Fig. 1 (a) shows typical samples of 
nighttime traffic scenes. Our proposed algorithm can 
process 64 fsp and effectively satisfy the demands of 
real-time processing. The detection effect 
corresponding to the typical samples are shown  
in Fig. 1 (b). 
 
 

 
 

Fig. 1 (a). typical samples of nighttime traffic scenes; 
(b) the detection effect corresponding  

to the typical samples. 
 
 

To objectively evaluate the performance of the 
proposed algorithm, we use three different videos in 
nighttime typical traffic scenes, which are displayed  
in Table 1.  
 
 

Table 1. Videos in nighttime typical traffic scenes. 
 

Videos 

Video 
time 
span 
(min) 

Weather 
conditions, 

lighting 
conditions 

Traffic 
conditions 

Number 
of 

vehicles 

1 5 

good 
weather, 
street 
lamps 

smooth 150 

2 7 
rain, street 
lamp 

smooth 180 

3 18 
rain, street 
lamps 

crowded 640 

 
 

We compared the real number of vehicles against 
the number of vehicles detected in nighttime typical 
traffic scenes. The experimental results 
corresponding to the typical samples are shown  
in Table 2.  
 
 

Table 2. Experimental data of our algorithm. 
 

Videos 
Manual 
count of 
vehicles 

Algorithm 
count of 
vehicles 

Accuracy 
(%) 

1 145 148 98.7 
2 168 177 98.3 
3 612 624 97.5 

 

To examine the accuracy of our proposed vehicle 
detection approach, we compare our method to the 
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method of Wan et al. [3] in 2011 and the method of 
Zhang et al. [4] in 2012 using the same data and the 
same experimental settings. The comparative results 
of nighttime vehicle detection are shown in Fig. 2. 
 
 

 
 

Fig. 2. Comparison of recognition accuracy  
for three methods. 

 
 

As Fig. 2 shows, our method improves the 
detection accuracies. It achieves 98.17 % average 
detection rate, whereas “the method of Wan et al. in 
2011” obtain 95.38 %, and “the method of Zhang et 
al. in 2012” gets 94.74 %. Fig. 2 shows that the 
method of Zhang et al. in 2012 and the method of 
Wan et al. in 2011 do not perform as well as our 
proposed method. Our proposed method can provide 
better vehicle detection performance for nighttime 
traffic surveillance than other exiting methods.  
The experimental and comparative results can 
demonstrate that our proposed algorithm can  
quickly, effectively and robustly detect vehicles in 
different nighttime traffic environments, such as 
reflections on the road and street lamps, interfere 
with vehicle detection.  
 
 
6. Conclusions  
 

Moving vehicle detection can provide significant 
advantage in self-guided vehicles, driver assistance 
systems, intelligent parking systems, Intelligent 
Transportation Systems (ITS), or in the measurement 
of traffic parameters. In this paper, we present a 
novel method to detect the moving vehicle. The main 
contribution can be concluded as follows: Vehicle 

1) SIFT method was used for extracting moving 
vehicle SIFT features. SIFT is an excellent descriptor 
of features in images and is one of the optimal 
options for feature-based mage registration. 

2) MILBoost model was used for nighttime 
moving vehicle detection. In addition, in order to 
improve the detection accuracy, the class label 
information was used for the learning of the 
MILBoost model. 

3) Experiments were performed and evaluated the 
proposed method. Experimental results reveal that the 
proposed method performs better than previous ones 
in comparison with state-of-the-art methods and  
can detect the vehicle robustly in complicated  
traffic scene. 
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