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In this paper, a novel vision-based nighttime vehicle 
detection approach is presented, combining state 
machines and downhill simplex optimization. In the 
proposed approach, vehicle detection is modeled as a 
sequential state transition problem; that is, vehicle arrival, 
moving, and departure at a chosen detection area. More 
specifically, the number of bright pixels and their 
differences, in a chosen area of interest, are calculated and 
fed into the proposed state machine to detect vehicles. 
After a vehicle is detected, the location of the headlights is 
determined using the downhill simplex method. In the 
proposed optimization process, various headlights were 
evaluated for possible headlight positions on the detected 
vehicles; allowing for an optimal headlight position to be 
located. Simulation results were provided to show the 
robustness of the proposed approach for nighttime vehicle 
and headlight detection. 
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I. Introduction 

Vision-based vehicle detection systems have been used for 
various applications such as intelligent vehicles, driver 
assistance systems [1], [2], autonomous vehicles [3]–[5], traffic  
monitoring systems [6]–[8], traffic-signal control systems [9], 
[10], and so on.  

In-vehicle cameras are used to detect nearby vehicles, 
estimate the speed of vehicles, and recognize accidents on the 
road; thus, providing information to drivers to facilitate 
collision avoidance and safe driving. In addition, cameras are 
installed along the road to monitor highways and to estimate 
the speed of vehicles, traffic volume, and congestion.  

In addition to cameras, various sensors have been used in the 
development of vehicle detection and traffic monitoring 
systems. The most popular vehicle detection and speed 
measurement sensor is the loop detector [11]. Others include 
radar [12], laser [13], and magnetic sensors [14], [15]. The 
disadvantage of deploying a loop detector system on the road is 
that traffic flow is interrupted during installation and  

 

 

Fig. 1. Examples of traffic scenes captured by highway 
monitoring systems: (a) daytime video and (b) 
nighttime video. 

(a) (b) 
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maintenance. On the contrary, vision-based vehicle detection 
and monitoring systems can be installed without traffic 
interruption, and visual information can be applied in many 
areas, providing live video of traffic and road conditions to 
drivers and travelers. 

Vision-based vehicle detection is a challenging problem, 
because the shape and color of vehicles varies widely, and 
lighting conditions change dynamically at night with the onset 
of sunset, the introduction of shadows, and so on [16]–[23]. 
Figure 1 shows typical examples of daytime and nighttime 
traffic scenes taken from highway monitoring systems. 

As shown in Fig. 1(b), vehicle detection at night is difficult 
due to poor illumination conditions. For instance, headlights 
from surrounding vehicles affect the performance of 
conventional vehicle detection systems. Previous studies on 
vision-based vehicle detection systems are summarized in 
Table 1. The background image provides the critical 
information for tracking an object, and headlights are a salient 
feature for nighttime vehicle detection. In addition, a classifier-
based approach is the most popular for object detection and 
recognition. Thus, in this paper, vision-based vehicle detection 
approaches are grouped into three classes. The first class 
exploits the background information of a traffic video. Moving 
vehicles are extracted from the current frame by background 
subtraction [16]–[19]. In [16], background subtraction was  
 

used to extract a moving vehicle, and vehicle tracking was 
performed to overcome occlusion and false detection problems. 
The disadvantage of the background subtraction–based method 
is that background images are sensitive to shadow and lighting 
conditions. The second class is based on specific features of 
vehicles such as color, shape, headlights, and so on [20], [21]. 
Objects are segmented out using chosen vehicle features, and 
headlights are modeled and tracked to locate vehicles at night. 
In [21], a blob filter and a hypothesis verification step were 
proposed to locate headlights, exploiting their shape and size. 
The third class uses classifiers such as PCA, SVM, and 
Adaboost. In [22], a two-layer vehicle detection system were 
presented, in which headlights were detected using shape 
information and the Adaboost algorithm, which was applied to 
detect the frontal part of a vehicle. A wavelet transform 
followed by PCA was proposed to detect vehicles by [23].  

In this paper, a novel state machine–based vehicle detection 
approach is presented, especially for nighttime video in which 
headlights cannot easily be segmented out. At a chosen 
location on the road, vehicle detection is considered as a 
sequential process of state transition; that is, “no vehicle,” 
“vehicle arrival,” “vehicle moving,” and “vehicle departure.” 
More specifically, vehicle detection is modeled as a state 
transition problem; that is, a vehicle arrives at a chosen region 
of the road, then the vehicle moves forward, and lastly, the  
 

Table 1. A summary of previous vision-based vehicle detection approaches. 

Group Basic idea Features Approaches Strong points 

Background subtraction [16], [17] 
Color information, 

trajectories      
of moving objects 

Using color information to build background image 
and checking trajectories            

to avoid occlusion and false detection 

More robust than using 
B&W background 

image 

Shadow removal and background 
subtraction [18] 

Lane information, vehicle 
size and linearity 

After lane is detected, line-based shadow elimination 
and Kalman filter–based vehicle tracking is used 

Robust to shadow  
and occlusion 

1 

Sub-block statistics of an object is 
different from the background [19] 

Contrast difference of sub-
blocks between frames

Detecting moving objects in sub-block levels and 
combining them to detect moving objects 

Suitable for detecting 
various types of objects

Headlights detection is a key for 
vehicle detection [20] 

Shape and distance 
between left and right 

headlights 

Headlight segmentation followed by  

headlight pattern analysis for vehicle detection 

Fast and effective  
for nighttime    

vehicle detection 
2 

Headlights are the brightest objects 
with circular shape [21] 

Shape, color, and 
movements of headlights

Perspective blob filter is used to detect possible 
headlights and hypothesis verification step 

is followed for headlight pair detection 

Able to detect 
headlights and taillights 

at dusk and night 

Adaboost algorithm and two-layer 
vehicle detection [22] 

Haar features and the 
shape of headlights 

Locating possible headlights using shape analysis  
and adopting Adaboost framework        

for vehicle-front recognition 

Robust by adopting 
classifiers in  

the second layer 3 

PCA-based vehicle detection [23] Wavelet transform 
Wavelet transform is adopted to extract features   

and PCA is used to detect vehicles 
Applicable     

to static images 

Proposed 
approach 

Modeling vehicle detection as a 
sequential process of state transition 
and headlight detection as a downhill 

simplex optimization 

Number of bright pixels 
and their difference 

Monitoring statistics of a chosen region of the road 
and deciding state of a vehicle detection system,   

that is, vehicle arrival, moving, and departure 

Simple and easy   
for implementation 
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vehicle moves out from the chosen region. The contribution of 
the proposed approach can be summarized as follows. First, we 
propose a state machine–based framework for a vision-based 
vehicle detection system. We also propose a two-stage vehicle 
detection approach consisting of a vehicle detection stage and a 
headlight-location verification stage. Secondly, the number of 
bright pixels and their differences in a chosen area are used as 
features of the proposed state machine for nighttime vehicle 
detection. Thirdly, the downhill simplex optimization technique 
is adopted for accurate headlight detection, designing a 
headlight-detection mask and a cost function to find an optimal 
headlight position.  

II. Proposed Vehicle Detection Approach  

The overview of the proposed state machine–based vehicle 
detection method and an optimization approach for headlight 
detection, is shown in Fig. 2.  

From nighttime video, lighting objects are extracted through 
a dynamic thresholding operation [24]. Then, the number of 
bright pixels inside a selected area of interest (AOI) and their 
differences are used as input data for the proposed state 
machine. Lastly, the downhill simplex optimization approach is 
applied for headlight detection. The proposed approach is 
based on the following analysis of bright pixels.  

1. Analysis for Bright Objects 

Nighttime vehicle detection is quite different from daytime 
vehicle detection, because the lighting conditions at night are so 
different from conditions during the day. In the daytime, 
vehicles can be easily extracted from a background image. For 
instance, a vehicle detected from a daytime video is marked in 
the rectangular box in Fig. 3(c). However, in nighttime video, 
vehicles cannot be easily extracted from input video. As shown 
in Fig. 3(f), the foreground image includes noise due to 
headlights of surrounding vehicles.  

In this paper, the signal obtained from lighting objects in a 
selected region is analyzed for nighttime vehicle detection. 
Because lighting objects are the most salient features of 
moving vehicles in nighttime video, a signal pattern of lighting 
objects in a chosen AOI in Fig. 4, is analyzed. Consider the 
three-lane road shown in Fig. 4. A vehicle passes through an 
AOI with size W × H marked by the blue rectangle. It is clear 
that monitored signals inside the AOI have different data 
patterns as the vehicle passes through the AOI. To model the 
vehicle movement, the number of bright pixels is counted and 
averaged for the chosen AOI using (1); that is, r(n) = 255 and 
r(n) = 0, indicate that the whole area inside the AOI at frame n 
is filled with bright pixels and that no bright pixel exists in the  

 

Fig. 2. Overview of proposed vehicle and headlight detection 
system. 

Nighttime video 

Lighting object extraction 

Calculating the number of 
lighting pixels in an AOI, r(t) 

Calculating its first derivative  
D(t) = r(t) – r(t–1) 

State machine  
for vehicle detection 

Vehicle detection results 

Downhill simplex optimization  
for headlights detection 

 
 

  

Fig. 3. Examples of daytime and nighttime vehicle detection: (a)
daytime input video; (b) background image of (a); (c)
foreground image (a)-(b) and a detected vehicle marked
by a yellow rectangle; (d) nighttime input video; (e)
corresponding background image of (d); and (f)
foreground image (d)-(e) with noise due to headlights. 

(a) (b) (c) 

(d) (e) (f) 
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where H and W denote the height and width of an AOI, and Ln 

(i, j) denotes the lighting objects inside the AOI. For lighting 
object Ln (i, j) extraction, a dynamic thresholding approach is 
used to take into account various illumination conditions. If a 
luminance value In (i, j) is higher than a chosen threshold then 
Ln (i, j) = 255; otherwise Ln (i, j) = 0 (Please refer to [24] for 
detailed information). A typical signal r(n) of a nighttime 
vehicle is shown in Fig. 5.  

There are two peak values; one is for reflected headlights on 
the road and the other is from the headlights themselves. The 
reflected headlights region has two sub regions: HR1 and HR2.  
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Fig. 4. Overview of vehicle detection by monitoring a sequential 
state transition inside an AOI. Red line indicates lane 
information, and blue rectangle denotes an AOI for right-
most lane. 
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Fig. 5. A typical signal r(n) of a vehicle in a nighttime video. It 
shows the pattern of headlights inside an AOI as the
vehicle passes through. 

Headlights 
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Frame no.
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The value of r(n) increases in the region HR2 and decreases in 
the region HR1 as a vehicle approaches the AOI. The proposed 
algorithm is designed to detect a vehicle by locating the region 
HR1 in Fig. 5 and the location of headlights. 

2. State Machine for Nighttime Vehicle Detection 

A state machine is a well-known mathematical model for 
designing a system with a finite number of states. In [25] and 
[26], vehicle detection systems using a state-machine approach 
were proposed. They used a magnetic sensor to build a sensor 
node and implemented a vehicle-detection algorithm based on 
a state machine, which is simple and fast for deployment in a 
sensor node. In this paper, the state-machine approach is  

 

Fig. 6. State diagram of proposed state machine for vehicle 
detection. 
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applied to vision-based vehicle detection problems. Figure 6 
shows the diagram of the proposed state machine for vision-
based vehicle detection. A detailed explanation of the proposed 
state machine may be summarized as follows: 
 State S1 is “Calculating r(n).” It checks how much of a 

chosen AOI is filled with lighting objects at frame n. If r(n) is 
lower than a chosen threshold THv, it stays at state S1, which 
means no vehicle is present. The maximum value of r(n) is 255, 
and the minimum value of r(n) is 0 due to a normalization 
process as described in (1). If r(n) is higher than THv, it jumps 
to the next state, S2.  
 State S2 is for “Count the number of r(n) > THv.” If a 

vehicle comes closer to the AOI, the value of r(n) increases and 
is continuously higher than the threshold THv. In other words, 
the number of r(n) that are higher than the threshold THv will 
be counted. Then, it jumps to state S3, as r(n) is above the 
threshold continuously more than NA times. However, if r(n) is 
lower than THv, it moves to state S4. 
 In State S3, the difference of r(n) is calculated; that is,  

d(n) = r(n) – r(n–1), which is designed to detect the point at 
which the amount of headlight reflection is decreased, as 
shown in Fig. 5. If the difference d(n) is negative, it jumps to 
state S5.  
 In state S4, the state of r(n) is checked. If r(n) is lower than 

the threshold continuously, it moves back to state S1, or it 
jumps back to state S2 if r(n) is higher than THv again. State S4 
is for taking care of noise due to headlights from vehicles in the 
next lane.  
 In state S5, it is determined that a vehicle is detected if d[n] 

is negative continuously more than ND times. 

3. Downhill Simplex Algorithm for Headlights Detection 

Downhill simplex is an optimization technique that is based  
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Fig. 7. Examples of headlights to be located by downhill simplex 
optimization. 

 
on a simplex and does not require derivative operations during 
the optimization process. By choosing an initial simplex; that is, 
an object with n+1 vertices (n represents the number of 
variables), a downhill simplex algorithm is started, and the vertex 
with the highest function value is replaced with a new vertex. 
During the search procedure operations, such as reflection, 
expansion, contraction, and shrinkage, are performed until a local 
minimum point is reached [27]. As an output of the proposed 
state machine, a vehicle can be detected. However, to locate the 
position of headlights, post-processing is required. In this paper, a 
downhill simplex algorithm is adopted to locate the position of 
headlights. Examples of vehicles obtained as outputs of the 
proposed state machine are shown in Fig. 7.  

Locating headlights is a challenging problem, because the 
shape and size of headlights vary. In addition, headlights may 
not be extracted easily due to noise pixels from surrounding 
lighting objects, as shown in Fig. 7. To locate headlights, a 
simple headlight-detection mask can be designed, as shown in 
Fig. 8. However, it is necessary to determine, the size of 
headlights, the distance between left and right headlights, and 
the center point between the headlights. The detailed 
procedures of the headlight detection process may be 
summarized as follows:  
 The width of a lane is denoted as W, as shown in Fig. 4. 

Lane information can be extracted in many different ways; for 
example, through a Hough transform or an inverse perspective 
transform, or a conventional lane-detection algorithm [28]. 
Here, HLW denotes the width of the headlights, and the width 
of the left and the right headlights are considered to be equal; 
HLH, HLD, and Lc(x, y) denote the height of the headlights, the 
distance between the left and right headlights, and the center of 
a detected pair of headlights, respectively.  
 The regions A1 and A2 are for detecting the left and right 

headlights, and the center region A3 is for detecting a black 
region between the headlights. 
 The headlight detection problem is formulated as an 

optimization problem in this paper. A cost function f (x, y) is 
defined as 

 

Fig. 8. Description of a headlight-detection mask. Size of left and 
right headlights is defined as equal. 
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where fH(x, y) and fR(x, y) denote a normalized headlight-mask 
function based on a mask described in Fig. 8 and a reliability 
measure function, respectively. Each function is defined as 
follows: 
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where , w1, w2, and w3 denote a normalizing factor for 
headlight-mask function fM(x, y), and weights for the left and 
right headlights and the center region between the headlights, 
respectively. The normalizing factor  is defined to be the 
inverse of the area of left and right headlight masks; that is, 

1/ (2 ).H WHL HL     The weights for the left and right 
headlights, w1 and w2, are positive values.  

However, the weight for the center region w3 is negative to 
compensate for bright pixels between the left and right 
headlights, which avoid determining a white region—for 
example, a region without a black region in the middle—as 
headlights. The reliability measure function fR(x, y) is defined 
as 

( , ) ( , ) ( , ),R B Sf x y f x y f x y              (5) 

 ( , ) 1

 ( , ) 2

 ( , ) 1  ( , ) 2
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Thus, headlights can be detected by maximizing (2) subject 
to the given constraints 

maximize ( , ) ( , ) ( , ),

subject to 0.1 0.4,

               0.1 0.5,

H R

W

D

f x y f x y f x y

W HL W

W HL W

 
   
   

        (8) 

where the width of a headlight HLW and the distance between 
the left and right headlights HLD are determined based on the 
width of a detected lane. As described in (5), the reliability 
measure function comprises two terms. The first term is the 
balance function in (6): It indicates how much of the lighting 
objects in the left and right headlights are balanced. For 
instance, the number of bright pixels in regions A1 and A2 are 
counted. Then, from those values, the lower value is divided by 
the higher value. If they are equally balanced, fB(x, y) = 1, and 
if they are poorly balanced, fB(x, y) = 0. The second term is the 
space-indicating function between the left and right headlights, 
as described in (7), indicating how much black space exists 
between the headlights. If region A3 is totally filled with bright 
pixels, fS(x, y) = 0. However, as the number of bright pixels in 
region A3 decreases, fS(x, y) increases to 1.  

III. Experimental Results 

In this section, the performance of the proposed state 
machine–based vehicle detection approach is presented. The 
proposed algorithm was tested on highway surveillance video 
sequences recorded from Korea Expressway Corporation, Rep. 
of Korea. The test video was recorded for more than two hours 
in different locations, covering various types of vehicles and 
headlights. The resolution and frame rate of the recorded video 
were 720 × 480 and 29.9 frames/sec, respectively. For 
implementation, Matlab R2010a was used with a Windows 7 
operating system. Lane information was given manually in our 
experiments. Based on the lane information, an AOI for 
headlight pattern analysis was chosen automatically. The height 
of the AOI was determined based on an analysis of nighttime –
quarter video, which was set to one-quarter of the lane width, 
as shown in Fig. 4. According to our observations, the lane 
width and the height of headlights were dependent on each 
other, and the average height of headlights was about one-
quarter of the lane width.  

An example vehicle detection result obtained using the 
proposed approach is shown in Fig. 9. A snapshot of an input 
video and the corresponding threshold image are shown in  
Figs. 9(a) and (b), respectively. For each frame, r(n) and its 
difference r(n) were calculated in the chosen AOI, as shown in 
Figs. 9(c) and (d). Using the proposed state-machine approach, 
a vehicle arrival point was determined to be the point at which 
r(n) was more than three times the threshold value, indicated as  

 

Fig. 9. An example of a vehicle detection using proposed state-
machine-based approach: (a) an input video, (b)
corresponding thresholded image for rectangular region 
of a chosen AOI in (a), (c) calculated r(n), and (d) d(n). 
Vehicle arrival and headlights decreasing points (that is, 
HR1) were detected at frames no. 915 and no. 928, 
respectively. Red vertical lines indicate position of 
detected points, respectively. 
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928928

Arrival

HR1
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r(n) d(n) 

(c) (d) 

915
Frame no.

 
 
‘Arrival’ at frame no. 915. The threshold value THv for the 
vehicle arrival detection can be chosen from values above one-
quarter of the maximum value of r(n). In our simulations,  
THv = 70 and NA = 3 were chosen experimentally. After the 
vehicle arrival point was detected, the difference of r(n); that is, 
d(n), was calculated. As d(n) was a negative value 
consecutively more than two times (that is, ND = 2), it was 
determined that the region HR1 was detected at frame no. 928, 
as shown in Fig. 9 (d). The detected vehicle is displayed in the 
small window in Fig. 9(a). As a vehicle approached, the 
number of bright pixels in the AOI; that is, r(n), increased due 
to headlights from the vehicle, as shown in Fig. 9. Then, it 
decreased as the vehicle moved away from the AOI. However, 
when a series of vehicles approached, r(n) did not decrease, 
even though a vehicle moved away from the AOI due to 
headlights from the vehicles behind and the next lane. Figure 
10 shows an example of consecutive vehicle detection in the 
leftmost lane, which means that traffic was becoming 
congested or that vehicles were moving very closely with each 
other. The left and right images are results of consecutive 
vehicle detection, which were captured at frames no. 663 and 
no. 693. The images in the second row are the corresponding 
threshold images. The values of r(n) and d(n) of the chosen 
AOI in the leftmost lane, for 100 frames, are plotted at the 
bottom of Fig. 10. As shown in Fig. 10, values of r(n) stayed 
above the chosen threshold, due to headlights from vehicles 
behind. 

By calculating the difference of r(n); that is, d(n), vehicle  
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Fig. 10. An example of consecutive vehicle detection in leftmost 
lane, where vehicles were moving close to each other. 
Two vehicles were detected at frames no. 663 and no. 
693. The value r(n) was over the chosen threshold 
continuously. However, the value of d(n) showed 
negative values, allowing the algorithm to determine 
vehicle departure points. 
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Fig. 11. Examples of false-positive vehicle detection.  
 
departure points of two consecutive vehicles were detected 
successfully at frames no. 663 and no. 693 in the proposed 
approach. Although the proposed approach is robust in 
nighttime vehicle detection using bright pixels, it is sensitive to 
headlights from vehicles in the next lane. Examples of poorly 
detected vehicles due to noise from the next lane are shown in 
Fig. 11. 

After vehicles were detected with the state machine–based 
approach, the headlight location was determined using the 
proposed downhill simplex method to filter out wrong results, 
as shown in Fig. 11. In our implementation, the cost function  
–1×f(x, y) was minimized to find an optimal headlight position. 
In addition, w1 and w2 were set to 1, and w3 was set to –2.  
Figure 12 shows an example of the downhill simplex search 
process.  

Figure 12(a) is a snapshot of a detected vehicle and (b) is the 
corresponding threshold image. The proposed downhill 
simplex approach was applied to (b). Figure 12(d) shows a 3-D 
plot of the cost function for various positions (x, y), and the  

 

Fig. 12. An example of headlight detection using proposed 
downhill simplex method: (a) snapshot of a detected 
vehicle, (b) corresponding thresholded image, (c) 
detected headlight position, and (d) an example 3-D plot 
of cost fuction for various positions (x, y) with a chosen 
headlight. 
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Table 2. Performance of headlight-detection rate using proposed 
downhill simplex method. 

Success of headlight detection Reflected headlight detection 

92.9% 3.0% 

 

 
detected headlight location is shown in (c). The performance of 
the proposed downhill simplex method for headlights detection 
was tested for detected vehicles. Various types of vehicles and 
headlights were included, and some of the examples are shown 
in Fig. 13. In addition, the headlight-detection rate is shown in 
Table 2. The average headlight-detection rate was about 92.9%. 
Headlight detection was considered as a success if the detected 
left and right headlight centers were inside of the corresponding 
true headlights. Some reflected headlights on the road were 
falsely detected as true headlights. For instance, as shown in 
Figs. 13(a) and (b), the reflected headlights of an SUV (at row=2, 
column=2) and a bus (at row=5, column=2) were detected as 
headlights. These errors are caused from the fact that headlights 
of buses are reflected on the road further in front of the vehicle 
that and fog lights of SUVs can be detected as headlights. The 
value of the cost function at the center of detected headlights is  
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Fig. 13. Examples of headlight detection using proposed 
downhill simplex approach: (a) various types of 
vehicles and detected headlight positions are indicated 
by rectangular boxes. Value of cost function for each 
detected vehicle is shown under each vehicle as fmin. 
(b) corresponding threshold images. 

fmin= –0.773 fmin= –0.551 fmin= –0.420 fmin= –0.510 fmin= –0.460 fmin= –0.520

fmin= –0.467 fmin= –0.552 fmin= –0.342 fmin= –0.294 fmin= –0.346 fmin= –0.551

fmin= –0.290 fmin= –0.517 fmin= –0.537 fmin= –0.372 fmin= –0.602 fmin= –0.338

fmin= –0.632 fmin= –0.485 fmin= –0.414 fmin= –0.341 fmin= –0.551 fmin= –0.616

fmin= –0.695 fmin= –0.729 fmin= –0.606 fmin= –0.232 fmin= –0.370 fmin= –0.243

fmin= –0.580 fmin= –0.390 fmin= –0.635 fmin= –0.625 fmin= –0.764 fmin= –0.664

(a) 

(b) 

 
 
shown under each detected vehicle in Fig. 13(a). 

In our simulations, the average cost function value for 
detected headlights was –0.366, and the cost function values 
for falsely detected vehicles, as shown in Fig. 11, were higher 
than –0.02. The proposed headlight-detection approach using 
the downhill simplex method showed reasonable performance 
for various types of headlights, as shown in Figs. 13(a) and (b). 
Although some headlights were connected with surrounding 
bright pixels due to headlights from other vehicles, the 
proposed approach detected headlights robustly. 

  

Fig. 14. Vehicle detection results for different nighttime videos. 
Frame numbers for images 1 to 4 are 1631, 1642, 1663, 
and 1666, respectively. For instance, a vehicle is 
detected in the first lane at frame no. 1631 and a vehicle 
is detected in the second lane at frame no. 1642, and so 
on. Frame numbers for images 5 to 8 from a different 
nighttime video are 882, 894, 901, and 925, respectively.
Vehicles are detected in lanes 4, 1, 3, and 4, sequentially.

1 5

2 6

3 7

4 8

 

Table 3. Performance comparison of vehicle-detection approaches.

Methods Detection precision Detection recall

Tracking based [20] 93.1% 46.7% 

Contrast based [19] 88.6% 85.3% 
Nighttime 

vehicle 
detection Proposed approach 94.2% 86.0% 

Daytime 
vehicle 

detection 

State machine–based 
approach [29] 

98.4% 98.5% 

 

 
Examples of final vehicle-detection results of the proposed 

state machine–based approach followed by the downhill 
simplex optimization are shown in Fig. 14; a rectangular box is 
shown at the location of detected headlights. 

To compare the performance of the proposed approach with 
other approaches, two state-of-the-art methods (that is, 
contrast- and tracking-based approaches) were implemented 
and compared. Table 3 shows the performance of the proposed 
approach quantitatively. 

For vehicle detection, the tracking-based approach showed 
adequate performance when headlights were segmented out 
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correctly. However, in a situation where lighting objects were 
connected with surrounding bright pixels after the 
segmentation process, it failed to extract headlights correctly. In 
our Matlab simulations, an average processing time of the 
proposed algorithm is five frames per second. Overall, the 
proposed state machine–based approach combined with 
downhill simplex optimization showed reliable performance. 
The proposed approach was tested using daytime video as well. 
For daytime vehicle detection with the state machine–based 
approach, a threshold image after background subtraction was 
used rather than bright pixels (Please refer to [29] for details).  

IV. Conclusion 

Nighttime vehicle detection is a difficult task due to poor 
illumination conditions and various lighting objects from 
headlights, lamps, and so on. In this paper, a novel vision-based 
nighttime vehicle detection approach has been presented for 
highway monitoring systems. It is particularly targeted to 
situations in which vehicle headlights cannot be segmented out 
due to lighting objects from surrounding vehicles. The 
contributions of this work can be summarized as follows: (a) A 
state machine–based nighttime vehicle detection approach is 
proposed. In the proposed approach, vehicle detection is 
considered as a sequential process of state transition; that is, 
vehicle arrival, moving, and departure. (b) Because bright 
pixels are the most salient feature in nighttime video, the 
number of bright pixels and their differences are used as 
features for inputs of the proposed state machine. (c) Headlight 
detection is formulated as an optimization problem, and the 
downhill simplex approach is adopted to determine the location 
of headlights. More specifically, a headlight-detection mask is 
defined, and a novel cost function based on features of 
headlights is proposed. Various sizes of headlights are 
evaluated over a detected-vehicle image to determine an 
optimal set of headlights and their position in the proposed 
optimization approach.  

Simulation results show that the proposed approach is robust 
for vehicle and headlight detection, even for a vehicle in which 
headlights cannot be segmented out from the surrounding 
lighting objects. Although the proposed state machine–based 
approach is simple to implement, it has a disadvantage in that 
vehicle detection is sensitive to headlights from surrounding 
vehicles. To overcome this limitation, the proposed downhill 
simplex approach is used as a filter to delete falsely detected 
vehicles. The proposed approach is based on the analysis of 
reflected headlights on the road. If headlight information is not 
available due to a heavy traffic jam, the performance of the 
proposed approach could be affected. For future research, other 
types of headlight-detection masks and optimization processes 

can be investigated to distinguish fog lights and surrounding 
bright pixels for various weather conditions. In addition, 
systematic approaches could be investigated to determine 
weights of the headlight-detection mask and threshold values 
for the proposed state machine–based approach. 
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