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Abstract—Vehicle detection is crucial in the implementation of 
assisted driving or collision prevention systems. Further, given 
the limits of human vision, detection at nighttime is paramount to 
prove the effectiveness of any such system. Thus, this project 
endeavors to implement a nighttime vehicle detection system 
based on the Windows Phone platform. The basic premise is to 
mount the smartphone on the vehicle dashboard with the camera 
facing the front. Then, image processing concepts such as Otsu's 
binarization, connected components labeling and conditioning 
are used process the camera footage and detect vehicles. 
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I.  INTRODUCTION 
Vehicle detection has been implemented in the past using 

sensor fusion systems installed in cars utilizing radar or sonar 
technology to detect the presence (or absence) of vehicles in 
front of the driver [1]. However, with recent advances in 
embedded processors, and more sophisticated cameras 
available in the lower power environments, vision based 
detection of vehicles has become more prevalent. This has 
come as part of research done in areas such as advanced driver 
assistance systems (ADAS) and autonomous vehicle driving. In 
the latter case, sensor fusion techniques are still adopted to 
achieve maximum accuracy, as the error threshold has to be 
infinitesimal. However, these systems are expensive, and 
cannot be installed on every vehicle. 

While it is easy to discern vehicles during the daytime, due 
to the limits of human vision and other vision-based 
instruments, detection of vehicles at nighttime is not as 
straightforward. Ambient light sources can contribute noise to 
the automated detection of vehicles, while the actual hull of the 
vehicle is not as readily visible. Consequently, automobiles 
have to be identified based on perceivable characteristics such 
as taillights, which are visible to the image processing system. 
This presents a methodology to detect the distance based on the 
characteristics of the taillight of the car ahead. For instance, 
taillights that are close together and near the horizon of the 
image represent a car far away and vice versa. However, the 
detection of these image components becomes erroneous due to 
several aspects including the failure to turn on taillights (this 
can be alleviated by reflectors on the backs of modern cars that 
illuminate when headlights are flashed on them in the dark), 
broken lights, noise sources, and custom taillight design.  

However, a simplistic approach has been taken in this 
project, neglecting the effect of those sources. This 
implementation restricts itself to a simple vehicle in front of a 
car with both lights on and a standard shape for the headlights 
(though does not restrict the shape of each individual headlight) 
and implements the algorithm provided in [2]. 

II. DETECTION ALGORITHM 

A. Mitigating Noise 
For a camera mounted on the dashboard of a car driven at 

night, objects can be placed in two image zones. The traffic 
lights, night lights, buildings, and other urban lighting sources 
are above the horizon of the car, while vehicles of interest will 
have their bottom half below the horizon view from the car. 
Consequently, a straightforward method of eliminating the 
noise sources that are present over the virtual horizon of the car 
is to simply disregard that region in the detection algorithm. 
This helps in accelerating the image processing algorithms as 
more than half the pixels per frame are eliminated.  

Furthermore, the headlights of the vehicle being driven 
contribute significant illumination in the near field, which can 
yield many false positives when considering the detection of 
taillights. While this region is important to detect vehicles that 
are too close to the current car, this effect is ignored for the first 
version of the vehicular detection system designed in this 
project, and therefore, the near field is also eliminated from the 
detection algorithm.  

Based on these conditions, a narrow region of interest that 
exists between the virtual ‘horizon’ on the frame and the region 
above the nearby headlight-zone is created on every frame. As 
per the direction of [2], the region less than 5m away from the 
current car and the region above 50% of the image height are 
ignored (virtual horizon). This is shown in Figure 1. 

 

In the nighttime road environment, taillights of 
vehicles are the main characteristics of vehicles which
composed of red color and luminant tint components.  To 
reduce the computing complexities and influences of other 
lightings, the color image of ROI area (captured by the 
CMOS web camera) will be transformed from RGB color 
space into YCbCr color space.  At the subsequent image 
processes, the bright objects (taillights) are extracted only 
in accordance with the Y and Cr components of the YCbCr
image.  In order to select the threshold values of Y and Cr
components in dynamic background, we use Otsu’s 
Method [10] to decide the Y threshold values.  
Furthermore, we observed the values of Cr components of 
taillights always bigger than 136 in our experiments.  
Therefore, the threshold value of Cr component is set to be 
136.  Then the binarization procedure filters the image 
with these two thresholds and the result of bright object 
extraction is shown in Fig. 2 (b).

In Fig. 2 (b), the extracted bright objects still include 
some non-vehicle objects (e.g. lane mark and lights of 
lamps) and the bright characteristics of vehicle taillights 
are intensified weakly.  Therefore, we utilize erosion 
operation of morphology to filter out the tiny bright noises, 
and use dilation operation of morphology to intensify the 
bright characteristic.  The image processing mentioned 
above is called opening operation in morphology [9] and 
the result is shown in Fig. 3 (a).

   
(a)                                                       (b)

Fig. 2 (a) Original captured image. (b) Bright object extraction in ROI 
region.

To obtain the information of each bright object in the 
image, each bright object is labeling and segmenting by 
connected-component labeling method.  The results of 
connected-component labeling are shown in Fig. 3(b).  
Besides, the information of the center position and the left, 
right, top, and bottom positions of each bright object are 
also found by using the peak finding algorithm [9].

   
(a)                                                      (b)

Fig. 3 (a) Results of opening operation. (b) Results of connected-
component labeling.

III. TAILLIGHT CLUSTERING ALGORITHM

According to our experiments and observations, the 
pair of taillights of a vehicle exist some regular rules, such 
as the ratio of width and height of a vehicle has some 

restrictions.  The taillight clustering algorithm uses the 
information of each bright object to make a match of two 
bright objects which are a pair of taillights of the same 
vehicle.  The taillight clustering algorithm is mentioned as 
follows:
step1: Bi is one of the bright objects in the image.
step2: The coordinate location of the left, right, top 

and bottom of the bright object   are denoted  )( iBl , )( iBr ,
)( iBt ,and )( iBb ,respectively.  Then, the width )( iBW and 

height )( iBH of the bright object Bi are calculated with 
these coordinate locations.
step3: Nh(Bi, Bj) and Nv(Bi, Bj) are the numbers of 

pixels between any of two bright objects (Bi and Bj) in the 
horizontal and vertical directions.  And they can be 
calculated by equation (1) and (2) respectively.  The value 
of Nh(Bi, Bj) will be a negative value when the two bright 
objects have overlap in horizontal direction.  If the two 
bright objects have no overlap in vertical direction, Nv(Bi,
Bj) will also be a negative value in the same.
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step4: ),( jiv BBO is the ratio of overlap between two 
bright objects in vertical direction. The value of   

),( jiv BBO is computed by equation (3).  A judgment 
value of ),( jiv BBO is denoted as To and used for decision.  
The discriminant equation is presented in equation (4).
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step5: Calculate H(Bs)/H(Bl), the ratio of the heights of 
the two bright objects, and determine whether this value is 
larger than the threshold Tsh or not.  The discriminant 
equation is presented in equation (5), sB is the one with 
smaller height of the two bright objects, and lB is the other 
one with larger height. That means the pair of taillights 
have similar height if the discriminant equation is true.
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step6: Calculate the width of vehicle ),( ji BBVW and 
the widths of the pair of taillights W(Bi)and W(Bj).  Then 
the discriminant equation (6) is defined for judgement and 
the value of  ),( ji BBVW is computed by equation (7).
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step7: A pair of bright objects will be clustered 
together in the image if all the above discriminant 
equations (4), (5), and (6) are true.  Then the system 
encloses the two bright objects with a bounding box.  With 
the results of experiments and observations, the ratio of 
width VW(Bi, Bj) and height H(Bi) of the bounding box is 
usually within 2.5 to 8 and denoted in equation (8).  A 

 
Figure 1: Night time view from dashboard with ROI 
shown on the right [2] 



B. Detecting Headlights 
Headlights have a deterministic characteristic in their color 

that makes them simple to distinguish. Specifically, they are 
easiest to distinguish in the YCrCb color space. The 
characteristic of the headlight at night in the YCrCb space is 
shown in Figure 2. Consequently, to detect the headlights, two 
techniques are adopted: First, thresholding the intensity using 
Otsu’s method and second, testing the red chromaticity of the 
sets of pixels that appear in the ‘foreground’ of Otsu’s 
binarization. The intersection of the two sets yields the red 
taillights with good accuracy, but with minor objects nearby 
that can be false positives even within the region of interest. 
These include objects such as yellow lane markers, which may 
pass the red chromaticity test and may have the intensity 
required due to the illumination of the headlights. However, 
these can be filtered out in subsequent image processing steps. 

 
Figure 2: Color profile of taillight 

 
Following the detection of the headlights using the 

binarization of the image, holes in the detection are closed 
using a morphological open operation. This works in 
standardizing the taillights so that custom designs present on 
cars will still be recognized, as will standard circular taillights. 

C. Clustering Tail lights 
Once the taillight objects have been detected, and the bright 

information has been extracted using the method above, 
further image processing is done to detect taillights from other 
bright image sources, and detect their position. This works 
reasonably well due to the fact that taillights exist with some 
specific rules in cars. The algorithm for clustering follows 
several steps: 

1) Connected component labelling: 
Each bright blob passes through connected component 

labeling. Then, for each component, the positional extremes 
are determined (left, right, top and bottom pixels of the 
image). 

2) Conditioning: 
For every bright connected component (Bi), from the left, 

right, top and bottom ( lBi, rBi, tBi, and bBi  respectively), the 
width (WBii) and height (HBii) are determined. 

Every bright object is compared to other bright objects to 
determine if any pair can form a viable taillight set. The set of 
conditions that determine a proper pair is: 
• The ratio of the number of pixels between the 

components and the smallest component height is 
greater than a threshold (determined empirically to be 
0.7 in [2].) 

• The ratio of the heights of the objects is greater than a 
particular threshold (determined empirically to be 0.8 in 
[2]). 

• The vehicle width (determined as the sum of the 
number of pixels between the objects and the widths of 
the objects themselves – since taillights are at the edge 
of the cars) is less than the product of the largest 
taillight width and a threshold (determined to be 6 in 
[2]). 

• The ratio of the vehicle width to taillight height is 
within a specified range (between 2.5 and 8). 

Once two such objects are found, a bounding box consisting 
of the two objects’ combined extremes is drawn to show the 
limits of the headlights. With these conditions, the taillights 
of the car ahead can be tracked with good accuracy. 

D. Distance Detection 
A simplistic determination of distance is implemented in 
relativistic terms in this project, with distance being 
determined by the position relative to the virtual horizon on 
the image. A position near the horizon is determined as ‘far 
away’ while detection of the headlights near the bottom of the 
ROI is determined as cautiously close to the driver. While 
more sophisticated distance calculation could be attempted 
using focal lengths and coordinate transforms, such 
sophistications were deemed unnecessary for the first 
prototype and thus will be done as part of future work in this 
area. 

III. IMPLEMENTATION 
The Windows phone camera interface added support for 

live preview and editing of the camera stream as of Windows 
Phone 7.1 [3]. The test device used was a Samsung Galaxy SII 
with a 5 MP camera. Using the viewfinder source, a preview 
stream was obtained, and for every obtained stream, the 
algorithm discussed was applied and displayed on screen. If 
requested, the image could be saved to the user’s photo album.  

Debugging options disabling each step of the algorithm 
were also added to view the intermediate steps of the 
processing. Each frame was processed in under 800ms on an 
average of 30 frames measured in a debug deployment of the 
application. This was a higher estimate as retail optimizations 
would lower the run time. However, the number obtained was 
still high, which allows for optimization to be done in the 
future. However, as this was a simplistic first application, no 
major optimization was attempted. 

A few issues faced in designing the phone application 
included the fact that images were stored in a one-dimensional 
array of ARGB values. A transform had to be done with the 
camera space to obtain the YCrCb space version of the device 

 



for processing with Otsu’s algorithm. Furthermore,  the 
limitations of libraries available for the windows phone meant 
a lot of the algorithms had to be implemented within the project 
– limiting the performance enhancements due to time 
restrictions. Finally, testing the algorithm was done on a 
smaller subset than was desired. Increased testing in more 
urban areas where lighting could play a detrimental role in 
determining taillights was desired. 

IV. RESULTS 
Figures 3-6 show the results of the processing on a test car 

with the headlights on for the various algorithm stages. 
 

 
Figure 3: original image (a) left: close by, (b) right: far 
away 

 
Figure 4: Otsu's thresholding applied to ROI for each (a) 
and (b) above 

 
Figure 5: Morphological opening applied to each image in 
4(a) and (b) 
 

 
Figure 6: Detection of vehicle for each case in 3 (a) and (b) 
 
As Fig 4 shows, Otsu’s thresholding has some noise associated 
with it, especially when the vehicle is far away. The reflection 
of the front headlight on the wall and the nearby vehicle is 
apparent. 
However, morphological opening removes most of this noise 
as can be seen in Fig 5. 
Finally detection of the distance with connected objects is 
shown in Fig 6, and based on the color scheme, you can detect 
the success in the vehicle’s distance detection (blue being 
close by and green being far away). 

 

V. CONCLUSION 
The project implemented a vehicle detection algorithm at 

nighttime on an embedded smartphone environment using a 
limited resolution camera. A first prototype was implemented, 
capable of detecting with good accuracy vehicles using 
taillights in suburban roads. However, the optimization of the 
image processing for low power environments and increased 
real-time output within the human reaction time (under 
300ms) is desirable and should be implemented in the future. 
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