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Vehicle detection based on vision and millimeter wave radar

JIN Lu'?, FU Meng-Yin'?*, WANG Mei-Ling'*, YANG Yi'?

(1. School of Automation, Beijing institute of technology, Beijing 100081, China;
2. Key Laboratory of Intelligent Control and Decision of Complex Systems, Beijing 100081, China)

Abstract. With the importance of automotive drive assistance system of intelligent vehicle, vehicle detection fusing
millimeter wave (MMW ) radar data and vision multi-features is presented. The vehicle detection algorithm can be
divided into three steps. Firstly, a space alignment algorithm between MMW radar and vision was proposed to get
space alignment point according to the space transformation matrix of image coordinate and radar coordinate. The
second step obtains region of interest (ROI) according to the space aligned point and search strategy. At last, vehi-
cle detection was realized through features of vehicle including bottom shadow, symmetry, left and right edges; in
this step, an improved segmentation algorithm of bottom shadow of vehicle was described in order to obtain accu-
rate vehicle width. The performance of the algorithm was verified under different scenarios. The results show the
vehicle detection algorithm is effective and feasible.
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Introduction

With the sharply growing of vehicle, the traffic acci-
dents happen frequently and cause heavy casualties and
financial losses. In order to improve the traffic security
level, developing the automotive driver assistance sys-
tems has attracted a large amount of attention lately. The
reliable vehicle detection becomes a very important as-
pect of automotive system[l] .

The major advantage of radar-vision fusion benefits
from the best performance of each sensor by fusing results
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from different sensors together'”). MMW radar can detect
moving vehicles fast and provide the long-range detection
and exact velocity measurement. Nevertheless, vision
can obtain the contour of vehicles in the short-range sens-
ing region®’. So radar-vision fusion based on comple-
mentary devices can provide an improved performance :
improved reliability from multiple detections and the mer-
ging of position measurements with good longitudinal and
lateral accuracy'®!.

The radar-vision fusion approach mainly focuses on
the space alignment of radar-vision sensors and the verifi-
cation of radar target. The general space alignment algo-
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rithm is a complex task, because it needs to estimate the
interior parameters of each senor and the exterior parame-
ters between different sensors °’. SUGIMOTO et al.
considered the position that has maximum reflection in-
tensity from MMW radar as position of the target in im-
age, and realized radar-vision space alignment. Never-
theless, the reflection intensity needs special tool to ob-
tain and cannot be explained clearly. WANG et al. '®
utilized pairs of the corresponding points composed of the
centroid of target and radar target to realize the space
alignment without special tool and reflection intensity.
However the range of space alignment is too small to be
adapted for the intelligent vehicle with large speed. DE-
NASI et al. "' used the deformable models adding the
detail of car to detect the vehicle. FLEISCHE et al. *’
took into consideration vehicle misalignment with the vi-
sion sensor and integrated 3D models to detect vehicle.
Nevertheless, these methods need to match different ve-
hicle types. ZIEKE et al. '°! utilized image intensity sym-
metry to locate the position of vehicle, but the result is
prone to influences of illumination. HUANG et al. '
made use of the left and right edges to verify the vehicle.
KIM et al. """ utilized the bottom shadow of vehicle for
generating the ROI and the symmeu?f for verifying the ex-
istence of vehicle. TEOH et al. '™’ used the center
points of the symmetric regions clustered by the symmet-
ric points to detect the vehicle. ALESSANDRETTI et
al. "*) fused radar-vision information and employed sym-
metry of edges image to locate the position of vehicle,
but the drawback of the technique is that it detects the
global symmetry of the image. However, a single feature
used to verify vehicle is very weak for reliable vehicle de-
tection. Therefore, multiple vision features should be
used and fused in order to obtain robust and reliable de-
tection results. By investigating image intensity, the bot-
tom shadow of vehicle is distinctly darker than any other
areas on urban or campus road. So the bottom shadow of
vehicle generally is considered as a cue for detecting ve-
hicle. JIN et al. '"*'analyzed the distribution of road sur-
face pixels, and segmented bottom shadow of vehicle
through the threshold determined by the mean and vari-
ance of the distribution. ROSEBROCK et al. '™ com-
bined horizontal edges image with the image segmented
by threshold in order to search the position of bottom
shadow of vehicle. KUMAR'™' utilized the OTSU algo-
rithm to obtain the regions including bottom shadow of
vehicle. But the robustness of these algorithms is weak
relatively because of another shadow sources such as
trees and bridges.

The main results of this paper are shown as fol-
lows: firstly, according to the different attribution from
the nearby and distant targets, a space alignment algo-
rithm projecting radar targets onto vision image was pro-
posed in order to provide a clue for generating ROI af-
terwards and reduce the sequent processing load. Sec-
ondly, a novel segmentation algorithm of bottom shadow
of vehicle is presented for selecting adaptive threshold,
which is robust to the simple background scenarios,
complex background scenarios and illumination scenari-
os. Finally, with the limitation of single feature, this
paper describes a vehicle detection algorithm based on
fusing vision multi-features including bottom shadow ob-

tained by above segmentation algorithm, symmetry, left
and right edges, which is reliable to the different sce-
narios. The objective of this paper is to obtain a good
performance of the vehicle detection through the collabo-
ration of different modules composed of the different
function algorithms.

1 Space alignment

The space alignment between vision and MMW ra-
dar should be performed before detecting vehicle. Ac-
cording to the visual perception of driver, the intelligent
vehicle also has different attention on the close targets
and distant targets. So the space alignment algorithm
with respect to the points between the image coordinate of
vision and the coordinate of MMW radar is proposed in
the appropriate range related to the velocity of intelligent
vehicle. In the determined range, the close regions have
the smaller interval in longitudinal direction than the dis-
tant ones in order to improve the alignment precision of
the close target and reduce the sequent progress load; the
equable target points are gotten in suit lateral direction at
the same time.

Fig.1 The relationship of vision and MMW radar
1 BREMZRBEEERRR

The target in the coordinates of the MMW radar and
vision is shown in Figure 1. The 0X,Y,Z and O'X,Y.Z,
denote respectively the radar coordinate and camera coor-
dinate. The O'uv is image coordinate. The p denotes the
range of target in the coordinate of MMW radar. The azi-
muth of the target is labeled by . The space transforma-
tion matrix between the (u,,v,) and (p, 6) is shown by
the equation (1).

psing My M M3y psing
[ ] [pcosB] [n21 Ny n23] pCOS0
N3 N3z Mg
The N denotes the space transformatlon matrix and
is estimated by the least square method including more
than five corresponding points in every regions of the de-
termined range.

The pedestrian is regarded as the reference target.
With f(u,v) denotes the value of pixel (u,v), the cen-
troid of the pedestrian is computed by the equation

(2).
Z Zuf(u v) 2 X of(u,0)
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'sing' p'cosh’ 1
1", P= g : g : :
p"sing” p'cosq” 1
In each region of the determined range, the space
transformation matrix computed by the least square meth-
od can be expressed by the equation (3).
N = [((PP")'P'U)"  ((PP")T'P'V)"
((PP") P L,0)" 1" -(3)
According to the distance and azimuth information
from the MMW radar, the different space transformation
matrix is applied to realize the space alignment of the vi-
sion and MMW radar. The alignment results signed by
red circle are shown as figure2.

(a)

Fig.2 Alignment results of vision and MMW radar. (a) Result
of close target. (b) Result of distant target
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2 Generating ROI

In order to reduce the time of processing image, es-
pecially for large image size, the search strategy based on
the space alignment result was adapted to obtain the ROI
including the vehicle. It is assumed that the size of the
original image is M x N. Due to the error caused by the
space alignment, the large width between left and right
sides of ROI should be chosen. According to our experi-
ment, the width (2/5) N has been tested. The 80% of
the width is considered as the height of ROI. The base of
ROI is located at 50% of ROI height below the radar
projection. Nevertheless, the part of ROI may lie outside
the original image. In order to solve this problem, the
bounds of original image are considered. In other words,
the bounds of original image are regarded as the sides of
ROI when ROI exceeds the original image. Figure 3
shows the generated ROI based the search strategy.

Fig.3 Generation of ROI (a) Original image, the red circle de-
notes aligned point. (b) ROI generated according to the space
aligned point
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3 Vehicle detection

With the limitation of single vision feature, the algo-
rithm based vision multi-features fusion is described to
verify the real size of vehicle in ROIL. The first specific
feature is bottom shadow of vehicle'" for determining the
lower boundary. The second feature is symmetry''”). The
last feature is the left and right edges'™®’. The flow chart
of the algorithm is shown by figure 4.

[MMW radar]

[ Vision ]
! {

| Space Alignment l

{

l ROI Generation l

Shadow Detection
Yes
Symmetry Detection
S

Ye

Left/Right Edge
Detection
Yes

| Vehicle Detection |

Fig.4 The flow chart of the vehicle detection
B4 il E

3.1 Bottom shadow of vehicle detection

By observing image intensity, it is found that the
bottom shadow area underneath a vehicle is obviously
darker than any other areas on paved road. Therefore,
the bottom shadow of vehicle is usually used as an impor-
tant feature for detecting vehicle. Before detecting bottom
shadow of vehicle, it must be segmented accurately from
the image. The OTSU'™ based multi-threshold is a good
threshold method for the image of natural environment,
but it has mainly two disadvantages: (1) It do not deter-
mine automatically the number of multi-thresholds.
(2) The course of solving optimized multi-thresholds is
time-consuming because they need to be searched among
possible multi-thresholds. Generally, significant peaks of
the histogram can describe the different regions in ROI.
A. NAKIB et al. "™ obtained the number of multi-
thresholds through the significant peaks of histogram,
and computed the optimized multi-thresholds by Gaussian
curve fitting and simulated annealing algorithm. However
the small peak may be ignored if the valley is noticeable
between adjacent peaks, and the solution of optimized
multi-thresholds was complex. Particle swarm optimiza-
tion (PSO) was proposed by KENNEDY et al. " and
had advisable combination of global exploration and local
exploration features during the optimization process.

NO
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MAITRA et al. "®! solved multi-thresholds through the
PSO. So an improved algorithm is proposed in order to
segment the bottom shadow of vehicle. The algorithm is
described as follows ;

1) Use the adaptive peak method to find the differ-
ent regions of ROI so as to determine numbers of the
multi-thresholds;

Step 1: Draw the histogram A of ROI.

Step 2 Find the local maximum set sl of the histo-
gram through the relationship between adjacent peaks.

Step 3: Find the local maximum set s2 like step 2.

Step 4 Set the peak threshold th1 and remove these
elements whose value of peaks are less than thl, and the
set s3_1 is obtained from the set s2.

Step 5: Set the gray-level distance threshold th2 and
remove these elements whose gray-level distances are less
than th2, and obtain the set s3_2.

Step 6 In the set s3_2, set the distance threshold
th3 between two adjacent peaks. Remove the elements
which have the smaller peak if the distance of adjacent
peaks is less than th3 and the average of the region com-
posed of adjacent peaks is g times greater than half of
summation of adjacent peaks.

According to experiment of the abundant images,
the threshold thl, th2, th3 and a is fixed empirically.
Their values respectively are thl =0.05max(h), th2 =
15, th3 =40 and a =0.7. The number of elements in the
set s3_3 is considered as different regions in ROI. Let k&
denotes the number of regions, then the number of multi-
thresholds segmenting ROI is £-1.

2) Solve the optical thresholds using the PSO method:

Stepl ; Considered k-1 as the particle dimensions.

Step2 ; Define and initialize the variables. The vari-
ance between different regions in OTSU method based
multi-threshold is used to initialize the fitness

Step3: Adjust the position and velocity using the
updated regulation of particle.

Step4: Compute the updated particle fitness: fit,.

StepS: Compare fit, with the optimal particle fit-
ness: fit_pbest,, and update fit_pbest, and the optimal
particle position, if the fit, is greater than fit_pbest,.

Step6: Compare fit_pbest, with the optimal swarm
fitness: fit _gbest, and update fir _gbest, the optimal
swarm position: th_gbest, if the fit_pbest, is greater than
fit_gbest.

Step7: Return the th _gbest, if the iteration times
reach up to maximum. Otherwise, the algorithm will
come back to the Step3.

3) Segment the ROI using th_gbest and obtain the
binary image through the minimal value of th_gbest.

In a simple image, the segmentation results of bot-
tom shadow of vehicle are shown as figure 5.

7 000 T T T T % ’
6000 | q ) - R
5000+ i ‘

4000} |
3000 ]

S :
?83%: | J\\m

0 50 100 150 200 250 300
() (d)

Fig.5 Segmentation of the bottom shadow. (a) Original im-
age. (b) Shadow segmentation based on OTSU. (c) Significant
peaksbased on adaptive peak method. (d) Shadow segmentation-
based on the improved algorithm.
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3.2 Symmetry detection

The vehicle observed from rear and frontal views is
generally symmetrical. This character is considered as
another cue of detecting vehicle. The symmetry of the ve-
hicle is calculated in S-channel of HSI color space in or-
der to avoid intensity change caused by illumination. The
steps for detecting symmetry of vehicle are described as
follows.

1) Convert RGB image to HSI color space.

2) In ROI, set the area based on width of bottom
shadow of vehicle to compute symmetry.

3) Compute the symmetry using the equation (4) in
S-channel of HSI color space.

sym = arg min(sym(u)) ,(4)
Where sym(u) can be shown as follows:

b
Upr Vb 2

sym(u) = z z z S(v,u + Ax) - .(5)

v=uyv=1Ax=1 S('I),u - Ax)
where S denotes S-channel value of HSI color space, w,
is the width of the bottom shadow of vehicle, u,, u, is

the left and right column of the bottom shadow of vehi-
cle, and v, is the row of bottom shadow of vehicle.

The example is described as figure 6.

(2) (b)

Fig.6 Location of symmetry axis of a vehicle. (a) Original
image. (b) S-channel symmetry axis described by red line
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3.3 Left and right edge detection

The vehicle has a pair of vertical edges: left and
right edges. However, it is hard to extract them because
of the noise. To solve this problem, the symmetry ob-
tained above is used to find them. Firstly, count the hor-
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izontal difference values in every column and obtain the
projection chart shown by figure 7. Secondly, search the
maximum value on both sides of the located symmetry.

Finally, define the column which has the maximum value
as the left or right edge of the vehicle, and find the other
edge of the vehicle according to the symmetry.

(a)

100 200 30

(b)

0 400 500 600

(c)

Fig.7 Detection result for the left and right edges of vehicle. (a) Original image. (b) Projection chart of the
vertical edges of vehicle. (c) Left and right edges indicated by the sky blue line

7

4 Experimental results analysis

In the experiment, the radar data and correspond-
ing image sequences were obtained through the vision
and MMW radar which are installed on the intelligent
vehicle.

The segmentation of bottom shadow of vehicle plays
an important role in the detection of vehicle. It affects di-
rectly the accuracy of sequent courses. Figure 8 shows
the results of improved segmentation algorithm under dif-
ferent scenarios including simple background, complex
background and illumination condition. To explain the
efficiency of the improved segmentation algorithm of bot-
tom shadow of vehicle, the misclassification error
(Me)™ is introduced and described by the equation
(6). B, and F, are respectively the background and
foreground area pixels of the image segmented by the
manual threshold. B; and F; is the background and fore-
ground area pixel of the image segmented by the different
algorithms. Me represents the probability of the mistaken
pixels, and its value ranges from zero to one.

|B, N B, |+ [F, N Fyl
- - (6)

|B, [+ |F,|

Figure 9 is the statistic results of Me in different algo-
rithms to these typical images including simple back-
ground, complex background and different illumination
condition. The line with blue hexagon denotes the result
of OTSU algorithm. The line with green cycle represents
the result of OTSU based dual threshold algorithm. The
result of improved segmentation algorithm is signed by
the line with red asterisk. According to the statistic re-
sults, the average Me of different algorithm is computed
and is respectively 0.5416, 0.1816 and 0.0440.
Therefore, the conclusion is that the improved segmenta-
tion algorithm has the better adaptability than the OTSU
based dual threshold algorithm and the OTSU algorithm.

The vehicle detection algorithm has been tested in
different scenarios with good results. The scenarios
(SCS) are composed of the simple background (SB),
the complex background (CB) and sunshine (SS). Ta-
ble 1 describes the performance ( PEF) of the algorithm
under different scenarios. NTV denotes the number of

Me =1
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(b)

Fig.8 Results of bottom shadow segmentation based on the
improved segmentation algorithm. (a) Original images under
different scenarios. (b) Segmentation Results of bottom shad-
ow of vehicle: the green coarse line shows the bottom shadow
of vehicle
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true vehicles in image sequence. NDV is the number of
detected vehicles. NSD is the number of vehicles detec-
ted successfully. DR represents the detection rate. FDR
denotes the false detection rate. ADT shows the average
detection time of the proposed algorithm. RADT is the
average detection time of the reference method using sin-
gle symmetry and the segmentation algorithm with the
mean and variance of road region.
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Fig.9 Statistic results of Me in different algorithms
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Table 1 Results of different scenarios
*®1 AEHEHNER

SCS
PEF SB CB SS Total
NTV 984 896 1296 3176
NDV 960 880 1216 3056
NSD 928 808 1144 2880
DR 94.3% 90.2% 88.3% 90,6%
FDR 3.3% 8.2% 5.9% 5.8%
ADT 0.2875 0.6153 0.4269 0.4402
RADT 0.4213 0.684 1 0.6297 0.578 4

The algorithm detects 90.6% of NTV, while 5. 8%
of the NDV are detected falsely ( mainly due to complex
environment and sunshine). According to these data,
3.8% of NTV are not detected, and 94.2% of NDV are
detected successfully. Meanwhile, the average detection
time reduces by about 24% , that is to say, the proposed
algorithm not only improve the detection accuracy through
introducing vision multi-features but also decrease the
computational complexity. Figure 10 shows the detection
results obtained in different scenarios. The red circle de-
notes the projection of the radar data of vehicle on the
image. The green rectangle is the detection result of the
proposed algorithm. The blue rectangle shows the detec-
tion result of the reference method. We can see that the
proposed algorithm can well locate the vehicle.

5 Conclusions

In this paper, a vehicle detection algorithm fusing
MMW radar and vision was designed. In order to get the
projection of the MMW radar target on the image ac-
quired by the vision, the space alignment algorithm was
proposed according to the velocity of intelligent vehicle
and the different attention on the close targets and distant
targets. The different space transformation matrixes are
obtained through the corresponding points between image
coordinate and MMW radar coordinate. With the result of
the space alignment, the search strategy is described to
abstract the ROI. The ROI is used by following processes
in order to reduce computing time and disturbance of nat-
ural environment. Three features of the vehicle: the bot-
tom shadow, symmetry, and left/right edges are used to
detect the preceding vehicle. Due to the significance of
bottom shadow, an improved segmentation algorithm is

(®)

©

Fig. 10 Detection results of vehicle (a) simple background
scenarios, (b) complex background scenarios, and (c¢) sun-
shine scenarios
B 10 HRgs R (a) B RE R (b) ERH R I
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proposed in order to accurately segment bottom shadow of
vehicle; this algorithm overcomes the drawbacks of the
algorithm based OSTU multi-thresholds using the adap-
tive peak method and PSO algorithm. The adaptive peak
method mainly solves the number of different regions in-
cluded in ROI. The optimal threshold is obtained through
PSO algorithm. According to the area determined by the
obtained bottom shadow width, the symmetry of vehicle
is computed in S-channel of HSI color space. The left
edge and right edge are obtained through associating the
projection of horizontal difference with the located sym-
metry. The performance on bottom shadow segmentation
and the vehicle detection algorithm fusing MMW radar
and vision under different scenarios were obtained. The
experiment results show that the vehicle detection algo-
rithm gets good results with high accuracy under simple
background scenarios, complex background scenarios
and illumination scenarios.

The vehicle tracking based on the detection result is
helpful to increase the robustness and will be introduced
in future.
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