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Abstract—Many applications of machine-to-machine (M2M) 
based intelligent transportation systems highly rely on the 
accurate estimation of neighbor map, where neighbor map 
mentions the locations of all nearby vehicles and pedestrians. 
To build the neighbor map, it usually integrates multiple 
sensors, such as GPS, odometer, inertial measurement unit 
(IMU), laser scanners, cameras, and RGB-D cameras. In this 
paper, we build a M2M framework to estimate the neighbor 
map and focus on the improvement of vehicle and pedestrian 
detection of most popular sensors, camera. We propose a novel 
grid-based object detection approach and deal with cameras on 
both roadside units and vehicles. It adapts to the environments 
and achieves high accuracy, and can be used to improve the 
performance of neighbor map estimation. 
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I.  INTRODUCTION 
Intelligent transportation system (ITS), which has been 

extensively researched in the last decade, complies advanced 
mechanisms to provide innovative, proactive services 
relating to traffic management and driving safety. For 
example, drivers’ behaviors are limited to their line of sight, 
and most of car accidents are caused by the driver’s view 
being occluded by other vehicles. Fig. 1 shows one example 
where three vehicles A, B, and C enter an intersection. As 
the view of vehicles A and B is partially occluded by vehicle 
C, there is a potential collision danger. If all vehicles are 
connected, vehicle C is in a position to send warning signals 
to vehicle A and B to avoid traffic collision. 

Connected vehicles cannot only share their sensory 
information, but also actively send out alerts to nearby 
vehicles in danger [1]. Forming an even larger vehicular 
network, comprising connected vehicles and infrastructures, 
make it possible to proactively perform load balancing across 
multiple routes. It is anticipated that traffic accidents can be 
eliminated from one of the leading causes of death [2] and 
the catastrophic ones can be effectively prevented. Thus, a 
machine-to-machine (M2M) based ITS has the following 
benefits. First, it expands the sensor coverage. Second, it 
increases the time that allowed driver to react, because the 
vehicles can pass through the warning signals. Third, it help 
doing some medication of bidding for right of way, for 
example, our vehicle can tell us whether it is safe or not to 

change lane or we should wait another vehicle passing first. 
To achieve such M2M-based ITS, one of the main research 
topics is to build the neighbor map, i.e. to estimate the 
positions of all surrounding targets, by integrating the 
information obtained from nearby vehicles or infrastructure 
via V2V (vehicle-to-vehicle) or V2I (vehicle-to-
infrastructure) communications. For example, it helps 
generating warnings when two vehicles are too close. 

In the following sections, we will introduce the M2M-
framework of neighbor map estimation first. Section 3 
describes the object detection by cameras. Experimental 
results are shown in Section 4. We draw the conclusion in 
Section 5 finally.   

II. M2M-BASED NEIGHBOR MAP ESTIMATION 
We build a M2M framework [3] to estimate the neighbor 

map based on sensor fusion and belief merge algorithm [4]. 
The system architecture is shown in Fig. 2. For each vehicle 
or roadside unit (RSU), the signal processing component 
analyzes the data from multiple sensors, such as GPS, 
odometer, camera, LIDAR, and etc., to estimate its own 
global position and the relative positions of observed nearby 
targets. Then, sensor fusion component integrate the results 
of multiple sensors, and further Kalman filter [5] and multi-
hypothesis tracking algorithm are used to generate the local 
belief. After that, the local belief is broadcast by the 
communication component to other nearby vehicles. For 
broadcast communications, we use monitoring mode WiFi 
which enables devices to connect to each other without any 
access point. Finally, each vehicle will apply the global 
belief merge, which fuse its own local belief with other 
receiving beliefs to get the final estimation results. More 
details can be seen in [3]. 

 
Fig. 1. An example of M2M-based ITS 

 



Although the global belief merge can improve the 
performance of neighbor map estimation, the framework still 
relies on the high accuracy of signal processing results. 
Furthermore, the prior works [3][4] focus on the belief merge 
algorithm without considering how to obtain a high accurate
estimation of object detection. Thus, in this paper, we focus 
on the most popular sensors on RSUs and vehicles, cameras, 
to detect vehicles and pedestrians, and further estimates the 
global or relative positions of nearby targets. The object 
detection is still an open problem in computer vision 
researches [6][7], especially for the heavy occlusion cases. 
We propose a grid-based object detection approach and deal 
with cameras on both RSUs and vehicles. It adapts to the 
environments and can achieve high accuracy. 

III. OBJECT DETECTION & POSITION ESTIMATION 
In this section, we introduce two kinds of object 

detection methods. One is applied to the roadside camera,
and the other is for the camera on vehicle. Then, how to 
estimate the global or relative positions in real world will be 
described finally. 

A. Object Detection for Roadside Camera 
Unlike the traditional learning-based approaches [6][7], 

which learns generic detectors trained offline and are usually 
not work well in a large diversity of scenes. We propose an 
adaptive grid-based approach, which discovers location-
dependent features and simultaneously detects and classifies
moving objects in a fixed camera.

We first employ background modelling and subtraction 
[8] in pre-processing. It models the background intensity of 
each pixel as a Gaussion mixture model. After extracting the 
foreground regions, each region is referred as a blob and 
represented by a rectangular bounding box. Then, We design
a grid-based perspective dependent model (GPDM) to 
classify objects into three categories: pedestrian, scooter, or
car. We divide the scene into CR×  relatively small girds, as
shown in Fig 3(a). The appearance, motion, and shape 
features are used to build three classifiers for different 
categories in each grid. Each classifier in the grid is trained 
by using the blobs with its center position in the grid. This 
method enhances the coherency of the collected features, as
shown in Fig 3(b). Therefore, the grid-based model can adapt 
to the specific perspective and scene. 

The R-HOG [6] features are used as the appearance 
features to learn the Linear SVM classifier for each grid. 
Given an object blob, we extract the average motion flow 
and its aspect ratio and size as motion features and shape 
feature, respectively, and model them as Gaussian models. 
After building the appearance, motion, and shape model for 
each grid, the object can be classified by the combination of 
the results obtained from three models, as show in Fig 4. 

B. Object Detection for Camera on Vehicle 
The camera on vehicle is usually moving, and so to 

detect foreground object based on background modeling and 
subtraction, as that we used for roadside camera, is unviable. 
Thus, we use the sliding window technique to find the 
object-of-interest in the given frame. It employs a filter (or 
classifier) to every position and every scale of an image. 
Several studies have proposed sliding window detection 
method [6][9]. Motivated by the good performance and 
occlusion handling strategy, while heavy occlusion usually 
happens when camera mounted on vehicle, we use 
deformable part-based model [9] with acceleration algorithm 
[10] to detect the target. 

The deformable part-based model is constructed with the 
pictorial structure framework, which represent an object 
using a root filter and some part filters. The root filter depicts 
the overall appearance pattern of an object. Each part filter 
further describes the local appearance of the object. The 
object is localized when the location is voted with highest 
score by root and part filter. 

However, compare to the object detection in the fixed 
camera, which mainly relies on the foreground detection to 
segment the interesting region, the computational cost of 
sliding window technique is much higher, because it has to 

Fig. 2. System architecture of the M2M-based neighbor map 
construction 

 
    (a)    (b) 
Fig. 3. (a) Divide the image into grids. (b) The GPDM 

enhances the coherency of the collected features. 
 

 
Fig. 4. The testing data classified by the combination of the 

results obtained from three models of the grid. 



use multiple sizes of filter kernel to scan the image. To 
overcome this, we consider the sliding window approaches 
approximately as convolution computation. It is then 
speeded up by the Furrier transformation, which can be seen 
as simple multiplication in frequency domain. 

C. Position Estimation 
After detecting targets in an image, the next question is to 

estimate the global or relative 3D positions in real world. 
Here, we make two assumptions. First, the cameras can be 
calibrated in advance, i.e. the 3x3 perspective transform 
matrix, homography, between image plane and ground plane 
of the real world is known. The assumption is reasonable, 
because the roadside camera is fixed after being installed, 
and the camera on vehicle is also usually mounted on a fixed 
bracket, so the relative pose between camera and the ground 
plane in real world is unchanged even when the vehicle is 
moving. The homography can be estimate [11], when we 
have at least four corresponding points between the ground 
plane in image and the ground plane in real world. Second, 
we suppose all the targets are standing on the ground plane 
in real world. 

With these assumptions, once the objects are detected in 
an image, we can compute its global or relative 3D position 
by using only one camera. First, we estimate the foot or tire 
position in 2D image of camera from the object detection 
result. Second, we project the 2D point [x, y] to a 3D point [X, 
Y, 0] on the ground plane in real world by the following 
equation: 

s X Y 1⎡
⎣

⎤
⎦
T

= H ⋅ x y 1⎡
⎣

⎤
⎦
T , (1) 

where H is the homography between the ground plane in 
image and the ground plane in real world, and s is a scale 
factor. 

IV. EXPERIMENCE 

A. Object Detection by the Roadside Camera 
To evaluate the performance of multi-class object 

detection and classification, we conduct experiments on two 
datasets. One is the publicly available dataset PETS2001 
(Fig. 5(a)). Here, we selected the training and testing 
sequences recorded by camera#1 in dataset#1, #2 and #4, 
and recorded by camera#2 in dataset#3, respectively. The 
other is the datasets collected by our own in a campus, as 
shown in Fig. 5(b). The amount of targets in the training and 
testing data are depicted in Table 1. We compare our method 
with the generic detector using HOG [6]. Table shows the 
experimental results. It shows our approach is with higher 
accuracy than the generic detector. Some examples of 
detection results are shown in Fig. 6. The rectangle in red, 
yellow, or blue color represents it is car, bike, or pedestrian, 
respectively. 

B. Object Detection by the Camera on Vehicle 
To evaluate the object detection by the camera on vehicle, 

we record a video sequence of 5 minutes on road. Some 
examples of detection results are shown in Fig. 7. As we can 

see, our system can detect vehicles well even when heavy 
occlusion happens (Fig. 7(d)(e)). 

V. CONCLUSION 
In this paper, we built a M2M framework to estimate the 

neighbor map, including signal processing, sensor fusion, 
communication, and belief merge. Furthermore, we proposed 
a novel grid-based object detection approach and deal with 
cameras on both RSUs and vehicles. Unlike traditional 
object detection approaches, which estimated a generic 
detection model, our method learnt individual model for each 
environment and even for each region. It is more adaptive to 
the appearance differences of vehicles or pedestrians in 
different environments, and experiences showed its 
reliability. A better estimation of target positions improves 
the performance of neighbor map construction and will be 
evaluated in the future.  
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Fig. 5. Experimental datasets: (a) PETS2001, and (b) our 
dataset. 

TABLE I.  SPECIFICATION OF THE TRAINING AND TESTING DATA 

 Ours PETS01 

Train 
Ped# 2799 31178 
Bike# 1207 1432 
Car# 8810 2734 

Test 
Ped# 3528 44992 
Bike# 897 1358 
Car# 4071 6166 

TABLE II.  CONFUSION MATRIX OF DETECTION RESULT 

 Ours Generic detector [6] 
Ped Bike Car Ped Bike Car 

Ped 93.02 6.47 0.49 91.3 8.3 0.3 
Bike 24.85 72.88 2.25 34.9 51.0 13.9 
Car 3.33 5.44 91.22 3.6 7.3 89.0 

Overall 85.7% 77.14% 

 Ours Generic detector [6] 
Ped Bike Car Ped Bike Car 

Ped 87.70 8.13 4.15 86.8 13.1 0 
Bike 18.88 70.39 10.72 52.9 47.0 0 
Car 2.26 5.15 92.58 3.4 5.4 91.0 

Overall 83.55% 74.95% 
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Fig. 6. Examples of object detection in roadside cameras: (a) PETS2001, and (b) our datasets.   
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Fig. 7. Examples of vehicle detection in the camera on vehicle. 


