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Abstract—In the field of traffic-information acquisition, one
pervasive solution is to use wireless sensor networks (WSNs) to
realize vehicle classification and counting. By adopting heterogeneous sensors in a WSN, we can explore the potential of using
complementary physical information to perform more complicated sensing computation. However, the collaboration among heterogeneous sensors, such as the collaborative sensing mechanism
(CSM), is not well studied in current state-of-the-art research. In
this paper, we design and implement EasiSee, a real-time vehicle
classification and counting system based on WSNs. Our contributions are as follows. First, we propose a CSM, which coordinates
the power-hungry camera sensor and the power-efficient magnetic
sensors, reducing the overall system energy consumption and
maximizing system lifetime. Second, we propose a robust vehicle
image-processing algorithm, i.e., a low-cost image processing algorithm (LIPA). LIPA reduces environment noise and interference
with low computation complexity. In the verification section, the
vehicle detection accuracy turned out to be 95.31%, which pave
the way for CSM. The time of image processing is around 200 ms,
which indicates that our LIPA is computationally economical.
With the overall energy consumption reduced, EasiSee achieves
classification accuracy of 93%. Based on these experiments and
analysis, we conclude that EasiSee is a practical and low-cost
affordable solution for traffic-information acquisition.
Index Terms—Collaborative sensing, low cost, real time, wireless sensor networks (WSN).

I. I NTRODUCTION

R

EAL-TIME evaluation of traffic parameters plays a key
role in intelligent transportation systems (ITSs). In this
field, increasing research focus has been put on wireless sensor
network (WSN)-based traffic-information acquisition systems
[1]. Real-time traffic volume is an important parameter among
all the traffic parameters. Furthermore, a more detailed traffic
parameter, vehicle classification, provides more useful information for ITSs. For example, distinguishing and counting
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the trucks in the normal traffic flows will greatly improve
the maintenance of highways and bridges [2]. Last but not
least, in developing countries such as China, the road traffic
consists of both motor vehicles and bicycles. In this case, it
is necessary for traffic-information acquisition systems to filter
out the disturbance from irrelevant traffic objects.
To realize a traffic-information acquisition system, there are
some state-of-the-art options, such as magnetic sensors [3]–[8],
acoustic sensors [4], [9], accelerometer sensors [10], camera
sensors [11]–[14], etc. Based on the signal type, the signals captured by aforementioned sensors can be divided into waveform
signals and images.
Many studies have been conducted on analyzing waveform
signals to carry out traffic-information acquisition. For vehicle
detection, Coleri et al. [3] designed a traffic-dot prototype node
to collect the vertical Earth magnetic field flux and realizes
vehicle detection by a simple threshold-based algorithm. However, the sensor node needs to be put under the surface of
the road to ensure that the distance between the node and the
passing vehicle is close enough to collect the localized vertical
Earth magnetic field flux. Wang et al. [5] collected the Earth
magnetic field flux along the direction of the lane. A robust
and power-efficient vehicle detection algorithm based on crosscorrelation is proposed to handle low SNR cases. For vehicle
classification, Zhang et al. [6] classified vehicles according to
vehicle length estimated by vehicle speed and response time.
However, the magnetic response time is closely related to many
factors, such as the object speed and the mass and the distribution of ferrous material; the real classification performances are
not reliable. Bajwa et al. [10] used axle counts and the spacing
between axles as classification criteria. The axle is detected by
smoothing the energy envelope of measured acceleration and
by locating the peaks. However, the parameters involved in the
algorithm should be designed for specific classification, and the
axle spacing estimation is susceptible to the speed accuracy
calculated by sensor nodes.
To realize traffic-information acquisition, Chinrungrueng
and Kaewkamnerd [7] proposed a WSN-based system. In this
system, using normalized vehicle magnetic length, averaged
vehicle energy, hill patterns, and number of peaks as input
features, an algorithm named hierarchical-tree classification is
proposed to perform vehicle detection. In the experiment of this
work, with data of five vehicle types, 393 vehicles are collected.
Although 80.92% classification accuracy is announced, the
sensors are networked in a start topology. All the raw sampled
magnetic data are sent back to a central server node, and
computation is performed on that server node. Furthermore, the
noise disturbance is not discussed, and the vehicle detection
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accuracy is not estimated. Therefore, the star-topology-based
system cannot work well in a large-scale multisensor trafficinformation acquisition system.
Sifuentes et al. [8] proposed a vehicle detection solution
by using an optical sensor to wake up a magnetic sensor.
This paper focused on the design of optical/magnetic sensor
hardware; however, the cooperation mechanism between two
sensors is not discussed. Moreover, the vehicle classification is
not involved.
Images captured by cameras provide much more comprehensive and accurate information. However, the existing image
processing algorithms are mainly based on desktop computation, which is supposed to be accessible to large storage capacity and powerful computation resource. For example, canny
edge detection and optical-flow histogram-of-oriented-gradient
descriptors are computational intensive; therefore, they are not
suitable for the resource-limited sensor nodes.
In addition, many researches are focusing on applying
information-intensive images to WSNs. Herrero et al. [11] use
the difference of images between two median filtered frames,
which are complemented with a Kalman filter. Liu et al. [13]
adaptively estimates the background combined with two-frame
difference algorithm to get a robust background model and then
segments each frame into foreground and background objects.
To handle the shadow problem, “virtual detector” is used to
count and register the vehicle flow for each lane. However, there
are many research problems remain unsolved.
For example, due to the low-cost hardware, the capability of a
camera sensor is susceptible to environmental disturbance, e.g.,
change in sun light. To solve this problem, a common solution
is to set the camera sensor in a relatively high sample rate,
capturing as many images as possible. By image overlapping,
the noise disturbance can be reduced. However, this solution demands high consumption in both internal/external storage and
computation, which is not only a heavy burden for a resourcelimited WSN but also introduces high time delay, making it
difficult to realize a real-time system [15]. Furthermore, if
there is light traffic on the road, it is not necessary to keep
camera sensors working all the time, which is a waste of
energy.
Kulkarni et al. [16] design a multitier camera sensor network
named SensEye. SensEye is a heterogeneous multitier camera
sensor network, and it adopts low-resolution cameras for object
detection and high-resolution web cameras for tracking. The
SensEye platform reduces the system energy consumption with
a homogeneous platform by allocating sensing tasks between
different ties. However, many practical problems remain unsolved. For example, a mechanism is needed to avoid keeping
the camera working all the time and to determine the time when
the camera should be activated.
In this paper, we design and implement a real-time vehicle
classification and counting system based on WSNs, namely,
EasiSee. The contributions of this paper are as follows. The
first contribution is a collaborative sensing mechanism (CSM).
In the CSM, we propose an event trigger mechanism, which
activates the camera sensor node only when a vehicle detected,
to avoid keeping the camera sensor node working all the time.
The second contribution is a robust vehicle image processing
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algorithm with low computational complexity, including the
vehicle image segmentation and physical feature extraction.
We conclude that EasiSee has the following characteristics:
1) accurate vehicle classification, as the introduction of the
camera sensor node improves the vehicle classification accuracy by processing the information-intensive images; 2) lowdelay real-time performance, as the node-level signal process
algorithms reduce the transmission overhead and pave the way
for real-time classification; and 3) low resource consumption,
as by adopting the CSM, the camera sensor works in an ondemand way, which reduces the demand in the capacity of
storage and computation.
II. OVERVIEW OF EasiSee S YSTEM
In the EasiSee System, there are two types of sensor nodes:
the magnetic sensor node and the camera sensor node. When
the magnetic sensor node successfully detects a vehicle, it will
activate the camera sensor. When activated, the camera sensor
captures images, with carefully designed collaboration-related
parameters. After that, a computationally low-cost image processing algorithm (LIPA) is adopted to segment the vehicle
object from the background image.
Fig. 1 indicates the overall structure of EasiSee. There are
mainly three units in EasiSee: a vehicle detection unit realized
by the magnetic sensor node, a vehicle classification unit realized by the camera sensor node, and a collaboration unit.
According to the method in [5], we use magnetic sensor
nodes to perform vehicle detection. A magnetic sensor node is
deployed on the curbside of monitored road area. It collects the
Earth magnetic field flux along the lane. To tame the low SNR
caused by environmental disturbance or poor magnetic attribute
of a target, we designed and implemented a cross-correlationbased vehicle detection algorithm to accurately detect vehicle
arrival [5]. Experiments show that the detection accuracy of
motor vehicles could be up to 95%.
The CSM is designed to coordinate the magnetic sensor node
and the camera sensor node so that different types of sensor
can complement to each other. There are two problems here.
The first problem is how to set the working mode of the camera sensor node. By taking the context of traffic-information
acquisition and energy consumption issues into consideration,
when and how to activate the camera sensor is closely related
to the overall system performance. The second problem is how
to set the collaboration-related parameters. The collaborationrelated parameters setting, such as the distance between the
magnetic sensor node and the camera sensor node along the
lane direction, is significant to the overall system performance.
After the camera sensor captures the vehicle images, the
images will be classified. Image classification mainly consists
of two stages: vehicle segmentation and vehicle feature extraction. In the first stage, we need to separate the vehicle from
its background, remove the illumination variation influence,
and solve the low gray difference problem between the vehicle
foreground and its background in the corresponding region. In
the second stage, we need to extract physical features of the
vehicle. To realize feature extraction, the scatter noise and holes
in/around the vehicle object in the image should be filtered out.
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Fig. 1. Function models diagram. In the EasiSee system, the image sensor nodes are usually in sleep mode in order to save energy, whereas the magnetic
sensor nodes with lower cost are responsible for detection vehicles. Once a vehicle is detected, the image sensor nodes will awaken and conduct real-rime vehicle
classification and counting.

III. D ESIGNS OF C OLLABORATIVE S ENSING M ECHANISM
AND A LGORITHMS
With the magnetic sensor node, the arrival of a vehicle can
be accurately detected. However, accurate vehicle classification
cannot be realized based only on a 1-D magnetic signal. On the
other hand, the physical information of vehicles is well captured
by the camera sensor node. Different types of vehicles, e.g.,
a truck and a car, present different physical features, such as
vehicle length, height, and length-height ratio. Once physical
features are accurately extracted from the captured images,
the detected vehicle can be accurately classified to a specific
type. However, the image processing algorithms are usually
characterized as computation intensive and storage demanding,
making it difficult to carry out existing image processing algorithms on a WSN platform. For example, capturing a 640 ∗ 480
grayscaling image consumes 1.1 MB storage resource, whereas
the total SDRAM of Imote2 is 32 MB. Furthermore, to separate vehicle from the grayscale image background, intensive
computation resource is required, making the resource-limited
WSN node to be susceptible to illumination variation.
To solve the aforementioned problem, we propose a
computation/sensing solution that balances sensing performance and resource consumption among different nodes in the
system. Taking the complementary features among different
sensors into consideration, we designed an event-trigger-based
on-demand sensing/computing mechanism, namely, the CSM.
In the CSM design, the magnetic sensor node works as a trigger
and detects the arrival of a coming vehicle. When a vehicle
is detected, the magnetic sensor node sends a communication
message to activate the camera sensor node. By this design, the
resource-intensive camera sensor node works in an on-demand
way, and the overall system resource consumption is reduced

by a large extent. The adoption of the camera sensor paves the
way for accurate vehicle classification, and the magnetic sensor
working as a trigger enables the camera node to be put into
energy-saving mode when there is no object in the monitored
zone. Furthermore, there are still two problems that need to be
considered.
• The first problem is how to set the sample frequency of the
camera sensor node. To be specific, when a camera sensor
is activated, the capture frequency and the image capture
time should be determined. On one hand, to meet the
system accuracy requirement, at least one image should be
captured when the target is right in the camera coverage.
On the other hand, due to the resource limitation, the time
that the camera sensor in active mode should be as short
as possible. Therefore, the capture rate and the number
of captured images should be carefully set. If the capture
frequency is too low, the system might miss the image
of the coming target. However, if the rate frequency is
too high, large amount of unnecessary redundant images
will eat up the limited system resources. When the sample
frequency is set, the similar problem is how many pictures
to capture. If not enough pictures are captured, the target
information might be missed. However, if too many pictures are captured, there will be energy/storage waste.
• The second problem is setting of collaboration-related
parameters. Due to the adoption of two types of sensor
nodes, some collaboration-related parameters are required
to coordinate these two types of sensors. Here, we focus
on one parameter ds , which the distance between the
magnetic sensor node and the camera sensor node along
the lane direction. If ds is undersized, the camera sensor
node might fail to capture the target because it is activated
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Fig. 2.
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Boundary condition diagram for capturing frequency.

Fig. 3. Boundary condition diagram for the number of shots.

too late. If ds is oversized, it might cause the problem of
resource wastage because too many irrelevant pictures will
be captured before the effective target images are captured.
In the remaining parts of this section, we will discuss the
image capture frequency, the number of captured images, and
the distance settings between the camera and the magnetic
sensor.
A. Image Capture Frequency
As aforementioned, the frequency of image capturing should
be carefully studied. Furthermore, in practical road deployment,
the diversity of traffic vehicles with various physical features
makes the selection of capture frequency more difficult.
Considering the coverage of the camera node, we developed
the boundary condition for the capture frequency, which is
indicated in Fig. 2. The boundary condition is as follows. For
two consecutive captured images for the same target, the target
has just entered the camera coverage area in the first image,
whereas the target is just leaving the camera area in the second
image. In this case, the capture frequency fc can be described
as follows:
fc = 1/tc

(1)

where tc is the time interval between two image capture operations, i.e.,

tc = (dfov − dvehlen )/vveh
(2)
dfov = 2 × dcam2veh × tan(α/2).
In (2), vveh is the vehicle speed, dvehlen is the vehicle length,
dcam2veh is the distance between the camera sensor node and
the driving line of the vehicle, dfov is the camera’s coverage
length along the lane’s direction, and α is the angle of the
coverage(as indicated in Fig. 2).
Due to the diversity of vehicle physical features and
the real road situations, we set a range for parameters fc ,
[(fc )min , (fc )max ], i.e.,

(fc )min = 1/(tc )max
(3)
(fc )max = 1/(tc )min

where


(tc )min =
(tc )max =

2×(dcam2veh )min ×tan(α/2)−(dvehlen )max
(vveh )max
2×(dcam2veh )max ×tan(α/2)−(dvehlen )min
(vveh )min

.

B. Number of Image to Capture
Once the capture frequency is fixed, the parameter of the
number of how many images to capture decides both the usability of images and the time when the camera sensor is activated
in each trigger. Given the collaboration-related distance setting
(it will be explained later), our goal is to have the camera sensor
node capture fewer images while containing more effective
vehicle images.
Similarly, we developed the boundary condition for the number of captured images. Here, we need to consider how many
images is needed to get the effective image in the extreme
situation. In the extreme case, the vehicle is not yet or not fully
covered by the camera when the camera is activated, as shown
in Fig. 3.
We define tneed as the time interval between the camera is
activated and the first usable image is captured, and we denote
the number of captured images in this time interval by Nneed .
Then, we have
Nneed = tneed /timg

(4)

where timg is the capture interval, which is equal to (tc )min
according to (3), and

tneed = (ddis − ddelay )/vveh
(5)
ddis = d − dfov /2 + dvehlen /2.
ddis is the distance between the position that the vehicle
passes right by the magnetic sensor node and the position that
the vehicle totally enter the camera coverage area as a whole.
Then, we can get the least number of images at every trigger,
which is denoted by n as follows:
n = max(Nneed )
= (d − min(dcam2veh ) × tan(α/2) + max(dvehlen )/2)
(6)
/ (timg × min(vveh )) − tdelay /timg .
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Fig. 5. Typical vehicle scenes. (a) Minibus. (b) Family car. (c) Family car with
low gray difference with its background. (d) Bicycle with low gray difference
with its background.

etc. Taking reliability into consideration, we set the distance
dcam2mag to be the maximum value of Dc , i.e.,
dcam2mag = max(Dc )
= tdelay × max(vveh ) + max(dvehlen )/2

Fig. 4. Boundary condition diagram for the distance.

− min(dcam2veh ) × tan(α/2)
C. Distance Between the Magnetic Sensor and the
Camera Sensor
As aforementioned, the distance between the magnetic sensor node and the camera sensor node dcam2mag is an important collaboration-related parameter. The reason is as follows.
Suppose the camera sensor receives the activation message at
time ta and the target speed is v after ta , i.e., before the target
enters the camera coverage at time t, then we have a timevariant displacement du (t) = v ∗ (t − ta ). Due to the exitance
of du (t), it is difficult to control the timing to set the camera
to work. The ideal solution is to activate the camera when
du (t) = dcam2mag , which is difficult to realize. If the camera is
activated when du (t) is relatively large, the camera will capture
many useless images, wasting resources. On the other hand,
if the camera sensor is activated too late, the best timing to
capture the target might be missed. Furthermore, more factors,
such as the diversity of target speed, need to be considered to
set the distance parameter dcam2mag .
Here, we only consider the boundary condition for the close
situation, as shown in Fig. 4. When the camera sensor node
is activated and captures the first image, the front end of the
vehicle is just leaving the coverage area. The distance in this
boundary condition is denoted by Dc . Then
Dc = ddelay − dfov /2 + dvehlen /2

(7)

ddelay = tdelay × vveh

(8)

where

with tdelay being the time delay between vehicle detection
by the magnetic sensor node and camera sensor activation.
ddelay is the displacement of the vehicle target in time interval
tdelay .
However, due to the diversity of physical features among
vehicles, the parameters related to Dc varies for many factors,
such as the length and height of the vehicle, vehicle speed,

(9)

where tdelay consists of four parts: the sample time of the magnetic sensor, the vehicle detection time, and the communication/
transmission time between the magnetic sensor and the camera
sensor.
IV. ROBUST V EHICLE I MAGE P ROCESSING A LGORITHM
W ITH L OW C OMPUTATIONAL C OMPLEXITY
A. Vehicle Segmentation
The vehicle segmentation algorithm should solve the illumination variation and low gray difference problem on the
resource-limited sensor node. Fig. 5 shows a typical captured
image of a vehicle.
As the camera sensor produces monochromatic gray pictures,
it might sample different colors as similar gray values because
of illumination variation. Therefore, it is even more difficult to
develop an algorithm to distinguish the vehicle from its background in the captured image. Both the illumination variation
and low gray difference introduce challenges to the vehicle
segmentation.
The state-of-the-art image segmentation solutions are background subtraction, histogram equalization, Otsu’s method, etc.
[17]. However, when they are adopted to solve the illumination
variation and low gray difference problems to realize vehicle
segmentation, the performance is poor, as shown in Fig. 7. We
will explain the reasons in Section V.
To solve the illumination variation and low gray difference
problems, we studied the grayscale image. Our conclusions are
as follows: 1) The gray value is discontinuous near the border
of different objects; and 2) in the image part where the vehicle
is located, the variation of gray values is moderate or even low.
The background image is full of irregular sized objects;
therefore, there are many irregular gray value leaps in the
background image. In the vehicle region of the captured image,
the gray values on the vehicle surface are similar. Based on
previous observations, we adopt the following assumptions. In
the nonvehicle parts of an image, the gray variation is mainly
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caused by sunlight illumination. In the vehicle parts of an
image, gray variation is mainly caused by the appearance of
the vehicle target. Although the gray variations in different
parts of an image are caused by different factors, we adopt
the following assumption: sunlight illumination causes similar
or same gray variation in neighboring image pixels. Based
on previous assumptions, we propose a low-complexity but
robust vehicle segmentation algorithm. The algorithm design
is as follows. First, by calculating the difference image with
the background difference algorithm, we remove most of the
irrelevant background noise. Second, by applying gradient operation on the difference image, we can get the gradient image,
so that we can remove the gray variation in the neighboring
pixels, which is caused by sunlight illumination. The horizontal
gradient operation helps to outline the horizontal gray variation
of the vehicle object. The vertical gradient operation helps to
outline the vertical gray variation of the vehicle object. Therefore, using both horizontal and vertical gradient operations, the
overall profile of a vehicle target can be outlined. Finally, we
apply the 3σ rule to segment gradient image, and we can get
the binary image.
1) Difference Image by Background Subtraction:
subImg(i, j) = abs (vImg(i, j) − bImg(i, j))

(10)

where i = 0, 1, . . . , (row − 1), and j = 0, 1, . . . , (col − 1).
subImg is the difference image, vImg is the vehicle image,
and bImg is the background image. The size of the image is
row × col.
2) Gradient Image by the First-Order Gradient Operation to
the Difference Image:
dxSImg(i, j) = subImg(i, j + 1) − subImg(i, j)

(11)

where i = 0, 1, . . . , (row − 1), and j = 0, 1, . . . , (col − 2).
dySImg(i, j) = subImg(i + 1, j) − subImg(i, j)

(12)

where i = 0, 1, . . . , (row − 2), and j = 0, 1, . . . , (col − 1).
dfSImg(i, j) = |dxSImg(i, j)| + |dySImg(i, j)|

(13)

where i = 0, 1, . . . , (row − 2), and j = 0, 1, . . . , (col − 2).
dxSImg is the first-order horizontal gradient image, dySImg
is the first-order vertical gradient image, and dfSImg is the firstorder gradient image.
Considering the computation complexity, we replace the
square and extraction operations in the gradient computation
by the straight add operation to the absolute values.
3) Vehicle Segmentation by Thresholds:

1, if dfSImg(i, j) ≥ Th
(14)
bwDSImg(i, j) =
0, if dfSImg(i, j) < Th
where Th = μ + 3σ, μ is the expectation of the gradient image,
and σ is the approximated value of the standard deviation.
In the produced binary image, the digit “1” represents the
vehicle pixel, whereas “0” represents the background pixel.
Fig. 8 shows the typical produced binary images. From these
images, we verify the validity of the algorithm in solving the

illumination variation and the low gray difference problem with
low time complexity O(row × col).
B. Extraction of Low-Complexity Accurate
Vehicle Shape Features
Because of the sensor noise and disturbance, there will be
many scattered noise in the background and noise holes in the
vehicle target part. The accuracy of the extraction of vehicle
physical features is challenged by the scattered noise in the
background region and by the scattered holes in the vehicle
region in the vehicle-visible binary image. For example, to get
two basic vehicle shape features (the vehicle length denoted
by Lveh and the vehicle height denoted by Hveh ), an intuitive
extraction method is as follows:
⎧
col−2

⎪
⎪
bwDSImg(i, j)
⎨ Lveh = max
i
j=0
(15)
row−2

⎪
⎪
⎩ Hveh = max
bwDSImg(i, j)
j

i=0

where i = 0, 1, . . . , (row − 2), and j = 0, 1, . . . , (col − 2).
Generally, the scattered noise results in larger-than-actual
values and the scattered holes results in less-than-actual values.
The severely deviated values of vehicle parameters lead to poor
classification accuracy.
To reduce noise, the opening operation in mathematical morphology theory [17] is commonly adopted. With this method,
the scatter noise that is smaller than the structure elements can
be diminished. However, the computation complexity will be
greatly increased if the aforementioned method is applied to
each pixel. In this case, the time complexity of opening operation is O(row × col × m × n). (The image size is row × col,
and the size of structure elements is m × n).
To solve the high-complexity problem, we propose a mean
compression method in noise reduction, i.e.,
s=sh t=th

rImg(s, t)

cImg(i, j) =

bRow × bCol

(16)

s=sl t=tl

where i = 0, 1, . . . , (cRow − 1), j = 0, 1, . . . , (cCol − 1),
cImg is the new compressed image with size cRow × cCol,
the size of every small piece is bRow × bCol, rImg is the
image directly from the camera, sl = bRow × i, sh =
bRow × i + bCol, tl = bCol × j, and th = bCol × j + bRow.
The mean compression reduces most of the random scatter
noise, and if the compression is carried out before background
subtraction, the overall computation complexity of the algorithm can be reduced by bRow × bCol.
After removing the noise from random scatter noise, we also
need to remove the disturbance from irregular holes. Although
there are many irregular holes in the image’s vehicle area,
we can counteract them by those vehicle pixels at the same
row/column as the irregular hole. Therefore, we proposed a
solution to the hole problem. For the whole captured picture,
calculate first a virtual row (same length as the actual row of the
image), where each slot of the virtual row records the statistical
result of the vehicle pixel of the corresponding column in the
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captured image. Then, we scan the calculated virtual row; the
length of the longest nonzero serial will be the physical length
of that vehicle object. Similarly, calculate a virtual column,
where each slot of the virtual column records the statistical
result of the vehicle pixel of the corresponding row in the
captured image. Then, we scan the calculated virtual column;
the length of longest nonzero serial will be the physical height
of that vehicle object. This solution is expressed as follows:
⎧
row−2

⎪
⎪
bwDSImg(i, j)
⎨ virtualRow(j) =
i=0

col−2

⎪
⎪
⎩ virtualCol(i) =
bwDSImg(i, j)

(17)

j=0

where, j = 0, 1, . . . , (col − 2), and i = 0, 1, . . . , (row − 2).

Lveh = max {length(RLi )}
(18)
Hveh = max {length(RHj )}
where RL is the set of the continual nonzero section of the
virtualRow. card(RL) is the element number of RL, and i =
1, . . . , card(RL). RH is the set of the continual nonzero section
of the virtualCol. card(RH) is the element number of RH, and
j = 1, . . . , card(RH).
Once Lveh and Hveh are calculated, further calculation can
be conducted to extract more features about that vehicle object.
It works as follows.
We can define startCol and endCol as the start and end
positions of the longest nonzero section of the virtual row,
respectively, and startRow and endRow as the start and end
positions of the longest nonzero section of the virtual column.
The start and end positions of the longest nonzero serial in the
virtual row can be considered the left and right boundaries of
that vehicle object. Similarly, we can get the top and bottom
boundaries of that vehicle object. Therefore, we can get a
boundary rectangle for that vehicle. In the boundary rectangle,
we scan each row from top to bottom and then scan each column
from left to right; the first “1” and last “1” can be used to outline
the vehicle profile. Based on this information, we can calculate
other parameters, such as length–height ratio, perimeter, etc.
V. E XPERIMENTAL E VALUATIONS
A. Experiment Configuration and Parameters Setting
The experiments were conducted on a road with mixed
traffic (motor vehicles and nonmotor bicycles). Fig. 6 is our
experiment deployment in real road environment. Traffic on
this road consists of bicycles, motorcycles, electric bicycles,
family cars, taxis, minibuses, SUVs, etc. According to the
physical features of the targets, we classify the targets into three
categories: bicycles (including bicycles, electric bicycles and
motorcycles), cars (including family cars, taxis, and SUVs), and
minibuses.
To verify the system of EasiSee, we conducted several experiments. In the first experiment, we verified the vehicle detection
on the magnetic sensor node. In the second experiment, we
verified the LIPA. In the third experiment, we verified the

Fig. 6.

Deployment scene on real road environment.
TABLE I
PARAMETERS S ETTING

TABLE II
V EHICLE D ETECTION R ESULTS

EasiSee on-road system and the accuracy of online vehicle
classification. We also analyzed system resource consumption.
To build the ground truth for the experiments, we used a Sony
Handycam HDR-SR5 camera to videotaped all the traffic facts
during all the experiments.
Once the magnetic sensor node detects a vehicle, it sends a
message to wake up the camera sensor node, putting the camera
sensor node into working mode. The time that the camera
sensor is put into working mode for one target is denoted as
twork . Based on the data sensed by the camera sensor node, the
vehicle can be classified, and the classification result will be
sent to the base station. After that, the camera sensor node will
be put into sleep mode until the next wake-up message.
Based on the statistics on the captured traffic data, we assign
values for the following parameters: The range of the camera
coverage α is 25◦ , the uncertain time delay tdelay in Fig. 4 is
0.6 s, the range of vehicle length dvehlen is 4–5 m, the distance
ddelay in Fig. 3 is 3.6–4 m, the range of vehicle height dvehhei
is 1.5–1.8 m, the range of vehicle speed vveh is 5.6–11 m/s, and
the distance between the vehicle and the camera sensor node
dcam2veh is 13.5–15.5 m.

WANG et al.: EasiSee

Fig. 7.

421

Effect of traditional segmentation process.

According to (3), we calculate the range of camera frequency
fc as 2–11.8 Hz. In our experimental settings, we set fc to be
10 Hz. Then, according to (6), the minimum number of shots at
every trigger is set to be 4. Considering the uncertainty in the
on-road experiment, we set the number n to be 10. According to
(9), we calculate the minimum distance between the magnetic
and camera sensor nodes to be 6.18 m. In our experiment
settings, we set the parameter of minimum distance dcam2mag
to be 7 m. Table I lists the other parameters.
B. Vehicle Detection Accuracy of Magnetic Sensor Node
In this experiment, the detection result of EasiSee was saved
at the base station, and the ground truth could be get from the
video captured with a Handycam camera. During this experiment, we collected three sets of data, and the total experiment
time is 8562 s. There are 285 vehicles in all groups including
51 bicycles, 199 cars, and 35 minibuses. The results of this
experiment are listed in Table II.
In Table II, we can conclude that even a bicycle can be
detected by our vehicle detection algorithm. It proves the
validity of the algorithm in processing low SNR ratio and
weak response signal problems; meanwhile, the capacity of
bicycle detection makes it necessary to identify the bicycle
in order to exclude the bicycle in traffic flow statistics, which
only involves motor vehicles. On the other hand, the average
detection accuracy for motor vehicles is as high as 95.31%.
The high motor vehicle detection accuracy not only verifies
the validity of the algorithm but also pave the way for a good
overall performance of our EasiSee system.
C. Verification of the Image Processing Algorithm
We conducted this experiment to verify the proposed image
processing algorithms in EasiSee. We manually collected sam-

ple images as input data in this experiment. Each time when a
vehicle passed the camera’s coverage area, we would manually
activate the camera to work 1 s (fc × n = 1 s), and the image
data would be saved to a laptop computer. Throughout this
experiment, we collected sample data, including 45 bicycles,
37 cars, and 26 minibuses.
1) Vehicle Segmentation Effect Demonstration: To build up
benchmark for this experiment, we run existing segmentation
algorithms, background subtraction, histogram equalization,
and Otsu’s method, on our collected data, and the results are
displayed in Fig. 7.
In Fig. 7, we can conclude the following. First, with the
method of background subtraction, vehicles whose gray values
are conspicuously different from its background can be outlined easily, whereas vehicles whose gray value are close to
its background could not be well outlined. We can conclude
that background subtraction is sensitive to the gray difference
between the vehicle and its background. Second, from the
result of the histogram equalization method, we can see that
it increases the global contrast of the image, and it cannot be
applied to outline the vehicle from its background with a similar
gray value. Third, Otsu’s method is based on the assumption
that the image contains two classes of pixels or a bimodal
histogram, and the binary image is calculated by the optimum
threshold separating those two classes. It cannot work when the
two classes of pixels or the bimodal histogram are not available.
Finally, due to the illumination variety and low gray difference
between the vehicle and its background in the corresponding
region, we cannot apply existing segmentation algorithms in
EasiSee.
We present the outline result of our proposed segmentation
algorithm in Fig. 8. According to this figure, we conclude that
the vehicle profile is well outlined. Furthermore, the algorithm
is also proved to be robust to the illumination variation and gray
difference level.
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TABLE IV
C LASSIFICATION R ESULTS

Fig. 8. Effect comparison of the segmentation algorithm for different
resolutions.

the setting of 80 ∗ 60 pixels is practical in our resource-limited
real-time system. Furthermore, it is shown in Figs. 8 and 9 that
the image of 80 ∗ 60 pixels can still provide an ideal vehicle
segmentation result. Although the mean compression increases
the computation in the preprocess step, its overall computation
performance outperforms the others.
D. System Evaluation

Fig. 9. Bounding box and vehicle outline.
TABLE III
C OMPUTATION C OST E VALUATION OF D IFFERENT A LGORITHMS

2) Accuracy of Vehicle Feature Extraction: To illustrate the
accuracy of the feature extraction, we draw a rectangle to bound
the vehicle object and also draw the vehicle outlines, as shown
in Fig. 9.
In Fig. 9(a), the vehicles are all well bounded by the rectangle, indicating good accuracy in extraction of vehicle length
and height. In Fig. 9(b), the profile/outline of the vehicle generally describes vehicle physical information, where the vehicle
perimeter can be calculated.
3) Performance Evaluation of LIPAs: To evaluate the performance of algorithms, we estimate the algorithms on the
hardware platform simulation of PXA271 of the Imote2 node
with a clock frequency of 104 MHz. Table III shows the
computation cost evaluation of different algorithms.
In Table III, to perform vehicle segmentation, the total
computation time for image of 80 ∗ 60 pixels is 197.50 ms,
2752.93 ms for 320 ∗ 240 pixels, and 10 812.45 ms for 640
∗ 480 pixels. We can see that the vehicle segmentation under

In the system evaluation, we conduct several on-road experiments to verify overall system performance. In this experiment,
we verify accuracy of online vehicle classification and resource
consumption. We conduct five group experiments. The total
experiment time is 12 133 s. There are 431 vehicles in these experiments, including 259 bicycles, 140 cars, and 32 minibuses.
To realize real-time classification, we use the images from the
earlier section as the training set.
1) Classification: According to Section IV, vehicle length
Lveh , vehicle height Hveh , and vehicle perimeter Pveh can be
calculated by features extraction algorithm. Denote LHR =
Lveh /Hveh , and PSR = Pveh × Pveh /Lveh × Hveh . Based on
the analysis of previous sampled data, we found that LHR and
PSR are more helpful features in the classification. Therefore,
they are used to classify the vehicles.
In the experiment, we use the threshold method to classify
the bicycles from the motor vehicles. As the difference between
the bicycles and motor vehicles (cars and minibuses) is obvious
in the LHR, we use it to classify the bicycles and the motor
vehicles. Based on the training set, the threshold is set to be
1.5. When one test sample’s LHR is less than the threshold, this
sample will be classified as a bicycle. Therefore, the bicycles
can be distinguished from the motor vehicles through this
method.
Next, we use Euler distance (ED) method to classify motor
vehicles online. We use ω1 and ω2 to denote the type of cars
and the type of minibuses, respectively. The center of classes
ω1 and ω2 are X (ω1 ) and X (ω2 ) , respectively. The ith sample
is Xi = (LHRi , PSRi ). According to the training set, X (ω1 ) =
(1.8, 8.68), and X (ω2 ) = (1.62, 2.68). Therefore, we use the
ED classifier to carry out online classification of the motor
vehicle. The classification results are shown in Table IV.
According to Table IV, we can see that the bicycles can be
accurately distinguished from motor vehicles, which pave the
way for motor vehicle counting.
The minibus classification accuracy is 84.38%, and the car
classification accuracy is as high as 95.71%. The relatively
poor classification accuracy of minibuses is due to the following reasons: 1) There are some minibuses that share similar
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physical features of cars; and 2) the resource-limited camera
sensor and its low-quality captured image also results in poor
accuracy.
2) Resource Consumption Analysis: In this experiment, we
will analyze and compare resource consumption between EasiSee and the noncollaborative method (NCM). The NCM
only uses the camera sensor node for vehicle classification
and counting. The camera sensor node is always active. Other
settings are the same as EasiSee.
We compare EasiSee and the NCM in three aspects: the
computation time of the camera sensor node, the data size, and
the energy consumption. The performance of EasiSee and the
NCM can be analyzed through these aspects.
a) Computation time of the camera sensor node: In EasiSee, the camera sensor node is triggered by the magnetic
sensor node. Once triggered, the time length is twork . Therefore,
the computation time of the camera sensor node in EasiSee can
be calculated as follows:
TEasiSee = twork × nveh

(19)

where nveh denotes the number of the trigger messages that
magnetic messages have sent.
In the NCM, the camera sensor node is always active, and the
total work time of NCM is ttotal , so that the vehicle target can
be always captured. The computation time of the camera sensor
node in the NCM can be calculated as follows:
TNCM = ttotal .

(20)

b) Data size: The data size in EasiSee can be calculated
as follows:
dEasiSee = ttotal × fm × dm + fc × dc × twork × nveh (21)
where dm denotes the amount of data collected by the magnetic
sensor node at one time, and dc denotes the amount of data
collected by the camera sensor node at one time.
The data in the NCM consists only of the data captured by the
camera sensor node. However, the camera sensor node is always
active. Therefore, the data size in the NCM can be calculated as
follows:
dNCM = ttotal × fc × dc .

(22)

c) Energy consumption: The energy consumption in
EasiSee can be calculated as follows:
QEasiSee = pm × ttotal + pc × twork × nveh
+pc (ttotal − twork × nveh )

(23)

where pc and pc denote the power of the camera sensor node in
the operating mode and in the sleep mode, respectively.
The energy consumption in the NCM is caused by the
camera sensor node. However, the camera sensor node is always
active. Therefore, the energy consumption in the NCM can be
calculated as follows:
QNCM = pc × ttotal .

(24)

Fig. 10. Resource consumption analysis results.

According to the statistics of this experiment, ttotal is 12 133 s,
nveh is 431, dm is 2 B, dc is 1 135 470 B, and twork is 1 s.
By [18], pm is 24 mW, pc is 297 mW, and pc is 1.755 mW.
According to Table I and the computation method of the
running time of the camera sensor node, the data size, and the
energy consumption, we can calculate the comparison results
of the three aspects. The experiment results are listed in the
Fig. 10.
In Fig. 10, the running time of the NCM is 28.15 times the
running time of EasiSee with regard to the camera sensor node,
the data size of the NCM is about 28.14 times the data size of
EasiSee, and the energy consumption of the NCM is 7.9 times
the energy consumption of EasiSee.
According to the given analysis, we conclude that EasiSee
can achieve nearly an order of magnitude reduction in energy
consumption while providing same the classification accuracy
as NCM systems.
VI. C ONCLUSION
In this paper, we have design and implement a real-time
vehicle classification and counting system based on WSNs,
namely, EasiSee. According to the real-road-environment experimental analysis, we verify that EasiSee achieves nearly
an order of magnitude reduction in energy consumption while
providing comparable classification accuracy with respect to
NCM systems. In addition, as all computations are carried out
at local node, EasiSee is proved to be a distributed system with
good scalability.
Our future work will be as follows. First, as we found that,
in our experiments, it is common that more than one target is
captured in an image, a natural problem is how to process the
image in which multiple targets are captured. Second, although
our system is proved to be useful in one road section, our next
problem is how to improve our system to be practical on a large
scale.
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