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Abstract

This paper illustrates a vision-based vehicle positioning method at an intersection to support the C-ITS. It removes the minor

shadow that causes the merging problem by simply eliminating the fractional parts of a quotient image. In order to separate the

occlusion, it firstly performs the distance transform to analyze the contents of the single foreground object to find seeds, each of

which represents one vehicle. Then, it applies the watershed to find the natural border of two cars. In addition, a general vehicle

model and the corresponding space estimation method are proposed. For performance evaluation, the corresponding ground truth

data are read and compared with the vision-based detected data. In addition, two criteria, IOU and DEER, are defined to measure

the accuracy of the extracted data. The evaluation result shows that the average value of IOU is 0.65 with the hit ratio of 97%. It

also shows that the average value of DEER is 0.0467, which means the positioning error is 32.7 centimeters.

Index Terms: C-ITS, Minor shadow removal, Occlusion segmentation, Positioning system

I. INTRODUCTION

Nowadays, the Cooperative Intelligent Transportation Sys-

tem (C-ITS) is being developed rapidly along with break-

through technologies in the areas of wireless communication

and various sensing technologies. Many systems, such as

traffic surveillance or collision avoidance are now being

installed to provide safer and more convenient transportation.

In this C-ITS, precise vehicle positioning is very important

since almost every advanced traffic surveillance and analysis

system, including automatic traffic enforcement systems

(ATES) and autonomous vehicle support systems, require real-

time accurate location information of vehicles on the road.

Currently, various positioning systems are utilized in the

transportation industry. Among them, Global Positioning

Systems (GPS) are one of the most widely used technologies

because of their low cost and convenience. However, the

GPS system is not reliable enough to support those advanced

systems due to low and unstable accuracy (normal error of

7–30 m and worst-case error of a few hundred meters) and

high latency (the first reliable data is given after several min-

utes and the updating period is about 30 seconds [1]). This is

mainly because trees, buildings, and moving objects like cars

reflect or weaken GPS signals.

Other active methods using radar or laser scanners have

another problem. Even though they achieve high accuracy

and low latency, they have a signal interference problem

since they emit electromagnetic waves and the wave signals

interfere with other waves from vehicles or other communi-

cation facilities. Moreover, their devices are very expensive.

Meanwhile, the vision-based method seems to be a poten-

tial candidate for the positioning system in transportation. It

does not emit any signal and just senses visible lights with a

low-cost camera; thus, it can solve the interference problem

and the high-cost problems.

A vision-based positioning mechanism uses an image sen-
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sor to receive reflected light from objects and achieve very

high accuracy at the local scale. However, it also has some

drawbacks that are caused by the change of illumination and

the perspective distortion of the observed environment.

So far, several techniques have been proposed to overcome

the drawbacks in the vision processing area. Shadow

removal, occlusion segmentation, and vehicle mapping are

the main subjects of the existing studies. Shadow and occlu-

sion affect vehicle detection severely; however, the shadow

removal methods [2-4] only focus on shading under strong

sunlight and ignore the minor shadows, which disturb the

precise segmentation of vehicles and their accurate position-

ing. Meanwhile, the separation of vehicles merged as one

object due to occlusion can be processed with height estima-

tion [5], but it does not return full information of the detected

object; only a set of estimated points, which are not enough

to estimate the actual space occupied by each vehicle.

Another separation method is to use the watershed algorithm

in [6]. The problem of this method is the over-segmentation

which identifies one vehicle as more number of vehicles.

Mapping after the detection on real word is also another

important issue. In [7], the vision-based positioning is con-

ducted with multiple two cameras looking at the same posi-

tion. However, synchronizing multiple cameras is difficult

and high computational complexity of the stereo vision pro-

cessing makes the latency higher. In addition, the estimated

result in that paper is just center points within vehicles and

does not provide the information about the spaces occupied

by individual vehicles, which is crucial for the advanced C-ITS.

This paper illustrates a very high-accuracy vision-based

vehicle positioning method with a single view camera at an

intersection to support the ITS. The next section proposes

two solutions to the problems in vehicle detection: minor

shadow removal and precise segmentation of vehicles

merged with other vehicles. By removing the minor shadow,

the merging problem can moderate. Then, a vehicle model

for positioning and mapping is proposed. This model does

not only provide the center position, but also the space occu-

pied by a vehicle. It enables very precise mapping on a 2D

map with vehicle space interpolation.

Section III evaluates the performance of the proposed

schemes based on two criteria: intersection over union (IOU)

and diagonal eccentric error ratio (DEER) with the Ko-PER

dataset used in [8]. Finally, Section IV concludes this paper

with a brief discussion.

II. SYSTEM MODEL AND METHODS

A. Minor Shadow Removal

Vehicle detection is mostly based on background subtrac-

tion. First, the background image is extracted from an input

image sequence using a certain method, such as frame aver-

aging. Then, an input image is subtracted by the background

to find the foreground objects. In order to avoid the change

of illumination (normally caused by the sun), a filter like

mixture of Gaussians is applied to the set of about a thou-

sand accumulated images to create the background model

most similar to the actual one.

In traffic images, the foreground object not only contains

the vehicle, but also, its shadow. Under strong sunlight, the

shadow appears in two forms: cast shadow and self-shadow.

The self-shadow is the dark area within a vehicle and needs

to be preserved while the cast shadow is the dark area in the

background (not on the vehicle) and needs to be eliminated.

Distinct cast shadows are well removed by the existing

methods. However, under the weak sunlight environment, it

is not easily recognized by bare eyes. In fact, the cast

shadow appears softly in the background. As shown in Fig.

1, the foreground object after the background subtraction

includes a small area of the road, i.e., the detected blob is

larger than the actual car and it increases the possibility of

merging. This kind of shadow is called minor shadow.

In the cast shadow, there are no pixels that are exposed to

direct sunlight; only pixels that are exposed to scattered and

reflected sunlight. According to [4], when an area is shaded,

its intensity is decreased at a constant ratio. Therefore, the

ratio of intensity between the shaded image and the non-

shaded image is approximately the quotient obtained from

the division operation involving two intensity values of the

corresponding pixel pair between the two images. Several

shadow removal projects [2-4] use the quotient image to

evaluate and analyze the distribution of the intensity ratio all

over the image for the shadow removal process. However,

for minor shadow, the differences of intensity are very small,

and thus, this method is not applicable. Therefore, this paper

simply eliminates the fractional part in the ratio values of the

quotient image to remove this shadow. Consider a back-

ground that is a shadow-free image and an input image

potentially has the minor shadow. Then, the formula for quo-

tient image is modified as follows:

(1)Quotient Image integer( )
Input

Bg
-------------
⎝ ⎠
⎛ ⎞* k*E Bg( )( )=

Fig. 1. An example of minor shadow. (a) An image from the Strigel’s dataset

[8]. (b) Foreground detection result.
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In Eq. (1), Bg stands for the background image. (integer)

is a typecasting operator that keeps only the integer part and

removes the fractional part, except that it returns one (not

zero) if the integer part is zero. Hence, for the shadowed

area, input divided by Bg is less than 1, and the typecasting

operator returns 1. It is the same as the one calculated in the

non-shadowed background area. Thus, the shadow area is

removed.

The ratio image itself contains free minor shadow versions

of the moving objects, but the intensity is just around 1 or 2

because of the division. This low intensity makes ordinary

background subtraction hard to recognize the objects again.

That is why the recovery factor is added to compensate for

the loss of the background average intensity. The recovery

factors include the function E( ), the mean function that cal-

culates the average intensity of the background, and the scale

factor k (0 < k < 1), which is used to avoid the saturation

when some pixels in the desired quotient image are over

255. The factor k needs to be tuned based on brightness of

the input sequence. For the authors’ experiment, k is tuned to

be 0.33 since the authors’ dataset could barely avoid satura-

tion with that value.

As can be seen in Fig. 2(b), the minor shadow remains

severe just after foreground detection while it is removed in

the quotient image in Fig. 2(a). Therefore, instead of using

an input image sequence as it is, the quotient images are cal-

culated firstly to remove the minor shadows, and are then

fed into mixture of Gaussians foreground detection.

Fig. 3 compares the effects of using and not using quotient

images. Fig. 3(b) and 3(d) are the original input images, and

Fig. 3(a) and 3(c) are the detected foreground objects,

respectively. When not applying quotient images, the bound-

ary of the detected foreground object is extended, as shown

in Fig 3(b) when compared to Fig. 3(d) where the quotient

image is applied. The evaluation of blob expansion caused

by minor shadow is shown in Fig. 3(e). By extracting the

foreground objects with minor shadows removed, the vehicle

spaces can be estimated tightly and more precisely.

B. Occlusion and Merging Separation

Occlusion is normally a situation where a vehicle blocks

other vehicle(s) from the sight of the camera; thus causing a

misunderstanding of two or more vehicles as one because

they are all in the same foreground object. Note that merging

is another situation where two vehicles stay near and don’t

block (touch) each other, but they are still recognized as one

foreground object like the occlusion. The problems of occlu-

sion and merging should be resolved by separating the

occluded foreground object into each object. By removing

the minor shadow, the possibility of the merging is reduced.

This paper classifies the occlusions between two cars in

the adjacent lanes into two types: near-vehicle occlusion and

adjacent-vehicle occlusion.

1) Near-Vehicle Occlusion

Near-vehicle occlusion is the case that vehicles stay so

close that they slightly touch each other. As shown in Fig. 4,

two vehicles can be recognized as only one foreground

object.

In order to separate them, the distance transform is applied

firstly to analyze the contents of the single foreground object

to find seeds, each of which represents one vehicle. Then,

the watershed is applied to find the natural border of two

cars where they touch each other. In fact, [6] and [9] use the

Fig. 2. The difference after applying minor shadow removal. (a) The ratio

image without minor shadow. (b) Original foreground detection result.

Fig. 3. The difference after applying minor shadow removal. The foreground

detection with (c) and without (a) minor shadow removal. Bottom line

extraction of moving object with (d) and without (b) minor shadow removal. (e)

Bounding contours of moving object with (cyan) and without (red) minor

shadow removal.

Fig. 4. Near-vehicle occlusion. (a) Input image. (b) Minor shadow-removed

foreground image.
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watershed algorithm to separate a chunk. However, it causes

the over-segmentation problem. Thus, this paper proposes to

add the distance transform before the watershed to avoid the

over-segmentation problem.

The analysis result of the distance transform is visualized

in Fig. 5 by using MATLAB. The distance is measured from

each inside point to the closest border point from it; thus, the

center point of each segment gets the highest distance. If two

vehicles are overlapped in a small area, that area will create

a small ‘valley’ between two peaks, as in Fig. 5(b). By applying

an appropriate threshold value, this valley can be eliminated.

The closer two cars remain, the higher the valley is. The

threshold value is set to be 55% of the maximum distance

value, and is obtained from experimental results. If the val-

ley is higher than the threshold, it becomes the adjacent-

vehicle occlusion and is treated in the next subsection.

Fig. 6(b) shows two objects separated through the distance

transform and thresholding. The small connection is elimi-

nated after the thresholding process. Two segmented vehicles

are marked as two different seeds to be used in the water-

shed transform. Fig. 7 illustrates the result of finding each

vehicle’s borderline by using the watershed transform. At the

contact area between two vehicles, a natural border is

formed.

2) Adjacent-Vehicle Occlusion

If two cars are too close to each other, i.e., the two are

running parallel in two adjacent lanes, the valley is higher

than the threshold, which leads to the failure of that separa-

tion method. This is the adjacent-vehicle occlusion. The

research [10] provides a solution using the concave curva-

ture for a similar situation where rice grains touch each other

and segmentation is required. In that method, once the suit-

able splitting points at the concave curvatures are determined,

the segmenting line can be drawn, as illustrated in Fig. 8.

This paper applies this idea to the distance-transformed

images. In those images, convex Hull borders are estimated

and the depth levels of concave points are calculated from

that convex Hull border. The points that have higher depth

values than a depth threshold are considered potential split-

ting points and a splitting line is created based on them. If

more than one line is created, the line nearest the center of

the foreground object is selected.

Fig. 9 illustrates the separation process for two adjacently

occluded vehicles. When applying distance transform and

thresholding, the small space between two vehicles remains

eroded and two curves are formed. On the line, two of the

most concave points are found and the separating line con-

necting the two points is drawn. The watershed transform is

performed on the two separated seeds and the separation is

completed, as showed in Fig. 10.

Nevertheless, sometimes separation fails when the splitting

line is undetectable, i.e., more than two concave points are

Fig. 8. Segmentation of touching rice grains [10].

Fig. 9. Separation process for adjacent-vehicle occlusion. (a) Two occluded

moving objects. (b) Result of distance transform and thresholding. (c) Two

concave points found. (d) Created separation line from two seed areas.

Fig. 5. Distance transform for a near-vehicle occlusion. (a) Result of

distance transform. (b) Magnitude of the result in 3D graph.

Fig. 6. Vehicles separated by distance transform. (a) Distance-transformed

foreground image. (b) The applied threshold image after distance transform.

Fig. 7. Near-vehicle occlusion and separation.
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not found. Then, the foreground object will be considered as

one big block, despite containing two vehicles. For that case,

no method is devised yet. However, even in that case, the

space occupied by two cars can still be estimated, and each

car’s position can be roughly recognized. Fig. 11 presents

the case where one concave point is missing and the splitting

line is not detected. However, the foreground object can still

be utilized to extract the space occupied by both cars.

C. Vehicle Space Model and Mapping

The vehicle model is crucial to estimate vehicle-occupied

space. In other models [11-14], almost all parts of a car, such

as windows, doors, color, and height, are included. Thus,

computational load is increased and vehicle appearances are

classified with too much generality lost; e.g., in [14], the

model is built based on a sedan only, and thus, it fails to

detect other types of cars like big vehicles or compact cars.

Therefore, we need to propose a general vehicle model and

the corresponding space estimation method that is applicable

to most of the modern vehicles.

1) Vehicle Space Model

Most vehicles nowadays have the axial symmetry with the

axes formed on the center of the vehicle. Fig. 12 illustrates

the top view of a sedan with the reflection symmetry. The

vehicle space can be approximated as a rectangle in top view

image. Although a vehicle does not have point symmetry, its

bounding rectangle does and both point-symmetric and

axisymmetric features are utilized to estimate the smallest

rectangle containing the vehicle space. Theoretically, if any

two connected sides of a rectangle are known, the remaining

two sides can be inferred. Hence, assume that the camera is

configured to shoot at an oblique angle, and then a detected

vehicle is transformed into top view; two sides of the bound-

ing rectangle can be identified by estimating the part that

touches the ground.

From the visible two sides of the bounding rectangle, the

vehicle model is built with the following factors:

• Appearance: the set of features for one vehicle includes

a list of visible bounding points, Pv = {Pv1(xv1, yv1), Pv2

(xv2, yv2), … PvN(xvN, yvN)} a list of estimated points Pe

= {Pe1(xe1, ye1), Pe2(xe2, ye2), … PeN(xeN, yeN)}, and the

center point C(xc, yc) (refer to Fig. 13]). The outline

points represent the occupied space of the vehicle, while

the center represents the positioning result.

• Location: the model is associated with an actual loca-

tion in the real world. Assuming a 2D map was built to

stimulate a location, a 2D point, Mj, which is coordi-

nated at (Xj, Yj) can represent a respective position on

the ground of the 3D location, which is coordinated at

(Xj, Yj, 0). The zero in the 3D coordinate means the

height is not considered when mapping. In the final

result, the location of the vehicle is represented by the

position that is associated with its center point in the map.

Fig. 10. Adjacent-vehicle occlusion and separation.

Fig. 11. Separation failure. (b) The foreground detection from (a) input

image. (c) Failure to find a separating line. (d) Two vehicles recognized as

one.

Fig. 12. Top view image of a sedan [15]. Green dashed line indicates car

space, and blue box is its bounding rectangle.

Fig. 13. Appearance factors for vehicle model.
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• Transformation: the transformation from the image

plane is shot at an oblique angle to the top view plane,

i.e., homography transform.

• Visibility: the outline of the vehicle is presented on the

2D map to provide intuitive vision to the user, as shown

in Fig. 14(b). The visibility is based on the visible parts

of the vehicles, the transformation of the view, and the

interpolation of the hidden parts from the visible parts.

By improving the interpolation stage, a comprehensive

vehicle estimation can be done with the fewest number

of cameras. For the case with only sedans, one surveil-

lance camera is enough.

The interpolated (or synthesized) shape from two lists of

points Pv and Pe, is approximately the same bounding rect-

angle as the original vehicle space and can fit tightly in that

space of the vehicle. As long as the camera can see any two

connected sides of the vehicle, the occupied space can be

estimated without remodeling the vehicle.

Also, without loss of generality, this method can be

applied to any type and any size of vehicle whose bounding

shape is approximately a rectangle. The optimization for dif-

ferent appearances and different vehicle sizes is not neces-

sary for this method.

2) Vehicle Space Interpolation and Mapping:

In order to interpolate (i.e., synthesize the empty part of

the vehicle model) and provide the coordinate synchronized

with the real world, the construction of the top view map is

crucial. However, due to the oblique view for the wide

observed area, the images from the camera are under per-

spective distortion. This distorted view needs to be con-

verted to top view with the visual normalization to build a

general map and to create the bridge for the transformation

of other foreground objects.

(a) Top view image

According to [16], the homography matrix expressed as

Eq. (2) converts the coordinate of one point to that of the

corresponding point on another plane. The two points (x1, y1)

and (x2, y2) have inhomogeneous forms and (x1, y1, z1) and

(x2, y2, z2) are their homogeneous coordinates respectively.

(2)

(3)

The invertible 3×3 matrix, H, is the homogeneous trans-

form matrix, which is the medium factor for the linear trans-

form. The inhomogeneous form of P (x1, y1) and P’ (x2, y2)

can be obtained by applying Eqs. (2) and (3). Fig. 15 illus-

trates transforming the coordinates of the two points from

one plane to another.

In general, this transformation can be applied to all the

points in one area in order to obtain the corresponding pro-

jection plane. The inverse perspective transformation tech-

nique can be used to remove the perspective distortion

caused by the perspective projection of a 3D scene into a 2D

image.

(b) Mapping 

Mapping is to transform the coordinate of a set of points

from the original view into a constructed map. First, the

intersection area is set manually in the inside of the camera

view. As shown in Fig. 16(a), the right edge is set to be the

x-axis of the top view map and the left edge is set as the y-

axis. The selected area can be seen in Fig. 16(b). The inverse

perspective transform is then applied to the area defined in

the original view, so as to get the top view image, which will

be used as the 2D map. When vehicles come to this intersec-

tion, they will occupy some spaces respectively on the ground,

as can be seen in Fig. 16(c). These spaces are estimated,

transformed, and mapped to the 2D map. This mapping pro-

cess is visualized in Fig. 16(d). After the mapping process,

the information about car space and position is provided to

the C-ITS for autonomous or safety services.

In order to estimate the occupied space, the vehicle shape

is extracted by background subtraction and then fitted into

the proposed model. The fitting process takes the visible bot-

 

 

 

Fig. 14. Visibility factors for vehicle model. (a) An image shot at an oblique

angle. (b) A vehicle outline in the top view.

Fig. 15. Transformation of coordinates of points from one plane to another.
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tom part of the vehicle, which is a set of points, as input and

applies the inverse perspective transform to these points. By

assuming these points are visible in the image and form two

adjacent edges of a rectangle, the invisible points are esti-

mated by applying a symmetric formula through the center

point to those visible points. This model is based on the sim-

plified set of points instead of the full 3D model. Thus, it not

only reduces the computation greatly but is also adaptable to

various vehicle types. Nevertheless, it achieves highly accu-

rate positioning results.

III. PERFORMANCE ESTIMATION

For the verification of the proposed methods, some experi-

ments are performed using the Ko-PER dataset, which is uti-

lized by Strigel et al. [8]. The dataset contains videos, which

are recorded from multiple cameras installed at one intersec-

tion. In addition, it also contains the vehicles’ position data

measured by laser scanners that are also installed at the same

intersection, and the data is used as the ground truth for 3D

vehicle estimation. The cameras are installed five meters

high at the corners of a public intersection in Aschaffenburg

(Germany) to provide a view covering a large road area with

high traffic density. The laser scanners, working synchro-

nously at a frequency of 12.5 Hz, provide very high accuracy

positioning data with the error lower than 0.15 m.

The proposed algorithms are implemented with the support

of open source IDE Eclipse and the OpenCV Library on a

Linux Mint 17.1 system whose hardware consists of Intel

Core i5-3570 3.4 GHz, 4 GB RAM, and NVIDIA GeForce

GTX 750. MATLAB is also used to extract ground truth val-

ues from the laser scanners’ data or analyze the result data of

the experiments.

A. System Design

The proposed system consists of five steps and is divided

into two big phases: a one-time running phase and a loop

phase, as shown in Fig. 17.

The input sequence adaptation converts the input video

source to a suitable format for the system. The input source

can be a recorded traffic video or a dataset of traffic video

images, which are captured by multiple cameras installed at

one site. For the dataset, each frame is timestamped in the

unit of a nanosecond for synchronization. In short, this step

ensures that the system works well with various kinds of

input data. The output of this step is a general input stream,

which is read sequentially by the next step, the reading input

sequence. On grabbing one frame in the reading input

sequence, the parameters for road, background, camera view,

and memory for vehicle model are set up in the initialization

step. This initialization is performed only once for the first

frame and is skipped from the second frame. Next, the pre-

processing step performs noise cleaning, shadow removal,

and merging separation on the input frames by using the pro-

posed schemes. This step yields the foreground objects that

should be prepared for the last step, the position data extraction

and mapping.

In the position data extraction and mapping, vehicle space

is cut with the proposed vehicle model. Fig. 18 presents the

estimation of vehicle space and the mapping process. Here,

orange or green points on centers are used for performance

estimation by measuring pixel-to-pixel distances. At the end

of the process for a frame, the system frees memory for

Fig. 16. Data extraction and mapping steps. (a) Coordinate system. (b)

Estimated bottom plane for mapping. (c) Top planes for vehicles. (d) Bird’s

eye view map of the real world and vehicle spaces estimated.

Fig. 17. Overview of the proposed system.
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unnecessary variables and reads the next frame until no

frame remains in the input sequence.

The corresponding ground truth data are read in every loop

and are compared with the vision-based estimated data. The

ground truth data are extracted from the data, which are

scanned by the laser scanners and stored in the MAT format

of MATLAB. Each ground truth frame is synchronized with

the corresponding video input frame based on the timestamp.

Both the ground truth position data and those obtained by

the proposed schemes are mapped into the same top view

image, as shown in Fig. 18.

B. Evaluation Criteria

For performance evaluation, two criteria, IOU and DEER,

are defined to measure the accuracy of the extracted data

based on the ground truth data. IOU stands for intersection

over union, which is also known as the Jaccard index and is

a standard index to measure the similarity of two sets of

samples. IOU is used widely in computer vision areas to

evaluate detection results against ground truths. Assuming

that D and G are aliases of the detected region and ground

truth region, respectively, and SD and SG are their spaces,

respectively, the similarity between D and G is defined by

the following formula:

(4)

Although the IOU can provide a tool to check the reliabil-

ity of detected vehicle spaces, another criterion is also

required to check the qualities of detected center points.

Because of the perspective distortion, the direct measure-

ment (based on meter or pixel) of size or the diagonal of

non-overlapped region between G and D is unstable and

unreliable. To overcome this weak point, the authors propose

the diagonal eccentric error ratio, or DEER, which represents

the error ratio of pixel distance between a detected center

point and a ground truth center point, compared to the pixel

length of a diagonal of a ground truth rectangle. In this way,

the positioning error is anchored with the diagonal of the

vehicle and can be converted to the meter unit later. Assum-

ing that CD and CG are center points of the detected region

and corresponding ground truth region, respectively, the

DEER is calculated as follows:

(5)

Illustrations for IOU and DEER can be seen in Fig. 19.

The intersection between the detected area and the corre-

sponding ground truth area presents the accuracy of the

detection. The larger the intersection area is, the higher the

IOU value (i.e., accuracy) is. In contrast, DEER presents the

error of the detected center point; thus, the detection is con-

sidered to be more successful when the DEER value is

lower. The error can be converted in meters, as the DEER is

a ratio value and the actual diagonal length of a general

vehicle is known.

In conclusion, the two criteria help the evaluation of the

result. The IOU indicates the similar area or size between the

detected object and the ground truth while the DEER indi-

cates how precise the positioning result is between the two.

C. Experiment and Evaluation

Experiments for the evaluation are performed for two

groups of cars: one group is compact or mid-size cars and

the other group is large vehicles like buses. Compact or mid-

size cars, as defined by the United States Environmental Pro-

tection Agency, range from 4.1 m to 4.75 m long and from

1.48 m to 2 m wide. These types of cars consist of many car

series, such as hatchbacks, convertibles, sedans, or station

wagons, which are mostly used in current traffic. Mean-

IOU
S
D
∩S

G

S
D
∪S

G

-----------------=

DEER
Distance between C

D
 and C

G

Diagonal length of G
------------------------------------------------------------------------=

Fig. 19. Criteria for evaluation: (a) IOU (intersection area divided by union

area) and (b) DEER (distance between two center points divided by the

diagonal length of rectangular ground truth space).

Fig. 18. Comparison between ground truth and detected space: (a) ground

truths for an input image, (b) detected bottom lines, and (c) ground truths

compared with interpolated contours of vehicle spaces.
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while, trucks or buses, which are normally bigger than the

compact or mid-size cars are classified as large vehicles.

In our experiments, for the dataset [8], 66 compact or mid-

size cars are detected, the IOU and DEER for each car are

calculated, and all values are averaged, respectively. The

average values of IOU for 66 cars are calculated and listed

in Table 1.

Fig. 20 shows the distribution of IOU values. The red line

is the linear interpolation for the IOU values. From the fig-

ure, only two cars have IOU values lower than 0.5. If a value

more than 0.5 is assumed to be a success, then the detection

ratio is 64/66 ≈ 97%. The calculated total average value of

IOU is 0.65, which is higher than 0.57, which is the result of

the adaptive multi-plane homography method [17].

Meanwhile, the average value of DEER is 0.0467. As

compact or mid-size cars have about 7 m of average diago-

nal, the average deviation from the ground truth for the aver-

age center point becomes 0.327 m or 32.7 cm. It is far more

accurate than that of GPS because GPS error is at least 7.8 m

[1] in normal situations without any movement of a receiver

or reflection by high buildings or trees.

For large vehicles, only buses and four-tire trucks are con-

sidered because the dataset only captured them. However,

they are detected through several tens of frames; thus, their

IOU and DEER values are still meaningful.

The IOU and DEER values are listed in Table 2. As shown

in the table, the IOU values are slightly poorer than the val-

ues for compact or mid-size cars. However, they are still

quite near 0.5. The poor performance is mainly because it is

hard to clearly remove shadows of large vehicles or separate

them when merged with other cars. Notice that many exist-

ing research papers for vehicle detection don’t even consider

large vehicles.

The normal size of buses, as defined in the United King-

dom, is 13.5 m long and 2.55 m wide. Thus, the average

large vehicle is assumed to have about 21.7 m in the diago-

nal. The average value of DEER is 0.261, which means the

error is about 5.64 m associated with average diagonal

Fig. 20. IOU distribution of detected compact or mid-size cars.

Table 1. Average IOU and DEER of compact or mid-size cars

Vehicle ID No. of stored valued Average IOU Average DEER

1 181 0.588701 0.368681

2 135 0.698032 0.265311

3 86 0.619227 0.177448

4 116 0.634129 0.215875

5 135 0.657702 0.178797

6 102 0.691256 0.140284

7 34 0.726022 0.037724

8 93 0.633765 0.064075

9 218 0.544543 0.146177

10 220 0.693114 0.110457

11 84 0.623317 0.060666

12 108 0.610076 0.072147

13 109 0.663181 0.069574

14 178 0.724249 0.087748

15 77 0.613613 0.045779

16 171 0.72683 0.079406

17 70 0.624542 0.039149

18 123 0.547467 0.061167

19 99 0.569120 0.051733

20 86 0.655642 0.043313

21 158 0.706913 0.065007

22 115 0.612908 0.024445

23 59 0.635343 0.026411

24 77 0.660448 0.035166

25 112 0.645648 0.021769

26 107 0.660138 0.048002

27 91 0.68918 0.039245

28 56 0.616518 0.021864

29 21 0.424500 0.003338

30 30 0.563757 0.004777

31 65 0.597235 0.025430

32 44 0.657395 0.013894

33 53 0.613605 0.018034

34 42 0.669977 0.012013

35 53 0.694908 0.016917

36 75 0.624784 0.024613

37 50 0.701987 0.014241

38 68 0.762623 0.020553

39 42 0.660168 0.010059

40 42 0.689216 0.009791

41 59 0.654185 0.008840

42 108 0.723387 0.031092

43 62 0.719167 0.016876

44 34 0.756931 0.005744

45 67 0.727024 0.017619

46 37 0.744188 0.006663

47 66 0.634854 0.016846

48 91 0.691807 0.023810
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length. It is better than that of a GPS working in good condi-

tions.

IV. DISCUSSION AND CONCLUSION

In this paper, a high-accuracy positioning method based on

computer vision is proposed. The performance evaluation

result for compact or mid-size vehicles shows that the aver-

age value of IOU is 0.65 with a hit ratio of 97%. In addition,

it shows that the average value of DEER is 0.0467, which

means the positioning error for the center point is 32.7 cm.

This is much smaller than 7.8 m, which is the error of a GPS

in good conditions. The main contribution of this paper is to

show that vision-based vehicle positioning is highly feasible

by proposing minor shadow removal and visible occlusion

segmentation. In addition, the vehicle model is proposed to

estimate spaces occupied by vehicles in this paper. It can be

applied to any size of vehicle whose outer space is approxi-

mately a rectangle on the ground.

However, problems still exist with large vehicles. As

shown in the experiment results for them, the IOU values are

quite low and the error is over 5 m. It is mainly because

shadow removal for large vehicles is not clear and segmenta-

tion is difficult when large vehicles are merged with other

cars, especially dark vehicles. Therefore, the next study will

concentrate on these problems.
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