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Abstract—Surveillance video cameras have been increasingly
deployed on roadway networks providing important support for
roadway management. While the information-rich video images
are a valuable source of traffic data, these surveillance video
cameras are typically designed for manual observation of
roadway conditions and are not for automatic traffic data
collection. The benefits of turning these surveillance cameras into
data collection cameras are obvious, but collecting traffic data
would normally require the development of a cost-effective
method to efficiently and accurately calibrate surveillance video
cameras. This paper proposes such a robust and efficient method
that calibrates surveillance video cameras using standard
shipping container as the reference object. The traditional camera
calibration model can be simplified and camera parameters can
be recovered with precise mathematical derivation. After solving
for all the camera parameters, the 3D object world coordinates
can be reconstructed from 2D image coordinates, thus enabling
the collection of a variety of traffic data using surveillance video
camera data.
Keywords—Camera calibration, Coordinate reconstruction,
Surveillance video camera, Shipping container, Traffic data
collection

I. INTRODUCTION

O

ver the past few decades, many new traffic detection
technologies have been developed. One technology that
has become increasingly prevalent in recent years is the video
image processing (VIP) system, which typically consists of one
or more cameras, a microprocessor-based computer for
digitizing and processing the imagery, and software for
interpreting the images and converting them into traffic flow
data [1]. The performance of a VIP system depends largely on
the quality of camera calibration, which establishes a
relationship between the 3-dimensional (3D) world coordinate
system and a 2-dimensional (2D) image coordinate system.
Extensive research has been completed on video calibration
problems in the past few decades, largely motivated by
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computer vision applications such as robot vision and
unmanned vehicle driving.
In summary, existing methods can be roughly divided into
non-linear [2-4] and linear methods [5-7]. Although different
solution strategies are used in the calibration equations, nearly
all such methods require the placement of calibration points or
calibration objects in the camera’s field of view. While using
reference objects for video camera calibration may not be a big
problem for many applications, it does create extra difficulties
in traffic data collection because placing calibration
objects/marks on an operating roadway can be disruptive to
traffic. Moreover, due to differences in hardware, video image
resolution, and target accuracy, most computer vision and
photogrammetry techniques cannot be directly applied to
roadway surveillance cameras [8].
Because of these difficulties and the differing objectives of
camera calibration between the transportation field and those of
computer vision, approaches for collecting traffic data using
uncalibrated cameras have been proposed, which skip the
complicated camera calibration procedure [9-10]. Sometimes
camera is not fully calibrated because camera extrinsic
parameters keep changing due to the constant motion of the
camera platform [21-23]. But without calibrating all camera
parameters, normally just certain types of traffic data can be
acquired in certain scenarios.
Recently, transportation researchers have designed some
typical methods for roadway surveillance camera calibration.
The most common traffic scene used for calibration is lane
marking, which are generally parallel to one another in the 3D
world but appear to converge in a 2D image. The intersection of
a group of parallel lines in a 2D image is called vanishing point,
and the lines are known individually as vanishing lines.
Vanishing points and lines have some useful properties that can
be applied to camera calibration. Parallel lane markings are a
set of vanishing lines in the video camera images, which offers
a train of thought for calibrating surveillance cameras [11-12].
However, lane markings are sometimes not visible in video
images due to camera resolution, weather conditions, or

degraded marking quality. Vanishing points can also be
estimated using parallel vehicle tracks that are extracted using
image processing techniques [13-14]. This approach can be
applied in scenarios where lane markings are not clearly
visible, but in some cases vehicle motion patterns cannot be
assumed to be parallel [15].
Substantial work has been completed as well using
pedestrians or vehicles for surveillance video camera
calibration. Researchers have tried to take advantage of motion
information in video data when using pedestrians, but most
existing work focusing on pedestrians requires an accurate
pedestrian detection and even precise foot-head localization
[16-18]. Quite often, these two requirements are challenging
due to noise, shadows, and low video resolution. Furthermore,
when a surveillance camera is placed in a scene with rare
pedestrian occurrences, pedestrian-based calibration is not
possible. For vehicles, vehicle track and vehicle itself can be
used for reference in calibration. For instance, Zhang et al. [20]
developed a very effective algorithm using vanishing points
obtained from vehicles and standing pedestrians. However,
little work has utilized vehicle size/shape alone for calibration
thus far.
Among existing methods, some require the position of the
video camera as input [19-20] while others do not. In practice, a
surveillance video camera’s position information such as height
or tilt angle is not easy to determine in most cases, so
calibration models requiring position parameters are not often
practical.
Considering that some moving objects in a roadway system
have known dimensions and are easily recognizable,
surveillance video cameras may be calibrated using these
standard moving objects.. In this paper, the authors propose a
method for calibrating roadway surveillance video cameras
using standard shipping containers with known dimensions and
recognizable corner points. Shipping container has standard
dimensions and are much more recognizable than other road
users or lane markings due to its large size and bright color.
This is the first time that shipping container used as the
reference object for surveillance camera calibration. Based on a
popular camera model, this paper developed an efficient and
robust solution for camera calibration using shipping container.
The camera parameters can be fully recovered with no other
inputs.
II. METHODOLOGY
A. General Description
The method proposed here uses standard shipping container
to calibrate roadway surveillance cameras. Standard shipping
container is a rectangle of dimension (height × width × length)
that must fall in one of four standard sizes: 8.5’× 8.0’ × 20’,
8.5’× 8.0’ × 40’, 9.5’× 8.0’ × 40’, or 9.5’× 8.0’ × 45’. Let us
denote its dimension height × width × length = h × w × l, as
shown in Fig. 1. The distance between the underside of a
shipping container and ground surface is assumed to be d,
which is often known for specific truck types. In addition, the
axis is
origin O is assumed to be under P1, with OP1 = d. The

is parallel to P1P2.
parallel to P1P4, Y is parallel to P1P5,
Thus, the 3D coordinates of P1, P2, …P7 are shown in Fig. 1.

Fig. 1. A model of standard moving object (international standard shipping
container).

B. Development of Necessary Equations
Based on Tsai’s popular camera model [6], there are
basically three steps to develop equations.
(1)From real-world coordinates to camera coordinates:
 X c   rxx rxy rxz 
Y  =  r r r 
 c   y x yy yz 
 Z c   rzx rzy rzz 
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(2)From camera coordinates to image coordinates:
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(3)From image coordinates to pixel numbers:
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v  =  s ⋅Y + v 
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(3)

sx X = u − u0
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Y = v − v0

(3b)

For each corner point Pi , with X , Y , Z , u , v , u , v
and Y from Eq. (3a) and (3b). Then,
known, we can get s
, Y and X , Y , Z
can be
relationships between s
established as follows:
rxx X wi + rxyYwi + rxz Z wi + Tx
(4a)
sx X i = s x f ⋅
rzx X wi + rzyYwi + rzz Z wi + Tz
Yi = f ⋅

ryx X wi + ryyYwi + ryz Z wi + Ty
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Dividing Eq. (4a) with (4b) yields:
rxx X wi + rxyYwi + rxz Z wi + Tx
sx X i
= sx
Yi
ryx X wi + ryyYwi + ryz Z wi + Ty
Assuming
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=

, Eq. (5) can be expressed as:
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The origin of the object coordinate planes is on the ground.
T is set to be nonzero by putting the origin of the object world
coordinate away from the Y axis of the camera coordinate
system. Thus, rearranging Eq. (6) yields:
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The seven unknowns in Eq. (7) are
,
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The establishment of seven equations from the seven
non-collinear points gives us a platform on which to solve these
unknowns.
According to Eq. (7), for each calibration point i with
( , ,
) as the 3D world coordinate and ( , ) as the
image coordinate, we can set up the following linear equation:
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Let M be the i row of K , it is to be shown that the
necessary and sufficient condition for ∑
= 0 is that
= 0 ( = 1,2, … ,7). The sufficiency is obvious in this case,
so we move on to the necessity.
From columns 2 and 6, a5lY5' + a6lY6' + a7lY7' = 0 and

a5lX 5' + a6lX 6' + a7lX 7' = 0 . Note that l , w, h , d are all
positive, we get:

a3 ( X3' , Y3' ) + a3 ( X3' ,Y3' ) + a7 ( X7' ,Y7' ) = 0

a5 ≠ 0, a6 ≠ 0

If
(8)

a7 ≠ 0

and

(10)
,

then

a6
a
( X 6' , Y6' ) − 7 ( X 7' , Y7' ) , which is impossible since
a5
a5
P5 , P6 , P7 are non-collinear points. Therefore, at least one of
( X 5' , Y5' ) = −

a5 , a6 , or a7 is zero. Due to symmetry, it suffices to take

Then, when we apply this equation to a shipping container, a
linear equation set can be set up as follows:
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calibration, it is reasonable to assume that on the image plane,
any two points among the seven corner points are not collinear
with the origin, and no point is on X axis or Y axis.
Let K be the coefficient matrix in Eq. (9), then K can be
written as:

a5 = 0 . Now, if a6 ≠ 0 and a7 ≠ 0 , it is also impossible since
we assumed no two points have a linear relationship with the
origin of the image coordinate. Hence, due to symmetry again,
we take a6 = 0 , then it is obvious a7 = 0 .
Similarly, from column 1 and column 5, we have:
a3 ( X 3' , Y3' ) + a4 ( X 4' , Y4' ) + a7 ( X 7' , Y7' ) = 0
then

(9)

To solve Eq. (9), we have to prove that the coefficient matrix
in this equation has full rank.
C. Proof for the Linear Independence of the Rows of the
Coefficient Matrix in Eq. (9)
Firstly, we should emphasize that among the seven corner
points, no three points are collinear on the image plane. During
an object's motion through the view range of a video camera,
there are a large number of snapshots can be collected in
different frames. In order to get an available snapshot for

(11)

a3 = 0, a4 = 0 .

Finally, consider the first two rows. From columns 3 and 4,
we have:

a1dY1' + a2 (h + d )Y2' = 0
 '
'
a1Y1 + a2Y2 = 0
Eliminating

(12)

a1 yields a2hY2' = 0 , which means a2 = 0 . And

based on a1Y1' + a2Y2' = 0 , we get a1 = 0 . Hence, the necessary
and sufficient condition for ∑

= 0 is that ai = 0 for
i = 1, 2,..., 7 , which implies the linear independence of the rows
of the coefficient matrix in Eq. (9).
D. Solving the surveillance camera parameters
As the matrix has full rank, the seven unknowns, i.e.
,
,
,
, , , and
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In order to determine the sign of T , we pick an object point
whose computer image coordinate ( , ) is away from the
image center ( , ). We assume the sign of T is positive,
and
then
compute
parameters
, , , , , , , ,
in the following way.

rxx = mT
1 y / sx , rxy = m2Ty / sx , rxz = m3Ty / sx , ryx = m5Ty ,
ryy = m6Ty

,

ryz = m7Ty

,

Tx = m4Ty / sx

X ci = rxx X wi + rxyYwi + rxz Zwi + Tx

,
,

E. Image Reconstruction
To retrieve traffic data, three-dimensional information in
world coordinates is usually necessary. However, with
two-dimensional information obtained from an image, only
two-dimensional information in world coordinates can be
calculated. Only if data in another dimension were acquired
could the world coordinates be reconstructed completely.
That said, most traffic data have nothing to do with vehicle
height. For instance, we can estimate the average speed of a
vehicle by calculating different positions of the vehicle’s
projections from a camera to the ground at different moments.
Therefore, the points on ground are most likely to be
reconstructed since their height information is known to be zero
and consistent in the model. Other points with known heights
are also available and can be reconstructed when camera
parameters are known. In other words, Z , which is the height
of a point in the real world, can show information of a third
dimension. Reconstruction can proceed by first rearranging Eq.
(5) and thus yields:

 X w   rxx rxy rxz 
Y  =  r r r 
 w   yx yy yz 
 Z w   rzx rzy rzz 



Yci = ryx X wi + ryyYwi + r yz Zwi + Ty
Note that

> 0 and Z > 0 in

=

. If

. Transpose

all the equations to get seven inconsistent equations, and then
solve them using Least Squares Method to get approximate
and T .

2) (rix , riy , riz ) ⋅ (rjx , rjy , rjz )T = 0 , (rxi , ryi , rzi ) ⋅ (rxj , ryj , rzj )T = 0 ,

Then, camera parameters ( ,
can be computed in following steps.

=

>0

> 0, the sign of T is positive. Otherwise, the sign of
and
T is negative. When the sign of T is known, another 7
unknowns are solved. So far, only r , r , r , f , and T
remain to be solved.
With property 1), we can derive the value of |r | , |r |,
− .
and |r |. For example, | | = 1 −
With property 2), every two column vectors are orthonormal,
so rzx rzy = −rxx rxy − ryx ryy . Similarly, we can derive rzx rzz and

rzy rzz .
Thus, | rzx rzy rzz |= ( rzx rzy ) ⋅ ( rzy rzz ) ⋅ ( rzx rzz ) .
To determine the sign of rzx , rzy , rzz , just assume

Considering X , Y , and

−1

  X c  Tx  
   
 Yc  − Ty  
   
  Z c  Tz  

are known in

=

(13)

, it is

=
and =
, where
=
justifiable to assume
and
=
. Just plug them into Eq. (13), we derive Eq.
(14):

 X w   rxx rxy rxz 

  
Yw  =  ryx ryy ryz 
 Z w   rzx rzy rzz 



−1

  k1Z c − Tx  


  k2 Z c − Ty  


  Z c − Tz  

(14)

Since Z , T and Matrix R are known, Z can be solved.
Thus, world coordinate ( , , ) is finally obtained.

rzx rzy rzz > 0 , then we get rzx = rzx' , rzy = rzy' , rzz = rzz' . With

III. EXPERIMENTAL RESULTS

 rxx , rxy , rxz 
property 3), if the determinant of  r , r , r  is positive,
 yx yy yz 
 ' ' ' 
 rzx , rzy , rzz 

A. Parameters Solving
The following video snapshot (Fig. 2) shows an example for
calibrating our model from a roadway surveillance camera.

rzi = rzi' (i = x, y, z) , otherwise rzi = −rzi' (i = x, y, z) .
Finally, we come to the point of solving and T . Pick the
seven container corner points Pi (i=1,2,…,7) in the world
coordinate and read its image coordinate ( , ) out from
corresponding video snapshot. Since s has already been
solved, set up seven equations in the following pattern using
Fig. 2. A standard shipping container in two consecutive video frames.

A rough estimate for is 3.5’ here, while it has only a little
influence on Matrix ( , , ) and reconstruction. As shown
in Fig. 3, we manually collect the seven corner points’ pixel
numbers and run the model in Matlab. Table I lists the
recovered , , , and .

section of a road should have the same length value. We can get
these four marking lines’ lengths approximately using the start
and end point of each lane marking by simple arithmetic. Thus,
the lengths are 12.8’, 11.7’, 12.5’, 11.9’, which are nearly the
same within an acceptable error range.
Finally, we consider point 1, 2, 5, and 6. First of all, the Y
values of 1 and 5 are almost the same, as are the Y values of 2
and 6, which is quite reasonable. Then, we estimate the lane
width at 11’ by calculating the average value of the distance
between point 1, 5 and point 2, 6. The widths of vehicle lanes
typically vary from 9 feet to 15 feet, while 10-12 feet is the
most common range. 11’ is a reasonably good estimate.

Fig. 3. Identify the seven corner points and obtain their pixel numbers for
calibration.
TABLE I
RESULTS OF CALIBRATED CAMERA PARAMETERS
Parameters
CAMERA CALIBRATION RESULTS
Rotation matrix (R)

0.9166 -0.3991 0.0246
-0.1564 -0.4649 -0.8714
0.3432 0.8540 -0.4629

Fig. 4. Obtain the pixel numbers of lane endpoints.

Translation matrix (T)

8.0751
13.8752
57.1012

Point

TABLE II
RECONSTRUCTION RESULTS FOR LANE MARKINGS
Xw
Yw
u
v
Zc

Zw

Scale factor (sx)

0.9475

Focal length (f)

371.7290

1
2
3
4
5
6
7
8

76
84
108
125
111
122
223
243

0
0
0
0
0
0
0
0

B. Verification Using Rotation Matrix
We haven’t completely made use of the property 3) of matrix
R in solving camera parameters. For property 1) and 2) of
matrix R, it is clear that not all the rows or columns were taken
to compute the unknowns. With the properties that have been
used before, the determinant of matrix R still cannot be around
the true value if it is not solved properly. Hence, the results
shown in this work are convincing since the determinant of
matrix R turns out to be 1.0283, which is very close to 1.
C. Verification Using Lane Markings
Four lane markings are selected and the pixel numbers of
their endpoints are obtained as in Fig. 4. Running the
reconstruction model to calculate the world coordinates of
these eight endpoints; the results are shown in Table II.
According to Table II, the values of the X coordinates of
each pair of endpoints on the same lane marking are the same
within an acceptable error range (point 1 and 2, 3 and 4, 5 and 6,
7 and 8 are four pairs of endpoints on the same lane markings),
which is identical theoretically because the X axis is
approximately parallel to lane markings.
It should also be noted that the marking lines on the same

78
97
145
181
71
88
68
83

103.5
92.5
73.0
63.0
109.0
98.1
113.9
103.5

-10.3
-10.7
-10.6
-10.8
0.9
0.5
36.0
35.3

58.5
45.7
22.9
11.2
60.4
47.9
52.0
40.1

D. Verification Using the Same Shipping Container in A
Different Snapshot
The same shipping container in a different frame can also be
a verification for the results. Since the height of all seven corner
points of the shipping container are known and do not change,
we calibrate the seven points as shown in Fig. 5. Table III
presents the reconstruction results.
In the ideal situation, Point 1, 2, 3 and 4 have the same
coordinates, as do Point 5, 6 and 7; Point 1, 2, 5 and 6 have the
coordinates, as do Point 3, 4 and 7. As we can see,
same
Table III presents quite reasonable reconstruction results
according to this principle.
In addition, as we know the true distance between every two
container corner points, we can choose any two corner points
and compute their reconstructed distance to see if the result is
reasonable compared to the true value. For example, from the
results in Table III, the reconstructed distance between Point 1
and 5 are estimated to be 20.1’, which is very close to its true
value 20’.

Further, if the model is established correctly, the shipping
container should have the same size in different frames. The
reconstructed length and width of the shipping container in this
snapshot are estimated in Eq. (15) and Eq. (16), respectively.
.
.
.
.
.
.
.
—
(15)
Length =
.

.

.

.

.

.
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