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ABSTRACT

Most outdoor visual surveillance scenes involve objects of
interest moving on the ground plane. However, perspective
distortion introduces many difficulties to various applications
like object classification and activity recognition. In this pa-
per, we propose a robust automated method for both affine and
metric rectification of the ground plane based on appearance
and motion of vehicles in traffic scene surveillance videos.
This rectification enables normalization of object properties
like size, length and velocity. Various useful applications are
presented and experimental results demonstrate the effective-
ness and robustness of the proposed method.

Index Terms— Surveillance, Pattern classification, Mo-
tion detection, Calibration, Video signal processing

1. INTRODUCTION

The imaging transformation of a camera leads to significant
perspective distortion, which introduces many difficulties in
outdoor visual surveillance applications like object classifica-
tion and activity recognition. Considering the case of a cam-
era positioned with an oblique angle to the ground plane, it is
common that nearby moving objects appear to be larger and
move faster than those far away. As a result, perspective dis-
tortion makes various 2D image features like size, velocity
and aspect ratio not robust to scene and view angle changes.

A common solution to perspective distortion is to use a
pre-calibrated camera. Manual calibration in far-field surveil-
lance scenes always needs a wide site survey to collect enough
correspondences between measured 3D points and their pro-
jections on the image plane [1]. However, it is difficult to
measure 3D points which are not on the ground plane in
surveillance scenes. Further more, the requirement of pre-
calibration limits the applicability of surveillance algorithms
to different scenes. Recently, various auto-calibration al-
gorithms are proposed to recover camera parameters from
inherent scene structures or object motions. Liebowitz et al.
[2] developed a method to estimate intrinsic parameters by
Cholesky decomposition and applied it to a scene reconstruc-
tion problem. Deutscher et al. [3] made use of vanishing

points in a Manhattan world to recover camera parameters
for visual tracking. However, these two algorithms are not
available in scenes without inherent structures like buildings.
In contrast, Lv et al. [4] obtained 3 orthogonal vanishing
points by extracting head and feet positions of humans in
videos on the assumptions of constant human height and pla-
nar human motion. However, precise pedestrian detection is
very difficult in surveillance videos due to existence of noise
and shadows. Further more, the approach requires accurate
localization of head and feet positions of humans, which is
more challenging in low resolution surveillance videos.

In fact, it is a common constraint that objects of interest in
outdoor surveillance scenes are moving on or near the ground
plane. Instead of camera calibration, we can only focus on
homography between the image plane and the ground plane.
Stauffer et al. achieved normalization of tracking data on an
approximate linear assumption [5]. Bose et al. [6] achieved
metric rectification of the ground plane by extracting a se-
ries of moving objects along linear path with constant speed.
However, the conditions are rigor to be satisfied.

In this paper, we propose a robust automated method to
realize metric rectification of the ground plane. Two orthogo-
nal vanishing points parallel to the ground plane are extracted
based on moving vehicles in surveillance videos. The metric
rectification is achieved by the vanishing line and redundant
right angles. Experimental results demonstrate the effective-
ness and robustness of the approach.

2. PRINCIPLE

Under perspective projection, the ground plane is mapped to
image plane by homography. Points on image plane, x, are
related to points on the world plane, x′, as x′ = Hx. As has
been described in [1], the homography matrix H can be de-
composed uniquely into three matrices, S, A, P, representing
the similarity, affine and pure-projective components of ho-
mography respectively:

H = SAP (1)

The similarity component S is a similarity transformation
which has no relation to the affine and metric rectification.



The pure-projective component is characterized by a van-
ishing line l∞ = (l1, l2, l3)T of the ground plane, which has
the as:

P =




1 0 0
0 1 0
l1 l2 l3


 (2)

Recovery of the pure-projective component P achieves affine
rectification of the ground plane.

Extending affine rectification to metric rectification in-
volves estimation of the affine component A with the form:

A =




1
β −α

β 0
0 1 0
0 0 1


 (3)

This matrix has two degrees of freedom represented by α and
β, which specify the image of the circular points [1]. The cir-
cular points are invariant under similarity transformations, but
are transformed from metric coordinates (1,±i, 0)T to affine
coordinate (α± iβ, 1, 0)T by the affine transformation A.

In this section, we have introduced the principle of the
affine and metric rectification of the ground plane. The ap-
proach to realize affine and metric rectification in traffic scene
surveillance are described as follows.

3. AFFINE RECTIFICATION

Affine rectification requires identification of the vanishing
line l∞ of the ground plane, which can be determined by two
horizonal vanishing points. In this section, we propose our
approach to recover two vanishing points of the ground plane
based on moving vehicles in traffic scene surveillance videos.

3.1. Moving Vehicle Detection

Moving objects in traffic scenes can be detected accurately
with shadows removed by improved GMM [7], but we need
to distinguish vehicles from pedestrians further more. The
difference of the following two directions are taken as a dis-
tinctive feature for vehicle detection. The first direction is the
velocity direction of objects in videos, which can be calcu-
lated due to position change of unit time. The second one is
the main axis direction θ, which can be estimated from mo-
ment analysis of silhouette:

θ = arctan(
2µ11

µ20 − µ02
) (4)

Here, µpq is the central moment of order (p, q). It is evident
that the angle difference is very small for moving vehicles
while it is significant for pedestrians as illustrated in Fig. 1.
Instead of K-Mean clustering, we adopt a more reliable strat-
egy that only those objects with angle difference less than
θT = 5◦ are labeled as vehicles with all the rest discarded.
The latter estimation of vanishing points benefits from this
strict detection strategy.

(a) Illustration of vehicles (b) Illustration of pedestrians

Fig. 1. Direction difference (Red arrowhead stands for veloc-
ity direction; blue arrowhead stands for main axis direction)
(cited from [7])

3.2. Linear Equation Estimation

In most view angles of surveillance scenes, vehicles in videos
are rich in line segments along two orientations corresponding
to the symmetrical axis direction and its perpendicular direc-
tion. We make use of image gradient to extract these two ac-
curate line equations for every vehicle detected from videos.
As shown in Fig. 2, these two orientations are extracted by
two stages of Histogram of Orientation Gradient (HOG) and
the respective line equations are determined by correlation to
image data. Motion direction can help us to distinguish these
two lines. The one with orientation close to motion direction
corresponds to the symmetrical axis direction while the other
one corresponds to its perpendicular direction.

HOG

HOG HOG

Fig. 2. Estimation of line equations from vehicles (cited from
[7])

3.3. Intersection Estimation

It is common that most vehicles in traffic scenes are mov-
ing along roadways which are mostly straight or contain a se-
ries of approximately straight line segments in the view field.
Here, we assume that there is only one straight roadway in
the view field. So, symmetrical axis of most vehicles should
be parallel to each other in 3D world. Due to image projec-
tion, they are no longer parallel but intersect to the same point
called horizonal vanishing point on image plane. The perpen-
dicular direction is of the same case. We make use of voting
strategy to estimate these two horizonal vanishing points. For
every line l extracted from vehicles, each point s(x, y) lying



on l generates a Gaussian impulse in voting space with (x, y)
as its center. With time accumulated, a voting surface is gen-
erated and the position of its global extreme corresponds to
the estimated intersection point. One example of voting space
corresponding to the roadway direction is shown in Fig. 3.

(a) Traffic scene (b) Voting surface

Fig. 3. Illustration of estimating vanishing points (cited from
[7])

In the case of not straight roadway, there should be one or
more approximately straight segments in the view field. The
longest straight segment will generate the global extreme in
voting surface to estimate vanishing points. Another special
case is that there are more than one roadway in the view field
like a crossroad. This will generate two evident peaks in the
voting surface. Fortunately, the two roadways have not the
same traffic flow in a period of time in most cases. So we
can distinguish these two peaks by height and estimate the
vanishing line based on two groups of vanishing points. z

4. METRIC RECTIFICATION

As described in [8], each known angle θ on the world plane
between line la and line lb on image plane gives a constraint
of (α, β) to lie on a circle with center (cα, cβ) and radius r:

(cα, cβ) = (
(a + b)

2
,
(a− b)

2
cotθ), r = | (a− b)

2sin(θ)
| (5)

where a = −la2/la1 and b = −lb2/lb1 are the line directions.
As described above, each detected vehicle gives two per-

pendicular directions on the world plane to determine a cir-
cle about (α, β). Since there are redundant detected vehicles
from videos, we can determine (α, β) as the intersection of a
large set of estimated circles as shown in Fig. 4(a).

o

(a) Illustration of circles (b) Voting surface

Fig. 4. Illustration of estimating intersections of circles

Due to symmetric property, we only focus on the inter-
section above the α axis. Every two circles can determine the
intersection conveniently by differential of these two circle
equations. For N circles, we can obtain N(N − 1)/2 candi-
date points and (α, β) is determined simply based on Gaus-
sian voting strategy described above as shown in Fig. 4(b).
With (α, β) estimated, we can calculate the affine matrix A
so that the metric rectification is realized.

5. EXPERIMENTAL RESULTS AND ANALYSIS

Numerous experimental results with all kinds of applications
are described in this section to demonstrate the effective and
practicability of the proposed approach as follows.

5.1. Ground Plane Metric Recovery
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Fig. 5. Metric recovery in surveillance scenes

With metric rectification of the ground plane, the homog-
raphy is known up to an Euclidean ambiguity to recover rel-
ative length or ratio of lines on the ground plane. A typical
surveillance scene is shown in Fig. 5 and 16 lines and 5 right-
angles are measured from images. The measured value and
the corresponding ground truth are shown in Table 1.

Table 1. Measurement from images of the digital camera

Label l1 l2 l3 l4 l5 l6 l7
Test 0.94 1.03 1.02 0.97 0.99 1.01 1.97
Real 1.00 1.00 1.00 1.00 1.00 1.00 2.11
Label l8 l9 l10 l11 l12 l13 l14
Test 2.17 2.21 1.21 1.19 2.07 2.09 2.10
Real 2.11 2.11 1.13 1.13 2.11 2.11 2.11

Label l15 l16 θ1 θ2 θ3 θ4 θ5

Test 1.09 1.11 87.3 91.9 88.6 89.2 90.9
Real 1.13 1.13 90 90 90 90 90

As we can see, the average error of measurement is less
than 6%, which demonstrates the effectiveness of our ap-
proach for ground plane rectification.



5.2. Appearance Rectification

2D object features like speed and size have significant per-
spective distortion in far-field surveillance videos. With the
ground plane rectification, these features can be rectified to
be robust in far-field scenes. Experiments are conducted to
a vehicle across a far-field scene. The original projected sil-
houettes and corresponding rectified silhouettes are shown in
Fig. 6. As we can see, after rectification, the object size is
approximately invariant in the far-field scene, which can be
used as an effective feature for various applications.

(a) (b) (c) (d) (e) (f)

(g) (h) (i) (j) (k) (l)

Fig. 6. Rectification of size for a moving vehicle
((a)-(f) are original silhouettes; (g)-(l) are rectified silhouette)

5.3. Classification

With moving objects extracted from videos and labeled man-
ually, we analyze the class-conditional densities of projected
size and speed for pedestrians and vehicles before and after
rectification respectively as shown in Fig. 7. It is evident that
object classification can benefit from feature rectification.
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Fig. 7. Density of projected size and speed

Here, we assume that these two features satisfy Gaussian
distribution and classification is realized based on bayesian
rules. With features rectification, classification accuracy of
pedestrians is increased from 81.2% to 97.3% while that of
vehicles is increased from 76.4% to 95.2%. As we can see,
feature rectification can greatly boost the performance of ob-
ject classification, which demonstrates practicability of our
approach.

5.4. Discussion

The degenerate case of our approach corresponds to the top-
down camera view. However, perspective distortion is not
evident in top-down views. Since the ground plane rectifi-
cation is taken to deal with perspective distortion, top-down
view is not a big problem of our approach. Further more,
most surveillance applications prefer to mount cameras with
an oblique to the ground plane to obtain a wider view field.

6. CONCLUSIONS

In this paper, we have proposed a robust automated approach
for affine and metric rectification of the ground plane based
on motion and appearance information of moving vehicles
in traffic scene surveillance videos. Experimental results
demonstrate effectiveness and robustness of our approach,
which is applicable in all kinds of surveillance applications.
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