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Abstract. This work describes a part of a project developing a vehi-
cles’ undercarriage security scanner based only on cameras. The scanner
is used to a security check of a vehicle’s undercarriage and is typically
installed at an entrance to a strategic compund. The security scanner
reconstruct a 3D model of a vehicle’s undercarriage from a sequence of a
multi-camera stereo images. To get a complete model we need to stitch
particular parts of the 3D model via transformations between particular
vehicle positions in which images are captured. The method for getting
these transformations is presented in this paper. The task of computing
trajectory from a sequence of camera images is called visual odometry
(VO). Usually, the camera is placed on a moving object and tracks its
position. In our case, the camera is fixed and viewing a moving vehi-
cle, but the task is the same. In the first part, there is a comparison
of feature detectors and their parameters based on experimental data
because the images properties of undercarriage are different from ordi-
nary surroundings used by the most of VO methods. Undercarriages do
not contain a lot of features, and there are many low-textured surfaces.
In the second part, the proposed VO method is described. It is based on
the best feature from the first part, which serves to search corresponding
points between images. It uses 3D to 2D VO method to compute the
transformation between consecutive frames. In this method, 3D points
are triangulated from the previous pair of stereo camera images, and
they are reprojected to one of the actual images. The method finds the
transformation of 3D positions which minimizes reprojection error. The
method was developed with respect to requirement of almost real-time
computing time and low-texture environment. Finally, this method was
evaluated on realistic data acquired with ground truth position.

Keywords: Visual odometry · Stereo vision · Security ·
Car inspection · 3D modelling

1 Introduction

A security of a critical infrastructure becomes more and more important nowa-
days. The vehicles entering the areal of the infrastructure can be utilized as a
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possible and easily accessible vector for an attack. Especially, the vehicles enter-
ing regularly, e.g. vehicles of employees, can be modified without knowledge of
the owner and then abused for the attack. Therefore, the vehicles entering the
critical infrastructure are routinely checked for any changes. These procedure
can be very time consuming and demanding on the vigilance of the operators,
particularly when the security check is done manually.

1.1 Project Kassandra

This paper describes work done as a part of a joint research project Kassandra
solved by VOP CZ company and CTU CIIRC and funded by the Ministry of
Interior of the Czech Republic. The aim of the project is the development of a
camera based 3D scanner of car undercarriages. The scanner is going to serve
for a security check of cars, especially at entrances to strategical compounds like
power plants or military bases, where the security check is needed. The scan-
ner can compare a new 3D model with the previous one and detect undesirable
changes, e.g. placing some explosive or tracking device on the vehicle undercar-
riage without knowledge of the owner.

A scheme of the scanner is in Fig. 1. The scanner is placed under a roadway
level, and a car goes across the scanner. During this crossing, the scanner is
taking stereo images of an undercarriage. Apart from a set of stereo cameras the
scanner consists of a computing unit and a graphical terminal for a visual check.

Fig. 1. Scheme of the camera based 3D scanner of car undercarriages.

1.2 Problem Definition

The scanner consists of 2 camera stereo pairs placed next to each other, each
pair scanning one half of the vehicle undercarriage. The final 3D model of the
undercarriage is going to be created by stitching together particular 3D models
computed from each stereo images. A transformation between particular stereo
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images is required for stitching. The task of computing transformation between
subsequent images is equal to the task of visual odometry. The transformation
represents a rigid body movement which is described by a rotation matrix and
a vector of translation.

As there is a request to display the resulting 3D model as soon as possible, the
transformation is computed immediately from two subsequent images. Methods
performing global optimization over all images are not used as they have higher
demands on processing power and also they need to wait for all images, which
are available after the vehicle crossing over the scanner with duration in units
of seconds.

The solution of the problem is highly influenced by the properties of the
undercarriages’ character. Images of undercarriages contain a lot of low tex-
tured surfaces, and there are not many high contrast objects. Another specific
property is that the movement of the vehicle is limited by the kinematic of the
translation and the most dominant translation is in the direction of vehicle move-
ment. Other movements like rotations or translations in remaining directions are
much smaller.

1.3 Related Work

“Visual odometry (VO) is the process of estimating the egomotion of an agent
(e.g., vehicle, human, and robot) using only the input of a single or multiple
cameras attached to it” [1]. In this case a camera’s motion is only relative to an
undercarriage, and a vehicle motion is an inverse motion.

Visual odometry methods are divided into global methods and feature based
methods. Global methods find correspondences between images on a pixel level.
Feature-based methods detect features in images at first, and after that, they
find corresponding features between images. Because global methods are less
accurate and computationally more expensive [1], the proposed method is fea-
ture based. Feature methods are divided into three main groups according to
corresponding points representation: 2D-to-2D, 3D-to-3D, and 3D-to-2D. These
points are represented as 2D points in image coordinates or 3D points that are
triangulated from the stereo images.

2D-to-2D methods usually work only with one camera and their main disad-
vantage is that a scale of a translation vector is ambiguous. An absolute scale
can be determined by other sensors or some initial reference value.

An input of 3D-to-3D methods is a sequence of stereo images. 3D points
are computed from stereo images, and they are matched between images. The
resulting transformation can be computed only from 3 pairs of corresponding
points.

3D-to-2D methods also use a stereo camera, but they triangulate points only
in the first stereo images from subsequent images. This task is called a per-
spective n point problem. A transformation between spatial coordinates and
camera coordinates is computed from correspondences between 3D points and
their projection to a camera image plane. In our case, spatial coordinates are
equal to camera coordinates of the previous position, and camera coordinates
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are coordinates of the camera in the actual position. A solution of this task is
a transformation with a minimal reprojection error of transformed 3D points’
reprojections in relation to real measured images of points. 3D-to-2D methods
are generally more accurate than 3D-to-3D methods [1].

A lot of visual odometry systems serve to measure a car trajectory with
onboard cameras. These methods are compared in the KITTI benchmark [4].
Compared systems work with a LIDAR or a stereo camera. The stereo-camera
method with best results on KITTI benchmark is SOFT-SLAM [2]. The method
consists of two threads. One thread serves to visual odometry and the second
thread serves for mapping and global consistency. Its visual odometry itself was
presented in an older paper [3], and it is still one of the best camera-based
systems in the KITTI benchmark repository.

Aforementioned method is built on a strong filtration of features. It uses an
own type of features detected by rectangular filters. Features’ filtration is divided
into several steps. The first step is called circular matching [2]. Features are
matched between 4 images from two subsequent stereo images, and consistency
of matching is checked. The method also uses a separated computation of a
rotation and a translation and the RANSAC algorithm.

The Ackermann steering geometry constrains a movement of car-like vehicles.
It allows to decrease number of 6 degree of freedom (DoF) of the rigid body
movement in a 3D space. This simplification speeds up computations and can
improve the results, but it ignores tiny movements like vibrations or drifts.

The most simplified method is presented in [5] where the vehicle movement
is determined only by one DoF. By an assumption of planar motion and an
Ackermann geometry, it reduces the movement to 2 DoF. Because the method
uses only one camera, a scale of movement is ambiguous, the number of DoF is
reduced even to one.

A smaller amount of DoFs decreases computational demands, but it can be
too much restrictive. Some other less restrictive methods are decreasing the num-
ber of car-like vehicles’ DoFs are described in [6]. 4 DoF motion is a connection
of planar motion and vibrations which are described as a 1 DoF motion perpen-
dicular to a plane of motion. If changes in rotation are small, these rotations can
be simplified by a first order approximation, which did not decrease the number
of DoFs, but it simplifies computations.

2 Automatic Test of Feature Detectors

Precision and robustness of the visual odometry method highly depend on a
method for feature detection and description. It is necessary to detect enough
features that can be correctly matched between images. Some methods extract
a lot of features from each image, but their descriptors are not much distinctive,
and it leads to many mistakes in a matching.

At first, features are detected by a feature detector which is a method rec-
ognizing distinctive areas in the image. Afterward, feature descriptor creates a
description for each feature. Matching is done by comparing descriptors of fea-
tures between images. In this work, following detecting methods were tested:
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Harris, Shi-Tomasi, SIFT, SURF, FAST and ORB detectors. SIFT, SURF and
ORB detectors have an own method for a description of features. Other methods
were tested with a BRIEF descriptor. All the aforementioned methods were used
in the implementation from the OpenCV library [7].

Amount of features and their quality do not depend only on a type of method
for detection or description, but they also depend on the values of internal param-
eters. The best method and its parameters were found by an automatic test of
methods for detection and description of features.

For each parameter, a small set of values were selected, and an automatic
test checked all combination of parameters’ values for the selected method. For
each combination, features were detected and matched in 20 stereo images of
an undercarriage. These images were captured at two different distances and
with two different exposition times simulating a different level of lighting. Right
matches are recognized by a distance of a point from a theoretically computed
epipolar line computed from known parameters of the stereo camera and a posi-
tion of the feature in the second image. If this distance is too big, matching is
incorrect.

In the next step, a 3D position of the point is triangulated from corresponding
points. For right matched points their distance from camera plane has to be in
an assigned interval determined by the known distance of the undercarriage from
the camera. If this rule is satisfied, the matching is considered to be correct.

Measured parameters for each combination are a number of correctly matched
features, a total number of matched features, a minimal number of matched
features in one stereo image, and time of the whole test. Automatic test results
are presented in Sect. 4.

3 Visual Odometry Method

The proposed method is a 3D-to-2D method. An input of the method is a stereo
image at time ti−1 and one image at time ti. This method computes translation
only between two stereo images. It uses a strong filtration of features and a
separated computation of a rotation and a translation similarly to [2].

3.1 Detection and Matching of Features

ORB detector is used for the extraction of features. Features are not detected in
a whole image in one go, but the image is split to rectangle areas. It is divided
to a grid 4× 3 rectangles. It ensures a more uniform distribution of features.
Features’ matching is based on searching feature with the closest descriptor.
Further, the method uses crossmatching. It means that if a feature A in the first
image is the closest feature to a feature B in the second image, the feature B
has to be also the closest feature to the feature A.

In the first step only features from the stereo image are matched. Matching
features between the stereo image and an image in time ti is postponed after
filtration and triangulation. The main reason is that only a filtered set of features
is matched and it speeds up computations.
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3.2 Filtration and Triangulation

At first, matched features from stereo images are filtered by the similar way as in
the automatic test. Points are removed if their distance from an epipolar line in
one of the images is higher than some threshold or if a distance of a triangulated
point from camera plane is not in an assigned interval. Because a distance of an
undercarriage from a camera is not known, the interval is fixed.

Afterwards, features from images at time ti−1 are matched to features at time
ti. The next step of filtration is similar to circular matching in [2], but it is done
only for tree images. If corresponding features from the stereo image are saved
in the same order, corresponding points to features in the third image have to
have the same index for both images. If its indexes are different, the points are
removed.

In the last step of filtration, close features are removed. If a distance between
two features in one image is under a threshold, only feature with a stronger
descriptor remains.

Fig. 2. Detected and matched features between two shifted images after filtration

3.3 Computation of Rotation

A rotation is computed from correspondences between 3D and 2D points.
Because not all correspondences are correct, the RANSAC algorithm is used.
At the beginning of each iteration, four points are selected randomly. Although
only the rotation is an output of this step, a translation is also estimated. A
perspective 3 point problem (P3P) is solved for the first 3 points by solver [8].
Generally, a P3P task has four different solutions. The 4th point serves to select
the one correct solution.

This solution is evaluated on the other points. All 3D points are transformed
and reprojected to the image at time ti. Afterward, a reprojection error between
reprojected and measured positions is computed. An evaluating criterion is a
number of points with reprojection error which is smaller than an assigned
threshold.
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3.4 Computation of Translation

In the beginning, only points, which fulfill a condition for a reprojection error
from the previous step, are left. Further, these points are filtered that only a half
of the points closest to a median value is left and other points are removed. Final
translation is computed from all remaining points. It leads to an overdetermined
system of equations where only three unknown variables are components of the
vector of translation. An equation for one correspondence is:

λ ·
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⎣
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1

⎤
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⎡
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⎤
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λ is a scalar representing a scale ambiguity, uk and vk are 2D point coordi-
nates. K is a camera matrix, and R is a rotation matrix which has been computed
in the previous step. xk, yk, and zk are coordinates of 3D points. τx, τy, and τz
are components of a translation vector.

These equations for all correspondences are rearranged that parameter λ is
removed and they are connected to an overdetermined system in a form:

A ·
⎡
⎣

τx
τy
τz

⎤
⎦ = B (2)

τ is computed algebraically as the least square optimal solution.

4 Experimental Setup and Results

4.1 Testing Data and Hardware

Because a prototype of the scanner has not been available yet, data could not
be captured in real conditions. A car motion was simulated by moving a con-
struction with cameras under a car on a hoist. This manner’s main advantage
is that a true reference of motion could be simply measured. The construction
(Fig. 3) contains four cameras creating two stereo pairs. Pairs are distant 1 m
from themselves. Construction also contains lighting.

All cameras are the same model of camera. It is the Basler acA1920-155uc.
The resolution of the camera is 1920× 1200 px. Key properties of the camera are
a high frame rate (max. 164 Hz) and a global shutter.

Images of an undercarriage were taken in two different distances (57 cm and
75 cm) from the vehicle undercarriage and with two different exposition times.
An exposition time simulated the different level of lighting (dark and light).
The majority of data simulates only a straight movement of a vehicle across the
sensor. There is also a small set of dark images which simulates the straight
movement combined with rotation over yaw angle.
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Fig. 3. Construction with two stereo pairs of cameras

4.2 Automatic Test of Feature Detectors

The automatic test tested six different methods for feature detection from the
OpenCV library. A set of parameters was selected for each method, and their
combinations were tested. The results are in Table 1.

The most important parameter was a minimal number of correct matches in
one stereo image. Because detection in the real sensor has to be fast enough,
parameters with longer time than 1 s were dismissed. No combination of SIFT
parameters satisfied this condition. Harris, Shi-Tomasi, and FAST detector
detected a lot of features, but they had insufficiently distinctive descriptors,
and they did not have enough minimal number of correct matches.

ORB method was selected because it is fast, it has the best overall results,
and it has a free license. SURF method had better results for light images.

4.3 Visual Odometry Results

The proposed visual odometry method was tested on an experimental dataset of
car undercarriage. Data for testing were split into light and dark images because
the final scanner is going to be equipped with lighting which ensures stable light
conditions. The results are presented in Table 2.

Translations between images were 10, 20 and 30 cm with precision 0.2 cm.
The average error of the proposed method was for both types of images under
1 mm. The maximal error for light images was under 3% of translation. The
method was less stable for dark images, but it still returns good results. The
transformation was successfully computed for all tested images, and there was
no failure which could be caused by a small number of correct matches.
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Table 1. Automatic test of feature detectors’ parameters

Harris Shi-Tomasi FAST SIFT SURF ORB

Minimum of correct matches
in one stereo image

4 4 0 137 49 158

Correct matches 150 161 371 4 737 2 384 4 899

Number of matches 23 787 24 892 29 950 35 701 24 310 39 773

Time of detection and
matching [s]

0.28 0.29 0.77 2.13 0.96 0.39

Number of tested
parameters’ combinations

1500 300 144 288 384 800

A rotation over yaw angle was simulated only for dark images in a range from
0◦ to 15◦. The maximal error was only 1.5◦, which is less than the precision of
measuring reference angle (2◦).

Table 2. Visual odometry results

Light images Dark images

Average error [mm] 0.8 0.9

Standard deviation [mm] 1.7 1.8

Maximal error [mm] 5.2 7.8

Maximal error [%] 2.9 6.7

Maximal error of yaw angle [◦] – 1.5

5 Conclusion

A visual odometry method for a car undercarriage scanner is presented in this
paper. It is based on a strong filtration of matched features, and it uses a sepa-
rated computation of a rotation and a translation. The method is also suitable
for low feature environments because if all matches are correct, only four matches
between images are needed.

ORB detector is used for feature detection. An automatic test of features
found the best inner parameters of ORB detector for images of an undercarriage.
These parameters were selected from combinations of several selected values for
each parameter.

The method was evaluated for testing data simulating a real car movement
over the scanner. The images were split into two groups - light and dark. Because
the scanner is going to be equipped with lighting, the stability of the method
for both types is not needed. Nevertheless, the method has an average error for
both types under 1 mm. Method’s rotation error was measured on a smaller set
of dark images. The error for angles from 0◦ to 15◦ was under 1.5◦.

More detailed description of the method and results from all experiments (in
the Czech language) are available in diploma thesis [9].
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5.1 Further Work

The main deficiency of the method is developing and testing on data which
comes only from 1 vehicle. In the future, it is necessary to repeat testing for
more vehicles. Because the capturing of data from a car host is too slow, the
prototype of the sensor placed under a roadway level is needed. The data from
the prototype is also going to be more realistic.

Another direction of improving the method is going to be optimizing compu-
tations because the scanner has to work almost in real time. Another important
step is going to be connecting the method with other parts of the system. The
method could be speeded up by reusing of some information from a method
which creates particular 3D models. It is, for example, using the same type of
features or information from triangulation.

Acknowledgements. The work described in this paper was funded by Ministry of
Interior of the Czech Republic under the project number VI2VS/461. The work of
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