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Abstract— This paper presents a vision-based solution for
detection and tracking of convoy vehicles. Our approach is able
to estimate the 3D vehicle pose, velocity and steering angle of
the leader vehicles and needs template images of each vehicle.
The improved template-based algorithm refers to a previously
publication. First, we present an extension of our dynamic
region growing algorithm, which is used to remove unnecessary
image information. Thanks to a new preprocessing step, the
segmentation algorithm is more stable while finding the vehicle
silhouette. Second, we achieve an improved pose estimation by
using rotated image features. Third, the extensive comparison
of algorithms to train cascade classifiers leads to the best
one for vehicle detection. The algorithm was evaluated while
driving autonomously in urban and non-urban environments.
Experimental validation shows that our approach can detect
and track poorly visible vehicles under different weather
conditions in real-time.

I. INTRODUCTION

Image-based advanced driver assistance systems have re-
ceived considerable attention. They are one of the core
technological innovations in the area of intelligent transporta-
tion systems. Many fields of application exist where driver
assistance systems have to detect other vehicles. Well known
applications are the collision avoidance system, adaptive light
control and adaptive cruise control. All use one or more
sensors like ultrasonic sound, RADAR, LiDAR or camera
sensors to gain context information about the surrounding
environment [1]–[3]. In recent years, the usage of RADAR
and LiDAR sensors increased considerably despite the high
acquisition costs. Both provide depth information with a
detection range up to 200 m (automotive industry). They are
more robust to light and weather changes and the angular
resolution is lower compared to optical image sensors. Cam-
eras have a higher resolution and the power consumption and
acquisition costs are lower. A disadvantage is that the image
quality strongly depends on light and weather conditions.

This paper focuses on a low-cost camera-based solution
for following a leading vehicle (see fig. 1). Following a
vehicle autonomously requires fast and robust estimation of
the 3D vehicle position and velocity. Our previous publi-
cation [4] mentioned our template-based approach for the
first time. The presented algorithm was able to roughly
estimate 3D vehicles position and velocity in a fast way.
In this publication, we will present an improved version
in detail. Our dynamic region growing algorithm is more
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Fig. 1: Vehicle tracking for autonomous convoy driving.

effective while finding the vehicle silhouette. Second, the
pose estimation is enhanced by using rotated image features.
Third, classifier training algorithms and their parameters are
compared to determine the best one for vehicle detection.
These extensions yield a vehicle tracking algorithm which
is more robust against changes in weather conditions and
achieves a more accurate estimation.

The outline of the paper is as follows: Section I moti-
vates camera-only fields of application. The second section
contains the related work about vehicle tracking methods.
Our approach needs some preprocessing steps which are
explained in section III. Section IV describes our procedure
for vehicle detection and tracking. Experimental results col-
lected while driving in urban and non-urban environments
are presented in section V. Finally, conclusions and future
work are given in the last section.

II. RELATED WORK

In recent years, the research to detect road participants
with active LiDAR and RADAR sensors has grown con-
tinuously. Template-based vehicle detection approaches are
used in point clouds or in 2 1

2 D occupancy grids. Some
are geometry based, e.g. by fitting L-shapes or bounding
boxes [5], [6]. These shape models are fixed, adaptive or
flexible. Other publications process the raw point cloud data.
E.g. [7] work on vehicle detection with 3D point cloud
histograms.

This paper focuses on non-stationary passive sensors. On
the one hand, stereo-based techniques are popular. Two
cameras are used to estimate a depth map, objects are seg-
mented, detected and tracked in generated 3D point clouds
[8]. On the other hand, many publications work with only
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Fig. 2: Model generation: (a) Vehicle-specific. (b) Generic.

one camera that is mounted behind the vehicle windshield
[9]–[11]. They perform single or multi-vehicle tracking. E.g.
an autonomous convoy vehicle does single vehicle tracking
to follow a specific leading vehicle. The literature shows that
a precise information about each convoy vehicle is necessary
to achieve a high precision estimation [4], [12]–[14]. In
general, the precision for multi-vehicle tracking is not so
important. Many of these applications do statistical analysis
or provide collision information with the focus on multi-
vehicle detection without using any kind of vehicle specific
information. [15] do multi-vehicle detection on motorways
with well-marked road lines, a uniform surface and low
change of the road curvature. Their algorithm is a combi-
nation of WaldBoost classifier training with an unsupervised
learning method called Tracking Learning Detection (TLD).

A common way is to train a classifier offline, e.g. [9] train
a classifier with the fast computable Haar-like features [10].
Both detect vehicle rear sides from highway participants
that have the same traveling direction. Moreover, [11] train
Support Vector Machine (SVM) classifiers to detect separate
parts of a vehicle. They use features called Histogram of
Orientated Gradients (HOG) and are able to detect any
vehicle side on intersections.

In the early days, when computing power only allowed
for edge detection, the shadow cast on the road was used as
a primary cue for a vehicle [16]. Statistically the shadow
is darker than the road area which is not occupied. [17]
propose a rough shadow detection with an adaptive template
matching approach. Unfortunately, an important problem is
that shadows from other objects like trees or the own shadow
might affect the tracking. Instead of searching for a vehicle
shadow, [18] focuses on finding a U-shape with a horizontal
and vertical edge locator. Also the Hough transformation was
applied to find the road boundary whereby the search area
and further the computational cost could be reduced.

In addition, filtering is often applied. The multidimen-
sional particle filter has become quite popular. It is used
to verify up to thousands of hypotheses for the object of
interest. The Kalman filter is another popular filter which is
used to estimate state values over time [19].

Contrary to our work, many publications are primarily
designed for motorways with clearly visible road markings,
a uniform surface or small change in road curvature [20].
Our focus is on- and off-road driving, therefore, we do not
require a ground plane assumption.

(a) (b)

Fig. 3: Haar feature set: (a) Upright. (b) Rotated.

III. PREPROCESSING: BUILDING TEMPLATE-MODELS

This section mentions the offline preprocessing steps to
apply the template-based tracking algorithm. A so-called 3D
template model is necessary for each convoy vehicle. Any
vehicle-specific model requires three template images for
their generation. These reference images must be the rear, left
and front view of the vehicle to enable image tracking from
all viewing directions. The vehicle-specific model generation
is visualized in figure 2(a) and is described in [4] in detail.
Otherwise, a generalized 3D template model is also possible.
Therefore, movable markers are usable (see fig. 2(b)).

The generation of a 3D template model includes the
following three steps.
• Attaching 2D template images to one 3D model
• Searching and adding image features, e.g. red rear lights

or license plate
• Training of cascade classifiers
Texture-based classifiers are necessary for each vehicle

side. Therefore, the 3D template model, Haar-like [10], Local
Binary Pattern (LBP) [21] and HOG [22] features, and a
large collection of negative samples are used. We extend the
feature set with rotated features by using 45°-rotated integral
images [23]. Figure 3 visualizes the edge, line, diagonal
and center-surround upright as well as rotated Haar features.
White regions have a negative weight, black areas have a
positive.

Negative samples are background images that do not con-
tain the object of interest. In contrast, positive samples show
the object of interest whose image location is also known.
We generate the positive samples automatically, which is
not common in the literature. This is only possible due
to the 3D template model. An algorithm generates vehicle
image poses randomly. In this process, the image location
of all vehicle sides is known and defined by an upright rect-
angle (u, v,width,height). A brightness correction implies
more robustness against illumination changes.

Using the negative and positive samples, three strong
classifiers, the {left+right}, front and rear vehicle side, are
trained for every feature type. The training algorithm tries



to find the best weights to separate these two classes, the
negatives and positives. Some iterative algorithms exist to
improve the classification accuracy stage by stage based on
a sequence of weak classifiers. Our comparison between the
vanilla Discrete Adaptive Boosting (DAB), Real Adaptive
Boosting (RAB), Logit Boosting (LB) and the Gentle Adap-
tive Boosting (GAB) leads us to the best method to train a
vehicle classifier [10], [24].

On the one hand, 5,000 negative images were used for
evaluation. They show urban and non-urban environments
with different weather conditions. On the other hand, 5,000
positive samples were automatically generated. The original
image size is 752× 480 pixels. The sample size is defined
as (swpx , shpx) = ω · (swm , shm) pixels where (swpx =
36, shpx

= 33) and (swm
= 1.8, shm

= 1.65) are the
vehicle’s width and the height in pixel and meter and ω
represents a statistical evaluated scale factor of 20. We
choose a high stage number of Nmax = 10 stages because
of the huge amount of samples. At each stage a classifier is
trained to reach the minimum hit rate of h = 99% and the
maximum false alarm rate of f = 40%. The overall hit rate is
defined as hN ≈ 90%. Accordingly, the overall false alarm
rate per image window is calculated by fN ≈ 0.0001%.
Result of the analysis is shown in figure 4 and in the tables I-
III as well. The tables show the overall training time (TT) of
each training algorithm with upright features only and with
rotated features included. Each training algorithm processes
up to the maximum stage number Nmax unless the algorithm
terminates in a lower stage Nstop. This occurs in case that
the algorithm achieves the stage-dependent and the overall
minimum hit rate (HR) and maximum false alarm rate (FAR).
HR and FAR are reported in percent with a range from 0.0 to
1.0. Vehicle detection works with a sliding window approach,
where the features are scaled based on the original scale
with a rescale factor of 1.1. A classifier detection can be
correct (hit) or incorrect, which is called false alarm. We
distinguish between these two states by considering the Root
Mean Square Displacement (RMSD) between the upright
rectangle from the classifier response and the ground truth
quadrangle:

RMSD =

√∑4
i=1 (ai − bi)

2

4
(1)

In equation 1, a1...4 = {(a1u ,a1v ) , . . . , (a4u ,a4v )} rep-
resents four two dimensional quadrangle corners as well
as b1...4. A classifier response is graded as a false
alarm, if the displacement overreached a specific threshold
(RMSD > 10%).

Receiver Operating Characteristic (ROC) curves are one
possibility to visualize the relationship between the pos-
itive detection rate and the number of false alarms. The
figures 4(a) to 4(c) show ROC curves of the varying boosting
strategies. Axis of abscissae represents the overall hit rate and
axis of ordinates stands for the amount of false alarms.

Algorithm analysis is done on a computer which has
an Intel Core i7-2600K quad-core processor, 2 GB usable
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Fig. 4: Receiver Operating Characteristics of 5,000 images. A star denotes
the best training algorithm according to the feature setup: (a) Haar features
without (dashed line) and incl. (solid line) rotated features (b) LBP features.
(c) HOG features.



Boost al-
gorithm

Incl. rotated
feature set

TT[h] Nstop HR FAR P

DAB 5.32 8 0.96 0.24 0.86
x 6.66 8 0.95 0.17 0.89

RAB 5.44 9 0.96 0.22 0.87
x 8.62 9 0.97 0.14 0.92

LB 5.15 7 0.97 0.40 0.79
x 7.24 8 0.97 0.29 0.84

GAB 5.53 8 0.97 0.39 0.79
x 7.68 8 0.96 0.18 0.89

TABLE I: Analysis of HAAR-based classifier training algorithms. The
overall training time (TT) is given in hours. Nstop gives information in
which stage the algorithm terminates. Fastest and lowest algorithms to
achieve the minimum HR and maximum FAR are colored green and red. HR
and FAR represent the overall hit rate and false alarms rate. The classifier
precision P is estimated with HR+(1−FAR)

2
.

Boost algorithm TT[h] Nstop HR FAR P
DAB 4.79 7 0.96 0.18 0.89
RAB 3.77 8 0.96 0.28 0.84
LB 3.33 8 0.97 0.29 0.84

GAB 3.81 8 0.97 0.22 0.88

TABLE II: Analysis of LBP-based classifier training algorithms.

Boost algorithm TT[h] Nstop HR FAR P
DAB 4.69 9 0.84 0.08 0.88
RAB 3.56 9 0.88 0.08 0.90
LB 1.80 9 0.89 0.07 0.91

GAB 0.98 9 0.85 0.09 0.88

TABLE III: Analysis of HOG-based classifier training algorithms.

memory and the C++-based program code is written for
parallel processing.

The evaluation leads to the following best appropriate
training algorithm depending on the application. If the overall
training time (TT) is the primary focus, then
• DAB for a rotated Haar feature set
• LB for non-rotated Haar and LBP features
• GAB for HOG features

is advisable for classifier training. Mostly, the focus is not on
the training time. Therefore, the classifier precision is more
important because classifiers are trained in an offline step. A
high hit rate and low false alarm rate define a good classifier
precision P = HR+(1−FAR)

2 whereas the appropriate training
algorithms result in
• DAB for a LBP feature set
• RAB for rotated and non-rotated Haar features
• LB for HOG features

. The extended Haar feature set includes all rotated features
and is recommendable due to the highest precision enhance-
ment. This is significantly visible in figure 4(a) because of
the lower amount of false alarms.

IV. VEHICLE DETECTION AND TRACKING

This section describes an enhanced vehicle tracking algo-
rithm compared to [4]. The algorithm contains the following
three major steps to determine the vehicle information about
a (local) convoy leader.

A. SUKF Vehicle Prediction

A Scaled Unscented Kalman Filter (SUKF) [25]
is applied to predict the relative vehicle pose

(a) (b)

Fig. 5: Dynamic region growing inside area of interest: (a) Publication [4].
(b) Improved result.

Pego→obj = {r, α, h, ψ, θ, φ} in cylindrical coordinates
(see table V), velocity v and steering angle λ. These eight
state values x are predictable through a kinematic bicycle
model and by consideration of the estimated egomotion [26]
from time step t− 1 to t. The SUKF measurement consists
of eight 2D corners y1...8 of the 3D vehicle bounding box.
They are image coordinates {(u1, v1), . . . , (u8, v8)} and
predicted by projection of the 3D vehicle pose Pego→obj

into the image plane.

B. Performing Measurement for SUKF

The SUKF measurement step consist of three stages:
• Remove unnecessary image information
• Pre-detection of each vehicle side with classifiers
→ Upright rectangles

• Refine classifier detections through feature matching
→ Quadrangles {yi,j,k,l} ∈ y1...8

The vehicle prediction Pego→obj is projected into the
image plane to apply image processing in a smaller image
area. Then, the dynamic region growing algorithm [4] tries
to remove image areas (pixel blackening, see fig. 5) which
do not belong to the tracked vehicle. We add an image
denoising preprocessing step so that this image segmentation
algorithm is more effective for blackening pixels outside the
vehicle silhouette. Therefore, the comparison between the
normalized box-, median-, Gaussian- and bilateral filter helps
us to improve the region growing procedure by applying a
smoothing preprocessing step. The evaluation result is shown
in figure 5 and table IV. In proportion to the additional
filter time, the median filter is the appropriate choice to en-
hance the region growing result. Furthermore, in comparison
to [4], we reduce the pixel connectivity window from Moore
neighborhood to Von Neumann neighborhood in the region
growing algorithm. By using the Moore neighborhood, the
surrounding eight pixels (u ± 1, v ± 1) are compared to a
pixel (u, v). The Von Neumann neighborhood considers only
the four orthogonal surrounding pixels.

After the region growing algorithm, most of the non-
blackened image area should belong to the vehicle, which
we want to detect. Therefore, the trained classifiers are
used for each vehicle side. A classifier responds with one
or more upright rectangles. Each of them can be a false
positive. For verification and to achieve a higher preci-
sion estimation (upright rectangles → quadrangles), we do



Normalized
Box Gaussian Median Bilateral

Additional
time [ms] 0.2 0.2 0.8 4.8

% more
correct

eliminated
pixels

26 28 43 17

TABLE IV: Comparison between image filters to increase the elimination of
unnecessary image pixels by applying dynamic region growing [4]. Kernel
size = 5. Average area of interest size has (w×h) ≈ (300× 160) image
pixels.

feature matching between each upright rectangle and the
3D template model. For example, features are the red rear
lights, front lights, license plate, vehicle silhouette, dark
tires, windows or side doors (See [4]). Due to the high
amount of eliminated image pixels, we only detect our
primary vehicle target and not other vehicles. Result of
the performing measurement step is an amount of quad-
rangles {yi,j,k,l = {(ui, vi), (uj , vj), (uk, vk), (ul, vl)}} ∈
y1...8, where each of them describes four 2D boundary
corners of a vehicle.

C. SUKF Sequential Innovation

Each new measurement yi,j,k,l induces a sequential filter
innovation which corrects the predicted state values x?:
Relative pose Pego→obj, object velocity v and steering an-
gle λ (Ackermann-steering model). The incoming measure-
ment yi,j,k,l, its prediction y?

i,j,k,l and the Kalman gain
matrix are used for this correction. A detailed description of
the sequential Kalman filter innovation can be found in [27].

V. EXPERIMENTAL RESULTS

This section presents some vehicle tracking visualizations
and the tracking accuracy is compared to our prior publica-
tion [4].

The tracking system was evaluated while following au-
tonomously in a convoy of two vehicles in total. The
autonomous robot car was MuCAR-3 (Munich Cognitive
Autonomous Robot Car 3rd Generation [28]) and the convoy
leader was a VW Golf 4 and a VW Tiguan. MuCAR-3 has
an on-board computer, an Intel Xeon L5640 Dual CPU Hexa
Core. A single CMOS camera was used to get images in
a 50ms cycle. The camera has a resolution of 752× 480
pixels and a lens of 8mm focal length. It is mounted behind
the windshield on a platform [29] that allows a maximum
yaw ψ gaze of ± 45° and a pitch rotation θ up to ± 12°. This
allows extending the field of view to keep objects of interest
in the image center. The processing time of our algorithm is
5− 25ms for each image.

The test route took about 15 minutes to drive where the
autonomous vehicle MuCAR-3 handled the throttle, brake
and steering. We drove the same test route during different
weather conditions, in rain, clouds and sunshine. Table V
shows the average estimation precision of all three test runs.
The real-time capability and high pose estimation accuracy
allows a convoy velocity of up to 28 m

s .

r[m] α[◦] h[m] ψ[◦] θ[◦] φ[◦] v[m
s
]

maxnew 36.1 32.7 1.34 62.84 7.44 5.68 28.09
εnew 0.92 1.01 0.14 7.08 2.95 0.51 0.52
εold 1.07 1.12 0.16 7.24 2.96 0.73 0.56

TABLE V: Tracking accuracy compared to ground truth: Evaluated values
are the relative position {r, α, h} and orientation {ψ, θ, φ} in cylindrical
coordinates and the object velocity v. maxm denotes the maximal state
values and εold the RMSE of our template-based tracking from [4]. εnew
denotes the error of the template-based tracking from this paper.

(a) (b)

(c) (d)

Fig. 6: Template-based Tracking: (a-c) with vehicle-specific model.
(d) based on generic model.

We evaluated the tracking algorithms with ground truth
data, generated by an IMU coupled to a RTK-DGPS in each
of the vehicles involved. Our INS of type OxTS RT3003
reaches a precision of approximately 5 cm for ground truth
data. The INS estimates the object velocity with an accuracy
of 0.2 m

s . The transformation from the ego to the object
position results in the ground truth pose PGTego→obj

. Table V
lists our enhanced tracking accuracy. Only the vision-based
tracking algorithms were used for continuous estimation of
the relative pose Pego→obj. Communication between these
vehicles was exclusively used for generating the ground truth
data.

We compared the ground truth data with the template-
based tracking and determined a false positive rate of zero.
This can be traced back to the dynamic region growing
method for unnecessary pixel elimination and the classifier
detection cascaded with a distinctive feature detector.

The system shows its robustness while driving in differ-
ent weather conditions. Also, it is invariant against partial
occlusion (e.g. bushes, high grass or windshield wipers).

Furthermore, figure 6 visualizes the specific and
generalized vehicle detection. The test route and
some other visual impressions are accessible on
Youtube: http://youtu.be/O79CrwhKJ3w

http://youtu.be/O79CrwhKJ3w


VI. CONCLUSIONS AND FUTURE WORKS

A. Conclusions

We presented a fast vision-based solution for detection and
tracking of convoy vehicles. The algorithm is able to estimate
the 3D vehicle pose, velocity and steering angle. Template
images of each vehicle are the only requirement for our
approach if a specific vehicle should be tracked. Otherwise,
a generic template model is buildable with markers. The core
of the tracking algorithm is the elimination of unnecessary
image information combined with an analysis of cascaded
classifiers in a top down procedure.

This paper introduced an extended dynamic region grow-
ing method for image segmentation. A new preprocessing
(image smoothing) step results in a more stable segmentation
while finding the vehicle silhouette. We also achieved an
enhanced pose estimation by using rotated image features.
The final novelty is the knowledge about the best appro-
priate classifier training procedure (boosting algorithm and
parameters) for vehicle detection.

Algorithm evaluation is based on real-world data by driv-
ing autonomously in urban and unstructured environments.
The results show that poorly visible vehicles are traceable in
different weather conditions and in real-time.

B. Future Works

The usage of Pan-Tilt-Zoom (PTZ)-cameras reduces the
amount of unnecessary image information. However, it is
only applicable in case that the intrinsic camera calibration
values of each zoom position are correctly defined. This will
show an extensive analysis.
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