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Abstract— All-around view is a mandatory element for au-
tonomous vehicles. The European V-Charge project seeks to
develop an autonomous vehicle using only low-cost sensors. This
paper presents a detection and tracking algorithm that covers
all the area around the vehicle using 4 fisheye cameras only.
The algorithm is able to detect pedestrians and vehicles and
track them, using cylindrical images. This paper presents the
whole pipeline, from the image un-warping to the classification
and the tracking algorithms, together with some results.

I. INTRODUCTION

The EU-funded project Autonomous Valet Parking and

Charging (V-Charge) aims to develop an autonomous electric

vehicle that can move in parking lots or garages to park and

reach re-charging spots. The peculiarity of this project is the

use of a low-cost sensor setup, that is close to the one that

it is possible to find in a consumer car. This guideline leads

to the choice of the sensors suite, that is shown in Fig. 1:

just two stereo cameras for long range narrow angle obstacles

detection, plus 4 monocular fisheye cameras, aimed to detect

moving obstacles all-round the vehicle and ultrasonic bumper

sensors.

More details on the project aims can be found in [1]. Cam-

eras are the main sensor of the V-Charge car platform: the

presented algorithms employ four fisheye cameras (depicted

in blue in Fig. 1) to cover the whole area close to the vehicle.

This paper presents a system to classify and track vehicles

and pedestrians all around the autonomous vehicle. As this

system is supposed to be used driving at low speeds in park-

ing lots or garages in order to help in different maneuvers

(moving forward and backward and making tight curves), the

region of interest that must be considered covers the whole

area around the vehicle, but it is limited to short distances.

Stereo systems, which are not presented in this paper, are

employed to detect front and back obstacles only.

The proposed algorithm is a development of the work

presented in [2]. As an extension of the previous work,

cylindrical images are investigated for classification and

multi-camera tracking is developed.

A. Related works

In driving assistance systems, obstacle detection is a

crucial component of collision avoidance, especially for

dynamic object detection. Many sensors can be used for

obstacle detection, such as LIDAR, RADAR and vision

sensors. Vision sensors can be divided into pinhole cameras,
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Fig. 1: V-Charge sensors layout: two stereo cameras (in

red), on the front and on the back, for long range narrow

angle detection; 4 fisheye monocular cameras (in blue)

for all-round view obstacle detection; short range collision

avoidance sonars (in green).

with limited field of view, and fisheye cameras [3]. Fisheye

cameras can be used for several applications, especially

in backup aid and surround view systems [4], [5], [6]

because these cameras can frame a wide area close to the

vehicle. Feature based object detection algorithms are often

used to detect specific kinds of objects such as pedestrians

and vehicles [7]. Currently, the major interest relating to

the objects classification in the automotive environment is

dedicated to pedestrians. Luckily, all the technology devel-

oped for this category can be applied to simpler classes

of objects like vehicles. The most exploited features in

this field are the Haar Features [8], the Local Binary

Pattern (LBP) [9], the Histogram of Oriented Gradient

(HOG) [10], [11], the Integral Channel Features (ICF) and,

recently, Aggregated Channel Feature (ACF) [12], [13], [14].

Features extracted in the image window are processed with

an ensemble learning algorithm. Algorithms largely used to

detect objects in automotive environments are based on SVM

(linear, non-linear, latent) [10], AdaBoost (and variants) [11]

or Random Forest [15]. In the state of the art, both Soft-

Cascade techniques and search window pruning (using the

hypothesis of flat-terrain) are widespread used [2], [10],

[11], [14], to achieve real-time performance. The object

detection in fisheye images can be done classifying directly

in fisheye images [16], where different classifier are trained

on different portion of fisheye image, or applying a classifiers

to undistorted image [17].

II. PROPOSED SOLUTION

The scheme in Fig. 2 represents the main steps of the

proposed approach:
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Fig. 2: Overall system design: from the left to the right it is shown the pipeline of the proposed approach. Firstly, each

fisheye image is un-warped; the chosen model allows to have overlapping field of views between adjacent cameras. Secondly,

the Soft-Cascade+ACF classifier is used to detect both vehicles (in red) and pedestrians (in green). The outputs from all

views are associated each other and finally the Unscented Kalman Filter track all obstacles, allowing to follow an object

moving around the vehicle through different field of views.

• Image un-warping:

the fisheye images are un-warped in order to both

correct the lens distortion and obtain a wide-angle view

without strong aberrations.

• Classification:

a Soft-Cascade+ACF classifier is run on each camera

image to detect vehicles and pedestrians on all the

surrounding space.

• Multi-camera tracking:

in order to perform the 360◦ tracking, firstly an inter-

camera association algorithm is performed then, an

Unscented Kalman Filter is used to exploit those infor-

mation to track and generate an all around description,

as an unique high-level sensor with 360◦ field of view.

All of these steps are described in detail in the following

paragraphs.

A. Image un-warping

Fisheye lenses provide very large wide-angle views (the-

oretically the entire frontal hemispheric view of 180◦), but

the produced images suffer from severe distortion since the

hemispherical scene gets projected onto a flat surface. A

procedure to correct the fisheye lens distortion is necessary

unless you use an algorithm that takes into account this

effect. A common approach involves the distortion correction

by re-projecting the image on a virtual plane in order to

obtain a pinhole image but, the wider the resulting pinhole

field of view, the stronger aberration you get on image edges.

In [2] a virtual views layout has been presented in order to

correct the lens distortion and exploit the large fisheye lenses

field of view. However that approach has some drawbacks:

to find all obstacles virtual views need to overlap; this means

more pixels to process and conflicted areas where it is hard

to determine what is the right detection. To overcome these

shortcomings, it has been decided to increase the number

of virtual views and merge them together in a single wide

image: the final result is equivalent to re-project the original

fisheye image onto a semicylindrical surface, as it is done

in [18].

Fisheye cameras manufactured to follow the equidistance

mapping function, are designed such that the distance be-

tween a projected point and the image optical center is

proportional to the projected ray incident angle, scaled only

by the equidistance parameter. Exploiting this relationship,

the resulted cylindrical model is conveniently described by

the following equations:

[
u
v

]
=

[
cu + atan2 (x, z) · fθ
cv + kv · y√

x2+z2

]
(1)

⎡
⎣xy
z

⎤
⎦ =

⎡
⎣sin

u−cu
fθ

v−cv
kv

cos u−cu
fθ

⎤
⎦ (2)

where (cu, cv) is the un-warped image virtual optical cen-

ter, kv is the vertical focal length, fθ is the equidistance

parameter, (x, y, z) is the 3D point being projected to the

image and (u, v) is the related point in image domain.

The Equation 1 is the projection of a (x, y, z) 3D point

from camera reference frame to cylindrical image reference
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(a) Front camera, original fisheye image (b) Front camera, un-warped image

(c) Left camera, original fisheye image (d) Left camera, un-warped image

Fig. 3: Examples of fisheye images and the related un-warped images; into the fisheye images is depicted the corresponding

semicylindrical surface. The extrinsic parameters have been also used in the un-warping phase and this is considerable

especially on side cameras. Note also the overlapping field of view between the two un-warped images.

frame, while the Equation 2 is the relation from a (u, v)
2D point from cylindrical image reference frame onto a

semicylindrical surface in the camera reference frame. To

preserve the original aspect ratio it is convenient to impose

kv ≡ fθ.

Exploiting the extrinsic, intrinsic and distortion cameras

parameters [19] a proper semicylindrical surface has been

defined for each fisheye camera; to facilitate the subsequent

algorithms, such the classification phase, those semicylinders

have been placed just in front of each camera, keeping their

axis perpendicular to the vehicle reference z plane. The

Fig. 3 shows some fisheye images and the resulted un-warped

images.

These choices imply that each image row correspond to a

circumference arc in vehicle reference z plane; this means

that objects on the same row in the same image are at

the same distance from the related camera: this property

is useful for many optimizations in the classification phase.

Noteworthy is also that the whole un-warped image does not

respect the pinhole camera model but, locally, the difference

between a virtual pinhole camera and the un-warped image is

hardly visible; a detailed analysis is covered in section III-A.

B. Classification

Pedestrians and vehicles detection is based on a Soft-

Cascade+ACF classifier. The first phase, regarding the com-

putation of the integral channel, is shared between pedestri-

ans and vehicles detector in order to speed-up the system.

Several classifiers with different pattern sizes have been

trained reducing the processing time required in the scaled

images computation. Five classifiers are used for pedestrians,

with dimensions 32× 64, 48× 96, 58× 116, 68× 136 and

81× 162; two, instead, for vehicles, with dimension 38× 38
and 45×45. Two scales for each classifier are computed. The

pedestrian classifier with pattern size 32×64 is used to detect

only far pedestrian: differently from the other classifier, it is

run just at the smallest octave for each scale.

Moreover, the detection is not performed in regions that

do not respect the typical range of vehicle/pedestrian size:

for each candidate window, through the world-to-image

coordinates transformation, its theoretical area is calculated

and is checked if it respects the suitable dimensions for a

vehicle or pedestrian. Candidates at the same scale-octave

are filtered with a 3× 3 non maxima-suppression.

The final training set is composed by 48000 cars im-

ages from a private dataset, 4000 pedestrians images from

KITTI+INRIA datasets and 5000 negatives examples, ran-

domly extracted from the initial negatives images. Positive

samples are enlarged by 8% to include also the information

contained in the border. 5 bootstrapping cycle are performed

to improve the detection performance and reduce the false

positive rate. At each cycle, the detector is trained on an
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augmented set composed by the initial negative samples and

the hard negative ones obtained by the previous cycle.

C. Multicamera tracking

Tracking is performed jointly through the four triggered

cameras allowing to follow an object moving around the

vehicle.

1) Association: The “all-around tracking” requires that

the association must be performed not only between objects

of the same class in subsequent frames, but also between

objects of the same class but coming from different cameras.

The matching in subsequent frames is performed using

the bounding boxes overlap. Several comparison metrics,

instead, have been analyzed for the multi-cameras one:

• Euclidean distance: objects coming from all the cameras

are projected in the world coordinates space and the

euclidean distance represents the matching cost.

• Polar distance: objects are still projected in the world

coordinates but, in this case, the polar distance repre-

sents the matching cost.

• Image distance: objects on each camera are projected

on other cameras (if the projection is possible) and the

matching cost is represented by the bounding boxes

overlap.

The “Image distance” metric has been selected for the multi-

camera matching process because achieves better results and

its metric is coherent with the subsequent tracking algorithm.

An association based on features matching between differ-

ent cameras has been also tested but discarded due to the high

computational cost for the features extraction and matching.

Once defined a comparison metric, the Hungarian algo-

rithm is used to find the best association and maximize the

matching cost. After this step, each tracked object may have

been associated with one or two elements, depending if it

has been seen in one or more cameras.

2) Tracking: An Unscented Kalman Filter (UKF) is used

for the tracking process; the filter state is composed by the

tracking point, the object width and its relative speed. The

predicted position is obtained combining the host vehicle

movement information (from the inertial sensor) and the

object position and speed. While the filter state is in the

vehicle reference frame, the filter observations are in the

images reference frame.

The bounding box extraction process requires the conver-

sion of the top-left and bottom-right points of the object

in the world coordinates and, then, the projection of these

points in the image coordinates. In case of an object in the

front camera, these points can be calculated subtracting and

adding on the x axis the width value to the tracking point.

This procedure, instead, would not be valid for objects in

different cameras. Then, a different method has been used

for the bounding box extraction: firstly, the tracking point

and the top center point of the object are projected in the

image coordinates; from these two points it is possible to

extract the bounding box height in pixels and use it to find

the width and, then, the top-left and bottom-right points in

image coordinates starting from the projected tracking point.

As described in the II-C.1 section, one or two elements

can be associated to a tracked object after the matching

process. In case of a “single” association, the observation

is represented by the tracking point and object width in

image coordinates: through the Equations 1, 2 is possible

to switch between image and world coordinates. In case of a

“double” association, instead, the observation is represented

by a couple of tracking points and widths in pixels from

the objects in the two different cameras. In this case, the

predicted observation are the projections of the object state

in the two image coordinates.

Extra care is required to manage the two different obsta-

cles types, pedestrians and vehicles. This involves different

filter parameters, regarding the object movement and, the

different extraction of the object bounding box from its state:

while vehicles have the same ratio between height and width,

the pedestrians height is twice their width.

III. RESULTS

A. Cylindrical images

The basic assumption of our approach was the classificator

compatibility with cylindrical images; since no object detec-

tion evaluation dataset with fisheye images was available, we

chose to evaluate “differences” between un-warping fisheye

images using pinhole model and cylindrical model. For this

purpose we defined “difference” d as follow:

d(u, v) =
∥∥(u, v)− (u′, v′)

∥∥ (3)

where (u, v) is a point in image domain and (u′, v′) is the

point obtained by re-projecting (u, v) from pinhole model to

cylindrical model.

This analysis helps to understand the expected object

distortion given its size in the equivalent pinhole model, and

consequently it is possible to estimate the maximum accept-

able size. In Fig. 4 the results1 of this analysis are shown:

firstly we evaluated the per-axis re-projection displacement

errors, then we computed Euclidean norm as described by

Equation 3.

Predictably, the main displacement error occurs along u
axis: points further than 150 pixels have displacement error

u component of approximately 20 pixels. With a similar

analysis of “Euclidean norm of displacement errors” graph

(Fig. 4 c) we can overestimate the error of objects as wide

as 200 pixels in less than 10 pixels, and less than 20 pixels

for object as wide as 300 pixels; along the v axis we have

less constraints.

It is important to notice that the further the points are

from the pinhole image center, the stronger aberration you

get: then on the one hand the “difference” as defined by

Equation 3 is increasing, but on the other hand the pinhole

image we are comparing to begins to be affected by aber-

ration. In Fig. 5 is shown a qualitative comparison between

the original fisheye image and pinhole model and cylindrical

model.

1These results are computed using the real intrinsic camera parameter
utilized in our system: fθ = kv � 266.67 [pixel].
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(a) Displacement errors along u axis (b) Displacement errors along v axis (c) Euclidean norm of displacement errors

Fig. 4: Displacement errors between pinhole model and cylindrical model. In (a) and (b) are shown the displacement errors

along u and v axes, in (c) is depicted the Euclidean norm of displacement errors as described by Equation 3. The greater

the error is, the higher the displacement between pinhole model and cylindrical model is at that coordinate.

(a) Original (b) Pinhole (c) Cylindrical

(d) Pinhole (e) Cylindrical

Fig. 5: Comparison between un-warping the original image

(a) by re-project it on a plane (b) or on a semicylindrical

surface (c); those images are focused only on a small area

in order to highlight the small differences between the two

approaches. In (d) and (e) the differences are more evident

but still hard to see: with the same number of pixels in (d)

there are some aberrations on sides, meanwhile in (e) the

field of view is slightly larger.

B. Classification

The classifier, used in the previous version of the system,

has been improved on several aspects:

• The pre-processing parts of vehicle and pedestrian clas-

sification are merged in a common stage.

• The scales number has been reduced using more clas-

sifiers with different pattern size.

• The shrinking factor has been introduced.

These changes lead to reduce the computational time and to

achieve real-time performance processing the images coming

from all the four cameras.

Our classificator is competitive in terms of the detection

quality with respect to other state-of-the-art methods. The

pedestrian classifier miss rate on Daimler Pedestrian dataset

is 0.35 at 10−1 FPPI, 0.59 at 10−2 FPPI and 0.75 at 10−3;

the vehicle classifier miss rate on our private dataset is 0.11

at 10−1 FPPI, 0.27 at 10−2 FPPI and 0.50 at 10−3.

C. 360◦ tracking

The inter-camera tracking algorithm considerably im-

proves the system performance with respect to perform it

individually on each camera. Overlapping fields of view

guarantee a higher probability to detect an object than in one

camera, both in terms of different points of view from which

the object is observed then in terms of possible occlusions

in a camera but not in the other one. Moreover, it is possible

to exploit the past history of an object passing through the

cameras, increasing the tracking accuracy.

In Fig. 6 is shown an example where we exploited the two

points of view to overcame one occlusion and to improve the

detection accuracy.

D. Conclusions and future works

In this paper, a method to detect and track pedestrians

and vehicles all around the V-Charge prototype is presented.

The sensor suite is limited to four fisheye cameras, installed

on the front, back, right and left parts of the vehicle. Main

contributions of this method are the classification using cylin-

drical images and the 360◦ tracking. The obtained results

are remarkable in parking slots and garage environments. A

great attention has been given to optimize the computational

performance2, to reach a processing time that allows the

managing of different manoeuvres at low speeds, processing

four cameras images. Even if the system provides promising

results in most situations, when the obstacles are as close to

the vehicle to be only partially framed, the classification can

provide very noisy results, especially in distance estimation.

The tracking stage still needs further developments: vehi-

cle orientation should be detected in order to improve the

2The whole pipeline represented in Fig. 2 works at 12.5Hz, running
together with other systems, on a Intel R© CoreTM i7-2600 (4 cores, 3.4 GHz)
computer.
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(a) Left cylindrical image (b) Front cylindrical image

Fig. 6: Example of 360◦ tracking approach benefits: the multiple point of views are exploited to overcome occlusion (the

far pedestrian is visible only in (a)) and to increase the detection accuracy (the two walking pedestrians were detected on

both images).

association by different points of view; moreover, tracking

of partially visible obstacles should be included. A huge test

stage is also mandatory to validate the method in the specific

environment considered for the V-Charge project.
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