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Sensor Fusion 
Methodology  

for Vehicle Detection

Abstract—A novel sensor fusion methodology is present-
ed, which provides intelligent vehicles with augmented 
environment information and knowledge, enabled by 
vision-based system, laser sensor and global positioning 
system. The presented approach achieves safer roads by 
data fusion techniques, especially in single-lane car-
riageways where casualties are higher than in other 
road classes, and focuses on the interplay between vehi-
cle drivers and intelligent vehicles. The system is based 
on the reliability of laser scanner for obstacle detection, 
the use of camera based identification techniques and 
advanced tracking and data association algorithms i.e. 
Unscented Kalman Filter and Joint Probabilistic Data 
Association. The achieved results foster the implemen-
tation of the sensor fusion methodology in forthcoming 
Intelligent Transportation Systems.

I. Introduction

N
owadays the safety on interurban roads is still a 
challenge for vehicle manufacturers, drivers and 
forthcoming vehicles, because of the elevated cost 
of the accurate sensors and the limitations of the 

road safety applications. The presented work in this paper 
deals with sensor fusion robustness in interurban roads for 
safety applications. Sensor fusion algorithms are the core 
of this work, which is aimed at trustable and robust vehicle 
detection. Furthermore, perception algorithms have been 
analyzed under the framework of intelligent methods, to 
allow safe real-time detection of vehicles, estimate dan-
gerous maneuvers and reliable identification of potential 
risks. This novel sensor fusion in-vehicle methodology will 
foster the development of safer roads, by means of forth-
coming Advanced Driver Assistance Systems (ADAS) ap-
plications at high velocities in single-carriageways roads, 
such as: safe overtaking with evasive maneuvers, safe im-
minent collision, and safe avoidance maneuvers.
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The rest of the article is organized as follows: section II 
describes state of the art, section III shows the experi-
mental vehicle IVVI 2.0 emphasizing the availability of 
in-vehicle low-level devices that are used in this work. 
Section IV presents obstacle detection and classification. 
Section V explains the tracking and data association fusion 
procedures for road environments that are the foundation 
of safe vehicle detection. Section VI shows the obtained re-
sults. Finally, conclusions and future works are presented 
in Section VII.

II. State of the Art
Different approaches in the intelligent transportation sys-
tems related with data fusion are generally divided accord-
ing to the abstraction level where fusion is performed:

In low-level applications, a new set of raw information 
is created from different sources. One of the classical fu-
sion applications in computer vision is the stereo vision, 
where information from two cameras is combined, creat-
ing the new information i.e. the disparity map. In [1] and [2] 
stereovision is used to perform pedestrian detection and in 
[3] this information is used together with laser scanner for 
this purpose. Other low-level approaches provide sensor in 
order to enhance the global position systems (GPS) [4].

In medium-level approaches, a first pre-processing 
stage provides a set of features for each sensor. These sets 
are combined to perform the obstacle detection and classi-
fication, in [5] and [6] authors present different approaches 
whether combining or not the different features of the dif-
ferent sensors comparing results.

In high-level fusion approaches detection and classifi-
cation is performed for each sensor independently, and a 
final stage combines the detections according to the cer-
tainty of the detections and sensors accuracy. In [7] Ada-
boost vision is used for pedestrian detection and Gaussian 
Mixture Model Classifier (GMMC) for laser scanner based 
pedestrian detections. Existence probability based on 
Dempster-Shafer is used in [8] and [9].

Other approaches among Intelligent Vehicles researches, 
use data from a laser scanner to detect regions of interest 
(ROI) in images, and computer vision to classify among dif-
ferent obstacles included in these ROIs. In [10], raw images 
with SVM machine learning method is utilized. Authors in 
[11] use Histogram of Oriented Gradients (HOG) features 

and Support Vector Machine (SVM) 
classification approach. Following, 
in [12] Invariant features and SVM 
are used to perform the vision-
based pedestrian detections. These 
approaches take advantage of the 
trustability of the laser scanner for 
obstacle detection, however, fusion 
is limited to speed up the process by 
detecting robust ROIs.

Moreover, other sensor fusion approaches take advan-
tage of the properties from various sensors in different way. 
In [13] information from a stereovision camera and a laser 
scanner is combined. First, the application uses stereovision 
information to locate the road. Then it uses this information 
to remove those obstacles that are irrelevant for the applica-
tion (i.e. outside the road). Next, it constructs a set of obsta-
cles using the information from both sensors and tracking is 
performed using a Kalman Filter approach. In [14] it is used 
information from laser scanner, to search particular zones 
of the environment where pedestrians could be located and 
visibility is reduced, such as the space between two vehicles, 
and performs detections using vision approach. Finally, in 
[15] laser scanner and radar approach are used for obstacle 
detection and tracking as well as camera to show the results. 
Obstacle classification differentiates between moving and 
non-moving obstacles through computing Mahalanobis dis-
tance among the clusters given by the laser scanner.

The presented work in this paper, utilizes monocular 
based vehicle detection, combined with laser scanner detec-
tion. Regarding to the first, works can be divided in those 
which use appearance features, and optical flow based al-
gorithms. Appearance features such as HOG is presented 
in [16] for pedestrian detection applications, and in [17] and 
[18] for vehicle detection. A different approach, is based on 
Haar-Like features (presented first time on [19] for face de-
tection) and in [20] is used for vehicle detection. Optical flow 
based approaches take advantage of the movement of the 
vehicles, in [21] optical flow is fused with radar for overtak-
ing vehicles detection, in [22] authors combine optical flow 
and visual symmetry information. Other approaches provide 
vehicle detection with advance tracking approaches, such as 
[23] which takes advantage of a Probability Hypothesis Den-
sity Filter (PHD filter), to enhance monocular detection.

Iii. General Description of the Ivvi Experimental Platform
The proposed algorithms provide vehicle detection based 
on laser scanner and computer vision, taking advantage of 
context and online information provided by the GPS with 
inertial sensor. The tests performed allowed to find the 
optimal approaches for the fusion algorithm i.e. tracking 
and data association methods for optimal high-level fu-
sion. The algorithms were tested in the platform IVVI 2.0 
[24] (Fig 1).

The tests performed allowed to find the optimal approaches for 
the fusion algorithm, i.e., tracking and data association 
methods for optimal high-level fusion.
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The laser scanner provides re-
gion of interest (ROI) detection 
which is later used for both laser 
scanner and computer vision ve-
hicle detection. These detections 
are performed based solely on 
the information provided by each 
sensor.  Later bot h detect ions 
are combined in the fusion stage 
(high level fusion), creating the fused vehicle tracks.

The work proposes a novel approach for high level com-
puter vision and laser scanner fusion. Based on original laser 
scanner detection algorithm, presented in [25], which takes 
advantage of the behavior of the laser scanner and a well-
known computer vision approach. For data fusion, several 
solutions were tested, which were based on advance tracking 
and data association techniques. Specifically, three tracking 
techniques were analyzed, Kalman Filter (KF), Unscented 
Kalman Filter (UKF) and Particle Filter (PF). Regarding to 
data association techniques, two approaches were tested, 
Global Nearest Neighbors and Joint Probabilistic Data As-
sociation. The tests performed allowed to find the right 
configuration which provided an advance vehicle detection 
technology with high trustability.

Three sensors were used in this research, laser 
scanner, computer vision, as well as a GPS with inertial 
measurements:

■■ X-sens MTi-G. It is a GPS device, with an inertial mea-
surement unit included. By the combination of sensors 
it can be measured, not only the velocity of the vehicle, 
but also other information, relevant for the applications 
e.g. Euler angles and angular velocity. This sensing de-
vice allowed vehicle movement reconstruction, essen-
tial in vehicle shape reconstruction [25].

■■ Laser Scanner from SICK, model LMS-291-S05. Which 
provides a field of view of 100 degrees with 0.25 degrees 
of resolution and a maximum distance of 80 meters.

■■ Point Grey CCD firewire camera, a digital camera with 
a resolution 640×480.

IV. Obstacle Detection and Classification
In this section, low-level detection and classification al-
gorithms used for single sensor vehicle detection are in-
troduced, as well as the calibration techniques used for 
sensor fusion.

A. Laser Scanner Obstacle Detection and Classification
Laser scanner have an important advantage in comparison 
with other widely spread sensors, the reliability of their de-
tections. On the other hand, its main disadvantage is the 
relatively small amount of information provided. However, 
enough to provide estimation of the obstacle’s detected 
shape, and in specific situation such as vehicle detection, 
it can provide classification, as depicted in [25] for vehicles 

or even provide pedestrian detection as explained in [26], 
combined with computer vision approaches.

The algorithm for vehicle detection, as presented in [25], 
is composed by 2 stages, at low-level the data is received 
every 52 milliseconds (19 Hz approximate) and a first shape 
identification is performed. In the second stage, time in-
tegration is performed, providing a higher-level classifica-
tion. This integration is performed by correlating obstacles 
in subsequent scans.

B. Data Alignment
Sensors involved in data fusion applications usually do not 
measure the same physical phenomena; they are not locat-
ed in the same place nor do they measure using the same 
coordinate systems, and also they cannot be synchronized. 
Data alignment tries to give solution to this problem, pro-
viding common reference system.

Although both sensors provide 2D information, the coor-
dinate system used does not match, thus coordinate change 
is mandatory, consequently rotation and translation of the 
coordinate axis is mandatory: work presented in [26] depicts 
the specific solution provided for this sensor fusion, based 
on an on-line calibration solution. Fig. 2 shows example of 
the results of on line calibration, with the detections of the 
laser scanner shown in the image plane.

Fig 1 Test platform IVVI 2.0 (Intelligent Vehicle based on Visual 
Information 2.0) with the sensors visible.

Regarding data association techniques, two approaches  
were tested, Global Nearest Neighbors and Joint Probabilistic 
Data Association.
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C. Vision Based Classification
Vehicle classification system, used for the present ap-
proach, was based on the Haar-Like features. It was pre-
sented by Viola and Jones [27]. This approach is based on
the use of fast Adaboost classifiers and simple features al-
lowing to classify obstacles in a fast and reliable way.

V. Tracking and Data Association
Fusion Procedures for Road Environments
This section depicts the algorithms constructed in or-
der to provide accurate and trustable tracking procedure
and data association techniques based on Multiple Target
Tracking (MTT) techniques.

Two main steps are related with tracking: estimation 
methods and data association techniques. The first one re-
fers to the estimation of the movement along time, the later 
deals with the matching of new detections with the previ-
ous ones. Three estimation methods have been implemented 
and tested, KF, UKF and PF. These methods have been tested 
based on the Global Nearest Neighbors (GNN) approach for 
data association technique in order to provide a test bench 
able to accurately measure the differences. Regarding to the 
association methods, two different algorithms have been de-
veloped and tested. The first is based on the aforementioned 
GNN, which is the simplest, and represents the basis of the 
subsequent procedures. Later Joint Probabilistic Data Asso-
ciation (JPDA) method was adapted and tested to check the 
advantages or disadvantages of the different procedures by 
giving an extent comparison of the different possibilities 
available. Besides, Multiple Hypothesis Tracker [28] and [29] 
was considered, however this approach requires a high com-
putation costs, and an exponential grow of the number of 
tracks, thus it was discarded for real time limitations.

A. Movement Estimation: Target Model
The high updating frequency of the detections (around 19
detections per second) allows modelling vehicle movement 
using constant velocity model. This model is defined in
equations (1) and (2), which present the system error Q and 
measurement error R covariance matrixes, and the con-
stant velocity model equations are depicted in equations
(3) to (6) used in the UKF formulation.
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where  ,xve y ,yve  is the standard deviation for the measures 
in x, y coordinates. These deviations have been calculated 
using test sequences as presented in [26] for pedestrians. 
As both systems share the ROI coordinates, the deviation in 
the measurements is considered equal for both detections. 
The values a  x and a  y  in equation (1(2) is the maximum 
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where v  x  and v  y  are the speed of the vehicles and t is the 
time elapsed,  Xt  is the state vector, Yt  the measurements 
vector, H the transition matrix and A the state transition 
model, used in the prediction of the movement of the ve-
hicles using the constant velocity model.

Estimation methods used in the p resent work included 
the following three ones: KF, UKF and PF. The next section 
depicts the results provided for each method in the different 
tests performed.

The KF approach was created using the linear model 
used (3-6). The UKF, based on the same model, allows 
modelling the linearity errors thanks to the unscented so-
lution. Finally, the particle filter formulation allows a more 
general solution, in exchange of computational costs.

B. Association Techniques

1. Global Nearest Neighbor Solution for
Data Fusion in Road Environments
The simplest solution when dealing with any fusion ap-
plications is a GNN approach. It consists, in the selection

Fig 2 Example of two calibration sequences where the Euler angles are 
corrected, varying the extrinsic parameters (yaw, pitch, roll angles and 
x,y,z distances between coordinates axes).

4



IEEE Intelligent transportation systems magazine  •  126  •  spring 2017

of the most suitable solution at a 
given time and using them in the 
subsequent scans, discarding the 
less likely ones.

This approach represented the ba-
sis of subsequent approaches that use 
more complexes solutions (i.e. JPDA) 
also created in the scope of the pres-
ent work. Besides, the simplicity of the 
algorithm for both developing and configuring made it the best 
solution for testing the estimation filters. Thus, the GNN ap-
proach was used to test  the estimation filters presented before, 
for the target model presented.

a. Gating and Data Association
First step in the association process, is to discard those 
non-likely association, to do so, a gating procedure is cre-
ated. This Gating procedure creates a region where the 
most likely combinations are included (i.e. only detections 
closer to a track than its respective gate, are considered 
for pairing). The associations that do not fall within the 
gate are considered non-likely and thus discarded. Gating 
is performed using a square approach (7):

	 KGate r v= � (7)

where  rv  is the residual standard deviation and K  is a 
constant that was empirically chosen (according to [28] 
and [29] typically it is chosen  K $ 3).

After gating, association is performed using Euclidean 
normalized distance and a stability factor, giving less pri-
ority to less stable measures, as presented in (8):
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where d is the computed distance between previous and 
presented tracks to be associated, and ( ,  )x yv v  the appro-
priate values of covariance matrix of Kalman Filter.

Assignment Matrix was used to track association, fol-
lowing a least overall cost assignment [28] and [29].

b. Track Creation and Deletion Logic
Track creation and deletion policy is based on the definition 
of two different kind of tracks: consolidated and non-con-
solidated. First refers to those tracks that were confirmed 
by both sensors whether concurrently or in subsequent 
scans. Later refers to tracks detected by a single sensor, 
thus it is not trustable enough since the other sensor have 
not corroborated it. So, it is important to define the policy 
for creation and detection as well as to define when a track 
is updated i.e. it is considered to have a match with the new 
detections. This policy was empirically obtained and is de-
picted in table 1.

The use of consolidated and non-consolidated tracks 
helps the system to add reliability. Only consolidated tracks 
are considered trustable detections. Hence, only them are 
reported. This way false positives, mainly from the laser 
scanner, are discarded because detections that are not 
corroborated by the vision system are not reported. Fur-
thermore, the use of both sensors, once the track is consoli-
dated, to update the tracks, allows that once a pedestrian is 
detected it can be tracked, even if it is not detected by one 
of the subsystems, e.g. when it goes out of the camera field 
of view.

c. Estimation
As it was explained before, the estimation methods used 
for the GNN solution were three, KF, UKF and PF. The solu-
tion to the different tests performed, and the conclusions 
are given in results section.

2. Joint Probabilistic Data Fusion  
Association Filter for Road Environments
Data fusion approach using the JPDAF (JPDA Filter) was 
proposed to overcome the limitations of the basic GNN ap-
proach, obtained in the different tests and which are ex-
plained in test and results section.

Track vs New 
Observation Single Sensor

Both 
Sensors No Match

Non-
consolidated

If sensor 1 = detected & 
sensor 2 = detected
then track 
consolidated.
Otherwise  
non-consolidated.
Track updated.

Track 
consolidated.
Track 
updated.

If #consecutive_
no_detections > 
4 then
Track eliminated.

Consolidated Track updated Track 
updated

If
#consecutive_no_
detections > 5 then
Track eliminated.

No match New
non-consolidated 
track

New 
consolidated 
track.

–

�Table 1. Track management logic for GNN solution, according  
  to the sensors that detects it in the updating process.

The use of consolidated and non-consolidated tracks helps  
the system to add reliability. Only consolidated tracks are 
considered trustable detections.
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Three steps were created in the association algorithm. 
Following a process similar to the presented in approaches 
the three steps to follow are:

■■ Assignation process: where all the joint probabilities
are calculated, and a single assignation is performed
for each track.

■■ Filter updating: each track filter is updated with in-
formation of all the observation within the gate of the
track.

■■ Track management: new tracks are created and deleted
following the logic given by the fusion procedure.

a. Assignation Process
In this step, the probabilities for all possible hypotheses
are computed and the joined probabilities calculated. The
joint association probability (9), represents the probability
of a joint association event k j

mi  that associated measure-
ment m to track j at a time k.

|  P P P gP Z 1 
,D

M n
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m M
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i = -- - -

=

%^ ^ ^h h h � (9)

where PD  is the detection probability and PFA  is the false 
alarm probability, M is the number of targets being tracked 
and n is the tracks assigned to the clutter (no associations). 
Finally g ,i j  (association likelihood) is defined assuming a 
2 dimensional Gaussian association likelihood, for all the 
measurements to the target:

π
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where d ,i j  is the Euclidean distance between the predic-
tion and the observation. S ,i j  is the residual covariance 
matrix. Assuming independence of errors in Cartesian co-
ordinates, we would have Sij x yv v=  and N = 2.

Thus, an assignation matrix is created, where each 
row represents an observation, and each column a track. 
As a result, probabilities for all the combinations are 
computed. The assignation is performed according to this 
matrix. The assignation is performed following a 1/1 as-
signment. It means that only one track is assigned to a 
given observation. In this way, an observation only can be 
assigned to a single track, all tracks with no assignment 
would increase their counter for non-detection, and if the 

counter reaches to a given value, 
they are eliminated.

b. Filter Update
All the possible associations for a
given track are taken into account
in the actualization process; thus,
the correction is performed using
the joined probabilities calculated.
All the association hypotheses are

weighted in the updating stage of the estimation filter. The 
innovation of the filter is calculated with all possible com-
binations, weighted accordingly to the association likeli-
hood values obtained.

|I Z H XP Z , |k
i

m

i k k k kk
1

1i= -
=

-/ t^ ^h h6 @ (11)

where Ik  is the innovation for the estimation filter of a 
given track, vectors Z, H and X 

t  are corresponds to the 
matrixes described in (3-6) for a given target i in a time k .

This process of updating stage takes into account all the 
detections within the gate. It is possible that a given ob-
servation is used in the update stage of the filter for more 
than one track, although it is considered to belong to a 
single track for the track management process. Thus, for 
track management, a single assignation policy is followed, 
a given observation is used only to update the track logic of 
a single track. This dual behavior is one of the main differ-
ences to the classic JPDA filter applications.

c. Track Management
Track management logic follows GNN logic presented be-
fore, here a single observation can only update the status
of a single track, although in practice, it can be used to
update the filter of more than one track. Thus only the as-
signed observation can contribute to change the current
status of a single track from non-consolidated to consoli-
dated or compute for deletion of non-detected.

Track creation logic is different in this case. Only when 
an observation is out of the gate of any track, a new track is 
created. This solution is interesting to avoid false positives 
related with more than one camera positive detection of 
the same vehicle as it will be detailed in next section.

VI. Results
Test were performed in real driving conditions to check the 
viability of each algorithm independently as well as the fu-
sion system. These tests included a single vehicle perform-
ing all kinds of maneuvers, such as overtaking maneuvers, 
being overtaken, driving in front of the test vehicle and
performing turnings (including roundabouts). All those
tests were mainly performed in inter-urban scenarios with 
28 different sequences used in each tests, recorded with
IVVI 2.0, over a total of more than 4000 detections.

Only the assigned observation can contribute to change the 
current status of a single track from non-consolidated to 
consolidated or to compute for deletion of nondetected.
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A. Low-Level Algorithms 
Performance for Vehicle Detection
A first test of the laser scanner 
based vehicle detection algorithm 
performance was conducted, re-
sults are depicted in [25]. Results 
showed that in the best conditions 
(static vehicle) and with direct vi-
sion, the algorithm can reach to a 
100% of detection up to 35 meters in approaching move-
ments and 62 meters in moving away movements. As it was 
explained in the paper, these lower results in approaching 
movements were due to the lower reflectivity of front parts 
of vehicles.

The performance of the single sensor approaches in 
the test performed are depicted in Table 2 and 3 for cam-
era and laser respectively. The percentage represents the 
number of detections among the available targets, as well 
as the percentage of misdetections per frame.

Some details should be highlighted before analyzing 
the above results:

Laser scanner detection presents a high amount of 
false positives. Here, only those that are in the camera 
field of view were taken into account. These errors were 
frequent in movements involving lateral movements, 
strong braking or acceleration movements. The inertial 
device resulted insufficient to avoid these errors due to 
wrong polyline construction. As a result, it is in these 
situations where the fusion process has special impor-
tance. Thus, the high positive rate of the laser scanner is 
important. However, special attention should be taken to 
the amount of false positives: in one of every ten frames 
a false positive is returned. Consequently, it is clear that 
fusion approach is necessary to overcome these problems 
related to this technology.

Vision approach, on the other hand, has a small posi-
tive detection rate (approx. 50%). It is mainly because the 
training stage was performed keeping in mind further fu-
sion stages. It was rather interesting having a small posi-
tive rate which provides a small false positive rate. It also 
has to be remarked that this system lacks of tracking that 
could help to provide better performances.

The results showed that if the camera is able to give 
a positive detection of a vehicle every 2 or 3 frames, with 
enough reliability due to the low false positives, it should 
help to create a trustable and reliable fusion system.

After analyzing the results, the conclusions obtained 
from these tests are summarized in the next points:

■■ Laser scanner detection algorithms provide a high 
amount of positives as well as false positives, that later 
should be avoided in subsequent fusion stage.

■■ Vision algorithms can be used to add trustability to 
these laser scanner detections due to its low false posi-
tive rate. However, the low positive rate means that this 

algorithm is not robust enough, and fusion is necessary 
to add robustness.

B. Tracking Algorithm Performance
Again, the three different tracking algorithms were tested 
in the mentioned sequences, using the basic GNN approach 
and the results are provided in Table 4. The difference be-
tween the predicted position and the observation provided 
by the laser scanner are checked and the standard devia-
tion calculated.

The results provided were very similar for the three 
algorithms, although UKF and PF obtained better results 
than the KF approach. The similar accuracy of PF and UKF, 
together with the less computational costs of the latest 
makes it the most suitable solution.

C. Association Methods Performance
Two association methods were implemented and com-
pared for the vehicle detection approach, GNN and JPDA. 
All of them were implemented using UKF.

Several tests were performed to check the differences 
in the algorithms presented. In the present section each 
one of them is going to be compared with the classic GNN 
method. Although overall results were similar, specific 

v KF v UKF v PF

0.45 [m] 0.44 [m] 0.44 [m]

v represents standard deviation from the prediction to the laser scanner measurements.

� Table 4. Estimation filter performance comparison.

% of Positive Detection % of Misdetections (per Frame)

Total (camera): 47.72 1.13

�Table 2. Vision based vehicle detection performance.

% of Positive Detection % of Misdetections (per frame)

Total (laser): 91.03 8.19

�Table 3. Laser scanner based vehicle detection performance.

Two association methods were implemented and compared for 
the vehicle detection approach, GNN and JPDA. All of them 
were implemented using UKF.
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tests, showed important differences. To give an idea of the 
differences in performances of the algorithms, three dif-
ferent sequences are going to be detailed:

■■ The first consists of basic movements, where the IVVI 
2.0 was moving following another vehicle.

■■ The second sequence involves a more complex move-
ment. IVVI 2.0 performs an overtaking maneuver over 
two cars.

■■ The third sequence is the most difficult one, with two 
vehicles entering in the field of view, one of them per-
forming incorporation to a road, and the other moving 
inside this road.

a. Test 1
Behavior in this test, depicted in Fig. 3 and 4, gives an in-
teresting result. As can be observed in the figure 3, both 
sequences’ results are identical, as well as the time con-
sumed to perform the detection. This situation was in-
teresting to demonstrate that both algorithms can be 
considered equivalent when there is a single obstacle in 
the environment. Some false positives were given from the 

single scanner algorithms, mainly from laser scanner, but 
both algorithms were able to eliminate them.

b. Test 2
In this sequence, the test platform (IVVI 2.0) performs an 
overtaking maneuver over two vehicles, the results depict-
ed in Fig. 5 shows similar results for both subsystems. De-
tection performed by the JPDA approach was able to follow 
the vehicle even outside the field of view of the camera (red 
circle). It is important to point that the delays to perform 
the assignations in this test were similar.

c. Test 3
This sequence presents more difficulties, for having more 
than one vehicle in the sequence with occlusions included 
(Fig. 6). Also, it is important to notice that the IVVI 2.0 plat-
form is performing a high turn that leads to a high number 
of false positives in the laser scanner algorithm, but thanks 
to the vision system, these false positives are discarded. 
However, the problem is that all those false positives intro-
duce new tracks to perform the algorithm, which lead to 
certain delays in the assignment. Besides this problem, the 
algorithm, as it is shown in Fig. 7, gives better results, even 
though the difference between both algorithms is small. 
The delays presented could easily be overcome with more 
powerful computers or a parallel programming approach.

The conclusion of the present test was that the best algo-
rithm is the JPDA in both providing better results, and also 
giving smoother behavior in the tracking process. Accord-
ing to the test, the latter is the cause that allows keeping 
the track, even in these situations where the GNN approach 
loses it. On the other hand, it is important to point out that 
this algorithm has the drawback of the computation costs, 

Fig 4 Frame examples of the test performed with the IVVI 2.0 following a 
vehicle. The movement involved turnings inside a roundabout.
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Fig 3 Results of the tracking of a single vehicle after several movements (distance coordinates in meters), including a roundabout. JDPA results are 
shown in right and GNN in left image. Green detections represent estimation with no match, black are matching observations.
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thus special care should be taken to avoid situations with 
lots of tracks in case of the use of JDPA approach. It should 
also be remarked that the GNN approach showed good 
performances; hence, this algorithm should also be taken 
into account in case of the necessity of a less cost demand-
ing algorithm with good performances.

D. Fusion System Performance
Results obtained by the whole set of tests are depicted 
in Table 5. The performance of the different subsystems 
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Fig 6 Frames of the test sequence with two vehicles crossing.
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independently is included to allow contrasting the perfor-
mances of the whole system and each system independent-
ly. The fusion algorithm consisted of a JPDA approach 
with UKF estimation.

Table 5 depicts the overall results of the complete sys-
tem. The following points summarize the results obtained.

The main goal for the fusion system in this approach 
was to maintain the good results of the laser scanner sys-
tem providing reliability to the detection by reducing the 
amount of false positives. As it is depicted in the table 5, it 
was possible to accomplish these requirements due to the 
fusion procedure.

Given the high positive rates of the laser scanner, the 
task of increasing the positive rate of the overall system 
in comparison to the laser scanner system was very dif-
ficult. Even though it proved extremely difficult, it was 
slightly increased.

VII. Conclusions
The main goal of the presented work was to provide sen-
sor fusion methodology for intelligent vehicles, able to
overcome the limitations of each sensor, providing a ro-
bust and reliable safety application for road environment.
The results provided show that by fusing the information
of the computer camera and a laser scanner, and using
other information sources (i.e. context and inertial system) 
it was possible to accomplish the complex task of safe ve-
hicle detection in inter-urban scenarios. Furthermore, the
presented systems give the possibility to increase the set of
sensors thanks to its scalability.

This work represents a step forward on sensor fusion 
for road safety applications. First the GNN fusion based 
approach is presented, based on UKF estimation filter 
and both computer vision and laser scanner technology 
to detect and track vehicles. However it was improved 
by the JPDA algorithm, this approach proved to be a re-
liable application able to work in real time in complex 
environments. The tests proved that this approach pro-
vides better performances than the GNN approach, also 
tested on the work. All these proved that the main purpose 
of this work was fulfilled, such as to enhance the capaci-
ties of basic sensors in road environment by using data 
fusion techniques.

Future works will try to enhance vehicle detection 
with new tracking techniques, such as Probability Hy-
potheses Density Filters (PHD), and compare the possible 
results with the presented techniques. Moreover, context 
is a new issue in data fusion. The present approach adds 
context information as a new information source. Future 
works should go forward in the use of context information 
to enhance classical detection algorithms e.g. accurate 
GPS localization and digital map with relevant informa-
tion such as zebra crossings, strong turns or possible oc-
clusion detection.
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Total: 47.72 1.13 91.03 8.19 92.03 0.59

�Table 5. Overall results for the test of the vehicle algorithms.
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potheses Density Filters (PHD), and compare the possible
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works should go forward in the use of context information
to enhance classical detection algorithms e.g. accurate
GPS localization and digital map with relevant informa-
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