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Abstract

Robust sensor fusion is a key technology for enabling the 
safe operation of automated vehicles. Sensor fusion 
typically utilizes inputs of cameras, radars, lidar, 

inertial measurement unit, and global navigation satellite 
systems, process them, and then output object detection or 
positioning data. This paper will focus on sensor fusion between 
the camera, radar, and vehicle wheel speed sensors which is a 
critical need for near-term realization of sensor fusion benefits. 
The camera is an off-the-shelf computer vision product from 
MobilEye and the radar is a Delphi/Aptive electronically 
scanning radar (ESR) both of which are connected to a drive-
by-wire capable vehicle platform. We utilize the MobilEye and 
wheel speed sensors to create a dynamic region of interest 
(DROI) of the drivable region that changes as the vehicle moves 
through the environment. The use of the DROI can reduce the 
need for up to approximately 100% of the detections from radar, 

for processing of the driveable region. This provides not only 
accurate and robust detections but also has benefits in lowering 
computational power and time complexity. We then continue 
to reduce the number of detections in the driveable region using 
machine learning techniques such as density-based spatial clus-
tering and applications with noise (DBSCAN). This is followed 
by KMeans clustering to further reduce detections and lastly 
fused with the extended Kalman filter. Our experimental results 
obtained using an instrumented vehicle show a large reduction 
in the need for radar detections processing after both, fusion 
with our DROI and further clustering using machine learning 
techniques for the driveable region. Our proposed complete 
technique decreases the amount of fused misdetection, 
decreases computational power, and increases the reliability of 
the fused perception model which can greatly benefit current 
Advanced Driver Assistance System products available on the 
market today.

Introduction

Autonomous vehicle (AV) research is a rapidly growing 
community with a goal to increase safety on public 
roads. The number of fatalities, according to The U.S. 

Department of Transportation’s National Highway Traffic 
Safety Administration (NHTSA), has increased 7.9% from the 
year 2019 to 2020 even as there was a decrease in vehicle miles 
traveled [1]. AV research is still in development and will need 
basic building blocks in order to achieve the implementation 
of fully autonomous vehicles for the public.

Original Equipment Manufature’s (OEM) began with 
driver assistance systems (DAS) and have now progressed into 
advanced driver assistance systems (ADAS). SAE standard 
J3016 [2] for levels of automated driving which shows DAS 
and ADAS are the fundamentals of automated driving. A 
high-level overview of autonomous driving can be seen in 

Figure 1. The basic fundamental steps needed for automated 
driving include sensor input of the driving environment, 
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 FIGURE 1  High-level flowchart overview for automated 
“autonomous” driving. The primary focus of this paper is 
shown with the blue diamond marking sensor fusion.
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perception modeling in order to localize [3, 4] the Ego vehicle, 
and path planning [5, 6] for input into the driving control [7].

Ego vehicle sensors provide data of the current given 
driving environment. Typical active safety system sensors, 
according to SAE standard J 3088 [8], that are used yet not 
limited to include cameras for computer vision, lidar for 
ground truth, radar for object detections, global navigation 
satellite systems, inertial measurement unit, as well as other 
vehicle sensors. Sensor fusion provides the perception model 
that best fits with the given information provided from the 
Ego vehicle’s included sensors.

There are many ways to perform sensor fusion using 
different sensors. The most well-known is state estimation 
optimization of objects detected using a variety of sensors, 
e.g. lidar, radar, camera [9, 10]. The sensor fused output should 
include a complete vector space of the information about the 
Ego vehicle’s surroundings. Given this information, the Ego 
vehicle can then perceive [11] with the help of sensor fusion 
[12], navigate [5, 13], and take action. The novel concept of 
this paper will discuss how to more efficiently fuse radar detec-
tions, which tends to be noisy, with other sensors such as 
computer vision object detection [14, 15]. The proposed 
concept is to create a dynamic region of interest (DROI) for 
the drivable region, using road and lane attributes. The drive-
able region is defined as the area in which the Ego vehicle is 
allowed to drive on, e.g. current lane and adjacent lanes within 
the flow of traffic which excludes oncoming traffic, on and off 
ramps, and non-public roads. Then, feed radar detection into 
the DROI to decide if the detections need to be processed 
down the pipeline of our sensor fusion algorithm. The concept 
of focusing on the driveable region to detect objects has been 
done prior using camera computer vision to identify vehicles 
[16]. Although, this concept has not been done to help fuse 
other sensors included on the Ego vehicle for a more accurate 
perception model.

Methodology

A Brief Overview
Most sensors need to be pre-processed before application of 
the fusion algorithm between sensors. This paper will discuss 
the process for a high accuracy and lower computational 
power by decreasing the time complexity involved with 
processing large amounts of data. Radar data is known to 
be noisy [17] and should be pre-processed before fusing with 
other objects detected from other sensors on the Ego vehicle, 
e.g. camera and/or lidar. This pre-processing will be accom-
plished over multiple steps before object detection fusion 
between sensors. The sensor fusion pseudocode can be seen 
in Figure 2, which shows the flow of how the sensor fusion 
algorithm works. This paper specifically focuses on fusion of 
radar and camera detection data, yet it can also be used to 
filter lidar point cloud and object detection data.

To pre-process the radar data we make a DROI using the 
lane attributes from the MobilEye then filter radar data into 
its polygon and determine if the detections will be processed 

(fused) or unprocessed (no fused). This fused radar data will 
then be further pre-processed using our static filter followed 
by clustering using machine learning techniques for unsuper-
vised data [18, 19]. Once this has all been completed, the 
reduction in object detection by the radar will then be fused 
with the MobilEye object detections using a Kalman Filter 
[12, 20, 21].

GNSS/IMU Sensor Fusion
The first step in our algorithm is to localize the Ego vehicle in 
order to increase the accuracy of our static filter in step three. 
Collecting data using Robotic Operating System (ROS) EEAV 
Lab has enabled a node that will localize the Ego vehicle using 
sensor fusion of the Global Navigation Satellite System (GNSS) 
and Inertial measurement Unit (IMU) data. The localization 
package used is Clearpath Robotics ROS robot_localization_
node [22]. This node outputs the Extended Kalman Filter 
(EKF) localization result for the Ego vehicle. The package has 
a 5x3 input matrix (1) that uses information from the given 
Ego vehicle sensors as inputs into their ROS node. The inputs 
are the cartesian coordinates of the vehicle’s position (X, Y, Z), 
velocity, and acceleration, along with roll (Φ), pitch (Θ), and 
yaw (Ψ) as well as its derivatives.

 X Localization X Y Z X Y Z ZX Y� �� �, , , , , , , , , , , , , ,� � � � � �� � � � � � �� �� ��
��

 (1)

Driveable Region Filter: Lane 
and Radar Fusion
The second step uses the DROI that will use the camera 
(MobilEye) and Ego vehicles wheel speed to filter/process (fuse) 
the radar detections given from the Delphi/Aptive ESR. In 
order to process the radar detection, there has to be a region 
of interest that is designated as the driveable region which is 
constantly changing, Figure 3 shows the driveable region. For 
this dynamically changing region, we can focus on detection 

 FIGURE 2  Pseudocode for the flow of the sensor fusion 
algorithm using a dynamic region of interest to output fused 
radar detections.



 3HIGHER ACCURACY AND LOWER COMPUTATIONAL PERCEPTION ENVIRONMENT

of interest (process) compared to detections that are not 
currently of interest (unprocessed). Creating the DROI will 
need information from the current lane attributes L(X) in (2) 
along with lane_type and Ego vehicle speed.

 ( ) = + + +3 2
3 2 1 0step step stepL X C X C X C X C  (2)

The lane attributes will give information inorder to create 
the DROI, yet this will not be  completely dynamic since 
we need to set constraints on the limits of our radar detections. 
Since the radar can detect objects up to 175 meter (Dmax radar), 
at lower speeds the long range detection is not as important as 
the short to mid range detections. To help focus on the drive-
able region, the DROI will need a Dlook ahead (3) that will 
be changing depending on Ego vehicle speed, Vvehicle speed. For 
the Dlook ahead, a highway drive-cycle like that tested later, we can 
ignore the issue of having a vehicle speed that equals zero. This 
would be fixed by having a minimum Dlook ahead for instances 
of bumper to bumper traffic and stop and go city driving.
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max
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Tha lane line coefficients in (1) are defined as position 
(Co), heading angle (C1), curvature (C2), and the derivative of 
the curvature (C3). Variable Xstep is the 25 step from 0 to the 
Dlook ahead. Knowing the lane line equation (MobilEye) and 
defining the Dlook ahead, constructing an algorithm to filter 
radar detections using a DROI is fairly simple. The DROI 
algorithm can be seen in Figure 4 which will show the logic 
of the inputs in order to filter (output) fused radar detections. 
The radar detections will be fed into the DROI polygon that 
is constantly morphing when considering the given lane attri-
butes. The lane equation is modified to include a shift from 
the left lane SL and right lane SR which is determined by the 
lane_type; edge of road, double yellow, and (for off highway 
driving) yellow lines that indicated edge of traffic.

The radar detection is first filtered based on the frequency 
and time the detection that has been detected. These are 
known as immature (discarded) and tracked matured (filtered) 
detections. This pre-processing was done by the ROS driver 
obtained from AutonomouStuff ROS wiki [23]. The mature 
tracks are then fed into the DROI to determine if the detection 
should be discarded as unprocessed or processed (filtered), 
fused radar detections. These fused radar detections will 
be the inputs for the static filter.

Static Filter for Detections
The third step is to use the static filter to help identify static 
objects at the edge of the driveable region. Objects detected 
on the edges of the region will be mostly static yet in rare cases 
be dynamic. Due to the logic of the DROI filter these detec-
tions will be on the shoulder of the road and/or a divider 
between the f low of traffic. Some of these detection can 
be traffic cones, center divider, signs, or a motor vehicle. These 
detections are not discarded as they will be used to help the 
path planning and control strategy by increasing the given 
information of the driving environment.

The static filter algorithm can be seen in Figure 5 which 
uses the fused radar detection from the DROI as its inputs. 
Assume at time k that there is an object in the DROI with 
coordinates (xs,k, ys,k) where the coordinates are with respect 
to the Ego vehicle local coordinate system. Assume that the 
Ego vehicle moves to a new position at time index k+1 and the 
relative change of the Ego vehicle local coordinate system with 
respect to the position at k is given by an offset and rotation, 
(δx, δy) and (δθ), which can be  obtained in several ways 
including the use of a Kalman filter. This information was 
obtained from the fused GNSS/IMU data from the 
robot_localization_node [22].

If the object is stationary and all values are perfectly 
known, then the object at (k+1) should be at (xs,k+1 , ys,k+1). The 
2x2 matrix is a rotation transformation after shifting the 
origin. No uncertainty has been considered, i.e. there is perfect 
knowledge of all the predicted values. However, there is typi-
cally some small error in the estimate of the new position and 
orientation at (k+1) that needs to be accounted for. Assume 

 FIGURE 3  The drivable region is high-lighted in green.  FIGURE 4  Pseudocode for the DROI sensor fusion 
algorithm that outputs fused radar detections.
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now that the offset and rotation (δx, δy) and δθ have some 
bounded error in them ±εxy and ±εθ. These errors can be asso-
ciated with sensor resolutions, position estimate variance, 
and/or other sources of uncertainty. In this case, the error can 
be chosen to be the same as the sensor resolution for the long-
range radar (εxy, εθ = 0.5 [m]). Since there is some uncertainty, 
we’d like to identify an area around (xs,k+1 , ys,k+1) to check for 
the object to classify the object as stationary or dynamic. 
Consider first the case that εθ= 0. Then there is a region of 
radius ε xy 2  centered at (xs,k+1 , ys,k+1) that a stationary object 
will likely be within at (k+1). The case when εθ ≈ 0 adds addi-
tional complications due to the rotation. However, if the 
assumption is made that the rotation error is small, then the 
region of radius R xy� �� � 2  with (4) centered at (xs,k+1, ys,k+1) 
is estimated to contain a stationary object.

 R x ys k s k� �� �, ,1
2

1
2  (4)

These region definitions are approximations and are a 
starting point for testing and further refinement. The approach 
can also be expanded to objects that aren’t represented by a 
single point. Objects that do not lie in the stationary region 
areas are then classified as dynamic objects.

DBSCAN-KMeans: Clustering 
Detections
The fourth step in the algorithm is to use unsupervised 
machine learning techniques [18, 24] to further ensure reliable 
data before object fusion with the MobilEye output. The tech-
nique used for clustering is a combination of two methods 
where the radar detection from the static filter is fed into a 
Density-Based Spatial Clustering Application with Noise 

(DBSCAN) [25] which is meant to give the number of clusters 
based on the parameters given. The parameters selected for 
the DBSCAN are as follows; (eps) distance between points = 
1 meter, metric = “euclidean”, algorithm = “kd_tree”. The 
output from this section of the clustering will then give the 
number of clusters which will then be fed as the parameter 
for KMeans [26] clustering. This method has been done before 
for network security [24] yet has not with AVs. The use of 
DBSCAN-Kmeans ensures a constantly updating number of 
clusters for KMeans in order to output the center for each 
cluster. This center will then be fed into the mixed detection 
(MobilEye, radar) list that will be  the input for the 
Kalman Filter.

State Estimation Optimization
The final step in our algorithm is to take the object detec-
tions from the fused filtered radar which is selected based 
on the proximity (proximity ≤ 1 meter) to a MobilEye detec-
tion. When considering which optimization technique to 
use for state estimation, we found many different tracking 
methods. There are many different methods to choose from 
(e.g. Monte Carlo [27, 28], Particle Filter [29, 30], Unscented 
Kalman Filter [31]), yet we want to make sure the trackers 
(state estimator) are linear and computational cost is 
minimal. These constraints exclude many filters by looking 
only at linear state estimators. Particle filters and unscented 
kalman filters are computationally extensive. Widely used 
state estimation optimizing technique is the EKF [10, 11] 
which is similar to the ROS node used to fuse the GNSS/
IMU data. For this EKF, a 2x1 vector (5) is our input for the 
object’s state estimator.

 Xdetections = [x, y]T  (5)

The detections from the radar (processed) and MobilEye 
are fed into a list that has the state space vector (5) and the 
time stamp in order to calculate the optimal state space of the 
objects in the appended list. Since the Mobileye does not 
provide the velocity of the vehicle, the model used is a constant 
velocity. Since the EKF provides the velocity, it is redundant 
to calculate the velocity of the detection which would increase 
time and computation energy.

Results
This paper discussed the process of sensor fusion using 
commercial off-the-shelf computer vision (MobilEye), radar 
(Delphi/Aptive ESR 2.5), wheel speed (OEM), GNSS and IMU 
(Swift Navigation). This paper will focus on a fixed route 
near Western Michigan University’s (WMU) Energy 
Efficient Autonomous Vehicle (EEAV) Lab which can be seen 
in Figure 6 (a). This route will focus on highway driving 
simulated perception similar to forward collision warnings 
[32] in Adaptive Cruise Control (ACC) [33] systems for 
ADAS, all while staying in a single lane ignoring on-ramps 
and off-ramps during this drive-cycle which can be seen in 
Figure 6 (b).

 FIGURE 5  Pseudocode for the static filter that inputs fused 
radar detections that are identified as static or dynamic.
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Dynamic Region of Interest
The sample time for the segment analysis has a duration of 
5 seconds. Table 1 shows the amount the radar detections 
reduced as well as the percent reduction seen after using the 
filtering methods.

For the sample duration of radar detections the raw detec-
tions coming from the radar detected 47,412 objects in the 
period of time. The reduction for this duration of time the 
matured tracks from the AStuff driver [23] for matured tracks 
show a 98.05% decrease in detections. The paper proposed a 
method to filter the radar detections using a DROI, showed 
just as much of an improvement on reducing the amount of 
detections in order to fuse with other objects detected from 
other sensors. The amount of detections reduced after the 
DROI shows a 98.84% reduction which increases accuracy as 
well as decreases the computational and time complexity of 
the perception model.

 FIGURE 6  Fixed route (a) south of WMU’s engineering 
campus heading westbound on I-94 and HWY 131 between 
Oakland drive and 9th street. The instance in image (b) is when 
the experiment took place while looking at 1 and 5 second 
time segments.

TABLE 1 This table shows the detections for a random 5 
second segment given raw radar detections, tracked matured 
detections, and fused radar detections from the DROI.

Radar Detections (#) Percent Reduction (%)
Raw Detections 47,412 -

Matured Detections 924 98.05

Fused Radar Detections 20 98.84

 FIGURE 7  Comparing detections from (a) raw, (b) tracked 
matured detections with (c) fused radar detection output from 
the DROI for a random 5 second segment of the fixed drive-
cycle.
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The pre-processing results for object detection sensor 
fusion can be seen in Figure 7. The illustration shows the 
detections for the raw radar detections, track (mature) radar 
detections, and the fused radar detections after the DROI. The 
DROI (red) and current lane(green) can be seen in all steps 
to show relativity of the driveable area compared to the total 
environment, especially for the raw detections and tracked 
(mature) detections. Inside the driveable region or DROI 
shows the fused radar detections which has identified four 
objects that can be fused with other sensors. These detections 
from inside the DROI will then be fed into the static filter.

Static Filter
After receiving the fused radar detections from the DROI they 
are then fed into the static filter which will then verify if these 
objects detected from the radar are static or dynamic. For this 
experiment a random sample was selected from the fixed 
drive-cycle where the Ego vehicle travelled further along the 
highway, so the lead vehicle car (lab vehicle) could be isolated. 
The static filter can be seen in Figure 8 as the input detection 
from the static filter at the moment in time shown in Figure 3.

The inputs for the static filter at this segment are at time 
k which is then compared with the measured and predicted 
positions at time frame k+1. As inputs from time frame k, 
detection (xs,k, ys,k) are equal to (0.73, 26.01) [m] as well as the 
change in position (δx, δy), (0.92, 3.27) [m], and rotation (δθ), 
(0o), of the Ego vehicle from between the two time frames, k 
and k+1. These inputs give us the predicted position of the 
detections as well as the region of radius for that predicted 
position. The predicted position (xs,k+1, ys,k+1) was (−2.54, 26.93) 
[m] at time frame k+1 whereas the actual position was measured 
at (0.65, 26.11) [m] from the Ego vehicle. The region of radius 
was chosen to have the offset and rotation error to be 0.5 meter 
to match the error for the long range radar in the ESR [34]. 
The region of radius for the predicted position was 1.42 [m]. 
Since the actual detection at time frame k+1 is not within the 
region of radius, then the detection is considered dynamic.

Fused Detections (Radar and 
Mobileye)
The EKF input detections in order to show results will begin 
at the same time at the static filter. This time segment will last 
for one second to collect detections from the cluster center for 
the static f iltered fused radar detections and the 
MobilEye detections.

The input detections from both sensors (radar and 
MobilEye) in Figure 9(a) are fed into the EKF that will then 
first predict the position and velocity based over the change 
in time. Once the list is updated with the new position measure 
the EKF will then correct the predicted values based on the 
new given (measured) information. This corrected position 
and velocity is the newly fused detection. Shown in Figure 9(b) 

 FIGURE 8  The static filter can be seen at time frame k and 
k+1 with the origin being the Ego vehicle along with the 
predicted detection with its region of radius.

 FIGURE 9  MobilEye and radar detections for a one second 
segment. (a) Detections used as inputs to the EKF from both 
radar and MobilEye. (b) Predicted and corrected output values 
from the EKF.
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are the output detections from the EKF which included 
predicted and corrected. The estimated state space for the lead 
vehicle are the predicted detections between the measurement 
updates from either sensor. Once the sensor updates the EKF, 
it will then give a corrected value. The corrected value is used 
as the fused object detections from both sensors, MobilEye 
and ESR.

Conclusions
Pre-processing large amounts of data in order to fuse multiple 
sensors together is necessary to have an accurate and efficient 
sensor fusion algorithm. In this specific case, the radar has a 
massive amount of data that can be ignored since it detects 
objects in two large fan-shaped regions (mid-range and long-
range) that detects objects which we define as out of the drive-
able region. The large amount of radar detections were greatly 
reduced by tracking mature versus immature detection given 
from the raw data.

Our proposed method to use a DROI shows a dramatic 
reduction in radar detections based on accurate lane detections 
attributes given from the MobilEye. The increase in accuracy 
of the driving environment will aid in providing an efficient 
radar perception which can be fused with other object detec-
tion from other sensors, e.g. camera and lidar. As mentioned 
prior the method of the DROI filtering fused detecting which 
can also be used to filter unwanted lidar point cloud data as 
well as the objects that have been detected using clustering 
techniques. The results from the DROI for fused radar detec-
tions showed a 98.84% reduction in detections for the given 
segment. This shows the potential to greatly reduce the large 
amount of points processed generated from lidars.

Once the reduction in radar detection which are then 
considered fused radar detections are the inputs for the static 
dynamic filter. The static filter then identifies if the object is 
static when the predicted detection which is based on the fused 
radar detected at time frame k along with the information from 
the Ego vehicle’s offset and rotation between time frames k and 
k+1 are detected inside the region of radius. The error terms 
should be tuned to verify that the filter is optimized for the 
given sensor. This fixed route drive-cycle detected all of the 
detections from the radar as dynamic. The DROI filter worked 
well when considering the constraints given to ignore off ramps 
and on ramps to ignore the side (shoulder) of road objects. The 
fixed route also did not have noticeable debris, vegetation, 
traffic signs, construction cones, or vehicles on the shoulder 
which are the main objects that will be considered static. The 
use of the Clearpath Robotic ROS node [22] helps increase the 
accuracy of the filter with the use of fused localization of the 
Ego vehicle with their use of an EKF.

Future work will include the use of the DROI that will 
be implemented in the use of lidar perception. The need to 
reduce the amount of points provided from the lidar is crucial 
in order to keep computational cost minimal. Expanding on 
the work initially done in this research with the static filter, 
will include the use of probability to quantify the results from 
the filter. A special case fixed-route will be used to show that 
the static filter works well to identify road construction cones 

and signs in the driveable region. Having this information 
will be useful for path planning and control strategy.
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DAS - Driving assistance system
ADAS - Advanced driving assistance system
GNSS - Global Navigation Satellite System
IMU - Inertial Measurement Unit
EKF - Extended kalman filter

WMU - Western Michigan University
EEAV - Energy Efficient Autonomous Vehicle
ROS - Robot Operating System
DBSCAN - Density-based Spatial Clustering Application 
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