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MING XU
WENQIAN HAN
Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg

Abstract

Nowadays multiple sensors are mounted in one vehicle to obtain reliable data useful
for environment perception, Kalman-�lter-based multisensor data fusion is com-
monly adopted in vehicles for target positioning to provide active safety features
to the end user. Kalman �lter is the optimal solution to numerous data predic-
tion problems as long as the noise is Gaussian. However, non-Gaussian noise or
un-modeled noise contained in �lter signals can seriously degrade the �lter perfor-
mance. Without a priori knowledge of noise in the system, tuning the parameters
of Kalman �lter can be di�cult.

To improve the accuracy of �lter estimates, a sensor fusion system that integrates a
Kalman �lter with a radial basis function neural network (RBFNN) is presented in
the thesis. Both extended Kalman �lter (EKF) and converted measurement Kalman
�lter (CMKF) are implemented to verify the univesality of the system. RBFNN is
chosen due to its universal function approximation, simple structure and faster learn-
ing speed. An incremental constructive method is adopted to design the RBFNN
in the project. Filter status (time interval between measurements and estimation
results) as well as host information (steering angle and acceleration) are sent as
input of RBFNN. The training target is the di�erence between the conventional
�lter output and the ground truth from the DAQ system. After training, the neural
network is able to compensate for the estimation error of the Kalman �lter.

In the project, Normalized Root Mean Square Error (NRMSE), which measures the
di�erence between the �lter’s estimates and actual ground truth data, is used as
the evaluation criteria for fusion �lter performance. After applying RBFNN to the
fusion �lter system, the NRMSE of the CMKF is reduced by more than 30%. and
the NRMSE of the EKF is improved by more than 20%. The promising results
proves that a fusion �lter combining neural network and conventional Kalman �lter
can achieve a better performance than the stand-alone conventional Kalman �lter.
The proposed neural network is a universal tool to compensate for the estimate
error of di�erent Kalman �lter types. Since the camera was not applied in the test
because of hardware failure, some features of sensor fusion could not be veri�ed.
For further improvement, plenty of training sets in more complex scenario should
be collected for network training to make the fusion �lter reliable on the real road.
The association algorithm can be updated to achieve multiple object tracking.

Keywords: Kalman �lter, active safety, EKF, CMKF, sensor fusion, radial basis
function neural network, target positioning
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1
Introduction

Nowadays, advanced driving assist systems [1] (ADAS) are in demand by society.
Plenty of sensors like lidar, camera, radar are mounted in a vehicle for environment
perception. To overcome the respective shortcomings of each sensor type when being
used individually, sensor fusion [2], which combines data derived from disparate
sources to obtain result of less uncertainty, should be applied to obtain more accurate
environmental information.

1.1 Background

The Kalman �lter [3] is the most widely used algorithm for sensor fusion, as well
as an e�ective algorithm to estimate the state of a linear dynamical system, which
performs optimally with Gaussian distribution noise. It works in a two-step process.
The Kalman �lter can be formulated as [4]:

xk+1 = Axk + wk (1.1)

zk = Hxk + vk (1.2)

where (1.1) is the motion model, (1.2) is the measurement model, A is the state
transition matrix, H is the observation matrix. xk 2 Rn is the state vector at time
k, zk 2 Rm is the measurements of sensors, and wk, vk are the prediction noise
component and measurement noise component, Gaussian distribution is assumed
for both components, and the coviarance matrices are represented as:

E[wj; wTi ] = Q; (1.3)

E[vj; vTi ] = R; (1.4)

However, non-Gaussian noise may a�ect the performance of �lter in reality. Fur-
thermore, tuning Kalman �lter to get suitable parameters like measurement noise
covariance R and process noise covariance Q, is necessary for �lter implementation.
In a car’s navigation system, a Kalman �lter can be used to smoothen the minimum
position-error estimation to get the best signal to noise ratios. Optimal tuning pa-
rameters will contribute to better performance of Kalman �lter. Until now, tuning

1



1. Introduction

these parameters has been a challenge and not well-de�ned [5]. Usually, with some
prior knowledge of the process noise, multiple experiments will be carried out to
decide the �lter parameters [4].

To dynamically estimate Q and R for a better estimation performance, Akhlaghi
et al. in [6] proposed an adaptive extended Kalman �lter approach, in which an
innovation-based method is used to adjust Q and a residual-based method is used
to adjust R.

In addition to focusing on tuning Q and R, arti�cial neural network, which is in-
spired by the biological neural networks of animal brains to learn to perform some
task through analyzing training examples, can be applied to improve the perfor-
mance of the �lter. A method proposed by Ning et al. [7] identi�ed that an optimal
Radial Basis Function Neural Network(RBFNN) can be used to mitigate the in�u-
ence of the errors in both the motion model and measurement model.

1.2 Related work

In recent years, a large number of scholars have investigated to formulate a neural
network based methodology to enhance the performance of Kalman �lter. In Ko-
rniyenko et al.’s research [4], two neural network architectures, Generalized Regres-
sion Neural Network (GRNN) and regular Radial Basis Neural Networks (RBNN)
were analyzed and applied to the parameter tuning problem. When their perfor-
mance measures and computational e�ciency were evaluated, RBNN was shown
to be superior to GRNN. A radial basis function neural networks (RBFNN) aided
Adaptive Extended Kalman Filter was presented by Pesce et al. [8] to compensate
for the prediction of EKF in order to deliver a better estimation.

1.3 Objective

In this project, a sensor fusion system that combines a Kalman �lter and RBFNN
is proposed to be employed in a vehicle tracking system with camera and radar,
in which a trained RBFNN is used to compensate for the error of the output of
the Kalman �lter in order to achieve higher accuracy when tracking the target ve-
hicle. The Converted Measurement Kalman Filter(CMKF) and Extended Kalman
Filter(EKF) are applied in the fusion system respectively to evaluate the improve-
ment compared to the stand-alone Kalman �lter.

The new approach with a neural network is implemented in Matlab and evaluated
in the test car. The performance is compared to that of a stand-alone Kalman
�lter. Improvement should be proved in the comparison test, which means the mean
squared error (MSE) of the estimation should diminish comparing to a stand-alone
Kalman �lter.

2



1. Introduction

1.4 Limitations

Multiple object detection is not achieved in the project. Because it requires much
more e�ort to consider the data association [9] since we have to decide which one of
these multiple sensor responses is caused by the speci�c target.

Another limitation is that environmental variation may a�ect the performance of
the sensors. The test should be conducted in the proving ground without harsh
conditions or extreme weather such as heavy fog or snow because they can cause
bad sensor outputs.

1.5 Outline

The thesis is divided into seven chapters. Chapter 2 introduces the basic theory
of Kalman �lter and its variants CMKF and EKF as well as their applications in
the thesis project, a general knowledge of neural network and the RBFNN adopted
in our design. Chapter 3 introduces the hardware used in the project including
radar, camera, data acquisition system and CANoe. Chapter 4 describes the design
and implementation of the fusion �lter architecture, the neural network design and
parameters determinations as well as the sensor fusion method. Chapter 5 lists
the test results and result analysis. Chapter 6 discusses the applicability of the
neural network and the shortcomings of the design due to radar instability and
incomprehensive training examples. Chapter 7 reviews the overall fusion system
and possible future developments, moreover, the hardware usage of the design is
analyzed.

3
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2
Theory

In this chapter, the Kalman �lter and its two variants applied in the project are
introduced. In addition to that, the fundamental knowledge of neural network,
network training and RBFNN are described in detail.

2.1 Kalman �lter

The Kalman �lter, as introduced in section 1.1, works in a recursive two-step process,
as shown in Figure 2.1.

Figure 2.1: Kalman �lter for sensor fusion: two-step process

The measured data coming from the camera or radar is the input state vector of
the Kalman �lter. In the predict step, the new state vector is predicted based on
the previous value, and also, an uncertainty caused by process noises in the system
is predicted. The predicted state vector and predicted covariance is de�ned as:

5



2. Theory

x0k = Axk�1 + vk�1 (2.1)

P0k = APk�1AT + Qk�1 (2.2)

where x0k is the predicted value of iteration k, A is the transition matrix of the
motion model, vk�1 is the process noise, and Qk�1 is the process noise covariance of
iteration k � 1.

In the update step, the predicted values are corrected by the actual measurements.
The di�erence yk between the predicted value and measured value, known as the
innovation in (2.3), as well as the total error Sk in (2.4) (prediction error plus
measurement error), are calculated as the intermediate variables in the following
equations. Kalman gain Kk in (2.5) is also introduced to compute how much cor-
rection should be taken from observation and update the state estimate. These are
the equations:

yk = zk �Hx0k (2.3)

Sk = HP0kH
T + Rk (2.4)

Kk = P0kH
TS�1

k (2.5)

Here zk denotes the measured value, Rk is the measurement noise covariance. Then
the updates are made using the Kalman gain:

xk = x0k + Kkyk (2.6)

Pk = (I�KkH)P0k (2.7)

The updated values are the �nal predictions of the current iteration and will be fed
into the next iteration of predict step [10].

A state vector including 2D position and velocity component in Cartesian coordi-
nates is de�ned as

x =

0

BBB@

px
py
vx
vy

1

CCCA (2.8)

6



2. Theory

In this project, a constant-velocity motion model is assumed to describe linear and
smooth target motion. It manages to represent the behavior of the host car quite
well; therefore, the next position is

 
p0x
p0y

!

=
 
px + vx�t
py + vy�t

!

(2.9)

where �t is the discrete-time step of the sensor measurement. The corresponding
transition matrix A will be:

A =

0

BBB@

1 0 �t 0
0 1 0 �t
0 0 1 0
0 0 0 1

1

CCCA (2.10)

The camera measurements, z, only contains a position component. When calculating
the innovation, y, the measured value, and the predicted value are compared, so we
need to design the measurement matrix H to get rid of the velocity component [11]:

 
px
py

!

= H

0

BBB@

p0x
p0y
v0x
v0y

1

CCCA ; where H =
 

1 0 0 0
0 1 0 0

!

(2.11)

In reality, the motion model is usually described in Cartesian coordinates; however,
the radar measurements are reported in polar coordinates; therefore, it brings in
a non-linear problem when we perform a coordinate system conversion. Since the
measurement function, h, is no longer linear, of which the output is not Gaussian
distribution anymore. Because basic Kalman �lter can not solve such a problem,
non-linear Kalman �lter is investigated and implemented. One option is using an
extended Kalman �lter (EKF) for the fusion, another is converted measurement
Kalman �lter (CMKF).

2.1.1 Extended Kalman �lter

The radar measures radial velocity and range. One way to perform the coordinate
conversion is to map the state vector x into polar coordinates to get the observation
function, h, which is a non-linear function denoted by the distance � from the origin
to the target car, and the bearing angle � as shown in Figure 2.2.

7



2. Theory

Figure 2.2: Target position measurement by radar in polar coordinates

h(x0) =

0

B@
�
�
_�

1

CA =

0

BBBBBB@

q
p02x + p02y

arctan(p0y=p0x)

p0
xv0
x+p0

yv0
yp

p02
x +p02

y

1

CCCCCCA
(2.12)

EKF is one of the most classic non-linear �ltering algorithms. For practical nonlinear
problems, EKF usually gives good estimation accuracy. The real-time computational
complexity of EKF is also modest. The non-linear system can be indicated as below.

xk+1 = f(xk) + wk (2.13)

zk = h(xk) + vk (2.14)

where f , h are the non-linear transition function and observation function.

The basic idea of EKF is to linearize the system by computing a local linear approx-
imation using the �rst-order Taylor series expansion about an operating point [12]
after using the observation function, h, to map the state vector in Cartesian coor-
dinates, mathematically expressed as

h(x) = h(�) +
@h(x)
@x

(x� �) (2.15)

The partial derivation turns into the Jacobian matrix when expanded to n dimen-
sions. So the equations of the predict step becomes:

8



2. Theory

x0k = f(xk�1) + vk�1 (2.16)

P0k = APk�1AT + Qk�1; A =
@f(x)
@x

(2.17)

And the update steps are:

yk = zk � h(x0k) (2.18)

Sk = HP0kH
T + Rk; H =

@h(x)
@x

(2.19)

Kk = P0kH
TS�1

k (2.20)

xk = x0k + Kkyk (2.21)

Pk = (I�KkH)P0k (2.22)

The approximation in the EKF algorithm yields linearization errors which may lead
to �ltering divergence [13]. CMKF, converts the polar measurements to Cartesian
coordinates and applies standard linear Kalman �lter.

2.1.2 Converted measurement Kalman �lter

The measured range and measured bearing angle in polar coordinates shown in Fig-
ure 2.2 are de�ned as

�m = �+ ~� (2.23)

�m = �+ ~� (2.24)

where � and � are the true range and bearing angle, ~� and ~� are uncorrelated zero-
mean Gaussian noises with deviations �2

� and �2
�.

With the conventional conversion,

 
x
y

!

=
 
� cos�
� sin�

!

(2.25)

9



2. Theory

the error between converted measurement and true position in Cartesian coordinates
is:

 
~x
~y

!

=
 
xm � x
ym � y

!

=
 

(�+ ~�) cos(�+ ~�)� � cos�
(�+ ~�) sin(�+ ~�)� � sin�

!

(2.26)

where ~x and ~y are white noise with mean �.

� = E
 

~x
~y

!

=
 

(e��
2
�=2 � 1)� cos�

(e��
2
�=2 � 1)� sin�

!

(2.27)

Then we calculate debiased converted measurement with (2.28), the covariance ma-
trix of which can be derived; thus we can get the linearized measurement model,
and the problem can be solved [14].

 
xd
yd

!

=
 
xm
ym

!

� � (2.28)

2.2 Data Association Algorithm

In multiple object tacking, data association is required to assign measurements to
tracks. The method of data association for multi-sensor has been studied in [15].
Several data association algorithms are listed:

� Nearest Neighbor Data Association (NNDA) [15]: The nearest neighbor data
association is the simplest method. The nearest neighbor measurement in the
target tracking is the measurement closest to the predicted target position,
which is the only factor in NNDA to decide if it originated from the target.

� Probabilistic Data Association (PDA) [15]: In the PDA method, the proba-
bilities of association between the measurements and the tracked target are
calculated in each step. Rather than selecting the best among the measure-
ments, all the related measurements will be incorporated.

10



2. Theory

2.3 Neural Network

Neural networks are algorithms that try to mimic the human brain. The technique
is included in machine learning, in which a computer learns to perform some tasks
by analyzing training sets. It was �rst proposed in 1944 and was widely used in the
80s and early 90s. In recent years, neural networks have become the state-of-the-art
technique for many applications. The information transmitting process of neurons
in the brain is illustrated in Figure 2.3. Dendrilles of a neuron cell collects inputs
from other nodes. After processing the inputs, it transmits outputs through axon
terminals, and the outputs of current neurons become the input of others. Similarly,
a neural network consists of simulated processing neurons; each of them is consid-
ered a node connected to other nodes.

Figure 2.3: Transmitting process of neuron in the brain [16]

2.3.1 Feedforward Neural Network

Today’s neural nets are mostly organized into layers of nodes, as shown in Fig
2.4, the input, output, and weight vector of each layer of the network are denoted
accordingly by xNN, yNN and !ij. Each layer’s output is simultaneously the input to
the subsequent layer. The simplest type of neural networks used in the project is a
feedforward neural network. The data moves in one direction through the network,
from input to output layers through in between hidden layers. There are no loops
or cycles in the network, unlike recurrent networks. External training data is fed
to the input layer. After the data passes through hidden layers with some complex
computations, the �nal result is produced by the output layer.

11



2. Theory

Figure 2.4: Layered organization of an example neural network

2.3.2 Forward Propagation

Forward propagation refers to the process of calculation of the intermediate variables
and outputs of a neural network. With the input data fed in the forward direction,
the subsequent hidden layer receives and processes the data then passes the result
to the successive layers. For each incoming connection, the j-th node of current
layer will assign a "weight" !i, which represents the relative signi�cance to inputs as
illustrated in Figure 2.5.

Figure 2.5: Example forward propagation process on a neural network node,
where !1; !2; !3 and !m are the weights assigned to corresponding input

Then all products of each input and corresponding weight are summed, producing
the net input denoted by zj, shown in (2.29). The net input will be passed through
the node’s activation function g(zj), which determines whether the signal should be
considered and delivered to the following nodes through the network and to what
extent. The activation process is expressed as (2.30), where aj is the activation of
the current node and input of the following nodes. If the signal passes through, the
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node has been activated [17].

zj =
X

i
!ijxi (2.29)

aj = g(zj) (2.30)

2.3.3 Network Training

Learning is the process where the network adapts to perform the task better by
observing the training samples. A set of training examples (x�;y�) with x� 2 Rm

and y� 2 Rd are required, where x� is a training input vector of the network and y�
is a corresponding actual output vector, supposing there are n examples. Training
can be considered as a process or an algorithm to adjust, and decide the parameters
of the network so that its output is approximately the same as the actual output y�.
An example cost function in (2.31) is de�ned to represent the errors between the
network output and actual output corresponding to the training input from training
sets.

E(W) =
1

2n

nX

�=1
k(y� � yNN)k2 (2.31)

Here, the notation kvk means the length function for vector v, so the quadratic
cost function E is a non-negative value which becomes small or minimal when yNN
is approximately equal to the actual output for all training input. In order to
minimize the observed error, the weights are continually adjusted until the learning
is complete when applying additional observations does not reduce the error rate
during training.

Gradient Descent

Gradient descent is an iterative optimization algorithm for �nding the parameters
of the network that minimizes the cost function. Before the network training starts,
all of its parameters are randomly set, which can be considered a randomly chosen
starting point of the cost function. The gradient descent algorithm tries to �nd the
local minimum value of the cost function by changing the parameters of the net-
work iteratively so that the error decreases towards the opposite direction of current
gradient. For each iteration of gradient descent, the corresponding error E moves
towards the direction in which the cost function decreases most rapidly by a small
distance �, the update rule for the parameters of the network in terms of matrices
is shown in (2.32).
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W�+1 = W� � �rE(W� ) (2.32)

where � is the current number of iteration, � is the learning rate, and rE is the
gradient. Adjusting the learning rate � ensures that the gradient descent algorithm
converges in a reasonable time. If � is too small, it will be slow for gradient descent
to converge. If � is too large, gradient descent can overshoot the minimum of the
error surface, which may cause it to fail to converge or even diverge.

By applying the update rule to make a move over and over again, the error E keeps
decreasing until it reaches the minimum. In practice, gradient descent often works
well to �nd the global minimum of the cost function [18].

Backpropagation training

Consider a network with di�erentiable activation functions, the activations of the
output nodes are also di�erentiable functions of the inputs and weights. The values
of the weights can be decided by evaluating the derivatives of the error with respect
to the weights when minimizing the cost function. Backpropagation is a supervised
training algorithm to tackle this problem. It computes the derivatives by propagat-
ing the errors from the output layer backwards to hidden layers. The derivatives are
then applied to the adjust the weights. It works in two distinct stages [19]:

1. Derivative evaluation
For each training input x�, forward propagation is applied through the network
to calculate the activations of hidden layers and output nodes. By applying
the chain rule to the partial derivatives, we have:

@E
@!j

=
@E
@aj

@aj

@!j
(2.33)

and � is introduced to denote the partial derivative of the error of the cost
function to the activation of current layer:

� =
@E
@aj

(2.34)

First � for the output layer is computed:

� = g0(z)
@E

@yNNj
(2.35)
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By propagating � backwards from nodes higher up in the network, the value
of �j for hidden layer can be obtained as

� = g0(z)
X

i
!ij�k (2.36)

Then after recursively applying the above equation from the output layers, the
derivatives of the cost function is given by:

@E
@!j

= aj�1�j (2.37)

2. The derivative derived in the last stage will be used to adjust the weights. It
can be applied to the gradient descent algorithm or cost functions other than
simple sum-of-squares. For weight adjustment using derivatives, there are also
plenty of optimization schemes other than gradient descent [19].

2.3.4 RBFNN

The radial basis function network is a neural network that uses radial basis func-
tions as activation functions. Radial basis function networks can be used in function
approximation, classi�cation, time series prediction, and system control. It is distin-
guished from the classic Multi-Layer Perceptron (MLP) due to its simple structure,
universal function approximation, and faster learning speed.

RBFNN Structure

The block diagram of an RBF neural network with one hidden layer is illustrated
in Figure 2.6. The neural network consists of three layers, the input layer with a
set of inputs and the output layer with a set of outputs. A hidden layer is located
between the input and output layer, in which each neuron is implemented with
a non-linear radial basis function. Each neuron in the hidden layer has its own
center. It computes the distance between each input x = (x1;x2; :::;xm) and its
center and outputs some nonlinear function of that distance. Consequently, each
node in the hidden layer produces an output depending on a radially symmetric
activation function. When the inputs are near the center of the node, the largest
output is usually obtained.
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Figure 2.6: RBF network block diagram

Regarding each neuron in the hidden layer, normally a Gaussian function is selected
among the radial functions as the activation function [7], the activation of the ith
node is provided as:

�i(x) = e�
1

2�i2
(x�ci)2

(2.38)

where i is the index of the neurons in the hidden layer, the width parameter �i gives
an impact on the shape of the Gaussian function, and it will be user-de�ned, ci is
the center vector and x� ci is usually taken to be Euclidean distance.
Then the output of the neural network can be represented as a linear combination
of all basis functions:

yNNj =
hX

i=1
!ij�i(x) j = 1; 2; :::; n (2.39)

where yNNj is the output of j th node in the output layer, h is the number of hidden
neurons and !ij is the weight.
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RBFNN Training

To design an RBFNN, a list of parameters represented in table 2.1 should be deter-
mined

Table 2.1: RBFNN Parameters

Symbol Description
f basis function type
n number of basis function(hidden neurons)
c basis function centers
� basis function width
w hidden neuron weights

Normally, the function type f and hidden neurons n are set at the beginning, and
the other parameters should be obtained from learning.

The learning algorithm of RBFNN is discussed in [20], where the training methods
are categorized into three schemes including one-phase, two-phase and three-phase
learning scheme.

1. One-phase learning

In this method, the basic function centers cj are sub-sampled from the input
data, and the width �j of all hidden neurons are set to the same value in
advance, which makes the weights between hidden layers and outputs to be
the only parameter that should be trained.

The pseudo inverse solution [20] is widely applied to compute the weights. The
output equation of RBFNN can be represented by matrix.

YNN = �W (2.40)

where � = (�i(x)) and YNN = (yNNj). Accordingly, given the matrices �
and YNN, by minimizing the error function as (2.41), the weight matrix W of
the output layer can be found by (2.42) or gradient descent optimization:

E(W) = k�W�YNNk2 (2.41)

W = �+YNN (2.42)

where the pseudo inverse matrix �+ can be computed by (�T�)�1�T.
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2. Two-phase learning

This method consists of two steps since two layers of the network are trained
respectively.

Firstly, basic function centers cj and width �j are obtained. There are many
algorithms available to compute both parameters, two of them are introduced
here.

Secondly, after determining cj and �j, the weights of the output can be calcu-
lated with the Least Mean Square (LMS) [21] algorithm.

� RBF centers determination
Unsupervised training, when the training sets are given with little or no
idea what the results should look like, requires the network to derive
structure from data. Clustering and vector quantization algorithms are
normally used to get a representative set of centers among a larger data
set to minimize quantization error.

A popular clustering method which minimizes the clustering error is the
k-means clustering [22]. The aim is to partition the m-dimension obser-
vations x into K clusters (K neurons in the hidden layer) so that each
observation belongs to the cluster with nearest center vector cj. The
partition of the input space is known as Voronoi diagram [23] in which
center vector cj serves as a prototype vector of the cluster, each cluster
Sj is de�ned by

Sj = fx 2 Rm j kx� cjk = min
j=1;:::;K

kx� cjkg (2.43)

K-means algorithm starts with a set of randomly selected center vectors
as initial seed prototypes, then it performs an iterative process: each
time the input space is partitioned according to current cluster vectors,
the quantization error speci�ed in (2.44) becomes smaller as the proto-
type cj of each cluster approaches the corresponding center of gravity of
training sets.

E(c1; :::; cK) =
KX

j=1

X

x�2Sj

kx� � cjk2 (2.44)

The prototype cj is optimized according to the learning rule . The learn-
ing rule in (2.45) can be described as updating each center of the cluster

18



2. Theory

with the average of all observations in the corresponding cluster.

cj =
1
Sj

X

x�2Sj

x� (2.45)

The process stops when the centers have stabilized, that is when the value
of the centers are equal in two consecutive learning process because the
clustering has been successful.

� Widths Calculation

The �rst alternative to decide the widths is to set the widths to a con-
stant for all radial basis functions, discussed in [24]. The widths are �xed
as:

� =
dmaxp

2K
(2.46)

where dmax is the maximum distance between any pair of centers. If the
data are uniformly distributed in the input space, the centers distribution
will also be uniform, this method could be near optimal.

Another choice is to assign a speci�c width to each Gaussian kernel.
When the centers are widely separated from each other, a larger width
should be assigned, on the contrary, when the centers are closer, a smaller
width should be assigned. According to Voronoi partition, the inputs
can be divided into clusters associated to each center, by computing the
standard deviation �cj of the distance between inputs in a cluster and
the corresponding center, the width of each Gaussian kernel is estimated
independently. This method takes the distribution variation of the data
into account thus provides better adaptability to the data.

A widths-computation algorithm based on an exhaustive search was stud-
ied and presented in [25]. It guarantees a natural overlap between Gaus-
sian kernels and exploits the network’s generalization ability. After com-
puting �cj , a width scaling factor s is introduced so the widths are de�ned
as:

�j = s�cj (2.47)
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The width scaling factor s can a�ect the smoothness of the approxima-
tion function. The choice of the optimal scaling factor depends on the
function to approximate, the dimension of the input set and the data
distribution [26].

For every sl in a width factor set S, the MSE(Mean Square Error) is eval-
uated. The optimal width factor sopt corresponds to the smallest MSE.

� Weights Determination

The output weights of RBF network !j are updated by the Least Mean
Square (LMS) algorithm as

!j
�+1 = !j

� + �(y� � ŷ)
1
Sj

X

x�2Sj

x�; for j = 1; 2; :::; K (2.48)

where � is the learning rate, ŷ is the network’s output at the current time
step.

3. Three-phase learning

After two-phase learning, a third training phase is proposed in [20], where a
backpropagation method is applied to adapt these parameters (including ba-
sis function centers c , function width � and output weights w) simultaneously.

The error function of the network’s outputs is de�ned as a di�erentiable sum-
of-squares function in (2.49):

E =
1
2

MX

�=1

X

x�
(y� � yNN)2 (2.49)

For the radial basis function network with di�erentiable activation functions,
the minimal error is achieved when the derivatives of the parameters’ center
vector cj, width �j and output weights !j of the network vanish. Gradient
descent is widely used to solve this problem. Given a parameter set, denoted
by U = (cj; �j; !j), for each iteration of gradient descent, the corresponding
error E is moving towards the direction in which the error function decreases
most rapidly by a small distance � as in (2.50).

U(�+1) = U(�) � �rE(U(�)) (2.50)

20



2. Theory

Consequently, the learning rules for three RBF network parameters’ center
vector cj, width �j and output weights !j can be derived.

The backpropagation training with variable stepsize (BPVS) presented by
Magoulas et al. in [27] provides a computationally e�cient and robust method
for three-phase learning. The stepsize tuning procedure is proposed by the fol-
lowing theorem.

Theorem 2.3.1 If �0 is an arbitrarily assigned positive number, consider the
sequence �m = �0=2m�1, m = 1, 2, ... . Then the sequence of weight vectors
(U(�))1�=0 de�ned by

U(�+1) = U(�) � �m�rE(U(�)); � = 0; 1; 2; ::: (2.51)

where m� is the smallest positive integer for which:

E(U(�) � �m�rE(U(�)))� E(U(�)) � �
1
2
�m�krE(U(�))k2 (2.52)

converges to U� which minimizes the error function E locally.

The stepsize adaptation procedure is used to ensure that the subsequent pa-
rameter set updates do not overshoot the minimum of the error surface. In
case that the stepsize is too small, a speci�c stepsize lower bound can be se-
lected by the desired accuracy in acquiring the convergence parameter set U�.
If the stepsize is smaller than the lower bound, BPVS will increase the stepsize
by doubling it.
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Hardware

The hardware components used in the project are introduced in this chapter, in-
cluding radar and camera as sensors on vehicle, data acquisition system for accurate
measurement of the target as well as network interface hardware VN8911 together
with CANoe for network communication analysis.

3.1 Radar

Delphi’s multimode ESR2.5 (Electronically Scanning Radar) in Figure 3.1 is used
for object detection and measurements of range and range-rate in the project. It
combines wide coverage at mid-range and high-resolution long-range coverage to
supply two measurement modes simultaneously with a single radar and updates the
measurement every 50 ms. Figure 3.2 illustrates the scanning coverage of ESR2.5.
Wide mid-range covers the range of 60 meters with more than 90 degrees in azimuth
�eld of view. The coverage detects vehicles cutting in from adjacent lanes and
identi�es vehicles and pedestrians across the equipped vehicle. Long-range covers
the range of 175 meters with more than 20 degrees in azimuth �eld of view. Long-
range coverage measures the accurate range and speed data with powerful object
discrimination, which can identify up to 64 targets in the vehicle’s path [28].

Figure 3.1: Delphi ESR2.5 External View [28]
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Figure 3.2: ESR2.5 scanning coverage in range and azimuth �eld of view

The ESR connector is illustrated in Figure 3.3 and important ESR pins are de�ned
in table 3.1. Pin 7 and 8 are connected to vehicle CAN bus to get the vehicle
velocity, yaw rate and steering wheel angle. Target information detected by radar
such as range and relative velocity are transmitted through pin 9 and 18.

Table 3.1: Important pin de�nition of ESR2.5

Pin number Pin de�nition
1 Battery
3 CAN GND
7 Vehicle CAN low
8 Vehicle CAN high
9 Private CAN low
10 Ignition
18 Private CAN high
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Figure 3.3: Pin connection of ESR interface [28]

Figure 3.4: Radar module: ESR2.5 mounted on the test vehicle

With the mid-range and long-range coverage radar, the ESR is able to track up
to 64 targets in total. For an object entering the detection zone, the track will be
con�rmed within 150 ms. After the object leaves the detection zone, the track will
be dropped within 250 ms. The ESR keeps track of the range, range rate, angle,
measurement status and other important information of all 64 tracks of targets. For
each track, moving �ags are set by the ESR when corresponding targets are moving.
In the test session, the radar module ESR2.5 was mounted in the front of the test
vehicle, shown in Figure 3.4.

The measurement data by ESR’s system enables high functionality, including adap-
tive cruise control, forward collision warning, brake support, and headway alert [28].

3.2 Camera

Mobileye ME630 collision prevention system consists of a camera/buzzer unit as
well as a display and control unit, shown in Figure 3.5.
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Camera/buzzer unit front view

Camera/buzzer unit back view

Display and control unit

Figure 3.5: ME630 system components [29]

The camera/buzzer unit identi�es lane markings, vehicles, and pedestrians that are
ahead of the equipped vehicle, processes the video data for potentially dangerous
situations, and instructs the system display unit to display prospective alert [29].
The display and control unit provides visual alerts, system status indications and
contains control buttons for system control and con�guration.

The collision prevention system is enabled with the following functions:

� Forward Collision Warning (FCW) alerts you to the danger of an impending
collision with the vehicle ahead.

� Pedestrian Collision Warning (PCW) alerts you to the danger of an impending
collision with a Pedestrian ahead.

� Lane Departure Warning (LDW) to alert you when you are about to uninten-
tionally swerve outside of the lane you are driving in.

� Headway Monitoring and Warning monitors the driving distance from the
vehicle in front of you (headway) and alerts you when the headway is less
than a pre-de�ned threshold measured in seconds [29].
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3.3 Data Acquisition (DAQ) Systems

Data Acquisition (DAQ) Systems are required to obtain accurate measurements of
the target. In the project, the DAQ system from Dewesoft company is selected,
which consists of four elements.

� Sensors device

Based on high accuracy 100 Hz GPS receivers and Inertial Navigation Sys-
tems (IMU - inertial measurement units), The Real-time Kinematics (RTK)
[30] can provide the most precise position-based measurement with positioning
accuracy down to 2 cm.

Figure 3.6: GPS receiver & IMU [31]

� Signal conditioners
Signals from the sensors are processed by the signal conditioners and are sub-
sequently sent to the A/D subsystem.

Figure 3.7: Sirius: signal conditioner [32]
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� Analog-to-Digital Converter
A/D converters within a data acquisition system can convert conditioned ana-
log signals into a stream of digital data; �nally the data can be processed for
display, storage, and analysis.

� Computer with DAQ software
The DAQ software will handle signal logging and analysis.

The setup of the system includes GPS antennas, WiFi antenna for communi-
cation between cars and antenna for synchronization, shown in Figure 3.8.

Figure 3.8: IMU setup for testing

The system logs the longitude and latitude distance between host and target
cars, as illustrated in Figure 3.9.

Figure 3.9: Longitude and latitude illustration
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3.4 CANoe

The CANoe [33] is used for the analysis of network communication. The real-time
network interface hardware VN8911 [34] by Vector in Figure 3.10, 3.11 enables
high-performance applications in combination with CANoe. Together they can be
applied in system simulations or bypassing applications with Simulink, remaining
bus simulations, gateway implementations, test executions, or data monitoring.

Figure 3.10: Network interface hardware VN8911 frontside [35]

Figure 3.11: Network interface hardware VN8911 backside [36]

VN8911 provides up to 8 channels for CAN/LIN/J1708/K-Line bus access by a Plug-
in module with individual bus transceivers. In the project, ESR bus is connected to
ch2 and camera Mobileye bus is connected to ch3.
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In this chapter, the architecture of the fusion �lter combining a Kalman �lter and
RBFNN is introduced. In addition, an RBFNN is designed for function approxima-
tion to compensate for the estimate error of the Kalman �lter. Furthermore, the
sequential sensor fusion method is introduced to produce the estimate with mea-
surements data from both camera and radar.

4.1 Fusion �lter architecture

In the actual tracking process, with the mismodeling or environmental perturba-
tions, neither the dynamic noise nor the measurement noise can be white. The
performance of Kalman �lter can be easily a�ected by the colored noise.

The Kalman �lter works in two-step process as mentioned in Section 2.1 . In the
predict step, based on the previous states, the Kalman �lter uses the motion model
to produce the estimate of current states. In the update step, the result will be
updated according to both estimates in �rst step and present measurements using
weighted average.

The dynamic model adopted in our project is a constant velocity model, which as-
sumes that the velocity during a sampling interval is constant. This model has been
widely used in many applications due to its simplicity and e�ectiveness, which can
be represented as:

x0k = Axk�1 + wk�1 + �xmdk�1 (4.1)

where the �xmdk�1 is added to the original motion model, as the mismodeling and
environmental perturbations are taken into account.

The formula shows that the mismodelling noise will also a�ect the estimation ac-
curacy in addition to the system dynamic noise. These noises also exist in the
measurement signal. Therefore, a more accurate output of the fusion �lter can be
derived from [37]:
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x�k = xk + �xmodk + �xnoisek (4.2)

where �xmodk is a result of mismodelling and �xnoisek represents the e�ect of some
uncertain noises. The �xmodk and �xnoisek should be compensated to improve the
estimation accuracy. Then a neural network is proposed to compensate for these
errors.

According to the prediction model in the Kalman �lter (4.1), the mis-modeling error
leads to the estimation error of relative position in xk. The action of steering and
acceleration are ignored in the motion model to decrease the computational com-
plexity. However, as an input, it also a�ects the status of motion. Furthermore,
the Kalman gain K, which is calculated based on measurement noise covariance R
and motion noise covariance Q, also has a direct impact on �ltering accuracy. The
aim of the neural network is to minimize the error of the fusion �lter by making the
output of the neural network approach the error of the Kalman �lter. The error can
be represented as

xerrk = �xmodk + �xnoisek

The training structure of the neural network is shown in Figure 4.1:

Figure 4.1: Neural network training structure

where host information (steering angle, acceleration) and �lter status (time interval
between two measurements and estimation results) are sent to RBFNN as input,
while the training target is the di�erence between the conventional �lter output
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and the ground truth from the DAQ system. With these training sets, the parame-
ters of the RBFNN can be obtained and stored in a data structure, namely nnstruct.

After the training phase, the RBFNN is deployed to compensate for the conventional
Kalman �lter’s estimation error. The architecture of the new fusion �lter is shown
in Figure 4.2,

Figure 4.2: Fusion �lter architecture

where the sensors including camera and radar send the measurements data to the
Kalman �lter. With the input, including host information and fusion status, the
neural network outputs the �lter estimation error, which is used to compensate for
the output of the Kalman �lter. At last, the �lter delivers the compensated result
xoutk . According to previous equations, the result can be represented as:

xoutk = xk + xerrk (4.3)

The model is created with Simulink, which is shown in Figure 4.3.
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Figure 4.3: Simulink: Fusion model

4.2 Neural network design

With the capability of universal approximation, the radial basis function neural
network (RBFNN) has become a popular network architecture recently. It has
the advantage of a simple structure and fast training when applied to function
approximation [38]. The neural network designed for the project is shown in �gure
4.4, which shows the structure of the RBFNN [39].
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Figure 4.4: The architecture of RBFNN

where the input vector of the neural network can be represented as xNN = [k;y; ihost] 2
Rm, the output vector can be represented as yNN = [xerr] 2 Rn.

In a compact form, the function of the neural network with inputs xNN 2 Rm and
outputs yNN 2 Rn can be expressed as:

yNN = WT�(xNN) (4.4)

where W is the weight matrix.

4.2.1 Data collection

To collect data, two car driving tests are conducted in the thesis work. The �rst
one collects data for neural network training. The second one collects test data
for evaluation. The DAQ systems were equipped to collect the ground truth data.
CANoe is used to collect sensor data in the running car. By connecting CAN bus
to CANoe as shown in Figure 4.5, it analyzes the bus communications and sends
measured data to Matlab.
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Figure 4.5: Test setup with CANoe

Both tests consist of same test scenarios. But the data collected in the �rst test are
used for network training, whereas the data collected in the second test are used
to evaluate the performance of the fusion system. The �rst scenario is that target
car runs at a constant speed or parks on the way, the host car follows the target at
a variable speed. The second scenario is that target car runs at a variable speed,
the host car follows the target at a variable speed. The host vehicle and the target
vehicle run on a test track which includes straight line and curve, operate according
to the test scenarios with acceleration and turning. Speed is limited with a range of
0 to 60 km h�1, and the maximum absolute acceleration is limited to 2.5 m s�2.

4.2.2 Parameters determinations

� Data pre-processing

Both the inputs and target of the network are scaled to normalize the training
set with a mean of 0 and a standard deviation of 1.

(4.5) represents the normalization algorithm,

xnori = (xi � xmean))=xstd (4.5)

where xi is the single row vector of the input data sets and xnori is the normal-
ized xi. The xmean and xstd represents the mean and standard deviation of the
data sets respectively, which will also be used to normalize the input data in
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the application after training is completed.

� Incremental constructive method

The RBFNN used in the project is designed with an incremental constructive
method proposed in [40].
The Orthogonal Least Squares(OLS) [41] algorithm is used to select the new
center in each iteration. The method is proved to be able to make the single-
hidden-layer feedforward networks (SLFNs) with radial basis function (RBF)
hidden nodes a universal approximator even without tuning all the param-
eters(tuning all the parameters might lead to high complication and ine�-
ciency). After randomly selecting the hidden neurons, it only adjusts the
weights linking the output layer and the hidden layer to achieve the network
function.

In the application, a maximum number of radial basis functions (hidden neu-
rons) and target accuracy are set for the learning process. According to [41],
the learning algorithm can be summarized as

� Step1. Compute
for 1 <= i <= N , compute

w(i)
l = pi

g(i)
l = (w(i)

l )Td=((w(i)
l )Tw(i)

l )

[err](i)l = (g(i)
l )2(w(i)

l )Tw(i)
l =d

Td

(4.6)

where N is the number of training sets, p is the input vector.

� Step2. Find the index of the most signi�cant error, add a new neuron.
Find the index il when

[err](il)l = maxf[err](i)l ; ic <= i <= Ng

and the vector in input data sets with index il will set as center of the
new neuron.

centers = [centers; X(i)]

� Step3. Adjust the weights and bias accordingly and calculate the mean
square error (MSE) of the network. Check the MSE, exit if MSE is less
than the target

a1 = �(centers; p; �);
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where � is the Gaussian function, w2, b2 then can be calculated by a1
and target t, since

t = w2 � a1 + b2 = [w2; b2] � [a1; 1]

so the w2 and b2 can be obtained from

[w2; b2] = t=[a1; 1]

the output of neural network a2 can be represented as

a2 = w2 � a1 + b2

� Step4. At the k-th iteration where k >= 2, for 1 <= i <= N , i 6= il,
compute

�(i)
jk = wTj pi=(w

T
j wj); 1 <= j < k

w(i)
k = pi �

k�1X

j=1
�(i)
jkwj

g(i)
k = (w(i)

k )Td=((w(i)
k )Tw(i)

k )

[err](i)k = (g(i)
k )2(w(i)

k )Tw(i)
k =d

Td

(4.7)

Goto step2.

The algorithm was implemented in Matlab. Based on our training sets, the training
process cost around 1 hour with the laptop. Then the parameters of Radial basis
function center, width, weights, bias, hidden neurons were determined.

4.3 Data association and Gating

Although multiple object tracking is beyond the scope of this project, data associa-
tion is still required since some fake targets(non-vehicle object) are detected by the
radar sensor in the test environment. For that reason, the simplest method, Nearest
Neighbor Data Association is adopted in the fusion �lter.

Before the data association, gating, in which gates are created around the possible
measurements to �lter the unlikely pairings, is adopted to check the measurements
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and remove the unlikely ones, which then reduce the computing load for data asso-
ciation. In the project, the gate value is set as: longitude 9.5 meters, latitude 1.0
meters, which means the measurements with more than 9.5 meters of di�erence in
longitude or more than 1.0 meters of di�erence in latitude from the predicted target
distance are ignored.

4.4 Sequential sensor fusion

In the project, measured data from each sensor are processed independently, and
then the update step is executed sequentially to produce the state estimate [42]. For
each observation set of camera or radar, a Kalman �lter is applied to generate the
state estimate. Observation matrix H or function h is set up based on the feature
of corresponding sensor measured data, and the gain matrix K is computed accord-
ingly. The set of measured data from two sensors at time k is:

Z(k) = fz1(k); z2(k)g (4.8)

Based on the asynchronous observations, it generates sequential update to the state
estimate. If the measurements from di�erent sensors arrive at the same time, up-
dates for the two sensors are implemented one after another in a sequential order
with the same prediction as illustrated below.

Figure 4.6: Sequential sensor fusion under asynchronous and synchronous
circumstances
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5
Results

To evaluate the performance of the RBFNN aided Kalman �lter, experiments are
carried out with both EKF and CMKF, the performance are compared respectively
to prove the improvement after integrating the RBFNN.
In our test, the camera was not applied since the hardware was broken. All the test
results are based on the radar sensor only. In addition, the e�ect of missing camera
data will be discussed in the next section.

5.1 CMKF with RBFN

In this section, the performance of the RBFNN aided CMKF is compared with that
of a stand-alone CMKF. During the test, the target car ran randomly on the test
track, followed by the host car with a randomly varied distance. The fusion �lter
was applied to estimate the target car’s position. The ground truth data was ob-
tained from the DAQ system. The output of the CMKF and the output after being
compensated by the neural network were recorded.

Figure 5.1 shows the performance of the designed fusion �lter and CMKF in estimat-
ing longitudinal distance from the host to the target with full view and a zoom-in
view.
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(a) Full view

(b) Zoom-in view

Figure 5.1: Comparison results between di�erent models: Distance(longitude).
The green line represents the fusion �lter (RBFNN+CMKF), whereas the red line
represents the CMKF. The blue line represents the ground truth, which is measured
by the DAQ system.

Comparison of the performance of CMKF and CMKF+RBFNN in latitudinal dis-

42



5. Results

tance estimation with full view and a zoom-in view are shown in Figure 5.2.

(a) Full view

(b) Zoom-in view

Figure 5.2: Comparison results between di�erent models: Distance(latitude)

It can be observed that the compensated output of the designed fusion �lter is closer
to the actual distance most of the time.
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We use Root Mean Square Error (RMSE) and Normalized Root Mean Square Error
(NRMSE) as the evaluation criteria. They can be calculated by

RMSE(x̂) =

sPn
i=1(xi � x̂i)2

n

NRMSE(x̂) =
RMSE(x̂)
xmax � xmin

(5.1)

where x is the ground truth value and x̂ is the estimate generated by the �lter.

Table 5.1 outlines a statistical analysis of the position (longitude) estimation of the
CMKF and RBFNN aided CMKF in contrast to the actual relative position of the
target car. These results suggest a decrease of 34.7% in NRMSE.

Table 5.1: Statistical analysis of Fig 5.1

RMSE NRMSE
CMKF 0.5381 0.0173

RBFNN aided CMKF 0.3504 0.0113

Table 5.2 shows a statistical analysis of the position(latitude) estimation. These
results suggest a decrease of 42.9% in NRMSE.

Table 5.2: Statistical analysis of Fig 5.2

RMSE NRMSE
CMKF 1.2503 0.0606

RBFNN aided CMKF 0.7448 0.0346

To investigate the appropriate width � of the radial basis function, a series of param-
eters are evaluated with the same number of hidden neurons(that is 200). Moreover,
RMSE and NRMSE are listed in Table 5.3 and Table 5.4.

Table 5.3: Statistical analysis: longitude

RMSE NRMSE
CMKF 0.5381 0.0173

RBFNN aided CMKF(width:1.3876) 0.3743 0.0121
RBFNN aided CMKF(width:1.0407) 0.3504 0.0113
RBFNN aided CMKF(width:0.8326) 0.3489 0.0113
RBFNN aided CMKF(width:0.6938) 0.3375 0.0110
RBFNN aided CMKF(width:0.5947) 0.3672 0.0119

In Table 5.3, for longitude distance measurement, both RMSE and NRMSE decrease
as the width of radial basis function decreases from 1.3879 to 0.6938, the minimum
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RMSE is 0.3375, and the minimum NRMSE is 0.0110, with the function width of
0.6938.

Table 5.4: Statistical analysis: latitude

RMSE NRMSE
CMKF 1.2503 0.0606

RBFNN aided CMKF(width:1.3876)) 0.9754 0.0447
RBFNN aided CMKF(width:1.0407) 0.7448 0.0346
RBFNN aided CMKF(width:0.8326) 0.6782 0.0314
RBFNN aided CMKF(width:0.6938) 0.5945 0.0268
RBFNN aided CMKF(width:0.5947) 0.5100 0.0228

In Table 5.4, for latitude distance measurement, RMSE and NRSE decrease as the
width of the radial basis function decrease from 1.3879 to 0.5947.

Finally, the width 0.06938 was selected in the design since the longitude distance is
of more importance.

5.2 EKF with RBFN

In this section, the performances of the proposed fusion �lter(RBFNN aided EKF)
are compared with that of the EKF. The output of the EKF and the output after
being compensated by the neural network were recorded along with the measure-
ments of DAQ system.

Figure 5.3 illustrates the estimated longitude distance from both the EKF and the
RBFNN aided EKF to investigate the performance improvement.
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Figure 5.3: Comparison results between di�erent models: Distance(longitude)
The green line represents the RBFNN aided EKF, whereas the red line, the blue

line represents the EKF and ground truth, respectively.

Comparison of EKF and RBFNN aided EKF in latitude distance estimation is shown
in Figure 5.4.

Figure 5.4: Comparison results between di�erent models: Distance(latitude)
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Table 5.5 summarizes the estimation precision based on RMSE and NRMSE for the
longitude distance estimation.

Table 5.5: Statistical analysis of Fig 5.3

RMSE NRMSE
EKF 0.6070 0.0187

RBFNN aided EKF 0.4823 0.0144

The result suggests a decrease of 23.0% in NRMSE when combining the RBFNN
with the EKF.

Moreover, table 5.6 demonstrates a statistical analysis of the position(longitude
distance) estimation. These results suggest a decrease of 77.5% in NRMSE.

Table 5.6: Statistical analysis of Fig 5.4

RMSE NRMSE
EKF 3.2085 0.5468

RBFNN aided EKF 1.3426 0.1233
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6
Discussion

Lack of camera measurements might a�ect the overall performance of the �lter.
However, the purpose of the design is to prove the e�ectiveness of the sensor fusion
�lter structure by comparing the stand alone Kalman �lter with the RBFNN aided
Kalman �lter. Besides, the camera’s accuracy of distance measurement is much
lower compared to the radar, especially in the longitude direction, which indicates
the performance will not be signi�cantly decreased without camera.

In addition to distance measurement, the primary function of the camera is object
identi�cation. Without the camera, it required much more e�ort to associate the
radar measurements with the target position. Since apart from the target car, any
other objects appearing in the radar range might be measured and sent to the CAN
bus.

The promising results of the experiment in the previous section indicate that a fusion
�lter combining neural network and conventional Kalman �lter can achieve a better
performance than the stand-alone conventional Kalman �lter. In the experiments,
the CMKF is well pre-tuned for the test, and the EKF is con�gured with some initial
parameters without tuning.
The experiment shows that the neural network can be a universal tool to compen-
sate for di�erent Kalman �lter types even if the �lter is not well-tuned.

Contrary to the design in [4] [7], in which the neural network may be trained online
to dynamically update the parameters of the Kalman �lter or provide the position
estimation, our neural network is trained o�ine before being deployed to the appli-
cation. It signi�cantly saves computing resource and makes it easier to execute in
real time on an embedded platform which may have limited computing capacity.

Because of the instability of the radar sensor, the radar track for the target car
might change at times. It might lead to an unsteady state of Kalman �lter for a
while, during which the estimate error of the Kalman �lter might be considerable.
Since improving the original fusion model is not in the scope of our design, the
signals in the short unsteady period are removed from the data sets before training
the RBFNN. Also, the unsteady period is removed from the test result.

The RBFNN consists of 200 hidden neurons, nine inputs, and two outputs. The
�oating-point operation (FLOP) amount is always used to measure the complexity
of the neural network. From[43], the direct method to calculate an RBF function
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may cost O(N2) storage usage and O(N3) operation usage, which is 40k storage
and 8M FLOPs. However, the domain decomposition method proposed in [43]
can reduce the cost of solving RBF equations dramatically, only O(N) storage and
O(N logN) FLOPs are required for the calculation, which equals 200 storage and
1060 FLOPs. The microcontroller(MCU) used in the current project at CEVT has
a 2 x 160 MHz e200Z4 Dual-core 32-bit CPU with a single-precision �oating-point
unit, which makes it possible to deploy the fusion �lter with a trained RBFNN to the
MCU. However, to provide a more accurate analysis of resource usage, the Matlab
model should be converted to C++ code, which then is compiled to execute on the
MCU so that we can monitor the hardware usage.

With current training sets, it took 1 hour to train the neural network on a laptop.
The training time might increase with more training sets obtained in some more
complex test environment. In this project, the training sets limit the generalizabil-
ity of the results since all the tests are performed in the proving ground. More
measurement data on real roads should be collected for RBFNN training, and the
experiment should be carried out in more complex scenarios for practical use.
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7
Conclusion

This paper presents a sensor fusion �lter architecture with RBFNN aided Kalman
�lter to position the target car in real time with the sensors, camera and radar. The
algorithm designed aims at further implementation in a MCU platform in which the
RBFNN is trained o�ine and deployed with the fusion �lter. With an RBFNN, the
fusion �lter is proved to achieve higher performance. The experiment was carried
out with both CMKF and EKF. The test results demonstrate that the proposed
fusion �lter architecture performs better to position the target car on the track than
the stand-alone Kalman �lter, whether the Kalman �lter is well-tuned or not.

Future developments aim at updating the association algorithm to achieve multiple
object tracking; also, the RBFNN can be tuned further to decrease the neurons
number. Furthermore, plenty of training sets in more complex scenario should be
collected for network training to make the fusion �lter reliable on the real road.
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