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Abstract: In this work, we present the evaluation of the algorithmic performance of
perception, achieved by a video sensor, within the framework of the Highly Automated
Driving (HAD) project of the Obuda University. We process the quality of the real-time
uncertainty propagation in the embedded environment. The perception software could be
characterized by algorithmic key performance indicators (KPIs) which is the measurable
metric of the video sequences uncertainty. Based on endurance runs, for the real-time
performance determination of the algorithms, an adaptive filter structure could be
approximated. The employed performance architecture is a fuzzy-filtered (F-Fx) version of
the LMS (Least Mean Square) algorithm in the embedded autonomous driving software
platform. The F-FXLMS model is designed for the prediction of the embedded real-time
filter outputs. The key performance indicator is related to the adaptation number of the
F-FXLMS filter.

Keywords: Uncertainty Analysis; Fuzzy Filter; Fuzzy FxLMS (F-FxLMS) Algorithm;
Highly Autonomous Driving; Software Performance

1 Introduction

Determining embedded KPIs (key performance indicators) by filtered LMS
algorithms, with periodic and deterministic sensor reference, are often the subject
of the measuring and managing the quality of platform design in the highly
automated driving (HAD) software development process [1].

The two primary reasons of the periodic and deterministic references are: the
embedded microcontroller environment simplification requirements, and it is
generally easier to find a good reference signal to model them.
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In addition to these reference signals, frequently stochastic signals are used in real
autonomous driving projects today. The algorithms are mathematically classified
into filtered LMS algorithm sequences [11]. However, based on highly
autonomous driving (HAD) research at the University of Obuda, we considered
that the “classical” filtered LMS algorithm should be supplemented with fuzzy
features (F-FXLMS) in order to facilitate the modeling of uncertainty propagation

(2] [3].

In addition, the main reason for fuzzification [8] is the basic issue to be found in
numerical analysis = when applying algorithms using classical deterministic
references, there may be cases whose convergence has not been proved, which is
called non-Wiener effects in the literature [9].

In previous work, which were presented at the SISY conference in 2019 [4], we
showed in outline the steps of determining the software performance that can be
used in the HAD project of the Obuda University. Based on this, we present now a
detailed analysis of the F-FXLMS algorithm and the test results performed with a
vehicle with video sequences.

The essence of the adaptive filtering algorithm for determining embedded KPIs is
based on the interpretation of the transfer function (W function) between different
inputs and outputs.

Generally, to determine the embedded KPIs as a transfer function must be defined:

input objects (see Fig. 1) of the transfer W function of the F-FXLMS filter (in
Obuda University HAD Software see Fig. 1 defined by the Generation 5 video
signals [11]), the environmental, digital signal processing parameters (period
sampling), as well as uncertainty values on the input side [5].

At the same time, the outputs are the detected objects via object lists like object
center, object width, and length. These parameters of the signal processing chain,
are covering areas of the transfer function whose size far exceeds the unit, with the
consequence that the number of interfering main pulses may increase [6].

The purpose of embedded filter-based performance analysis, is to define the
maximum amount of transfer W function based on algorithmic uncertainty [7].

Determining the real-time filtering parameters for the optimal F-FXLMS
illustrates, that it cannot be used to analyze stationary signals in specific frequency
ranges. However, embedded considerations are needed to determine the duration
of the entire system (in fuzzy filtering: via the neuro-estimated secondary path).
These runtime additions extend the interpretation of the maximum stable filter
parameter when viewing a specific frequency range.

The Matlab System Identification Toolbox [10] was recently released for the
embedded, real-time analysis, of the classical FXLMS filtering and its filter
behavior for autonomous driving projects, as approved for given microcontrollers.
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Figure 1
Obuda University Human Autonomous Driving (HAD) software performance based on the input list
(here n=127 video detected objects (points)) the time period, diverse environmental conditions, and the
output (vehicle object lists; m=4, with centrum of the object x,y, and the width W and length L) (based
on [14])

Driving

0Lt o e e —————————

RT De:c.lsmn Making Driving
and Driving Maneuver
Control Maneuvers

Percepton Subsystem Low-level Control
WORLD MODEL VECHICLE INTERFACE

- A Priori information -Speed control

- Sensors -Steering control
V2V and V2| Communication -Other actuators

Figure 2
Autonomous Driving Control Application. The Obuda University Autonomous Driving Project is
engaged with the Perception Subsystem (video) software key performance indicators, KPIs [14].
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In this work, we examine one of the software modules of the Software Sensing
Subsystem of the Autonomous Driving Project of the Obuda University and test
our results in the real world as well in the form of testing with specific vehicles
(Figures 3, 4). This software module is responsible for the sensor fusion detected
on the video and radar channel, the “Perception” subclass.

To determine the embedded performance of the software module, we examined
the analytical form of the W transfer function and the analysis of simple secondary
sections with a clear delay. In possession of these, the maximum filter parameter
of the F-FXLMS algorithm can be determined. Analysis of the poles of the W
function provides data for the performance of the software module. This pole is
related to the secondary path of the filter and the filter parameter and can be
analytically expressed as required for embedded systems by maximizing the filter
coefficients.

The application of the algorithm in the form of real-time measurements was
performed within the framework of the Autonomous Driving Project of the
University of Obuda.

Our work presents in Sec. 11, the basics of classical and fuzzy filtered (F-Fx) LMS
algorithm. Afterward, in Sec. Il1, the designed procedure for autonomous driving
software performance is presented. Sec. 1V, provides the first results and Sec. V
offers the Conclusions for this work.

Figure 3
Function structure of Obuda University Autonomous Driving Software Sensor C++ system function
component to be controlled by Fuzzy-FXLMS system [14]
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Figure 4
Eclipse Environment of Obuda University Autonomous Driving Software Sensor C++ system function
component to be controlled by Fuzzy-FxLMS system [14]

2 F-FXLMS Algorithm for KPI Determination

2.1 FXLMS Algorithm

In this chapter, we are engaged with the classical FXLMS embedded real-time
active control of highly autonomous driving software system and controller
functions defining embedded performance issues.

The classical (non-fuzzy) FXLMS algorithm can be applied to both feedback and
feed-forward structures.

Figure 5, shows the block diagram of a feed-forward FXLMS system.
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x(n) is the reference signal
P(z) is the primary path represented by an IIR filter
d(n) is the output of P(z)
W(z) is an adaptive filter updated by the FXLMS algorithm
y(n) is the output of W(z)
)

is the secondary path represented by an IIR filter

y'(n) is the output of 5(z)

e(n) = d(n) - y'(n) is the error signal

S~(z) is a fixed FIR filter from the off-line modeling mode
x'(n) is a filtered reference signal used by the FXLMS algorithm

Figure 5
“Classical” FXLMS algorithm. In the fuzzy modified version, the off-line modeling mode of the
secondary path is realized by a neural network with fuzzy activation functions focused on the
convergence optimum of the real-time embedded growing equation

In Figure 5, P(z) resolves the primary path between reference input signal source
and error path. S7z) is purchased offline and fix stored during the real-time
transaction of the performance determination, and z is the filter space variable, and
n is the time-space variable [12] [13].

The interpretation for the residual error e(n) is given as

e(n) = d(n)-y'(n) 1
where:

y’(n) is the filter output y(n) refined through the secondary path S(z),

and y’(n) and y(n) computed as follows:

y'(n) =s"(n)y(n) 2
y(n) =w'(n) x(n) ©))
where:

w(n) = [Wo(n), Wy(), ..., We.(n)]"
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is a weight vector, and
x(n) = [x(n), x(n-1),....x(n-L+1) 1"
is the reference signal preferred by the reference signal.

Consequently, there is no feedback from the secondary path to the reference
signal.

The FXLMS update equation for the coefficients of W(z) is given as:
w(n+1) = w(n) + ue(n)x’(n) (4)
where x’(n) is the reference signal.

x(n) refined through secondary path model S“(z), and u is the gain factor of the
adaptive system [6] like:

x'(n) = $7(n) x(n) ®)

2.2 Fuzzy FXLMS Algorithm

In the adaptive digital signal processing, one of the most usable controllers is the
fuzzy-filtered (x) -least mean square (F-FXLMS) algorithm, which is based on the
second-order moment of the e(n) error signal (see Fig. 3) with non-periodical
reference. The “fuzzy filtered” means that [8] [9]:

The S7(z) estimation path, the model of the secondary path S(z), is
realized with neural nets by fuzzy activation functions. These
membership functions could be derived from measurement results so
that the real-time growing equation is:

W(n+1) = w(n) + ue(n)e(n)x’(n)

converges and is optimal. Here the classical gain factor u is also
modified as a function (ur(n)) and depends on the error function e(n).

Technically, the new update equation is modified based on the thresholding
parameters. In the available autonomous driving systems, these thresholding
parameters need to be estimated offline with a secondary path neural network.
They cannot be updated during the online operation of autonomous driving
detection systems.

For an in-depth study on fuzzy filtered F-FXLMS algorithm with neural nets, the
reader may refer to [8] [9].
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3 Procedure

The spirit of the embedded KPI algorithm based on the F-FXLMS algorithm can
be seen in Figure 6. In this case, the transfer function, realized by a filter H(z) is
responsible for the adaptive filtering as a fuzzyfied transfer function between the
input vector and the error signal e(n), the “primary path”, while S(z) is the
secondary transfer function followed by W(z), which identifies the embedded
performance of the software.

Softwareoutput x‘(n)

Sensorinput x(n) e(n)

Neural Network

Figure 6
Detailed flow-chart of the procedure

The input video sensor signal x(n) is branched to three paths. First we passed it
through the software module to be tested, where the x’(n) is obtained, thru the
module algorithm and is passed secondly, to the transfer function H(z).

In the third step, the video signal is applied to the adaptive filter W(z) and finally,
to the block expressed by the neural network S°(z), synthesizing the test results,
which models the primary path.

We need to compare the output of this with the output of the software module to
be tested, which can be done with the coefficients of the adaptive data channel
filter W(z2).

The core of our F-FXLMS based procedure is that the strength (necessity) of the
adaptation is proportional to the key performance of the software module.
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That is, the closer we are to the metric of the learned video signals, or the fewer
steps we have to realize for convergence, the more efficient the software module.

We can control the comparison and the convergence study with the F-FXLMS
algorithm. The task of the primary path (S(z)) is to compare the signal y(n) from
the adaptive filter and the sensor input and the signal d(n) of the sensor input
modified by the software.

Another advantage of our method is that the neural network can be shaped easily
by performing a sufficient number of tests. The neural network determines the
direction of convergence and the nature of the reference. Otherwise, the method
would not be possible in an embedded environment. With the right neural network
model, the system can react immediately to changes in the input signal caused by
changes in traffic systems. However, the performance of the software system
depends primarily on the fuzzified transfer function of the neural network model
of the secondary path.

4 Results

The embedded performance algorithm has been approved with the platform
software of the Obuda University (see Figure 2 before) using real data video and
radar sequences.

In Figure 7 above, the video image is shown on the left, from which the sensor
detects 137 possible objects.

The perception subsystem, where the real-time performance algorithm was placed,
detected two objects (red crossed) as automobiles (out of 137), as shown above on
the right in Figure 7. The figure below shows an image in a tunnel where the video
chip indicated 1209 possible objects, but in reality, there is only one correct object
(marked with a red cross).

In the form of crosses in yellow shown in Figure 8, the software error.
This error is expressed in a real-time adaptive manner by the F-FXLMS algorithm.

Figure 9 shows the performance of various measurements. The x-axis shows the
time and the vertical axis, the performance value. Square objects are characterized
by correct detection to characterize the increase in performance. The excellent
quality of the fuzzy adaptive filter is characterized by the fact that the system can
respond immediately to changes in the state in milliseconds.

The rectangles are also related to the quality of the video chip. Hardware impulses
the appearance of objects.
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Figure 7
The video image is shown on the left, from which the sensor detects 137 possible objects. The
perception subsystem, where the real-time performance algorithm was placed, detected two objects
(yellow crossed) as automobiles (out of 137), as shown above on the right. The figure below shows an
image in a tunnel where the video-chip indicated 1209 possible objects, but in reality there is only one
correct object (marked with a yellow cross) but now is a wrong position.

Figure 10 shows a comparison of the algorithms (traditional FXLMS and the new
fuzzy version we developed) based on 60 endurance (long-range) tests.
The average KPI of the test indicated by a dot in the figure. In the figure on the
left, where the test using the Video Generation 5 chip shown, it can be observed
that the two methods provide approximately the same characteristics. However,
there is a significant difference with the use of radar, which is shown in the figure
on the right. It can be seen here that the fuzzy algorithm varies much more
intensely based on tests than the traditional FXLMS algorithm. This is due to the
detection uncertainty of the radar, which can be characterized by the
intensification of the uncertainties. This fact is excellently represented by the new
F-FXLMS algorithm.
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< Detected position
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Figure 8
The distance between the detected (yellow) and software-provided (red) centers represents
performance, which is determined by the necessary iteration step of the adaptive filter. This error is
expressed in a real-time adaptive manner by the F-FXLMS algorithm.

Performance

Figure 9
The performance diversity of various HAD video-based measurements. The x-axis shows the time and
the vertical axis the performance value. Square objects are characterized by correct detection to
represent the increase in performance. The good quality of the adaptive filter is symbolized by the fact
that the system is able to respond immediately to changes in the state in milliseconds. The rectangles
are also related to the quality of the video-chip
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Figure 10

The KPI for video and radar long-range, endurance experiments, for FXLMS and our new fuzzy
F-FxLMS algorithm

Conclusions

In this work, we tested the Highly Automated Driving (HAD) project, of Obuda
University. It is important to determine the quality of the various software
elements, in an environment characterized by embedded microcontrollers, in real
time, in the vehicle.

The advantage of the method, is that by performing a sufficient number of tests,
the neural network based digital filter, could be seen as a key object defining the
performance of a software module in a real environment. The neural network
determines the direction of system convergence and the nature of the reference.
Otherwise, the method would not be possible for use in an embedded
environment.

With the right neural network model, the system can react immediately to changes
in the input signal caused by changes in traffic systems. The performance of the
software system depends primarily on the fuzzified transfer function of the neural
network model of the secondary path.

During the first part testing the performance indicators of the HAD system, we
performed endurance long-range vehicle tests where we can present the
performance of the video and radar perception software module as a one-
dimensional signal (see Figure 9).

This signal is determined in real time, i.e. when providing control of the vehicle, it
provides useful information for possibly switching on other sensors, when
performance decreases.

Our future plans for the HAD project and the definition of performance, include:

1) Development and implementation of an additional large number of test
scenarios;
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2)  Involving the performance of other sensors;
3) Examine the performance of the sensor fusion algorithm;
4)  The systematic alteration of neural networks.
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