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Abstract

Evolvable Hardware (EHW) has the potential to become
a new target hardware for complex real-world applications.
However, there are several problems that would have to be
solved to make it widely applicable. This includes the dif-
ficulties in evolving large systems and the lack of general-
ization of gate level EHW. This paper proposes new meth-
ods targeting these problems, where a systemis evolved by
evolving smaller sub-systems. The experiments are based
on a simplified image recognition task to be used in a
roadway departure prevention system and later in an au-
tonomous driving system. Special concern has been given
to improve the generalization of the system. Experiments
show that the number of generations required for evolution
by the new method can be substantially reduced compared
to evolving a system directly. This is with no reduction of
the performance in the final system. Improvement in the
generalization is shown as well.

1 Introduction

Evolvable hardware (EHW) has recently been intro-
duced as anew schemefor designing systemsfor real-world
applications [17]. So far the number of applicationsislim-
ited.

One of the main problemsin evolving hardware systems
seems to be the limitation in the chromosome string length
[11, 19]. A long string is normally required for represent-
ing a complex system. However, alarger number of gener-
ationsis required by genetic algorithms (GA) as the string
increases. Thus, work has been undertaken to try to dimin-
ish this limitation. Various experiments on speeding up the
GA computation have been undertaken [3]. The schemes
involvefitness computation in parallel or a partitioned pop-

ulation evolved in parallel. When small applicationsrequire
weeks of evolution time, there would probably be strict
limitations on the systems evolvable even by parallel GA.
Other approaches to the problem have been by using vari-
able length chromosome [8]. Another option, called func-
tion level evolution, isto evolve at a higher level than gate
level [12]. Most work isbased on fixed functions. However,
there has been work in Genetic Programming for evolving
the functions [10]. The method is called Automatically De-
fined Functions (ADF) and is used in software evolution.

Another improvement to artificial evolution— called co-
evolution, has been proposed [7]. In co-evolution, data
which defines the problem co-evolves simultaneously with
apopulation of individuals solving the problem. This could
lead to a solution with a better generalization than a so-
lution evolved based on the initial data. A variant of co-
evolution — called cooperative co-evolutionary algorithms,
has been proposed by De Jong and Potter [9, 14]. It con-
sists of parallel evolution of sub-structures, which interact
to perform more complex higher level structures. Darwen
and Yao have proposed a co-evolution scheme where the
subpopulations are divided without human intervention [5].

Task decomposition for robot controllers have been pro-
posed in several different ways. Chavas et al [4] have devel-
oped a two-stage system using incremental evolution for a
neural network based controller. Another method, proposed
by Leeet a [11], evolves a distributed control architecture.
Every module only deals with the sensory information di-
rectly related to its particular need.

Incremental evolution for EHW was first introduced in
[16] for a character recognition system. The approach is a
divide-and-conguer on the evolution of the EHW system,
and thus, named increased complexity evolution. The goal
is to develop a scheme that could evolve complex systems
for real applications. In this paper, it is applied to a new
application and several improvementsin the EHW architec-
ture are introduced. These should improve the generaliza-



tion of gate level EHW. The application is to compute the
orientation of line markingsin road images. Thisis of in-
terest to vehicle safety systems and autonomous driving.
The next section introduces the increased complexity
evolution, the new application and the proposed improve-
ments in the EHW architecture. Experimental results are
given in Section 3. Finally, Section 4 concludes the paper.

2 Increased Complexity Evolution

In this section, the increased complexity evolution
scheme is proposed for an EHW-based road image recog-
nition system. The system is evolved to detect the posi-
tion of a car in the road. The evolution is based on a set
of simplified road images, similar to highly pre-processed
real images. The purpose of applying increased complexity
evolution isto overcomethe problem of along chromosome
string. Most of the derived principlesin this section are gen-
eral and could be applied to many different problems. The
ideaisto evolve a system gradually asakind of divide-and-
conguer method. Evolution is first undertaken individually
on a set of basic units. These could be gates or higher level
functions. The evolved functions are the basic blocks used
in further evolution or assembly of alarger and more com-
plex system. This may continue until a final systemisat a
sufficient level of complexity.

2.1 Approaches to Increased Complexity
Evolution

The main advantage of the method isthat evolutionisnot
performed in one operation on the compl ete evolvable hard-
ware unit, but rather in a bottom-up way. It may be looked
at as a division of the problem domain. The chromosome
length can belimited to allow faster evolution. The problem
of the approach would be how to define the fitness functions
for the lower level sub-systems.

Two aternatives seem possible:

o Partitioned training vectors. A first approach to in-
cremental evolution is by partitioning the training vec-
tors. For evolving atruth table - i.e. like those used in
digital design, each separate output could be evolved
separately. In this method, the fitness function is given
explicitly as a subset of the complete fitness function.

o Partitioned training set. A second approach is to di-
vide the training set into several subsets. This corre-
sponds to the way humans learns: Learning to walk
and learning to talk are two different learning tasks.
The fitness function would have to be designed for
each task individually and used together with a global
fitness function, when the tasks are operating together.
Thismay not be atrivial problem.

2.2 Image Recognition

Image recognition is a large research field including nu-
merous problems. Several issues make it an interesting
problem to be solved by EHW:

e Operationson many pixelsin animage that can be per-
formed in parallel.

e Large amount of computationisrequired in real-time.
e On-line adaptation to change in light conditions etc.

The systems in mind here are for real-time image recogni-
tion. That is, images arrive to the classification system at
a set frequency. Thus, a decision would have to be made
on the amount of time spent for analyzing each image. If
each image is going through a detailed analysis, a smaller
number of images could be processed compared to a less
detailed analysis.

Images input by a camera are digitized and then put
through a large number of processing steps (e.g. noise
removal and thinning) before the recognition can be per-
formed. Each digitized pixel in an image has a fixed hum-
ber of levelsto represent its color and intensity. For many
applications this could be well below 32 bits, which is the
default floating point representation as further detailed in
the next section.

2.3 Vehicle Safety Systems
tonomous Driving

and Au-

The target for the research presented in this paper isin
the near future to design a warning system for preventing
roadway departures — e.g. caused by driver inattention. In
the more far future, the approach could be applied in a sys-
tem for autonomous steering of a vehicle. The rest of the
paper focus mainly on the latter system, as the former sys-
tem may be regarded as a subset of the latter. However,
some comments are included on how to apply the approach
for aroadway departure warning system.

Several requirements exist for such systems[1]:

o Adaptable to different road and weather conditions.
e Reliable

e Compute a lot of data rapidly (real-time computing
system).

e Low-cost

All theseitemsare properties that can be provided by EHW.
Through the use of the optimization by GA, EHW could
have the potential of providing better solutions to the re-
guirements above, than what has been possible with tradi-
tional methods and technologies. E.g., the two last items



are often conflicting requirements. Traditional systems are
normally based on integer (16 bit) or floating point compu-
tation (32 bits). EHW, on the other hand, could be based on
one hit signals. Several such signals can be assembled into
asigna with ahigher resolution. Thisimpliesthat a system
could be designed with an adapted signal resolution. Thus,
it must be shown that an application can perform well with
aprocessing based on signalswith less resol ution than stan-
dard values. If thisis possible, EHW-based systems could
be built with less hardware than traditional systemsand then
provide alower cost in commercia systems.

2.4 An EHW-based Steering Control Sys-
tem

A system for autonomous driving would have to con-
sist of many sub-processing systems, since several different
input sensors and outputs to units to be controlled are re-
quired. The vision system analyses the inputs and makes
decisionson how the driving should proceed. One approach
to driving control is partially based on line-marking detec-
tion, analyzing pre-processed input images where mainly
only line marking are left [2]. Outputs go to steering-
wheels, cruise control and braking system. Thisisahighly
complex system. It would not be realistic to be designing
such asystem in one step using EHW.

Thework would haveto start by some limited and possi-
ble simplified part of the system. Thus, the work to be pre-
sented herein is based on a very simplified steering control
system. It inputs images of lane markings. These are pro-
cessed by EHW to decide the orientation of the line mark-
ings. Thisinformation can then be used to steer the wheels.
No concern about braking and cruise control are given here.
Further, it is assumed that there are no obstacles or other
cars present in the road. The goa of these initial experi-
ments is to show that applying EHW is of interest to the
given real-world application. If appropriate, future work
would have to be on more complex road images. Similar
systems, e.g. ALVINN [13], have been designed using neu-
ral networks. An EHW system may not necessarily outper-
form these systems in performance. However, it may very
well outperform them on issues like adaptability, real-time
performance and cost.

The evolution will be based on gate level. However, as
several output bits will be used to represent an input im-
age, this increases the signal resolution above the normal
two levels. The target EHW is an array of logic gates as
illustrated in Figure 1. This array can be configured in the
Xilinx XC6200. The array consists of n number of layers of
gates from input to output. Based on earlier experience, n
equal to four isused in the following experiments[18]. Fur-
ther, 32 gates are applied in each layer of the array. Except
for layer 1, the Logic Gate (LG) is either a Buffer, Inverter,
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l isconnected
to the outputs of two gatesin layer [ — 1. The function of
each gate and its two inputs are determined by evolution.
The encoding of each logic gate in the binary chromosome
string is as follows:

| Input 1 (5bit) | Input 2 (5 bit) | Function (2 hit) |

The gates in layer 1 use a simplified coding consisting
of only one bit to distinguish if the function is a buffer or
inverter. One of the main goals of this work is to reduce
the evolution time for complex problems. The number of
generations required for evolving a gate array N, could be
represented as follows:

Ng:f(NtvNiaNo,Nc) D

where N, N;, N, and N, are the number of training vec-
tors, number of input gates, number of output gates and
number of chromosome bits, respectively. Intheresults sec-
tion, adiscussion of this equation isincluded.

The evolution is undertaken off-line using software sim-
ulation. However, since no feed-back connections are used
and the number of gates between the input and output is
limited to n, the real performance of such a digital system
should equal the ssimulation of it. Any spikes could be re-
moved using registers on the output gates.

The application to be used in the experimentsisthe prob-
lem of recognizing the orientation of line markingsin road
images of 8 x 4 pixels size, where each pixel can be “0” or
“1". Examples of images are seen in Figure 2. A hatched
squareindicatesa“1”, while anon-hatched square indicates
a“0". These images are hand coded and it is assumed that

1Buffer and Inverter gates have only one input.
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Figure 2. Examples of three training vectors.

all objects other than line markings are already removed
from the images. This has shown to be possible in other
autonomous driving systems, based on pre-processing the
input images [2]. The set of images used in the evolution
consists of 13 images. In areal system, both the image size
and the gate array size would be much larger and require
a much larger number of training images. Each of the in-
put pixelsis connected to one input gate. The output vector
indicates the direction to turn the steering wheels for the
corresponding input image. That is, if the line markingsin
the input image indicate a turn to the right, we would like
the system to indicate a turn to the right on its outputs. To
apply the system for roadway departure warning, a set of
abnormal output vectors could lead to the activation of an
alarm.

2.5 Clustered Outputs.

Output for cluster size=1

Output for cluster size=8

Figure 3. An input image gives aresponse on
a cluster of outputs, when the output should
present “straight ahead”.

Earlier experiments — classification of characters, have
shown the limitation in noise robustness of gate level cir-
cuits, when only one output gate is assigned to each charac-
ter the system is trained to recognize [18]. Thus, it is here
proposed that for each input vector, a cluster of nearby out-
puts are set to “1”. Different cluster sizes are illustrated in
Figure 3 for the 16 outputs used in the road image experi-
ment. As above, a hatched sgquare indicates that this output
is“1”, while a non-hatched one is “0”. This figure illus-
trates driving straight ahead, while turn right and turn left
would have a cluster shifted to the right and left, respec-
tively. When the cluster size is larger than one, an average
output value is computed based on the outputs equal to “1”.
Thus, when dightly different images are input — as a test
of generalization, it is estimated that better performance is

obtained, when more than one output gate are to be set to
“1". stll, the performance will probably be below what
could be obtained by floating point computation (e.g. ar-
tificial neural networks). However, a gate array hardware
is a very much smaller than a floating point processor and
therefore, it could provide a low-cost system. Further, the
parallelized operations on pixels in an image make such a
system scalable and it could process alot more data than a
program running on a single processor. By increasing the
amount of data analyzed — both the number of pixelsin an
image and the number of images per second, it may show
to be possible to use a limited precision in the computation
of each pixel in the image. Thus, using alarge number of
two-level pixels could be as valuable as processing a lesser
number of multilevel pixels. The precision level required
for acceptable performance can only be found by undertak-
ing experiments on real data.

In the automatic steering application, we do not need to
classify an image into aunique class, but rather indicate the
approximate orientation of the steering wheels on the road.
Thus, a small deviation from the correct output (according
to the training set) value is acceptable. Further, in this ap-
plication, the next output value will always be similar to the
present one. Therefore, to further improvethe robustness of
the system, a comparison of the last previous output values
could be undertaken. Thisisillustrated in Figure 4, where
the steering is based on the short history of former outputs.?
In aroadway departure warning system this part will beim-
portant as well, to predict the probability of a roadway de-
parture.

Shift Registers

Ressman N

Comparator

Figure 4. Including previous outputs in the
present output computation.

Logic Gate Array

Each output from the gate array isfed into a shift register.
When the outputs of anew image are available at the outputs
of the gate array, the values are shifted into the leftmost bin
of the shift register. All the other stored values are simulta-
neously shifted one position to the right. In this operation,
the value in the rightmost bin isremoved from the shift reg-
ister storage. Each bit in the shift register is further input
to a comparator, which computes the output value mainly

2This feature has not been included in the following experiments.



based on the present® input, but can compare it with the
previous outputs. Therefore, the comparator would have to
include some weight values to indicate how much old out-
puts should be allowed to influence the present output. A
strong influence preventsrapid (and maybe wrong) turns of
the steering wheels, but may lead to a slow response, when
arapid turn is demanded. Another possibleimprovement is
to weight the inputs. Some pixels — e.g. those in the area
corresponding to the line markings, would be more impor-
tant than other pixelsin an image.

2.6 Increased Complexity Evolution Ap-
plied to the Road Image Experiment

‘[ Evolved |
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| Directly | } sub-systems }
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Figure 5. The increased complexity method
applied for designing systems for recogniz-
ing four different images A, B, C and D. This
is for an output cluster size equal to 1.

The aspect of increased complexity evolution is intro-
duced by the way the evolution is undertaken as seen in
Figure 5. This correspondsto the partitioned training vector
approach presented in Section 2.1. We compare evolving a
system directly to evolving sub-systems. In the former case,
the system is evolved to classify all training vectorsin the
training set. In thelatter case, an evolved sub-systemisable
to classify a subset of the training vectors—as shownin Fig-
ure 5. That is, each subsystem input all the 32 input pixels
and all training vectors are applied during fitness evalua-
tion. However, each subsystem has alimited number of out-
puts. In this way, the sub-systems are evolved without lack
of generalization. That is, when all evolved sub-systems
are operated in parallel, they provide the same generaliza-
tion as the directly evolved system. The benefit isthat each
gate array is smaller and thus, should more easily become
evolved to perform the correct operation. The assignment
of output gates to a subsystem is shown in Figure 6, where
the output vector is represented in the same way asin Fig-
ure 2. For this application, the integration of sub-systems
are straightforward by running them in parallel. Dividing a

3Given in the leftmost position of the shift register.

task into simpler ones has earlier been proposed for parallel
processing applied to neural networks [15]. However, the
major issue in thiswork isthat by using EHW, it is possible
to make a scalable low-cost system. Thisis for the reasons
discussed in Section 2.3.

iSubsystemli
LLT-T1

iSubwstemNi
[ [[-T]

Figure 6. Assignment of outputs to subsys-
tems.

Except for the output layer in the gate array, 32 gates are
applied in each layer in the array. Thus, the complete sys-
tem will be larger as the number of sub-systems increases.
The main motivation for this work isto alow for evolution
of complex systems and limiting the number of gatesis not
regarded as an important topic. The reason for this is that
the main problem of today’s research seemsto bethelack of
evolutionary schemes overcoming the complex system de-
sign issues, more than the lack of large gate arrays. In each
new generation of CMOS chips, the number of digital gates
available on a single chip increases substantially. In fact,
by reducing the amount of information to be represented in
adigital circuit, the number of generations required by GA
could be reduced as well.

The simple GA style — given by Goldberg [6], was ap-
plied for the evolution with apopul ation size of 50. For each
new generation an entirely new population of individualsis
generated. Elitismisused, thus, the best individual from the
previous generation is carried over to the present generation
if no individual in the present generation is any better. The
(single point) crossover rate is 0.9, thus the cloning rate is
0.1. Roulette wheel selection schemeis applied. The muta-
tion rate - the probability of bit inversion for each bit in the
binary chromosome string, is 0.001.

The fitness function is equal to the sum of the number
of correct outputs for each training vector, summed for all
the vectorsin the training set. That is, for each output gate
of the gate array that matches the output specified in the
training set, 1 is added to the fitness function.

For each experiment presented in the next section, ten
different runs of GA were performed. For each run, when a
circuit for which the maximum scoreis obtained, the evolu-
tion is stopped and the number of generationsis stored for
comparison with the other runs. For theten runs, quite often
only afew of them resulted in acorrectly classifying circuit.
This was due to GA reaching the set maximum number of
generations before a correctly classifying circuit had been
found. Thus, it isimpossible to compute any redlistic av-
erage or variance analysis for the ten runs. Therefore, only
the number of generations for the run requiring the least
number of generations of the ten different runsis reported
in the result section. This circuit may not be providing the



same (or as good as) performance as a circuit evolved by a
larger number of generations. However, this topic is to be
considered in future work.

3 Resaults

In this section, various aspects of evolvable hardware are
investigated through different experiments. The results pre-
sented herein are the first to be published on the increased
complexity evolution applied to road image detection. Thus,
there are three goals of the work. First, to show the bene-
fits of the increased complexity evolution method and sec-
ond, to show the benefit of applying clusters of outputs
on the generalization of gate level EHW. Third, to see if
EHW seems applicablefor the rea -world application of au-
tonomous driving.

Cluster size 1 2 4 8

# of generations | 13174 | 14466 | >30000 | >30000

Table 1. The results of evolving circuits for
classifying the road image training set (direct
evolution).

Initially, we would like to see if there are any difference
in the number of generations required for different output
cluster sizes. Table 1 shows the number of generations re-
quired for direct evolution of asystem, when the cluster size
varies. The evolution stops when a circuit outputs correct
values according to the training set. The number of genera-
tions increases with the cluster size. Thisis understandable
sincethe gate array would have to overlap the output values
equal to "1" for alarger number of different images as the
cluster sizeincreases. Still, we would like to apply the sys-
tem with the best performance rather than the one that could
be evolved in fewest possible generations.

Next, we would liketo find out if the increased complex-
ity evolution results in alower number of generations. The
results are given in Table 2 for a cluster size equal to four.
If the evolution is undertaken in one operation no circuit is
found* that correctly classifies al training images. A sys-
tem based on real images would definitely not be evolvable
in one operation, since there are difficulties in evolving a
system in one operation for this simplified application. As
the number of outputs to be evolved is reduced, the number
of generationsis decreased. In average, for each diving by
two undertaken, aratio of about four times less generations
is required. This is the same as for an earlier conducted
character recognition experiment [18]. A larger number of
generations is required for sub-systems classifying center
outputs than those on the left side and right side. Thisis

4The maximum number of generations was set to 30000.

due to the fact that many training vectors have their output
clustersin the center area.

When an input image, which should not lead to a re-
sponse on any of the outputs from a sub-system, the sub-
system is evolved to output the value O on each output.
Thus, thefinal systemsstill has the same classification abil-
ity as the system evolved in one operation.

Equation (1) givesarelation between various parameters
and the number of generations required. In the experiments
conducted here, only N, and N, varies. Thus, they arein-
cluded Table 2. The column with N, N, lists the product
of these two numbers. An interesting observation from the
experiments are that:

1 n.
N, ~ 121 2No N, N, 2

In these experiments, the N, is the mgjor contributor to
Ng4. Thus, the chromosome string needs to be evolved to
solve a more complex problem as N, increases. Further,
the chromesome string length IV, increases as well.

Cluster size 1 2 4 8
Percentageerror | 39.0 | 40| 40 | 190

Table 3. The results of applying a test set to
the evolved systems.

An important feature of an image recognition system is
the generalization ability. To test this aspect, a separate test
set was made. It consists of 26 images (twice the number
used for theevolution). Itismade by modifying 1to 5 pixels
near the line markings in the training set images. The test
set was applied to test how well the systems classify slightly
different patterns from those used in the evolution. Only if
the output cluster® is more than one output away from the
correct one, the image is said to give awrong output. This
is possible since we aim at having a response in the cor-
rect area, rather than at the exact output. Table 3 showsthe
importance of applying the clustered output method, when
the test set is employed. A cluster equal to one gives the
worst performance. Thus, demanding a single output to be
oneisvulnerable. For some images all pixels became “0”,
when the cluster size was equal to one and two. This often
leads to alarge (and unacceptable) error as seen in Table 4.
Thisisamajor failure that could not be accepted in reliable
system. The best cluster size is equal to four, where the
maximum error is 1.5. The computation of the cluster aver-
age could probably be improved in such a way that larger
cluster sizes could provide better performancesin the cases
when the output cluster sizes are larger or smaller than ex-
pected. Thus, these results indicate that it should be worth
testing the scheme on real images.

5A cluster avarage val ue is computed based on the nearby outputs equal
to“1". A“0” in betweentwo “1"sareregarded asa“1".




Number of (sub)systems | N. | N, | N,N, Number of generations Total (Ng)
Ore (1,...,16) 992 | 16 | 15872 >30000 >30000
Two (1.,...,8),(9,...,16) 896 | 8 | 7168 8579,4749 13328
Four (1,...,4),...,(12,...,16) | 848 | 4 | 3392 59,1389,2720,58 4226
Eight (1,2),...,(15,16) 824 | 2 | 1648 9,16,111,179,475,163,35,1 989
Sixteen (2),...,(16) 812 | 1 812 | 1,1,1,1,10,44,15,21,44,32,1,42,1,1,1,1 217

Table 2. The results of evolving circuits for classifying the road image training set, for an output

cluster size of four.

Difference between correct and predicted output values
Cluster size | 0 | £05 | +£1.0 | £15| +2.0 | £25| +3.0 | £6.0 | +7.0 | £80 | +9.0 | £10.0
1 13 3 2 2 1 1 4
2 15 7 3 1
4 14 2 9 1
8 15 4 2 2 1 2

Table 4. The number of test vectors with a certain deviation from the correct output value.

4 Conclusions

In this paper, a scheme, called increased complexity evo-
[ution, is proposed for an EHW-based system for road im-
age classification. The system is to be applied in a road-
way departure warning system and later in an autonomous
driving system. Clusters of outputs are used to improve the
generalization ability of gate level circuits. The method is
based on sub-system evolution for the design of complex
systems.

The experiments are based on simplified images. There
are several important results from the simulations. First, the
total number of generations can be substantially reduced
by evolving sub-systems instead of a complete system in
one operation. When there are difficultiesin finding a cor-
rect working system for this simplified application, a sys-
tem based on real data will be even worse to evolve in one
operation. Second, by applying clusters of outputs instead
of single outputs, the generalization and reliability of gate
level circuits areimproved. The robustness could be further
improved as indicated in the paper. Third, the road image
detection scheme is promising and experiments on real im-
ages should be undertaken next.
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