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Abstract ported generalize across several environments. We begin by

discussing the particular domain that we are interested in
In this paper, we describe the use of Genetic Program- developing feature detectors for, robot obstacle avoidance.
ming (GP) techniques to learn a visual feature detection We then briefly summarize some related work in the area
for a mobile robot navigation task. We provide experimen- of feature detection. Next, we describe our experimental
tal results across a number of different environments, eachsetup, and then give the results of our experiments. Finally,
with different characteristics, and draw conclusions about we offer some conclusions from this work and discuss the
the performance of the learned feature detector. We alsodirections in which we would like to take it.
explore the utility of seeding the initial population with a
previously evolved individual, and discuss the performance

2. Genetic Programmin
of the resulting individuals. 9 9

Genetic Programming (GP) is a Genetic Algorithm [2]
where the individuals are programs, represented as parse
trees. The set of nodes used for a given problem is chosen
by the programmer for the problem domain. In GP par-

Feature extraction from images is a difficult task. As- lance, nodes with no children (leaf nodes) are dubbed ter-
sumptions about the nature of the environments, and howminals, those with children (internal nodes) are called func-
they appear in images often prove to be incorrect, causingtions. Trees are created by randomly choosing a node for the
the performance of feature extractors to be lowered. In thisroot, then choosing random nodes for each of its arguments
paper, we discuss our experiences using Genetic Program(children), and similarly for their arguments, etc. A fixed
ming (GP) techniques [7] to evolve a visual feature detec- number of trees are randomly created this way, and each
tion algorithm to be used for obstacle avoidance on a mobileone evaluated, and assigned a real number that measures
robot. how well it solves a given problem. The assigned number is

Since such algorithms are often fine-tuned to work on called the fitness. Next, individuals are randomly selected,
their particular training set, we have performed a series of with fitter individuals more likely to be chosen. The se-
experiments across different environments, each with itslected individuals are either copied verbatim into the new
own distinctive characteristics and challenges. By taking in- population (replication), or undergo crossover. Crossover
dividuals evolved to deal with one environment and running works by selecting a random node in each of two parents
them in each of the other environments, we hope to gain aand swapping the subtrees rooted at those nodes, then in-
better understanding of what is needed in a training set forserting both of these new individuals into the population.
optimal performance in this particular task. We also explore Once the required number of individuals are created in this
the use of a previously-evolved seed individual in the initial way, their fitness is measured and the process repeats for a
population in order to ensure evolutionary success and highfixed number of generations. Typically, the individual with
fitness levels. the best fitness is designated as the result of the GP run. Cre-

The work reported here is a direct extension of Martin’s ation and crossover are constrained so that resulting trees
[9], and attempts to test how well the results previously re- are viable programs.

1. Introduction



evolved (rather than hand-written) seed individual, at the ef-
fects of training and testing in different environments and,
in the long run, at using GP for learning programs for more
general visual detection problems.

4. Related Work

Figure 1. Environment and detected features
from Martin [9].

Several researchers have applied GP to finding things in
images. The most directly related to the work proposed here
is by Martin, and is described above.

GP essentially performs a search through the space of Harvey, Husbands and Cliff [3] use GP to evolve the con-
possible programs. It is more computationally efficient than trol and morphology of an extremely simple vision system
an exhaustive search, but at the expense of the quality offor a gantry-based mobile robot. The system consists of
the final solution. GP is not guaranteed to find the optimal three receptive fields, and their position is learned by GP so
solution, but often succeeds in finding a good one. GP isthat they can detect a small number of simple targets. Lut-
also able to overcome some of the local optima problemston and Martinez [8] investigate the use of GP to learn pro-
associated with local search techniques. grams that extract geometric primitives from images. Inter-
estingly, they found that the evolved programs were compli-
mentary to the widely-used Hough Transform [5]. For sim-
ple primitives, up to three parameters, the evolved programs
perform poorly, and the Hough Transform is the method

Martin [9] used GP methods to learn algorithms that ex- of choice. For more complex primitives, the memory and
tracted the height of the the lowest non-floor pixel in a given gata requirements of the Hough Transform become unrea-

column of an image. In the office environments in which gonable, but the evolved programs produce reasonable re-
the work was done, this corresponded to the floor/wall in- g ts.

terface, and served as a relative distance measure to the Not using genetic programming, but similar in spirit to

wall. The pos_itions of th(_ese Iowest_non-floor pi>_<els_were the work proposed here, Draper, Bins and Baek [1] use re-
then used as input to a simple mobile robot navigation al-jyorcement learning techniques to learn good sequences of
gorithm, inspired by the work of Horswill [4]. The basic  jmage operators for detecting houses in aerial photographs.
idea of this algorithm is to steer the robot towards the areagiher Al researchers have also applied planning techniques

that is most open. Since the height of the lowest non-floor 4 inguce good sequences of operators for image processing
pixel corresponds roughly to distance, this means steeringizgks [6].

the robot towards the highest of the features identified. This
system resulted in a surprisingly robust navigation behav- .
ior. Figure 1 shows examples of the environment and the2- EXperiments
identified features. In all of these experiments, fithess was
measured by the distance between the actual lowest non- In this section, we describe the environments in which
floor pixel and the position in which the program decided it we collected training and testing data from and outline our
should be. experimental setup.

Martin was able to successfully produce individuals
which were able to identify the floor/wall interface to within 5 1. Environments
10 pixels approximately 85% of the time. This performance
level was achieved despite burned out lights, shadows from
the robot, imaging artifacts, and mglpatterns in the im- ments, examples of which are shown in figure 2. The details
age. The results from these experiments were more thanof these environments are as follows:
good enough for the navigation algorithms to use success-

3. Robot Obstacle Avoidance

We gathered data from four different indoor environ-

fully. Al Office/corridor environment with sharp shadows from

Martin also experimented with seeding the initial pop- strong sunlight coming through open doors and win-
ulation by inserting a poorly performing hand-written pro- dows. White walls with dark molding at the bottom.
gram into the initial population. These experiments are de- Carpet is lighter than the molding, but darker than the
scribed in detail by Martin [9], and form the basis of the walls.

work reported here. Based on Martin’s observations, we
are interested in looking in more detail at the effects of an A2 Same environment as Al, but without shadows.



Node List

root iterate-up,iterate-down

window sizes r22,r23,r32, 133, r24, r42, r44, r55,
r26, r62, ré6, r77, r28, r82, r38, r83,
rg88

arithmetic * +, /, -, square, and random con-
stants

parameters x-obstacle (the horizontal pixel lo-

cation in which to find the obsta-

cle), area (the area of the window in
pixels), image-max-x (319); image-
max-y (239); firstrect (1 if this is the

first rectangle of the iteration, O oth-
erwise) x and y (the center of the
rectangle in pixels)

flow control prog2; prog3; break (halts the exe-
B C cution of the branch, returning im-
mediately without any more itera-
Figure 2. The four test environments. tions), if-le (< operator)
registers set-a...set-e, read-a...read-e
) _ ) image statistics average & average-of-squared over
B Office conference room environment, with sharp shad- the window, raw, truncated median,
ows created by overhead lights and furniture. Light- median comer, Sobel magnitude,
colored walls, with dark carpet that is the same color and four directional Moravec inter-
as the molding. est operators
C Library environment, with no shadows. White walls,
with white molding and darker carpet. Table 1. List of available functions and termi-
nals.

all Frames from all four data sets combined. This data set
consists of 70 frames, randomly drawn from the other
four data sets.
directly to the number of sonar sensors within the cam-
We took 350 frames of video while moving through each erg's field of view. In our work, however, the six columns
of these enw_rqnments, and used every 5th frame to con-zre specified by hand and vary from image to image while
struct the training sets. Each of these frames has groundngaintaining as close to an even distribution as possible.
truth information, corresponding to the floor/wall interface |, this setup, only vertical iteration was used with the it-
in 6 pre-specified columns, added to it by a human. To eval-grate node taking three (learned) arguments: the window
uate fitness, we compare this ground truth information for gj;e (window width = column width), horizontal location,
all of the images in a data set with the predicted positions, gnd the sub-program to execute at every step as the window
for a total of 420 fitness cases. If the predicted positions ygyes vertically along the column. This setup produced in-
are within +/- 10 pixels of the ground truth, the prediction gjyiguals which achieved fitness levels exceeding 85% on
is classified as correct, with total fitness being the number partin's original training and test data, and similar levels
of correct predictions over the total number of fitness cases.qn our own experiments. Fitness was evaluated as described
The combined data se&l() uses a total of 70 frames, zpgve in section 5.1
drawn uniformly from all four training data sets, and evalu-

) ] @ oet Our experiments used a population size of 4,000 indi-
ates fitness in the same way as the four individual data sets

viduals. These individuals consisted of a set of nodes, or
functions and terminals. The full list of node types is sum-
5.2. Experimental Setup marized in table 1. In addition to the iterate and rectangle
sizes (r22 = 2x2 window), the list includes standard arith-
We want to be able to identify the lowest non-floor pixel metic operators, various parameters of the image, flow con-
in a given column of an image. For our experiments, we trol, nodes to set and read five floating point registers, and
selected six pre-specified, evenly-spaced columns in eachihe average and average of squared value of common image
image. In Martin’s work these six columns corresponded operators. The registers were inspired by Teller et al. [10].



Test Data Set that the best individuals are using features that are unique to

Train | A1 A2 B C all their training environment. As expected, the results on the
Al 81% 62% 36% 39% 56% combined data sets are approximately the average of those
A2 63% 80% 21% 53% 57% on the individual ones.

B 74% 74% 83% 74% T77% One interesting feature of these results is that individ-
C 12% 35% 39% _86% 40% uals tested on data sBt uniformly perform poorly (with

all 78% 78% 77% _81% 79% the exception of those also trained B) However, indi-

viduals trained orB, uniformly perform well on other test
sets. Data séB has less rigid structure and is more varied
than the other environments (see figure 2). These charac-
teristics suggest that less structured environments should be
preferred for training, since they will tend to produce more
general-purpose individuals. How to determine which envi-
ronments meet this criterion, however, is not an easy prob-
Martin experienced little improvement after the 50th |em.
generation [9]. For this reason, we limit ourselves to 50 gen-  Finally, individuals trained on a combination of all of the
erations of evolution. Running for longer, with more gener- data performed well on all of the data sets. Itis interesting to
ations, will almost certainly improve performance, but the note that the fithess of these individuals is not much better
performance after 50 generations seems to be areliable indi{in most cases) than the fitness of the individuals trained
cator of final expected performance. Individuals are chosenon data seB. It seems that the difficulty and diversity of
using tournament selection with a size of 7. Genetic oper-this training set is almost enough on its own to produce a
ators include crossover (90% rate), with a 90% probability robust algorithm that works across environments. Examples
of selecting a function and a 10% probability of a terminal. of the features detected by the best individuals are shown in
In order to prevent code bloat, individuals created through figure 3.
crossover are limited in size to 1000 nodes. Reproduction, |ndeed, the fitness on data €tand on the combined

or replication, also is used with entire, unchanged, individ- data set demonstrate that individuals can generalize well by

uals being moved to the next generation at a rate of 10%.making sure the training data has two important character-
Mutation is not used, since, empirically, crossover seems tojstics: diversity and difficulty.

introduce enough disruption onto the population.

Table 2. Fitness of best individuals after 50
generations of evolution. Best fitness for
each test set is underlined.

_ 6.2. Bimodal Performance Distribution
6. Experimental Results

The best individual from each experiment fell into one
We begin this section by discussing the performance of of two distinct groups, one with high fitness (70-90%), and
the GP system across the environments described in the pregne that failed to get very far past a fitness of 50%. More-
vious section. During the course of running these experi- over, in all experiments there is a very definite point, over
ments, we noticed an interesting bi-modal distribution in the the space of a few generations, where the fitness moves from
final fitness of the best individuals. Either the best individ- the lower mode to the upper one. In all five of the data sets,
ual was very good or very bad. There were no “in-between” if the fitness of the best individual did not reach 50% by
cases where the best individual had a middling fitness. Wegeneration 24 (in all experiments, except one that transi-

discuss this further below. tioned after generation 42), the run was doomed to remain
in the lower mode. This grouping is very apparent in fig-
6.1. Performance Across Environments ure 4, which shows the fitness of all individuals from one

experimental run, for each of the data sets.

For each of the five training data sets, we performed ten  This behavior, where the fate of an experimental run is
runs of GP, evaluating each run on its own data set. Wesealed by generation 24, suggests that an individual must
then selected the best individual from all of these runs, andlearn some key operator, function, procedure, or combina-
evaluated it on the other data sets. The results for the crosstion that is instrumental to its future success within those
environment experiments are shown in table 2. Individuals first 24 generations. Given the way that GP works, this
evolved for a particular environment do better there than inis an understandable behavior. If we can find out what
any of the others. Additionally, higher fithess was observed this vital piece of the algorithm is, we could insert it into
across environments that were similar (for exan#leand the population from the beginning. This algorithm piece
A2) than across those that were significantly different (such should greatly increase the chances of a successful experi-
asAl andB). This behavior is not surprising, and suggests ment, possibly even guaranteeing them.



Figure 3. Examples of the detected features.
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Figure 4. The bimodal distribution of the best
individual fitnesses.
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In order to test this hypothesis, we chose to examine the
Al data set. Since the learned programs are large, we chose
the single best run from a particular experiment, and looked
at how it changed with each generation. Most increases
in fitness are small, except between generations 16 and 17,
where there was a 9% increase, and between generations 18
and 19, where there was an increase of approximately 7.5%.
While these fithess jumps are characteristic of evolutionary
computation, they seem to indicate that some important part
of the feature detection program has been discovered.

Our current work of analyzing the evolved individuals
proved to be extremely difficult. Initially, instead of iden-
tifying any particular key part of the individual, we re-ran
the experiment, with the best individual from generation 19
in the initial population. All other initial individuals were
created randomly. The results of the best individual from
ten runs of the experiment are shown in figure 5. All pa-
rameters are the same as described above, and we ran each
experiment for 50 generations of evolution.

In each of the ten experiments, the best individual per-
formed well, with fitness between 81.9% and 89.6%. In all
ten runs, the seed (dashed line in figure 5) was modified and
improved upon considerably. Even therstfitness here, is
slightly better than théestfitness in the original set of ex-
periments for this environment (see table 2).

Seeding in this manner has three advantages over using a
hand-written seed. First, we do not need any knowledge of
the problem domain or of its specific programming needs.
Secondly, we do not need to know how to create a tree by
hand. And thirdly, an evolved seed with redundant code
(as it is bound to have), is not as brittle as hand-written,
compact code when subjected to GP operations. Because
of this redundancy of the evolved seed, non-catastrophic
changezanbe made to it, and because of its size, there are
many opportunities for crossover to select a working sub-
program. We believe that these reasons make the use of a
less finely-tuned seed (one created from evolution) a better
option, at least in the domain in which we performed these
experiments, especially when hand-coding an appropriate
individual is too difficult or is unsuccessful.

We then sought to identify particular features, or func-
tion combinations, within individuals, that are key to high
fitness. Again, we examined the single best run from data
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Figure 5. Ten best individuals from a seeded
runin Al.

Subtree 1 Subtree 2
With | Without ~ With | Without
Mean 75% 47% 52% 42%
Variance | 2.34% | 4.54% | 6.00% | 5.28%
t-statistic 3.35 0.88
confidence 99.5% 80%

Table 3. Fitness with and without the seed
subtree for two subtrees. The t-statistic is
for the t-test of the hypothesis that the fit-
ness with the subtree is greater than the fit-
ness without. Confidence is the correspond-
ing confidence level at which this hypothesis

holds.

setAl and found that in generations after large fitness in-
creases, certain function clusters, or subtrees, would be
present and would persist throughout the evolutionary run.
This persistence seemed to indicate that these subtrees are
important to feature detection. Therefore, we decided to
take these subtrees and include them in the original func-
tion set, so that they would be available to an evolutionary
run from the start. We identified two key subtrees in this
manner and executed ten runs with the first subtree and ten
runs without. The results of these experiments are shown in
table 3.

Runs with subtree 1 performed significantly better than
those without it. With 99.5% confidence, we can say that
the presence of of subtree 1 helps increase fitness, at least
in our domain.

The results from the experiments with the second subtree
are also shown. Runs with the subtree averaged a fitness of
52%, compared to 42% without it. While we can say that
the presence of this function cluster helped increase fitness
significantly, we cannot say it with as much force, because
statistically we can only be 80% confident.

7. Conclusions and Future Work

In this paper, we have presented some preliminary re-
sults of using GP to learn a visual feature detector for mo-
bile robot navigation domains. We discussed the results of
experiments across several environments, and analyzed a bi-
modal learning behavior, which resulted in the final perfor-
mance either being very good or very bad. The resulting in-
dividuals have been used to supply input for a mobile robot
performing a navigation task, and we are currently looking
at how the quality of the individual affects the quality of the
navigation.

Although this paper deals with a particular set of experi-
ments in a particular domain, we believe that it sheds some



light on GP in general. We found that the use of an evolved [10] A. Teller and M. Veloso. PADO: Learning tree-structured

seed can have a great effect on the final performance level algorithms for orchestration into an object recognition sys-
of the system. We believe that evolved seeds have the ben- ~ tem. Technical Report CMU-CS-95-101, School of Com-
efit of being easily manipulated by the GP system, as well puter Science, Carnegie Mellon University, Pittsburgh, PA,

as requiring no knowledge of how to code up an individual 1995.

from scratch. One of the things that we plan to investigate
in future work is the question of how the quality (in terms
of size, efficiencygetc) of the initial seeds affects the final
performance of the learned individuals.

In addition, we have demonstrated that evolved subtrees,
or terminal and function clusters, can increase GP perfor-
mance significantly. An interesting offshoot of this work
will be to see if GP finds the same sort of image operations,
or combinations of operations that a human expert would
use, or if it comes up with radically different solutions.

We are currently looking at extending this work to learn
programs to identify more general features in images. We
are interested in investigating the types of features that can
be detected with this approach, the performance that we can
achieve (can we do better than a human expert?), and if we
can use this approach to learn programs that will fuse data
from more than one sensor.
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