Robust Color Classification for Robot Soccer
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Abstract. This paper presents an adaptive approach to improve the re-
liability and performance of color classification. Therefore, we transform
the camera-data from YUV into a novel chrominance space. Thereby, an
optimized transformation function is given by an evolutionary algorithm.
The novel idea is, not to adapt the thresholds that define a specific color
region, but to evolve an optimal chrominance space transformation. In
the novel chrominance space, the color regions are located in easy-to-
separate subspaces which reduces the algorithmic complexity of color
segmentation and improves classification accuracy significantly.

1 Introduction

The autonomous four-legged robot teams in the SONY league of RoboCup face
very special requirements. One the one hand, the camera data is of low qual-
ity. On the other hand, the computing power is so low, that an efficient object
classification can be done only by color classification. Nevertheless a robust ob-
ject classification is essential to play robot soccer [1,2]. Moreover the robot
navigation depends only on the quality of extracted sensory information. There-
fore, algorithms are needed that give reliable information about the actual state
even in fast changing, dynamical environments. Therefore, each legged robot is
equipped with a camera and a hardware-based vision processor that provides a
robust eight-color differentiation [3]. As main objects are characterized by color
[4], a basic object classification can be done by using that module. Alternatively,
objects can be classified by software. Then, additional properties of these ob-
jects can be involved for a more exact classification [5]. Furthermore, during
image processing more relevant information can be extracted [6,7]. Hence, the
hardware color segmentation is used rarely.

Instead, most teams define color-tables for each match. Those color tables
depend on the lighting conditions, the robot camera and its settings. Unfortu-
nately, the quality of the camera-data differs between the robots. According to
this, a separate color table for each robot grants best performance. On the other
hand, this procedure is a time-consuming, inefficient process. If color tables are
used, then the robots need constant (i.e. artificial) light. Thus, it is a challenge to
develop an efficient way for color segmentation. Furthermore, the YUV chromi-
nance space [8] as provided by the robots internal camera is very light-sensitive.



Therefore, we suggest to transform the sensor-data space into another signal-
space, whereby the relevant information can be extracted with lower processing
power and higher accuracy at a fully autonomous level.

2 Chrominance-Space-Transformation

The main idea of color segmentation is to partition the chrominance space into
subspaces, where each subspace represents exactly one color[9]. In the past, dif-
ferent publications have shown, that the algorithmic performance of color clas-
sification depends on the chosen chrominance space [10, 11].

The reason for that is, that the complexity of color segmentation strongly
depends on the shape of the subspaces. If the normal vectors of all bounding
hyperplanes are parallel to the unit vectors of the chrominance space coordinate
system, then the color assignment can be done at highest efficiency. This is illus-
trated by Figure 1. A region of a specific color in YUV-space (left) is transformed
into another signal space (right). In the first case, color segmentation is done by
calculating the distance between a pixel in YUV and the bounding hyperplane.
In the second case (right), the color can be determined by two threshold-values
(T;,?ﬁ,’;e, T;r’;gge resp. S;gl;jf, S;l;la’;f) on each axis of the coordinate system. For that,
we define a new chrominance space where all relevant colors can be extracted
by using such sets of thresholds.
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Fig. 1. A two-dimensional space (left) is transformed into another space (right). Thus,
the shapes of two clusters (green, blue) change into bars.

The so-called TSL chrominance space is proven to be an efficient choice for
fast and robust color segmentation (exemplary in case of skin detection) [12,
11]. Therefore, we use it as starting point for our approach. In case of TSL, the
conventional RGB space is transformed as given in [12]. For our purpose, a clas-
sification is needed to distinguish between the main nine Robocup colors (green,
skyblue, yellow, orange, pink, dark blue, red, black and white) [4]. Unfortunately,
the TSL chrominance space mainly depends on the "not blue”-components of



the RGB-model. This enhances the quality of color classification for face recogni-
tion, as blue components are negligible in skin color. Unfortunately, robot soccer
team color as well as landmarks and goals are dark blue and skyblue resp.

Therefore, we suggest to include the ”blue”-channel into the calculation of
the S-component by changing the original formula. Furthermore, we insert coef-
ficients (eq, ea, ...eg) into the transformation algorithm 1-4 in order to generalize
the TSL-approach. To transform YUV into a TSL-like chrominance-space, we
initially transform it into an auxiliary space C;CyCgs. This is expressed by Equa-
tion 1.
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For the following, we call the resulting chrominance space TSL*, with the
components 7", S’ and L’. In the next section, we show how the coefficients e;
can be adjusted in order to tune color classification quality.

3 Chrominance-Space and Threshold Evolution

A standard solution to optimize parameters in order to solve a specific problem
is to use evolutionary algorithms (EA) [13,14]. Therefore, we use an EA to find
an optimal chrominance-space for an efficient color classification. Moreover, we
estimate the corresponding thresholds simultaneously. For that purpose, we need
an evolution strategy and a fitness function.

3.1 Evolution Strategy

An easy and promising algorithm to optimize a parameter set is the so called
”1+1 Evolution Strategy” (OOES):

Assume, p* = (po,p1...,pn)T is an N-dimensional parameter vector that
should be optimized. Using OOES, we initialize p* with random starting values
and add a noise vector r = (19,71 ... ,TN)T, where r; is a random value given by
Gaussian Noise with a variance 0'727. A new parameter set — the offspring p(*+1)
— is created by adding parent p* and noise vector r:

p*Ht) = pF 4 (5)



After each addition, we measure the fitness f(p*+1) of the offspring(see
Sec.3.2). If the fitness of the offspring is higher than the parent’s fitness, then
pF+1) s taken as new parent, else it is discarded.

As illustrated by Figure 2, it is difficult to find a mutation rate which promises
a fast progress rate to the optimal solution. The curves represent solutions of
the same fitness. The local optimum surrounded by the curves is marked black.
In the left part of Figure 2, a low mutation rate is used: the progress speed is
low. On the other hand, the right part of Figure 2 illustrates a high mutation
rate: There, the success probability to reach the optimum is lower then in the
first case. Rechenberg has shown that in most cases a success probability of 1/5
leads to the fastest progress speed [15].
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Fig. 2. Possible mutations with low (left) and high mutation strength (right). Xp is
an individual in a two-dimensional property-space. The curves represent solutions of
the same fitness. The black area is a local optimum.

In our case, we use a high mutation rate at the beginning (072] = 2.0). After
every 64 evolution steps, we decrease the 0,27 downto 85%. As shown in Section
4, this takes to a fast progress speed at a high success probability.

3.2 Fitness Function

To measure the quality of each parameter set, a fitness function is needed. We
want to distinguish between the nine most significant colors for robot soccer.
For implementation reasons, we differentiate between 10 colors, because we add
a class for unclassified color (e.g. gray, purple, or brown).

As the first step, we take reference images for each color. Each image contains
mainly the color of a specific class. All of these images are stored in YUV format
which is directly taken from the robot’s head-camera. Every image ¢ is of width
w; and has a height h;. Thus, the area of the image is given by A; = w; - h;.
Object of our EA is to maximize the number of pixels in each image that are
classified correctly. For that, let target(x,y) be the target color, that we like to



get in the optimal case. Furthermore, let img(z,y) be a function that assigns
the color of a pixel at (z,y) after transforming and quantizing the picture. This
is illustrated by the following example:

Fig. 3. Reference images for each color (left). Color classification by clustering to the
16 most popular image colors (middle). Handmade target images (right).

Example. Assume, the YUV-picture holds a value (y,u,v) at position (z,y).
That YUV-tuple values are transformed into a TSL*-color tuple c=(t’,s’,1’) after
Eq. 1-4. Afterwards, we check the position of ¢ in the TSL*-space (comp. Fig. 5)
to assign ¢ to a color class img(z,y).

According to this, we define the fitness function as the ratio of correctly
classified pixels to misclassified ones. To reduce the misclassification ratio, we
introduce a color-class ”"unknown” which is chosen for each pixel that cannot
assigned to one of the basic colors!.

The fitness estimation can be customized by using larger images for more im-
portant color classes (e.g. colors of ball, opponents, goal) and smaller images for
less important colors. For the following, we decided to handle all colors equally.
Therefore, the fitness function f must be adapted as given by Equation 6 to
reflect the different areas of the reference images.

Vi r<w; y<h;
Foe Z (h wz) Z Z {1 if img(z,y)=target(x,y) (©)

= =0 »=0 0 otherwise

4 Simulation Results

The creation and selection of reference images is a time-consuming process: Im-
ages must be taken by the robots’ cameras, the parts of similar color must be
selected, cropped and saved. This takes five to ten minutes for a practiced user.
On the other hand, the chosen EA provides an excellent performance. Typically
a fitness of more than 0.95 is reached after less than 10 evolution steps, whereby

! Note, that no reference image for ”unknown color” is depicted in Fig. 3 nor 5.



each steps takes only some milliseconds. Thus, a ”just-in-time” adaption of the
chrominance space is generally possible.

YUV-to-TSL*-Transformation

eo = 4.253156 | e3 = -0.051191 | es = 0.004342 | er = 0.133934
e1 = 3.721591 | es = 0.186359 | es = 0.040280 | es = 0.162277
e2 = 4.260.283 eg = 2.603124

Table 1. Parameter set to transform YUV efficiently into TSL* after Equation 1-4.

After approximately 25.000 steps (approx. 5 to 10 minutes - depending on
the used CPU), the mutation ratio reaches the lower bound of accuracy of the
cpu floating point calculation unit. Exemplary, using our reference images, a
fitness of 0.9895 can be reached by applying a signal-space transformation after
Equations 1-4 using the parameter set given by Table 1.

As illustrated by Figure 4, the fitness of the color classification remains
at a high level after a few evolution steps. Nevertheless, it raises slowly and
monotonously with the duration of the evolution. Simultaneously, the mutation
ratio is decreased by 15% after every 64 steps.
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Fig. 4. Individual fitness vs. duration of evolution (left). Mutation ratio o vs. duration
of evolution (right).

The power of the suggested algorithm is visualized by Figure 5. There, the
reference images are compared with the transformed and quantized pictures and
the handmade target images.

After porting the chrominance-space transformation to the robots, we ob-
served a significantly improved color segmentation compared to our old YUV-
space segmentation tool [16]. This is illustrated by Figure 6. There, three images
taken from the robots’ internal head-camera are color-classified using a conven-
tional YUV-approach and the threshold approach after transforming the picture
into an optimized TSL*-chrominance space.
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Fig. 5. Reference images for each color (left). Color classification after transforming
into TSL*-space (middle). Handmade target images (right).

The TSL* chroma-space based color-segmentation is more robust against
luminance variation. This is illustrated by the right part of Fig. 6, where a white
wall is shown in the back: Due to suboptimal lighting conditions, the luminance
varies and objects drop shadows on the wall. In the TSL*-space, about 50% more
pixels are correctly classified as ”"white” than in the YUV-case. The playing field
is illuminated more homogenously than the wall. Thus the robustness against
luminance variation is not so clearly observable objects on the playing field.
Anyhow, there are some green pixels in the carpet area, that are misclassified in
the YUV-space (middle) and blue pixels that are misclassified, too (left).

Another important detail of color-segmentation is the performance of code.
On the one hand, the camera picture must be transformed into TSL* which takes
additional time. On the other hand, the threshold-based color segmentation is
faster than the conventional approach. Thus, the overall consumed time depends
mainly on the CPU speed and its provided features. We observed that TSL*-
performs faster than YUV-based color-segmentation on a SONY super-core and
vice versa on the standard core.

5 Conclusion

In this paper, we presented a method to increase the quality and performance
of color classification by transforming the YUV chrominance space into a novel
chrominance space, called TSL*. Compared to a conventional color classification
in YUV-space, the color segmentation in TSL* is of significantly higher accuracy
at comparable computation complexity. This is achieved by a simple EA that
optimizes the TSL* chrominance space parameters automatically to consider
the current lighting condition. This generic approach can be adapted easily to
improve color classification in all Robocup leagues. Further investigations will
show, if and how manual reference image preparation can be replaced by a fast
automatic reference image generation.



Fig. 6. Color classified images as taken from a robot camera (top), classified using con-
ventional color segmentation in YUV (middle) and the TSL*-classification algorithm
(bottom).
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