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Abstract

During product development, one of the goals is to meet the client’s requirements. In the auto-
motive industry especially, everything should be validated strictly. A lot of requirements come from
safety regulations, aiming to achieve high product quality. One of the essential things to accomplish
that, is to validate the colors of the telltales (or simply referred to as objects in this document).
Their colors carry additional information for the user. It might indicate ON/OFF state or that
something is not working properly. It is important to find an automated way to confirm that the
product is behaving as expected. The purpose of this research is to find an algorithm that can solve
this. The input should be image of an object and the produced output - the detected colors and their
coverage area. The algorithm can be used with less or without any prior knowledge of the telltales.
It should allow for custom configuration when such information is present.

Keywords: Automation, Automotive, Clustering, Color detection, Color extraction, Computer
vision, Grayscale, HSV, K-means, Machine vision, RGB, Telltales, Validation, Vision recognition

1 Problem Statement

There are a lot of different approaches that can
be used to extract the colors of an object. One
notable example is to get the mean value of all
the relevant pixels. The benefit is that it is quite
fast and the only required pre-processing is to
separate the object from the background. How-
ever, an important downside to this approach is
that if there is more than one color, the reported
mean value is not going to be correct. This makes
it impossible to easily separate similar types of
objects as the ones shown in Figure 1.

Figure 1: White and black text telltale

Using the average of the pixels’ values, the
first example will produce a color that is closer

to the darker shade of green and the one on the
right is going to be lighter. In perfect conditions
it is possible to differentiate them, but in real-
ity, the quality of the pictures is not going to be
the same. There might be different variations of
brightness that will affect the result. Even if it
is assumed that the pictures of both objects will
always be taken under the same conditions, it
will only allow for a differentiation between the
objects themselves. This is not applicable in sit-
uations where the knowledge for one of them is
missing. An example of this problem is when
only one of the images is provided to the algo-
rithm. The reported color will be a variation of
the green, but not knowing what to compare it
to will create an ambiguity. In that case it will
be impossible to say if the text inside is black
or white because the reported color might be af-
fected by the overall brightness of the image.

To be able to validate the colors of objects
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that fall in such cases, it is needed to gain addi-
tional information that will allow for easier ob-
ject identification. The proposed algorithm trades
speed performance and in return provides the
data required for more accurate analysis.

2 Algorithm analysis

There are a lot of methods used for color segmen-
tation of images. Usually, different clustering ap-
proaches are used for that purpose – for example
algorithms like K-means [9], Fuzzy C-means [7]
(a comparison between those two can be found
here [2]), and their different variations with ad-
ditional improvements introduced to them, such
as Superpixel-Based Fast Fuzzy C-Means [3] and
Color Image Quick Fuzzy C-Means [4]. There are
research articles that explain and compare the
methods in depth [5] and there are different sug-
gestions on how to approach the color segmen-
tation of images [1]. Unlike the algorithms men-
tioned, the proposed algorithm allows for more
customizability. It iterates only once over the
whole image and afterwards different thresholds
are used to adjust the clusters. The solution in
this document in its essence is inspired by the
K-means clustering algorithm. With the mod-
ifications introduced it is more suitable for the
problem area that is targeted.

When analyzing the K-means algorithm, there
are a few problems that occur while trying to
achieve the required results:

1. Selection of centroids
The approach here is to use the knowledge
that the clustering algorithm is working with
colors. This allows for usage of predefined
attractors. They are specified as the pri-
mary - red, green, blue and the secondary
colors - cyan, magenta, and yellow, with
the gray color as an addition.

2. The algorithm returns as many colors as
expected
Sometimes this number might not be accu-
rate because it cannot be provided. This
requires further reduction of the clusters.
However, even if a relatively big number is
specified it is still hard to apply the algo-
rithm.

3. The different variations in the colors are
easily picked up
For example, the darker and brighter red

are detected separately, and it makes it hard
to determine how many centroids are needed
to capture the significant ones. In Figure 2
it is illustrated how instead of the black in-
side the telltale, it turns red because of the
clustering. An important characteristic of
the algorithm is to treat such deviations in
a single color as one cluster.

Figure 2: K-means telltale visualization results

3 Algorithm description

3.1 Object extraction

An important goal of the algorithm is to split
the telltale from the background. There are two
methods of mask generation that complement
each other and can be used to produce satis-
factory results. It is important to note that in
most cases the background is going to be homo-
geneous, which makes it significantly easier for
the extraction of the object.

The first method of mask generation (Fig-
ure 3) is simply using a threshold. The parameter
is calculated based on the average of the mini-
mum and maximum values of the image when it
is grayscale. Everything that is above the thresh-
old is set to the highest possible value and every-
thing that is below it is set to zero. The knowl-
edge of the predominant color of the image, if it
is mostly white or black after the applied thresh-
old, is useful for mask correction. If one of the
colors represents more than 50 percent of all the
pixels, it can be said that it is dominant. If the
image is mostly white the chances are that the
background is captured as the telltale. This re-
quires an inversion of the mask to have the cor-
rect result. Having this additional information –
if a bitwise not is applied to the mask, it can be
used to further optimize the second method.

Sometimes only this pre-processing is not go-
ing to be enough. Some parts of the telltale
might be lost due to the used threshold. There-
fore, the other way to generate a mask is to use
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Figure 3: Generated mask - first method

algorithms to determine which are the edges of
the telltale and then to extract the contours of
it. Filling them will produce the second mask
(Figure 4). For better detection of the contours
the images can be extended with a few pixels on
each side. The information gained from the pre-
vious step will determine the color of the added
padding. It will be white or black if an inversion
is applied to the mask or not.

Figure 4: Generated mask - second method

When both masks are combined into one the
information gained about the telltale’s shape can
be used to know which pixels are relevant and
which are not. In this case the final mask looks
similar to the second one (Figure 4). To incor-
porate it into the algorithm, the image of the
telltale can be converted to RGBA. The alpha
channel will be the mask where the white parts
of it represent the telltale, and the black parts
are the background making it transparent.

3.2 Algorithm

The designed algorithm consists of two main steps
- color detection and color reduction.
The purpose of the first one is to detect the col-
ors present in the image by clustering its pixels
to preselected centroids. In case of the RGB rep-
resentation of the telltale, the red, green, blue,
cyan, magenta, yellow and grey, are initially cho-

sen as the attractors. Having more centroids
can be both beneficial and detrimental. In some
cases, the accuracy of the result is increased, but
in other cases it leads to more noise being cap-
tured.

When it comes to the decision of which pixel
will be part of which cluster, it is important to
note that the RGB colors are represented as a
cube in the 3D color space (Figure 5) with the
values red, green, and blue as its axes. This al-
lows for the usage of the Euclidean distance (1).
Each pixel is assigned to the cluster with mini-
mum distance between the pixel’s values and the
cluster’s centroid.

Figure 5: RGB color space - cube [8]

x = (x1, x2, x3)

y = (y1, y2, y3)

d(x, y) =

√√√√ 3∑
i=1

(xi − yi)2

(1)

Where:

• x represents the RGB values of the centroid

• y represents the RGB values of the pixel

In its essence, the first step represents the
K-means clustering, but with the difference that
the proposed algorithm is doing this for only one
iteration and the centers are selected based on
the knowledge that the algorithm is working with
colors.

It is also possible to use the HSV representa-
tion of the image. Two modifications are needed
to make the algorithm suitable for this color model.
The first one is to convert the RGB centroids to
HSV and the second one is to change the way
the distance is calculated, the formula from (1)
can still be used but after the coordinates are
converted as shown in (2). This has to be done
because the 3D color space is no longer a cube,
the HSV’s representation is a cylinder (Figure 6).
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x = ρ cosϕ

y = ρ sinϕ

z = z

(2)

Where:

• ϕ is the Hue in radians

• ρ is the Saturation

• z is the Value

Figure 6: HSV color space - cylinder [6]

The second step of the algorithm is the ad-
ditional color reduction. The purpose of it is to
remove the captured noise and to evaluate the
confidence (3) of the detected clusters. If the ex-
pected number of colors is explicitly selected, the
confidence-based color reduction is skipped.

dRGB = max
x,y∈RGB

(d(x, y))

c(x, y) = 100 − (100/dRGB)d(x, y)
(3)

Where:

• dRGB is the maximum distance between two
points in the 3D color space

• d(x, y) is the distance between the centroid
and the pixel’s value

• c(x, y) is the confidence

3.3 Settings

The settings that can be applied are:

1. Expected number of colors

2. Coverage area threshold

3. Confidence deviation

4. Minimum confidence gain

5. Parameter configured - indicating if the ex-
pected number of colors is specified by the
user

They can be used for fine-tuning, depending
on the situation. If the expected number of col-
ors is specified by the user explicitly then the
algorithm is in non-automatic mode (the param-
eter configured is set to True). It performs only
the first step and then removes the colors that
do not satisfy the coverage area threshold. They
are treated as noise. The coverage area is cal-
culated based on the number of pixels that are
part of the object and not the whole image. The
background is not considered in any of the cal-
culations. It is important to note that the back-
ground in this case refers to everything that is
not part of a telltale. After the initial filtering,
the additional cluster reduction is initiated, until
the expected number of colors is reached.

In the case where that number is not explic-
itly specified (the parameter configured is set to
False), the algorithm is in automatic mode. It
uses the default values of the settings to pro-
duce the results in which it is confident the most.
The first part in this mode is the same as in the
non-automatic mode. The process is then fur-
ther extended and considers the confidence devi-
ation and the minimum confidence gain parame-
ters. The purpose of it is to reduce, if needed, the
detected colors even more. To understand when
further reduction is required, the average confi-
dence of all the clusters is calculated. With the
allowed deviation subtracted from it, the mini-
mum threshold of confidence is determined. Be-
fore finalizing the removal of the cluster that does
not meet the requirements one additional check is
applied. If after the modification, the minimum
confidence gain is not reached then the change
is not applied. In that case the algorithm stops.
On the other hand, if this threshold is passed, the
color is removed, and the algorithm iteratively
proceeds until the exit condition is met.

3.4 Algorithm steps

Input:

• Image of the telltale in RGB/HSV mode

• Boolean – if configured or not

• Number of expected colors

• Coverage area threshold
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• Confidence deviation

• Minimum confidence gain

Color extraction:

1. For every relevant pixel in the image:

(1.1) Calculate the distance between it and
the centroids

(1.2) Assign it to the cluster with the min-
imum distance between their values

(1.3) Store information about the current
state of the cluster - the mean color
of all the pixels that are part of it, the
coverage area, and the confidence

2. For every cluster:

(2.1) If the coverage area is above the spec-
ified threshold do nothing

(2.2) If the requirement is not met, remove
the cluster, and save the values of the
unclassified pixels

3. For every unclassified pixel:

(3.1) Find the centroid with the least dis-
tance to the pixel’s values that has
coverage area above the specified thresh-
old and assign the pixel to the cluster

(3.2) Recalculate the mean value, the cov-
erage area, and the confidence of the
clusters

4. Every time that the colors exceed the ex-
pected number:

(4.1) Find the color with the minimum con-
fidence and merge the pixels with the
one between which the mean colors of
the clusters have minimum distance

(4.2) Recalculate the mean value, the cov-
erage area, and the confidence of the
clusters

5. If the number of expected colors is explic-
itly specified stop the algorithm

6. If the number of expected colors is not ex-
plicitly specified:

(6.1) Calculate the average confidence of all
the clusters and subtract the allowed
confidence deviation

(6.2) If the cluster with minimum confidence
is below that threshold remove it and
assign its pixels to the centroid with
the minimum distance between their
mean values

(6.3) Recalculate the mean value, the cov-
erage area and the confidence of the
clusters

(6.4) Find the new average confidence and
what is the confidence gain

6.4.1. If the confidence gain is above the
specified threshold apply the mod-
ification permanently and go to
6.1

6.4.2. If the confidence gain is not above
the specified threshold revert the
color removal and stop the algo-
rithm

Output: The mean values of the clusters and
the coverage area.

4 Performance evaluation

Default settings:

• Not configured explicitly

• Number of expected colors - 3

• Coverage area threshold – 1.0%

• Confidence deviation – 5.0%

• Minimum confidence gain – 5.0%

4.1 Performance on templates

Image visualization description:
The results from the algorithm are visualized with
several images.
Examples such as Figure 7 consist of four inner
pictures:

• Top-left: the original image

• Top-right: the result with applied alpha
channel

• Bottom-left: the telltale colored with the
initial centroids

• Bottom-right: the telltale colored with the
mean values of the clusters
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In similar images as Figure 8, the color val-
ues output from the algorithm can be seen for
the different tests.
The masks are displayed in pictures such as Fig-
ure 9. Mask 1 is generated using only threshold-
ing, Mask 2 is created using the telltale’s con-
tours and the last image is the final mask that
combines both Mask 1 and Mask 2.

4.1.1 Single-colored templates

Single-colored telltales have one predominant color.

Test 1

• Results in fully automated mode with de-
fault settings

Figure 7: Single-colored telltale visualization results

Figure 8: Single-colored telltale results

As shown in Figure 7 and Figure 8 the present
colors in the telltale are correctly detected, in-
cluding the outlier in darker green. That is the
expected output. In this case using the previ-
ous algorithm that returns only the mean color
would still produce accurate results. It is impor-
tant that the proposed algorithm improves the

functionality and it should have similar perfor-
mance on examples where the previous one is al-
ready achieving satisfactory results.

Figure 9: Generated masks

In Figure 9 it is captured how the method
that uses the contours sometimes can fail and
the result can be partially correct. In such cases
the first mask that is generated completes the ob-
ject and the algorithm produces accurate results.
There are cases where the opposite happens – the
second one amplifies the first.

• Results in manual mode – number of ex-
pected colors set to 1

Figure 10: Configured single-colored telltale visual-
ization results

Figure 11: Configured single-colored telltale results

Usually, to the naked eye, on the first image
the border of the telltale is not seen. Because of
that, the number of colors in that case can be set
to one. As seen in Figure 10 and Figure 11 the
output of the algorithm is the correct result.
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Test 2

• Results in fully automated mode with de-
fault settings

Figure 12: Single-colored telltale visualization results

Figure 13: Single-colored telltale results

Figure 14: Generated masks

In this case, the algorithm not only detects
the border, but it also captures the background
inside the zero (Figure 12). Analyzing the used
mask for the telltale in Figure 14, the one gener-
ated by the contours negatively impacts the re-
sult. The first image is the correct representation
of the object, but the second one is with captured
noise. However, in most cases using both masks,
results in better detections of the colors rather
than using only one.

• Results in manual mode – number of ex-
pected colors set to 1

Figure 15: Configured single-colored telltale visual-
ization results

Figure 16: Configured single-colored telltale results

Manually setting the number of expected col-
ors produced the correct result (Figure 15 and
Figure 16) although the color appears darker be-
cause of the noise captured by the mask.

Test 3

• Results in fully automated mode with de-
fault settings

Figure 17: Single-colored gradient telltale visualiza-
tion results

As shown in Figure 17 and Figure 18, in cases
where there is a gradient, the algorithm also works
well. The darker parts of the telltale are captured
without any explicit information from the user.
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Figure 18: Single-colored gradient telltale results

Figure 19: Generated masks

The masks also correctly represent the shape of
the object (Figure 19).

• Results in manual mode – number of ex-
pected colors set to 1

Figure 20: Configured single-colored gradient telltale
visualization results

Figure 21: Configured single-colored gradient telltale
results

As seen in Figure 20 and Figure 21, manually
selecting how many colors are expected to be in
the telltale further improves the result.

4.1.2 Two-colored templates

Two-colored telltales have two predominant col-
ors.

Test 1

• Results in fully automated mode with de-
fault settings

Figure 22: Two-colored telltale visualization results

Figure 23: Two-colored telltale results

Figure 24: Generated masks

Coming back to the case described in the
“Problem statement” section in Figure 22 can
be seen how the algorithm successfully solves it.
In Figure 23 the two colors that are detected are
green and black allowing for easy classification of
the telltale.

In Figure 24 it is illustrated how using only
the first mask is going to produce incorrect re-
sults. The telltale consists of background and
text inside it, and both should be considered
when detecting the colors.
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• Results in manual mode – number of ex-
pected colors set to 2

The results in the manual mode do not differ
from the automatic mode in this case (Figure 22
and Figure 23).

Test 2

• Results in fully automated mode with de-
fault settings

Figure 25: Two-colored telltale visualization results

Figure 26: Two-colored telltale results

Figure 27: Generated masks

For the template of the telltale with white
text inside, the algorithm performs similarly, and
the result is correct (Figure 25, Figure 26 and
Figure 27).

Figure 28: Configured two-colored telltale visualiza-
tion results

Figure 29: Configured two-colored telltale results

• Results in manual mode – number of ex-
pected colors set to 2

Manually selecting the number of expected
colors to two resulted in merging of the two green
colors. The output is cleaner, and the coverage
area is also accurate (Figure 28 and Figure 29).

4.1.3 Multi-colored templates

Multi-colored telltales have more than two pre-
dominant colors.

Test 1

• Results in fully automated mode with de-
fault settings

Because of the white background of the image
an inversion is applied to Mask 1 and produces
the result that is seen in Figure 32. Also, it is
visible that the second mask completes the first
one in this case. The algorithm produces correct
results even with more colors.

• Results in manual mode – number of ex-
pected colors set to 3

The results in the manual mode do not differ
from the automatic mode in this case (Figure 31
and Figure 32).
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Figure 30: Multi-colored telltale visualization results

Figure 31: Multi-colored telltale results

Figure 32: Generated masks

Test 2

• Results in fully automated mode with de-
fault settings

Figure 33: Multi-colored telltale visualization results

Figure 34: Multi-colored telltale results

Figure 35: Generated masks

For this telltale, the algorithm detects all the
colors as expected (Figure 33 and Figure 34). Be-
cause of the shape the masks (Figure 35) are eas-
ily generated with no mistakes.

• Results in manual mode – number of ex-
pected colors set to 3

The results in the manual mode do not differ
from the automatic mode in this case (Figure 33
and Figure 34).

4.2 Performance on real telltales

4.2.1 Single-colored telltales

Test 1

• Results in fully automated mode with de-
fault settings

This is another example of how the algorithm
picks up the background as part of the object be-
cause of the specific shape (Figure 38) of the tell-
tale. The orange is correctly extracted (Figure 36
and Figure 37), but the black color is detected as
well.

• Results in manual mode – number of ex-
pected colors set to 1

When the expected color is set to one, the
detected orange gets darker because all the clus-
ters are merged including the black background
(Figure 39 and Figure 40).
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Figure 36: Single-colored telltale visualization results

Figure 37: Single-colored telltale results

Figure 38: Generated masks

Figure 39: Configured single-colored telltale visual-
ization results

Test 2

• Results in fully automated mode with de-
fault settings

Figure 40: Configured single-colored telltale results

Figure 41: Single-colored telltale visualization results

Figure 42: Single-colored telltale results

Figure 43: Generated masks

• Results in manual mode – number of ex-
pected colors set to 1

Comparing the results from Figure 41, Fig-
ure 42 and Figure 44, Figure 45, the fully auto-
matic mode in this case is behaving better than
manually selecting the expected number of col-
ors. The latter results, because of the reduction,
are more grayish rather than white as in the first
output. The mask (Figure 43) detects noise as
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Figure 44: Configured single-colored telltale visual-
ization results

Figure 45: Configured single-colored telltale results

part of the telltale’s shape, but it is low and is
not affecting the output a lot.

4.2.2 Two-colored telltales

Test 1

• Results in fully automated mode with de-
fault settings

Figure 46: Two-colored telltale visualization results

For this telltale, because of the noise the re-
sults are worse (Figure 46 and Figure 47). The
final mask (Figure 48) is correctly representing
the object, but the black text inside it is lost.
Different optimizations can be used, for exam-
ple brightening the image to improve the color
extraction.

• Results in manual mode – number of ex-
pected colors set to 2

Figure 47: Two-colored telltale results

Figure 48: Generated masks

The results in the manual mode do not differ
from the automatic mode in this case (Figure 46
and Figure 47).

Test 2

• Results in fully automated mode with de-
fault settings

Figure 49: Two-colored telltale visualization results

• Results in manual mode – number of ex-
pected colors set to 2

This is a similar case as with the previous tell-
tale. The colors because of the noise are distort-
ing the final output (Figure 49 and Figure 50).
When the expected number of colors is specified,
the text is not lost, but it is no longer white –
it appears greenish (Figure 52 and Figure 53).
The mask (Figure 51) is accurate so only addi-
tional optimization should be applied, like the
suggested in the previous example, to improve
the result.
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Figure 50: Two-colored telltale results

Figure 51: Generated masks

Figure 52: Configured two-colored telltale visualiza-
tion results

Figure 53: Configured two-colored telltale results

4.2.3 Multi-colored telltales

Test 1

• Results in fully automated mode with de-
fault settings

The algorithm also performs good on more

Figure 54: Multi-colored telltale visualization results

Figure 55: Multi-colored telltale results

Figure 56: Generated masks

complex objects such as the one in Figure 54.
The purple color that is detected is caused be-
cause of a lot of different variations in the values
of the pixels where they are predominantly pink.
In this case the second method used for mask
generation is performing better than the first one
(Figure 56).

• Results in manual mode – number of ex-
pected colors set to 3

The results in the manual mode do not differ
from the automatic mode in this case Figure 54
and Figure 55.
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5 Optimizations

5.1 Resizing

The goal of this modification is to reduce the
time it takes to produce the output. By resizing
the input image, the algorithm will have to loop
over less pixels which will result in speedup of
the process. This method impacts the detected
values of the colors and their coverage area, but
the variation in them is not drastic. In Figure 57
it is illustrated how that modification removes
noise that is detected in one of the telltales’ tests
(Figure 46) As seen in Figure 47, the coverage
area of the second color that is detected barely
passes the threshold while in the case when the
size of the image is reduced by 50% the noise is
missing (Figure 58).

Figure 57: Two-colored resized telltale visualization
results

Figure 58: Two-colored resized telltale results

5.2 Blurring

Because of the noise that can be captured with a
camera, the algorithm can detect a lot of mean-
ingless colors. The purpose of the blurring is to
solve that issue. Reducing the noise in the im-
age is expected to produce more accurate output.
Different methods can be used to blur the image.
In some cases, this modification alone will not be
enough, but it can be used in conjunction with
other optimizations, for example brightness ad-
justment.

5.3 Brightness and contrast adjustment

As seen in some cases, for example Figure 46, the
image brightness is low. This negatively affects
the colors extraction. It only detects the noise
and the black text inside it is merged with the
background. One way to solve this problem is to
increase the brightness. However, a more general
solution is required. The problem will not always
be caused because of the low brightness, it might
be caused also because it is too high. The best
solution is to use an automatic way to adjust the
illumination.

In Figure 59, it can be seen how with the
applied modification, the colors (Figure 60) are
correctly extracted from the image.

Figure 59: Two-colored adjusted telltale visualization
results

Figure 60: Two-colored adjusted telltale results

6 Conclusion

In this document the suggested algorithm for color
extraction was described and analyzed. Its per-
formance showed that it can successfully provide
the additional information needed to have a more
accurate analysis of the telltales. Further in-
depth research can be conducted to find ways
to optimize the execution time of the algorithm.
In comparison to the method that outputs the
mean color value, it is trading speed performance
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in exchange for more detailed information. That
additional knowledge allows for easier and more
accurate analysis.
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