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Abstract

In this group thesis, we develop an algorithm that allows the automated classifi-
cation of resistors using image recognition. The algorithm is implemented in an
Android app and therefore usable on every Android smartphone.

The problem is split into parts and the result is obtained step by step be-
ginning with the localization of the resistor in the captured image and cropping
the image such that only the resistor’s body remains. In the following analysis,
the color rings are separated from the background and finally assigned a specific
color. In the end, it is possible to determine the resistance of the resistor.

Our evaluation of the algorithm shows that the resistor localization works
with nearly every image and also under different conditions. The detection of the
color rings on the body of the resistor also performs well on most of the images.
However, our approach to the color assignment turned out to be unreliable. The
task is quite difficult because every camera has different saturation and bright-
ness settings. Also, external conditions like shadows and the background have a
significant impact on the colors in an image.
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CHAPTER 1

Introduction

1.1 Motivation

While working in the lab, one often faces the problem of having a bunch of
different resistors which might be used in a circuit. Unfortunately, these parts
are all too often neither sorted nor labeled according to their values. However,
the resistance of a resistor is encoded by a color combination. The combination
either consists of four or five color rings, which allows the determination of the
resistor’s resistance. The number of possible colors is restricted and every resistor
has in theory a unique color ring assignment. Therefore, we thought that this
problem could be solved automatically using image recognition, which is more
comfortable than using an ohmmeter or looking up the value in a table. In
particular, it would be useful to have an app which does all that work for you.
Since we are interested in image recognition and smartphone app development,
this project is a good combination of both topics.

This group project focuses on the development of an algorithm that can be
used for the automated classification of resistors. The algorithm systematically
analyzes an image, searches the resistors and then calculates the resistances ac-
cording to their color code. Additionally, this algorithm is implemented in an
Android app.

In addition to the improvement of comfort, this app can also be useful for
people who have difficulties to identify the small color rings or who suffer from
color blindness. Another advantage is that no additional hardware is needed,
since one can just measure resistors on the go with a smartphone.

1.2 Related Work

There exist several previous approaches to this topic. Most of those implemen-
tations are experimental. A notable project is described in [1] and was primarily
thought to be an Android app. Later on, it was optimized for a specific webcam
with manual focus and an additional light source with code running on a regular
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computer. The main reason for the platform change was the poor focus of the
smartphone camera at low distances, which made it nearly impossible to detect
any color rings. The algorithm searches the resistor as a line between its leads.
From there, it locates the rings perpendicular to the alignment of the resistor’s
body and finally determines their colors. Due to the fact that the camera is fixed
and an additional light source is provided, the algorithm could be calibrated
accurately. Therefore, it was possible to obtain reliable values.

Another realization can be found in |2]. This app was developed for i0S, which
has the advantage that there exist fewer devices and cameras, which simplifies
the development. Further restrictions are made about the number of color rings
and the orientation of the resistor. Namely, the algorithm requires the exact
positioning of the resistor in the captured image, realized by a tiny box seen on
the camera preview window. The user has to assure that the resistor is inside
this box. Moreover, only resistors with four rings are allowed. As the hardware is
basically restricted to one device, the colors can be determined pretty accurately
by having calibrated values for each possible color. Due to incompatibilities with
a new i0S version, further development was abandoned.



CHAPTER 2

Preliminaries

2.1 Resistor Decoding

As mentioned before, the resistance of a resistor is encoded by a color combina-
tion. As there exists no standard that defines the direction the color combination
has to be read, most combinations have two corresponding resistances. Our al-
gorithm solves this inconsistency by returning two possible values if neither of
those can be rejected due to further restrictions explained below.

Color Ring 1 Ring 2 Ring3 Ring 4 Ring 5
Ring 1 Ring 2 Ring 8 Ring 4

black 0 0 10°

brown 1 1 1 10! 1%

red 2 2 2 102 2%

orange 3 3 3 103

yellow 4 4 4 10*

green b 5 5 10° 0.5%

blue 6 6 6 10° 0.25%

violet 7 7 7 107 0.1%

gray 8 8 8 0.05%

white 9 9 9

gold 107! 5%

silver 102 10%

Table 2.1: The resistance of a five ring resistor or a four ring resistor is based on

the color rings.

Within this thesis, we define a resistor as a set R, of color rings where n
denotes the total amount of rings (either four or five) and ¢; is the i-th color ring
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of the resistor.
R, ={c1, co, ..., cn}, n=4,5 (2.1)

Furthermore, val(c;) denotes the value and tol(c;) the tolerance of the color be-
longing to color ring ¢ according to Table 2.1. The corresponding resistance
res(Ry;,) can then be calculated as follows:

res(Ry) = (10 - val(cy) + val(cp)) - 10¥21e3) + tol(cy) (2.2)
res(Rs) = (100 - val(c1) 4 10 - val(cz) + val(cg)) - 10¥21¢0) £ tol(cs) (2.3)

The full decoding scheme can be seen in Table 2.1. A blank cell means that
this specific color is not possible for that ring. In consequence, there are some
color combinations that yield an invalid resistance. If detected, the algorithm
can reject such a combination.

2.2 LAB Color Space

A normal image captured with a camera is stored in the RGB color space. There
exist several alternative color spaces, like the LAB color space that has some
advantages especially useful for our purposes. The LAB space consists of three
channels. L measures the lightness, A the amount of green or red and B the
amount of blue or yellow. Since green and red as well as blue and yellow are
color-opponents, they cannot occur at the same time and each pair can therefore
be described by one coordinate. In [3], one can find a comprehensive overview of
the LAB space.

One advantage of LAB is that all information about color is stored in only
two channels. For us, this is helpful because the color is an important criteria
for the way we localize the resistor in the image. The biggest benefit, however,
is that the measured color differences in the LAB color space correspond to the
ones perceived by our eyes. This helps us to find the color changes that the
human eye would also notice. For example, we don’t weight aberrations in the
background, like variations of blue, that much but rather color changes from
blue to a different color like brown. To calculate color distances, the CIE AEg,
color difference formula is used (see [3] for further information). This function
compares a reference color (L1, aj, by) to a color (L2, az, b2). The metric is
calculated as follows:

AL \? AC, \? AHy 2
AE:, = @ otab 2.4
1 \/(kL-SL) +<kc-Sc> +(/-CH-SH> (2:4)

AL=1L;— Ly

where
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ACu = /a2 + 62 — \Jad + 13

AHy, = /(a1 — a2)? + (b — b)? — AC,

SL=1, So=1+0.045-\/a] + 12, Sp=1+0015-\/a?+8

kL:L ]CC:L ]{JH:1

It is important to note that this metric is not commutative, since some weight-
ing factors only depend on the reference color. This means that the reference color
is taken into account stronger than the color it is compared to.

2.3 Software and Hardware for the Implementation

The algorithm is implemented in Java for the Android platform (API version
> 14). For the image processing, we use OpenCV 2.4.9 [4]. The Android app
was tested on three devices: HTC One, Samsung S3 and LG Google Nexus 5.



CHAPTER 3

Problems and Methods

In this chapter, we want to explain our resistor detection algorithm. The algo-
rithm takes an image of one or multiple resistors as input and returns the value
and a cropped picture of each resistor it found. The resistors should be placed on
a uniform gray background. The algorithm consists of three consecutive stages.
The first stage scales the captured image to a predefined width of 1920 pixels
and locates the resistors in it. Afterwards, the algorithm cuts out each resistor
properly and rotates the image, if necessary. The second stage locates the color
rings on the resistor and returns a list of color values, one for each ring. The third
and final stage is the color classification. For all rings, the closest color from the
color code explained above has to be identified. Having determined the color of
each ring, it is now possible to calculate the corresponding resistance.

Due to technological limits, it is not always possible to detect the tolerance
ring, especially when it is golden. The only difference between a golden ring and
a beige background is the glossy surface of the ring, which often cannot be seen
in an image of the resistor. Thus, it is necessary to decide whether a four ring or
a five ring resistor should be detected before the algorithm can be executed.

3.1 Resistor Localization

The first stage of the algorithm is the localization of resistors in an image. This
problem is solved using a line detection algorithm and statistical analysis of the
image.

3.1.1 Noise Filtering

To improve the results from the line detection, several noise filters get applied
to the image obtained from the camera. First, a median and a Gaussian blur
are used. These filters ensure that most camera artifacts are removed and noise
is reduced considerably. Then, the morphological operation Opening is applied,
which improves the separation of the resistors against the neutral background.
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Detailed information about the three filters can be found in [5, pp. 109-121]. The
resulting image after all three filters will be called simplified image. Figure 3.1
shows the effect of the filters on an image with a single resistor.

In our implementation, we use an aperture size of 3 for both blur filters and
a kernel size of 5 for the morphological Opening.

(a) Original image (b) Simplified image

Figure 3.1: The image on the right shows the effect the noise filters described
above have on the original image captured by the camera.

3.1.2 Hough Line Detection

The resistors are located using a line detection algorithm. Before we can apply
this algorithm, we have to find edges in the given image. As the edge detec-
tion algorithm neglects color information, the simplified image gets converted to
grayscale. The monochrome image is filtered with OpenCV’s standard blur (see
[5, p. 110] for more information) and the morphological operation Erode (see [5,
pp. 115-120]), which improves the edge detection’s results. We use a kernel size
of 5 for both filters.

The Canny edge detector then can find the edges of the resistors in the image
using directional derivatives. This detector was first described in [6] by J. Canny.
A detailed explanation of OpenCV’s implementation of the algorithm can be
found in [5, pp. 151-153|. We use a low threshold of 15, a high threshold of 60,
and an aperture size of 3.

As described by Bradski and Kaehler in [5, pp. 153-158], Hough line trans-
form can be used to find lines in the binary image obtained from the Canny edge
detector. We use a resolution of 1 pixel by {55 radians and a threshold of 80.
OpenCV'’s implementation of Hough line transform returns the lines parameter-
ized with the angle 6 of their normal with respect to the x-axis and their distance
p from the origin that is located in the image’s bottom left corner.

As can be seen in Figure 3.2¢, the Hough line transform returns a lot of
lines which are more or less parallel to the resistor. To simplify further analysis,
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these lines have to be grouped in line groups — groups of "similar" lines. Since
the difference of # between two nearly parallel lines is very small, the lines are
grouped according to their angle 6 in our implementation. For this, an empty
list of line groups is created. For each line found with Hough line transforms, the
angle 6 is compared to the average angle 8 of every line group in the list. If the
difference between the two angles is smaller than 0.1 radians and the respective
difference between the distances p and p is smaller than 100, the line gets added
to the line group. If the parameters of a found line are not within those ranges, a
new line group is created. At the end of this process, all the lines are grouped in
very few line groups. In Figure 3.2d the line groups are drawn in different colors,
with the average line of each group drawn thicker. Although the described line
grouping algorithm is sensitive to the lines’ order, our tests with different types
of images show that it has a good overall performance. There is a line group
whose average line is parallel to the resistor in virtually every image.
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(a) Filtered grayscale image (b) Canny edge detector output

(c) Hough line transform output (d) Line groups

Figure 3.2: These four images illustrate the individual steps of the line detection.

3.1.3 Statistical Analysis

The line detection algorithm explained above returns lines that are parallel to
exactly one resistor. Each of these lines is now analyzed separately to determine
the position of the resistor on the line and cut it out accordingly.

The simplified image is first rotated in such a way that the line is horizontal.
Then, the image is cropped to a strip with a height of 30% of the original image’s
width around the line, called resistor strip. As Figure 3.3 shows, the resistor is —
in the ideal case — vertically centered in this resistor strip.

»

Figure 3.3: The simplified image gets rotated and cropped such that the resistor
is vertically centered in the resulting resistor strip.

The next step is to locate the resistor horizontally. This can be done by using
the fact that the body of a resistor is the only colorful part of the resistor strip.
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To enhance this effect, a median blur filter with a relatively big aperture size
(11 in our implementation) is applied and the saturation value of each pixel gets
shifted such that the average saturation of the whole resistor strip is 60%. The
image is then converted to LAB color space.

The color information in the LAB color space is stored in channels A and B.
Besides the information about the brightness, this is taken into account in our
definition of the color deviation o which measures the amount of color variation.
For a given array of pixels, the color deviation is defined as follows:

o:=ki oL+ ke (04 +03) (3.1)

oL, 0a and oy are the standard deviations of the corresponding color channels of
all pixels. k1 and ko are scaling factors that are set to 1 and 10 respectively in
our implementation.

Figure 3.4: Fach pixel column below the resistor strip is colored according to
the color deviation of the column above it: the higher the color deviation, the
brighter the column.

As can be seen in Figure 3.4, the color deviation allows us to locate the resistor
with a high precision. For this, the color deviation of each column is calculated.
If it exceeds a limit o(, the column is marked as belonging to the resistor. To
allow a restrictive selection of oy, the marked sections of the resistor strip are
defragmented: If the distance between two marked columns is less than dy pixels,
all the columns in between are also marked as belonging to the resistor. At the
end of this process, the whole resistor strip is divided into regions belonging to the
resistor (resistor regions) and regions that do not. If a resistor region is longer
than [y pixels, it is regarded as potential resistor and the corresponding part of
the resistor strip gets analyzed vertically.

Figure 3.5: Each pixel row to the right of the resistor strip is colored according
to the color deviation of the row left of it: the higher the color deviation, the
brighter the row.
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The vertical analysis works similar to the horizontal one. At the end, the
biggest resistor region gets selected. If it is more than hg pixels high, it is cut
out and added to the list of resistors.

In our implementation, we use the following parameters: o¢9 = 70, dy = 20
(horizontal analysis) or dy = 10 (vertical analysis), lo = ho = 21.

After all lines have been analyzed, we are left with a list of resistor images
and their location in the original camera image.

Figure 3.6: The algorithm found a resistor for each line group in 3.2d — here
marked by a box in the respective color.

In Figure 3.6, we can see an example image in which the algorithm found
three versions of the same resistor, one for each line group. In this case (two or
more possible resistor boundaries intersect), the algorithm chooses the resistor
with the smallest area and removes the others from the list. The reason for this is
to avoid analyzing the same resistor multiple times in the following (computation-
expensive) stages.

3.2 Color Ring Detection

The second stage of our algorithm detects all color rings of the resistor in the
cropped image from the first stage. This stage is split in two parts. In the first
part, the algorithm tries to find the edges of the color rings. In the second part, a
penalty system is used to decide which edges belong to which color rings — aiming
at having a list of all color rings.

3.2.1 Edge Detection

The edges of the color rings are detected by observing changes in color along the
vertical axis. We assume that the image is rotated in such a way that the rings
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Figure 3.7: This illustrates the result of the edge detection. The green vertical
lines highlight the column range of which we calculate the RSMs while the red
horizontal lines highlight the detected edges

are aligned horizontally. A color ring’s edge is characterized by an abrupt change
in color between very few rows. We use the CIE AEj, function (Equation 2.4)
to measure the change in color. As this function is designed for the LAB color
space, the image has to be converted before the edge detection.

Assuming minor color changes along the horizontal axis, it is a valid sim-
plification to calculate the mean color of a specific column range in one row,
hereinafter called row section mean (RSM). The restriction to a smaller range
of columns reduces the influence of the background in further analysis. For our
selected resolution, we use a 21 pixel wide column range in the center of the
image. In Figure 3.7, the RSM is calculated from the sections between the green
vertical lines.

To decide whether a row is the edge of a color ring, the RSM of this row can
be compared to the RSM of the previous row using the CIE AEg, function. As
color changes can happen over multiple rows, the comparison to only the previous
row can be misleading. This especially holds for high resolution images, where
color changes are smoother. To counter this effect, our algorithm calculates the
mean of several previous rows’ RSMs and compares it to the RSM of the current
row. To ensure that the color changes of previous edges have no impact on the
current potential edge, only the last H = N/20 RSMs are compared to the RSM
of the current row (for an image with N rows in total).

Concretely, the edge detection works as follows: First, the RSM of each row
is calculated and saved in a list. Then, every RSM in this list gets compared to
the average of the last H RSMs. If the distance between these two is greater
than ¢g, the corresponding row is added to the list of color ring edges. To avoid
detecting one edge multiple times (for instance when the change in color stretches
across multiple rows), there has to be one row that is not considered to be an
edge before another edge can be added to the list. We use a value of 6.0 for ¢g
in our implementation.
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3.2.2 Penalty System

In the second part of the color ring detection, the list of edges from the first
part is used to find the color rings. For each resistor segment between a pair of
consecutive edges, the algorithm has to decide whether the section belongs to an
actual color ring (ACR) or to the background. The results for all the resistor
sections can be encoded by a bit string: 1 means that the corresponding section
belongs to an ACR, 0 that it is part of the background. It is possible that more
than one edge is recognized inside one ACR or background ring. Therefore, an
ACR is represented by a sequence of ones enclosed by zeros and a background
ring vice versa. The bit string has a length of kK — 1, where k is the length of
the list of edges. So, there are 2F~1 different ACR-background assignments if we
consider every possible combination.

(a) 101010100 (b) 101101010

Figure 3.8: Subfigures (a) and (b) show two different ACR-background assign-
ments with the corresponding bit string. (b) is the correct assignment.

To find the correct ACR-background assignment, our algorithm uses a penalty
system. Each possible bit string is rated based on multiple criteria. The bit string
with the lowest penalty is returned. The main advantages of such a penalty
system are that every criteria can be rated dynamically based on the deviation
from a mean value and that new criteria can easily be added. A drawback is,
however, that each combination is in principle possible. Thus, well defined criteria
and penalties are required to avoid invalid results. Our algorithm evaluates five
criteria:

1. Number of rings

If the number of ACRs is too small, a very large penalty p; is added. If the
tolerance ring was not found, a medium penalty po is added.

2. Width of color rings

The width of all ACRs should be more or less equal. So, if the width w of
an ACR is smaller than 75% of the mean width w of all resistor sections, a
proportional penalty of p3 - |w — w| is added. If w is more than 25% greater
than w, a slightly higher penalty of p4 - jw — w| is added. Too wide rings
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get penalized stronger because it is less likely to have a wider ACR than
the mean than to have a narrower one.

3. Color distances of the ACRs

The third criteria evaluates the color distance between each ring and the
overall color mean of the resistor. For each ACR, a penalty inversely pro-
portional to the color distance is assigned (ps divided by the color distance).
The idea behind this is that the ACRs’ color is different from the overall
mean while the background rings’ color is similar.

4. Color distances of the background rings

All background rings should have a similar color. For each presumed back-
ground ring, a penalty of p; times the distance to the color mean of the
whole resistor is assigned.

5. Color ring order

This criteria penalizes a combination if two or more consecutive zeros or
ones occur, because in the ideal case the combination should have alternat-
ing ones and zeros. For each pair of ones or zeros, a small penalty pg is
added.

After careful tuning, we chose the following parameters for our implementa-
tion:

p1 =10000 p2 =50 p3=10 ps=15 p5;=300 pg=5 p;r=2

3.3 Color Classification

In this section, we describe the third and final stage of our algorithm. It is a
major challenge to assign the correct color to each detected ACR. It leads to 10
comparisons of the ACR mean color to predefined reference colors. This is again
done with the AEg, metric (Equation 2.4).

The algorithm compares the ACR color mean to each reference color. Instead
of having just one reference value for each identifiable color, it is a better practice
to have a list of reference values for each color. Each of the 10 selectable colors
are rated according to the color distances between their reference colors and
the ACR color mean. The lowest three color distances are summed up for each
selectable color to finally choose the color with the lowest sum of those three
minimal distances. This method covers variations of colors, since for example
the color red is not the same on each type of resistor. Furthermore, it helps to
detect the correct color even if the lighting conditions are not the same in every
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image by including darker and brighter shades of each color in the respective
reference list.

Further improvement can be obtained by excluding impossible color assign-
ments. According to the calculation formula for the resistance described in 2.1,
there exist some color combinations that lead to to an invalid resistance. The
most important exclusion condition is that the first ring cannot be black because
that would mean that the resistance is 0 2. This especially helps to guess the first
ring correctly, since a major problem turned out to be the distinction between
black and brown. A further restriction belongs to the multiplier ring (either the
third or the fourth ring, depending on the total number of rings). This ring can
neither be gray nor white, since multipliers of 10 and 10 are not allowed.

A problem with the color classification is that both gray and brown are found
within a wide range of values in the LAB color space. This makes it very hard to
define those colors via the reference lists. To mitigate this error, the algorithm
does not only look at the most likely but also at the second most likely color.
We figured out that often, when gray is the most likely color, the ring is in fact
brown, which is found as the second most likely color. This does not happen the
other way around: for a gray ring the second most likely color is usually white.
Based on those observations, we decided that the algorithm chooses brown if the
most likely color is gray and the second most likely is brown. This manipulation
is valid especially when keeping in mind that brown is one of the most occurring
colors and therefore should be found more often than gray.

Having classified the color of each ACR, it is now straightforward to calculate
the resistance according to Equations 2.2 and 2.3.



CHAPTER 4

Implementation

Besides developing an algorithm, we also wanted to have a finished implementa-
tion of it in form of an Android app. An important factor is the usability. The
user interface should be as simple and as intuitive as possible.

S 4 O o .4 & 1413
m Resistor Classifier

Figure 4.1: The camera preview is in the center of the apps’ main window as well
as all buttons needed for a scan.

The main window of our app can be seen in Figure 4.1. The biggest part is
the camera preview. With the two buttons on the left side, the user can select
whether a four ring or a five ring resistor should be detected. The big button on
the right allows to take a picture, which will then be analyzed. Additionally, the
camera preview allows manual focus by touching the selected region. Figure 4.2
shows the result screen that is displayed after the image has been processed. On
the top, the user sees the cropped image with the original resistor. The green
lines mark the detected edges and the green boxes the chosen ACRs. Below
the cropped image, there is a schematic drawing of the detected resistor with
its color rings. As mentioned before, there can exist two valid resistances for

16
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a detected color combination. Both are listed below the drawing. The result
screen is actually a slider gallery and each detected resistor is on a separate page
(denoted by the blue dot on the bottom of the screen). In this example, there is
only one resistor in the original image, which is classified correctly (10k€2).

@ i o 4 4 1413

m Resistor Classifier

[ - -

A _sand

300R or 10K

@

Figure 4.2: On the top of the result screen that is displayed after the algorithm
has analyzed the image, there is a cropped image with the original resistor. In
addition, there is a schematic drawing of the detected resistor for better visibility.

However, it may happen that a color ring gets assigned the wrong color. Then,
the user has the possibility to manually change this specific color by tapping on
the respective color ring in the schematic drawing. A dialog shows up with a
list of all possible colors. For each color in the list, a blue bar indicates the
probability that this color is correct according to the algorithm. Colors that are
more likely to match the ring are listed first. The dialog can be seen in Figure
4.3.
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v .4 w1414

Figure 4.3: After tapping a ring on the schematic drawing, the color selection
dialog shows up and the user can correct an assigned color.



CHAPTER 5

Evaluation and Discussion

In this chapter, we describe how we evaluate our algorithm. We developed a sep-
arate evaluation routine which analyzes pictures of 29 different resistors. Three
different devices were used: HTC One, LG Google Nexus 5 and Samsung S3.
Every resistor was photographed in three ways with every device (horizontal, tilt
left and tilt right). This results in 261 different images.

The evaluation system allows to check all stages described in chapter 3 one
after the other. The first two stages (resistor localization and color ring detection)
have to be evaluated manually, while the results of the third stage are compared
automatically to a predefined list of the real color rings. The two parts of the
second stage (edge detection and the penalty system) are assessed individually.

5.1 Evaluation Results

The results of the evaluation can be seen in Figure 5.1 and Table 5.1. The al-
gorithm could only classify 36 of the 261 resistors correctly. However, a detailed
analysis of the numbers for the individual stages shows that the resistor localiza-
tion in particular and the color ring detection in general yield good results. The
most problematic stage is clearly the color classification because it only assigned
correct colors to 25% of the images that passed the previous stages.

One’s attention has to be turned to the last stage. Across all three tested
devices, the color detection yields poor results. One reason for this is missing
calibration of the algorithm in favor of usability. This means that the charac-
teristics of a specific camera and environmental conditions are not taken into
account. This leaves room for improvement. Some suggestions can be found in

Chapter 6.

19
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All devices

250

200 +

150 |

100

0
Resistor Localization Edge Detection Penalty System  Color Classification

Figure 5.1: The four bars indicate the amount of resistors that passed the corre-
sponding algorithm stage successfully (green) or failed at it (red).

All devices Samsung S3 Nexus 5 HTC One

Resistor localization 88.9% 82.8% 89.7% 94.3%
Edge detection 78.4% 83.3% 76.9% 75.6%
Penalty system 79.1% 80.0% 70.0% 87.1%

Color Classification 25.0% 33.3% 26.2% 16.7%

Table 5.1: This table shows the percentages of resistors that passed the corre-
sponding algorithm stage successfully whereby only the resistors that passed all
previous stages are taken into account.

5.1.1 Color Classification

A more detailed analysis of the color classification can be seen in Figure 5.2
and Table 5.2. The colors brown, orange, yellow and violet are recognized very
unreliably. We explain this by the following reasons:

— In the LAB space, there are many triples that lead to a brown-like color.
Since our color detection chooses the reference color that is located closest
to the measured color, it happens that — in the worst case — nearly every
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other color can be chosen instead of brown. Moreover, a dark brown is
often recognized as black. Any adjustment to the reference list of brown
would invert the problem because black rings would be chosen as brown.
Unfortunately, brown is along with black the most occurrent color. This
error explains a great amount of the wrongly classified resistors.

— Orange and red are described by very similar triples in the LAB space. This
leads to wrong assignments. Many orange rings are rather dark and they
are therefore often classified as red or brown. However, a change in the
reference list of orange would again invert the problem as many red and
brown rings would be classified as orange.

— The poor results in the detection of yellow come from the fact that yellow
rings look more like green ones on a blue resistor. On a beige resistor, they
are sometimes not even recognized because their edges are not detectable.

— Since violet and blue are also described by similar triples, it is likely that
these two colors get interchanged. Violet rings are usually dark (that means
not a high red portion) and therefore seem to be blue. Just as in the
cases above, any adjustment to the reference list of violet would invert the
problem.

As white is probably the rarest color, we did not have any resistors with white
rings on it. However, white is — similar to black — relatively good recognizable
because it is located close to a boundary of the brightness coordinate L. There
exists no color that is brighter than white and, similarly, no color that is darker
than black.

Black Brown Red Orange Yellow
90.0% 50.0% 68.0% 21.1% 5.3%

Green Blue Violet Gray White
69.7% 80.0% 35.7% 62.5% -

Table 5.2: This table specifies the percentage of correct classification for every
identifiable color.
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Figure 5.2: The height of each bar denotes the total amount of rings with the
respective color. The filled part shows the number of correctly classified rings
and the hatched part the number of rings that are misleadingly assigned another
color.



CHAPTER 6

Future Work

As explained in the previous chapter, the detection of the colors turned out to
be a problem. It is important to have an algorithm which is able to distinguish
different colors on different backgrounds. A possible improvement could be ob-
tained by considering the background, so that the color of a pixel region also
depended on the color of the regions next to it. The human eye distinguishes
colors in a similar way; it continuously adapts itself to the background color.

Instead of comparing each color to a list of reference colors, it could be a
better approach to calibrate the reference list for every image based on the lighting
conditions and the background. This would allow a reliable color detection under
different circumstances. One could even go so far as to require a card with all 10
colors printed on it that has to be in the picture as well. This would allow the
algorithm to get a proper reference value for each color.

An entirely different approach to the problem of determining the resistance
of a resistor with a smartphone could be the measuring of the resistor with
an external hardware device. It would contain a voltage divider and a little
amplifier and could be connected via the headphone/microphone jack. Through
the headphone output, a small voltage can be applied on the additional device,
whose output voltage then is measured with the microphone input. Based on the
ratio of those two voltages, the value of the connected resistor can be calculated.
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