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Abstract. Identifying resistor color codes for human operators is a relatively simple
task, given enough experience so that the colors and positions are memorized. There are,
however, difficulties when the color shades are confusing, as well as when the sequence can
be read in both directions, not to mention the increased complexity when the resistor has five
or six bands, in which case several of them have different meaning and values. This paper
presents a computer vision image processing pipeline that attempts to preprocess the image,
detect, segment and rotate the resistors, detect and segment the color bands and ultimately
identify the nominal value of the resistor, tolerance and temperature coefficient. The results
show that the detection is done accurately, if the light conditions are proper.
Key-words: computer vision, opencv, color codes, automation.

1.

Introduction

The computer vision domain has a wide range of applications that require identifying and
detecting shapes, text or objects. Some notable examples are vehicle detection [1], number plate
recognition [2], face detection and recognition [3], automatic defect recognition [4] and distance
measurements [5]. Regarding the electronic technology, some applications for computer vision
are validating tracks and pads on electronic boards and verifying components placing [6]. For
these kinds of applications, usually there are two algorithmic approaches: either implement the
logic as a classic imperative algorithm, by using blocks such as thresholding, contour detection, morphological transformations, or newer, machine learning techniques, such as assisted
and unassisted learning. Of course, there is also a possibility to combine the two approaches to
get the best of both worlds. In both cases, the main challange is to make the application robust
enough to withstand changes in light conditions or corner cases regarding input images. There
are some cases in which even human operators are unable to properly identify and recognize elements in an image and in which machine learning techniques perform better [7]. In this paper, we
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attempt to improve electronic resistor discrete components detection and recognition using color
coding. The main effort was put in image segmentation so that it can be achieved in a wide range
of light conditions, as well as properly identifying the number and color of bands, regarding of
the resistor orientation.
The remaining of this section will review other applications that attempt to solve this issue
along with a short description of the color-coding of electronic resistor components. In section
2. we describe in detail the experimental setup and application architecture and design, section
3. shows the results we obtained and we finish with section 4. in which some conclusions are
drawn.

1.1.

Previous Approaches

There are also several applications that attempt to solve the same problem as this paper:
recognizing color bands on discrete resistor components.
In [8] the authors focus on reducing the specular reflection and halo effects on the input image
in order to improve band recognition. They report a 90% correct measurement rate on a sample
of 400 resistors. However, their methodology implies measuring each resistor individually, with
a high resolution camera, not detecting multiple items from a large image.
In [9], the authors propose a method for detecting the color bands using a grayscale camera.
They use machine learning techniques and they obtained a 87.9% accuracy. In [10], the authors
developed a similar computer vision application and test it with 1700 resistors. They claim an
accuracy of 96% for correctly extracting color bands and 92% for correctly measuring the resistor
value.
There are also applications written for modern smart phones that attempt to solve the same
problem, like [11] and [12] with mixed reviews.

1.2.

Resistor Color Codes

A color coded resistor is identified by colored rings drawn on the surface of the component.
Depending on their number, position and color, they encode a specific resistance value, percentage of tolerance and temperature coefficient. Fig. 11 shows a possible marking for a resistor. The
bands represent, in order, one to three significand digits, a multiplier (power of ten), a tolerance
and a temperature coefficient. At least, a resistor must be marked with a minimum of three bands
(two significand digits and a multiplier), and can have up to six bands (three significand digits, a
multiplier, a tolerance and a temperature coefficient). Table 1 depicts the values for each color.
Default tolerance value is 20%, if not specified [13].
In order to properly identify the order of the bands, there are two options: either the tolerance
band is a specific color that is not used for a digit (like silver, or gold), or it is slightly further
away from the other bands. It is possible, of course, for both to be true in case of some resistors.
The body of the resistor can have any color, but we mostly tested with beige, blue and cyan. The
issue being that beige can be easily confused with both yellow and gold.
1 https://commons.wikimedia.org/wiki/File:4-Band

Resistor.svg
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Fig. 1. Diagram of a 4-color band.
Table 1. Color codes description table.
Ring color

Significant figures

Multiplier

Tolerance [%]

Pink
Silver
Gold
Black
Brown
Red
Orange
Yellow
Green
Blue
Violet
Grey
White

–
–
–
0
1
2
3
4
5
6
7
8
9

×0.001
×0.01
×0.1
×1
×10
×100
×1000
×10000
×100000
×1000000
×10000000
×100000000
×1000000000

–
±10
±5
–
±1
±2
±0.05
±0.02
±0.5
±0.25
±0.1
±0.01
–

2.
2.1.

Temperature coefficient
[ppm/K]
–
–
–
250
100
50
15
25
20
10
5
1
–

Application Architecture and Design
Experimental Setup

The application is designed as a real-time system which identifies the position and value for
each resistor as they are placed in front of the camera, on an uniform background.
The application is run on a computer with an Intel(R) Core(TM) i7-10510U CPU and 16GB
of RAM at 2133Mhz. Connected to this computer is a Basler acA4600-10uc USB3 color camera
[14] that provides a video stream of 4608x3288 pixels at roughly 10 frames per second, placed
on a stand, at about 70 cm above the platform on which the resistors are placed on a white piece
of paper, as can be seen in Fig. 2. Their size is rather small, so a high resolution camera is
mandatory, as it can be seen in Fig. 3.
The computer runs a Linux based operating system - Mint 20.2, kernel version 5.11.0-36. The
development environment is using C++17 compiled with G++ 9.3.0, OpenCV 4.4.0 library [15]
and Basler Pylon SDK version 6.2.0.
The video stream is read frame by frame using the Basler Pylon C++ API and transformed to
a OpenCV matrix. This image is then fed to the video processing pipeline which outputs a list of
positions, orientations, rotated bounding boxes and resistance values for each resistor detected in
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Fig. 2. Experimental setup.

Fig. 3. A resistor component with terminals, next to an 1 Euro coin.

the image. This information is then overlayed over the original image for user to see. Future work
involves creating a mechanical system that picks up each resistor, sorting them in corresponding
boxes.

2.2.

Pipeline Architecture

Fig. 4 presents the block diagram of the processing pipeline. The components that will be
described in detail below are: the preprocessing step, with attempts to alleviate large variations in
light conditions, using normalization techniques, then the segmentation block which will attempt
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to detect resistors in the image and segment and rotate them so that the bands are perpendicular
on the X axis, the band detector block, which will detect the color bands by isolating the resistor
body color, and finally the color matcher that will try to identify the correct color for each of the
detected bands.

Fig. 4. Block diagram of the processing pipeline.

2.2.1.

Preprocessing

The preprocessing pipeline is made up of the white balancing block and the filtering block.

White Balancing A crucial part of the image preprocessing is that colors must be preserved
in order to correctly identify bands in the later stages The first step of ensuring that this is done
correctly is applying white balancing to input image. This can be achieved in two ways: i) setup
the camera to do it using the Pylon SDK or ii) applying white balancing in software. Knowing
that most of the image is white (since the platform is covered by a white piece of paper), we
can use that information to compute the illuminant and then contrast values for each of the three
color channels.
Both options were tested with no quality difference. We have opted to use the first option,
since it improves performance (leaves the CPU free to do other tasks).

Fig. 5. Original image and after white balancing.
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Bilateral Median Filtering The filtering was applied to remove electronic noise form the input
image. The advantage of bilateral filtering as oposed to simple median filtering is that in preserves
sharp edges [?]. The effect can be seen in Fig. 6.

Fig. 6. Image before and after applying a bilateral filter.

Gamma Correction is a non-linear transformation that can improve contrast in images. Altough we have done some experiments with applying a gamma transformation, the changes we
saw in color made it unsuitable for this application, therefore it was dropped.
2.2.2.

Resistor Segmentation

Contrast Enhancement Because there can be variation in the way light hits the platform, the
luminance of the background can vary. This can be an issue during segmentation. In order to address this, we can compute a contrast value to apply to the image such that after the enhancement,
the entire background will be perfectly white (a value of luminance of 255).
In order to achieve this, the image is first converted to grayscale and then a gaussian filter is
applied, with a window of 5x5. The next steps are computing the histogram of the blurred image,
finding the peak bin (which is assumed to be the background) and then the maximum histogram
bin for which its value is less than 50% of the peak, as described in (1).
HIST = set of (value, sizevalue ), value = 0 → 255
P EAK = (valuemax , sizevalue max ),
where valuemax = valuek , k = 0 → 255, for which sizevalue k is max

(1)

H = valueh , where valueh = max(valuek ), k = 0 → 255
and sizevalue h <= 0.5 × sizevalue max
Then, using an experimentally identified threshold (depending on the resolution and resistor
size), find the minimum histogram bin for which the size is larger than the threshold, as shown
in (2).
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L = valuel , where valuel = min(valuek ), k = 0 → 255
and sizevalue l >= threshold
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(2)

Then, we compute a linear transformation for the color image, as described in (3). The result
is shown in Fig. 7.
B = −L
255
C=
H −L
Po = (Pi + B) × C,

(3)

where Po is an output pixel value and Pi is an input pixel value.

Fig. 7. Image before and after applying the contrast enhancing algorithm.

Thresholding The thresholding stage is used to detect objects in the image and is necessary
before attempting to detect any contours. Two types of thresholding algorithms were attempted:
constant and adaptive.
Constant thresholding algorithms will compare each pixel with a given constant threshold.
When using the binary threshold, any pixel that is greater or equal than the treshold will be
replaced with the maximum value (255 in this case), and anything lower than the threshold will
be replaced with 0.
Adaptive thresholding does something similar, only instead of a fixed threshold value, the
algorithm will use a dynamic threshold, computed for each block of the image. The advantage
of this approach is that it will properly process areas with different background luminance.
Running an adaptive thresholding with a block size of 241 pixels and an offset of 30 can be
observed in Fig. 8.
Morhpological Transformations As it can be seen, one issue that appears is that the resistor
terminals are still visible, and that will impact the contour detection later. In order to solve this,
a morphological errosion should be performed on the mask which essentially shrinks the objects
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with an amount of pixels depending on the structuring element used. However, before errosion
can be performed, another problem should be addressed: because of the adaptive thresholding,
some parts of the resistors were not properly segmented, leaving small holes. This could be
solved by applying the inverse operation to errosion, which is dillation. However, that will actually increase the width of the terminals which is an undesired effect. The problem can be solved
with a sequence of dillate and errode (which is called a close trasformation), followed by an
errode-dillate (called an open trasformation). The final result can be seen in Fig. 8, bottom-right.

Fig. 8. The mask obtained by adaptive thresholding and morphological close and open.

Contour Detection and Rotated Bounding Boxes Next step in the processing pipeline is the
detection of the contours and filtering of the ones too small or too large to be valid resistors. This
can be simply achieved using the f indContours and contourArea functions in the OpenCV
library. For each detected contour that is valid, considering that the outline of the resistor is more
or less rectangular in shape, we proceed to find the minimum area rectangle that encompasses
the contour, using the OpenCV minAreaRect function. After obtaining the rotated rectangles,
using the longest edge we can compute the angle with which the resistor is rotated along the X
axis. With this information and the region of interest associated with the resistor (obtained using
the boundingRect function), it is trivial to compute the 2D rotation matrix and perform an affine
transformation to properly align the resistors. These operatoins can be seen in Fig. 9.
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Fig. 9. Contours detection and resistor alignment for two items.

2.2.3.

Color Band Detection

The next step in the algorithm is identifying the number and BGR2 color of each resistor
bands. But in order to do that, the first step is to identify the resistor’s body color. In order to do
that, the k-means algorithm was employed.
Obtaining the Resistor’s Body Color The k-means clustering method is used by attempting
to cluster the colors of all pixels from the segmented resistor into a number of clusters equal to
the number of different colors that exist on the resistor. Since the image is in the BGR space, the
clustering will be performed in a 3D space as well. However, there is no prior information on the
number of bands or the number of different colors, but we do know that there are at least three
bands (that can be the same color) and a maximum of six bands (each of different colors). That
gives us between two and seven distinct colors in the image. So we will attempt to use k-means
with k ranging from two to seven and select the result that gives the best compactness. The center
of the largest cluster is the considered the background color. The results are shown in Fig 10
Obtaining the Color Bands Having the background color, the next step is to identify the
bands and their BGR colors. This is itself a two-step process. First, in order to minimize the
effect of the light reflecting on the smooth surface of the detector, a cropping is made from the
component image, only keeping ten rows from the middle. Then, each of the columns in the
cropped section is averaged, vertically. The result is only one row. In order to illustrate, the row
can be seen, resized verically, in Fig. 11. Then, we compute the SSD3 between the background
color and each color in the row. The peaks are then obtained, with a minimum distance of 15
pixels between them, and these peaks correspond to the position of the bands. The BGR colors
at those positions are the bands colors.
2 Blue,
3 Sum

Green, Red
of Squared Differences
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Fig. 10. Some resistors with the extracted background color.

Fig. 11. Some resistors with bands identified.

2.2.4.

Color Band Estimation

Having the BGR values for each band is not sufficient for identifying the actual color of the
band. The problem comes from the fact that each manufacturer uses slightly different hues for
the same color. That means that brown from one manufacturer doesn’t necessarely have the same
BGR value as another manufacturer, and there are even components from the same manufacturer
that have different hues for the same color due to the component belonging to different batches
and having different a different age, or having been used for longer. To address this, we have
used all the BGR values for all the bands from all the resistors used in development and created
a statistic for each of the ten colors used in color coding. Then, for each color, we defined an
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Table 2. Color BGR values for some of the detected bands.
BGR Value
BGR Value
Color
Color
Blue Green Red
Blue Green
BROWN 67
54
74
BROWN 76
68
RED
69
43
86
BLACK
59
44
BLACK
64
44
36
BLACK
54
47
BLACK
65
42
39
BROWN 59
57
BROWN 71
62
66
BROWN 63
57

Red
79
43
30
74
67

Table 3. Reference BGR values for colors found in test samples.
BGR Value
BGR Value
Color
Color
Blue Green Red
Blue Green Red
ORANGE 50
99
175 YELLOW 55
145
170
BROWN
63
61
90
RED
51
54
132
GOLD
88
133
156 SILVER
139
143
104
BLACK
52
48
49
VIOLET
102
66
104

average BGR value. Then, when searching for a color, it is considered that the one with the
smallest SAD to the BGR value in question is correct color. In table 2 there are BGR values for
some of the bands above.
The reference BGR codes are presented in table 3.

3.

Results

From the experiments performed, the following statistics were drawn and presented in table
4. Some examples of resistor identification are shown in Fig. 12.

4.

Conclusion and Future Work

This paper presents the research and development of a computer vision application that detects and identifies values of discrete resistor components based on their color codes. Component segmentation is done through a series of image processing techniques that correctly identify
100% of the components present in the input image.
Bands in the segmented components are segmented themselves using the k-means clustering
technique un order to identify the body color. However, only 81.1% of the bands are segmented

Stat
Resistor segmentation
Band segmentation
False band segmentation
Correct color identification

Table 4.
Total items
12
55
2
49

Testing results.
Correctly segmented
12
49
45

Correctly segmented (%)
100.0%
81.8%
91.8%
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Fig. 12. Resistors identified correctly, incorrectly and with missing bands.

correctly. Even more, two extra bands are detected in some resistors where in fact there are none.
We suspect the reasons for this are light reflection that changes the hue of the band in certain
areas, the difference between the body color and the band color is at times so small that it is
drowned in noise and also because some parts of the terminals are still present in the segmented
image, having a different color than the rest of the body. There are two ways we will attempt to
mitigate this issue: i) using the information that most bands are equally distanced, and so after
detecting two of them, we may be able to extrapolate the positions of the others and ii) using
convolutional neural networks to train a machine learning algorithm to recognise the bands and
their color.
The reason why the CNN will most likely be the best approach is that the color identification
is also not optimal, with 91.8% accuracy in identifying the correct color. The reason the color
identification is a difficult task is the difference in hue between different manufacturers or even
different batches from the same manufacturer.
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