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Abstract. Due to global trends such as electri�cation, proliferation of smart devices,
increasing electrical energy consumption, the expansion of electronics and automo-
tive electronics, and the growing popularity of electric cars, special emphasis is being
placed on the electronics industry, including the power transistor industry. T3Ster
provides an opportunity for thermal examination and identi�cation in �eld of auto-
motive electronics. T3Ster measurements can be performed more economically and
competitively with robotization, which requires a vision system. This paper presents
the hardware selection and the arti�cial intelligence (AI) based software development
of the vision system using fully convolutional networks (FCN) and machine learn-
ing (ML) algorithms. The developed system can help the robot to detect electronic
components. Using automated runs, di�erent neural networks were evaluated, modi-
fying depth, number of channels, resolution, and batch size. The applied technology
was the Python 3 programming language primarily using the OpenCV, Pytorch and
Torchvision libraries.

Keywords: Machine Vision; Fully Convolutional Neural Network; Computer Vision;
Machine Learning; Arti�cial Intelligence; Electronic Components; Optics

1 Introduction

Due to global trends of the 21st century special emphasis is being placed on
the power transistor industry. These electronic devices must deal with more
and more heat power, because of their increasing electrical energy consumption,
although their surfaces are getting smaller and smaller by the time. This trend
is a serious technical challenge, since too high temperature is the leading cause
of failure. Thus, thermal examination and identi�cation is extremely important,
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which can be performed by the T3Ster equipment [1]. We with the ThID team
at Robert Bosch Kft. participated in a project that aimed to automate and
accelerate T3Ster measurements.

We developed a vision system as a complex electronic device for a robot, con-
trolled in a LabVIEW environment. As a result, our system can help the robot
to detect the MOSFETs and other electronic components. After the detection,
the robot can automatically obtain the required measurements. We developed
both the hardware and software for the system. We selected a camera with
appropriate sensor and optics, and implemented a server platform capable of
serving several computers that would control or monitor the measurement at
the same time with the help of a Raspberry Pi 4 Model B. In Autodesk Inven-
tor Professional 2022, we designed the tool that supports mechanical integration
and then created a prototype with a 3D printer. In the most emphatic part of
our work, we performed semantic segmentation and keypoint detection for robot
navigation using arti�cial intelligence, fully convolutional neural networks, and
computer vision algorithms. We implemented the fully convolutional neural
networks and created the dataset necessary for the teaching. That dataset was
made with the camera and optics that are used in real measurements and anno-
tation happened manually. We have studied neural networks comprehensively.
Using automated runs, we taught and evaluated networks, modifying depth,
number of channels, resolution, and batch size. We did these in the open-source
Python 3 programming language primarily using the OpenCV [2], Pytorch [3]
and Torchvision [4] libraries.

The following sections of this paper focus on the image processing part of the
described project which consists of two parts. The �rst part is the selection of the
optics and sensor that is detailed in Section 2. The second part is the software
development which is presented in Section 3. Finally, Section 4 summarizes the
results and highlights the conclusions.

2 Selection of the camera system

In this section, we describe the selection of the optics and sensors for the system
to achieve the 100 µm accuracy required to navigate the robot properly.

2.1 Calculation of the range of the focal length to select

the lens

The accuracy requirement mentioned in Section 2 can be ful�lled in two steps.
In the �rst step, the adequate range of the focal length has to be estimated.
It is an estimation because in the �rst step the di�erence between the object
distance and the object distance measured from the lens is unknown. Thus,
these are taken to be the same and clari�ed in the second step.

Furthermore, the object is assumed to be located along the optical axis for
each measurement. So, based on the laws of industrial optics, the required range
of focal length can be calculated as follows.
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f =
1

x
a·px·|s| −

1
s

(1)

The variables of Eq. (1) are described in Table 1.

Table 1: The variables of the focal length calculation

Variable Description

a The number of pixels of the smallest part to be observed.
px The pixel size.
x The size of the smallest part to be observed.
s The object distance.
f The focal length.

Knowing that

� a is recommended to be chosen from the range [5; 15],

� 2 µm is a good initial estimation pf px,

� x is 100 µm because of the requirements,

� and s is required to be in the range of [-100 mm; -20 mm] because of the
setup,

a Waveshare Electronics 8-50mm Zoom Lens is a good choice for the vision
system because it covers the range of the result of the calculation which is
f = 8-27 mm.

2.2 Selection of sensor

After having the lens a sensor has to be selected. Based on the technical param-
eters of the lens, a can be de�ned as a function of px, and the object distance
(s) can be distinguished from the object distance measured from the lens (s0).

a =
x

px
· 1

|s0 − d+ f |
· 1

1
f + 1

|s0−d+f |
(2)

The variables of Eq. (2) are described in Table 2.

Table 2: The variables of the focal length calculation

Variable Description

s0 The object distance measured from the lens.
d The total length of the lens.
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Therefore, it is advisable to choose px, so that a remains within the rec-
ommended range for every possible f . The Sony IMX477 sensor meets this
requirement with a pixel size of 2.2 µm. The value of a is important to be in
the recommended range for two reasons. If a is too large, some parts of the
MOSFETs might not be detectable. And if a is too small, the smallest part is
not well detectable.

3 The software development of the vision system

After performing the hardware tasks of image processing, the software imple-
mentation can take place. It basically consists of con�guration, semantic seg-
mentation, and keypoint-based displacement calculation.

3.1 Con�guration

Unequal light bending can cause radial distortion. When rays bend more near
the edges of a lens than they do at the optical center, a non-linear variation in
resolution can occur. Radial distortion must be eliminated during con�guration.
In doing so, calibration can be performed based on the conventional distortion
approach according to [5]. The equation of distortion is as follows.[

xd

yd

]
−
[
xu

yu

]
=

[
xu

yu

]
·
∑
i

ki · r2i (3)

The variables of Eq. (3) are described in Table 3.

Table 3: The variables of the equation of radial distortion

Variable Description

xd The x coordinate of the distorted pixel position.
yd The y coordinate of the distorted pixel position.
xu The x coordinate of the undistorted pixel position.
yu The y coordinate of the undistorted pixel position.
r The radial distance.
ki The ith constant coe�cient describing the bias.

The left side of the equation is the distortion in pixels. This is a nonlinear
optimization that can be solved by the Levenberg-Marquardt algorithm. The
camera matrix is calculated by singular value decomposition.

Another calibration is the calibration of the position and orientation of the
optical system. In case of any change in these, the same object appears in the
picture di�erently. In the picture, each shape appears as a result of perspective
projection, that is not a distance-preserving transformation and does not pre-
serve the ratios of lengths. It is not angle-preserving and parallelism-preserving
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transformation but it preserves collinearity. Actually, this is the descriptor of
the Pinhole camera model, as every projection line passes through the same
point. The projection can be de�ned as follows.s · x′

s · y′
s

 =

a11 a12 b1
a21 a22 b2
c1 c2 1

 ·

xy
1

 (4)

The variables of Eq. (4) are described in Table 4.

Table 4: The variables of the perspective projection

Variable Description

s The scale factor.
x′ The horizontal coordinate in the projected image.
y′ The vertical coordinate in the projected image.
aij Variables that describe the orientation matrix of the transformation.
bi Variables that describe the translation vector of the transformation.
cj The variables of the projection vector.
x The original horizontal coordinate.
y The original vertical coordinate.

Since the matrix of the projection is de�ned by 8 variables, it can be cal-
culated from 4 original-projected point pairs. It can be performed with the
built-in functions of OpenCV, applying a perspective transformation based on
the known points in the calibration image.

3.2 Semantic segmentation

After having an undistorted image, semantic segmentation has to be performed
to specify the region of interest (RoI), where the keypoints have to be found for
navigation. As a result of a detailed literature search, we found FCNs to be the
most suitable for this task because conventional ML algorithms, like k-means
clustering did not give an accurate solution [6]. The e�ectiveness of FCNs is
con�rmed by both [7], [8] and [9].

The photo-dataset for learning was created with the selected lens and sen-
sor, and data augmentation was done with an own class to increase the amount
of data by adding slightly modi�ed copies. This actually meant random ver-
tical and horizontal mirrorings and 90◦ and -90◦ rotations. The data-loading
was done with the modi�cation of the DataLoader class of Pytorch from the
torch.utils.data module.

In addition to the operation of convolution, every convolutional layer in the
network also includes nonlinearity and normalization. These can be derived as
a class from the pytorch.nn module with an extra convolution attribute that
is a pytorch.nn.Conv2d object. It is important to enter stride, padding and
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channel numbers as input here. The applied forward function is the ReLU.
The structure of the transposed convolution layer is very similar. The main
di�erence is that the extra attribute is a pytorch.nn.Transpose2d object.

We create 5 types of network architectures from the layers discussed above
and further vary their parameters. The architecture class is also derived from the
pytorch.nn module. As a �rst step, we create a convolution layer as an attribute
that receives the 3 color channels as input and returns the input channels of the
architecture. Then n downscaling and convolution follow each other, which are
also realized by convolutional layers. The parameters of the i-th downscaling
are 2i−1 times the number of input channels in the architecture, the size of
the kernel, and the stride. Furthermore, in the case of convolution, the input
parameter is 2i times the input channel number of the architecture. Next, we
use the transposed convolutions according to a similar logic and a classi�er is
placed at the very end of the network. Downscaling and upscaling is done with
feedforward.

Figure 1: Semantic segmentation framework

In teaching, we used the internationally accepted cross-entropy loss function
and the Adam optimization algorithm. During the runs, we changed the depth,
channel numbers, resolution, and batch size as shown in Figure 1. Depth ranged
from 2 to 6. Possible values for the channel numbers were 8, 16, 32, and 64.
The height-width resolutions used are 64-128, 128-192, 192-320, 256-384, 320-
512, 384-640, 448-704, 512-832, 576-896, 640-1024, 704-1152, 768-1216 and 832-
1344. And the possible batch sizes are 128, 64, 32, 16, 8 and 4. In each case, 50
teachings were run and after every 10th teaching, the step-length was decreased
to a thousandth.

3.3 Evaluation of semantic segmentation

The essence of semantic segmentation is to determine the class of each pixel in
an image. Thus, the resolution of its output is the same as the resolution of
the input. There are as many types of output for each pixel as classes. For this
work, it must be decided for each pixel whether it is an electronic component or
not. Thus, two values can be obtained, 1 or 0. The widely used and accepted
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quality measure of this decision is the IoU (Intersection over Union) value,
which quanti�es the overlap ratio between the segmentation output and the
actual segmentation. This is described as follows.

IoU =
output of segmentation ∩ solution of segmentation

output of segmentation ∪ solution of segmentation
(5)

Figure 2 shows the run results per epoch of the network with the best vali-
dation IoU.

Figure 2: The results of the best architecture

Thus, the network with 8 input channels, 5 depths and 576-896 resolution
performed the best with batch size 4. The best validation result was 93.78%
and the best test result was 94.01%. Thus, it can be seen that not the most
complex architecture calls forth the best solution. This is also highlighted in
the following four �gures. These summarize the average results of all runs in
terms of image resolution, batch size, depth, and input channel number. At
image resolution, the vertical numbers of the pixels are displayed on the right.

Figure 3: Results of architectures using images with di�erent resolutions
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Figure 4: Results of architectures with di�erent input channel numbers

Figure 5: Results of architectures using di�erent batch sizes

Figure 6: Results of architectures of di�erent depths

In case of the averages, a characteristically monotonic IoU increase can be
observed as a function of epochs. It is noticeable that the images with higher
resolution provide better results. In addition, although it did not provide the
best results, the 32 input channel numbers generally give slightly better results
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than the others. The suitability of batch size 4 is evidenced by Figure 5, and
Figure 6 proves that 5 is the best architecture depth.

3.4 Keypoint detection for displacement calculation

Knowing the RoI, keypoints can be searched and the displacement can be de-
termined from their coordinates. We found these keypoints with the help of
the Scale Invariant Feature Transform (SIFT) detector, which is also available
in OpenCV and whose patent expired in March 2020, so it can be used in the
industry free of charge. This algorithm basically searches for corner points and
creates an invariant descriptor for all transformations except perspective distor-
tion based on their local environment. The perspective distortion is eliminated
at the calibration so it is not a problem.

The displacement calculation was tested in 50 cases with a calliper and every
time the error of the calculation was in the range of [50 µm; 100 µm]. The error
of the rotation calculation was always under 1◦ in each case. So, the most
important requirements were ful�lled.

4 Conclusion

The semantic segmentation was rated with the internationally accepted IoU
metric applied in OpenCV. With a train-validate-test ratio of 233-111-111, we
achieved a validation result of 93.78% and a test result of 94.01%. The best
was the 5-depth, 8-channel, 4-batch neural network with the resolution of 576-
896. It is also important to note that the requirements for the displacement
calculation with 100 µm accuracy have also been met.

All in all, we created an electronic system with a robust implementation
of navigation to the components, that are measured. We achieved 100 µm
and 1◦ accuracy, which was associated with an IoU value of 94% accuracy for
semantic segmentation. We tested our system in the real, original measurement
environment. So, our work is absolutely applicable for additional scienti�c and
industrial projects. Furthermore, using the FCNs and SIFT algorithm together,
that helped to reach presented results, is a new approach. In further research,
the described method is planned to be extended to the measurement of direct
bonded copper metallized ceramics.
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