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Abstract. This work contributes to a measurement automation project by improving
its vision system, whose task is to create high-quality images and process them to aid
robot navigation. One of the image processing challenges for the vision system is
semantic segmentation, which is carried out by fully convolutional neural networks.
The focus of this work is the hyperparameter fine-tuning of these fully convolutional
neural networks. First, the basic concept of the Bayesian optimization-based Tree-
structured Parzen Estimator Algorithm is presented. Next, the main characteristics of
the bandit-based Successive Halving algorithm are highlighted. The goal of this work is
to compare the performance of these methods under the same runtime conditions. The
comparison is made using internationally accepted metrics: Intersection over Union,
Mean Class Accuracy, and Pixel Accuracy.
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1 Introduction
Due to global trends such as electrification, proliferation of smart devices, in-
creasing electrical energy consumption, the expansion of electronics and auto-
motive electronics, and the growing popularity of electric cars, special emphasis
is being placed on the electronics industry, including the direct bonded copper
(DBC) substrate industry. These electronic devices must deal with more and
more heat power, because of the increasing electrical energy consumption, al-
though 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
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failure. Thus, thermal examination and identification is extremely important,
which can be performed by the T3Ster equipment [1]. This work is connected
to a project at Robert Bosch Ltd that aimed to automate and accelerate T3Ster
measurements. Figure 1 illustrates a power module using DBC technology.

Figure 1: Illustration of a power module using DBC technology [2]

A vision system was developed as a complex electronic device for a robot,
controlled in a LabVIEW environment. As a result, the system can help the
robot to detect the DBCs. After the detection, the robot can automatically
obtain the required measurements. The hardware and software development for
the system was also carried out. A camera with appropriate sensor and optics
was selected, and 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 was implemented. The tool that supports mechanical
integration was designed In Autodesk Inventor Professional 2022, and then a
prototype with a 3D printer was created. The measurement automation system
is shown in Figure 2.

Figure 2: The measurement automation system

In the most emphatic part of this work semantic segmentation and keypoint
detection was performed for robot navigation using artificial intelligence, fully
convolutional neural networks (FCN), and computer vision algorithms. FCNs
were implemented and the dataset necessary for the teaching was created. That
dataset was made with the camera and optics that are used during real mea-
surements and annotation happened manually. Neural networks were studied
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comprehensively. Using automated runs, networks were taught and evaluated,
modifying depth, number of channels, step size, learning rate, learning rate re-
duction ratio, optimizer algorithm, regularization and dilation. It was done in
the open-source Python 3 programming language primarily using the OpenCV
library [3], the Pytorch library [4], the Optuna library [5], and the Torchvision
library [6]. The two algorithms compared in this work served this hyperparam-
eter tuning.

2 Methods

In this chapter, the main characteristics of the FCN architecture to be optimized
and the optimization process are highlighted.

2.1 FCN architecture

As a result of a detailed literature search, FCNs were found to be the most
suitable for semantic segmentation because conventional machine learning algo-
rithms, like K-means clustering, did not provide an accurate solution [7]. The
effectiveness of FCNs is confirmed by [8], [9], and [10]. The developed network,
which needs to be fine-tuned, consists of several downscalings and upscalings
with convolutions and transposed convolutions. Each scaling convolution is
preceded by a non-scaling convolution, and after each convolution, batch nor-
malization is also performed. Downscaling is done by a halving factor; however,
setting the channel numbers is the task of hyperparameter optimization. Con-
volution kernels are always 3x3 kernels with a padding of 1 and a dilation of 0
or 1. This can be set by the hyperparameter optimizer, which is also responsible
for setting the appropriate step size, learning rate, learning rate reduction ratio,
optimizer algorithm, and regularization. Shortcut connections are also applied
between same-sized layers to perform identity mapping by skipping layers. The
general architecture is shown in Figure 3.

Figure 3: The general FCN architecture [11]
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The parameter optimization algorithm is selected from the state-of-the-art
Adam [12] and the original SGD methods. The ranges of the numerical hyper-
parameters are given in Table 1.

Table 1: Ranges of the numerical hyperparameters.

Hyperparameter Minimum value Maximum value
Depth 1 7

Channel numbers 6 16
Learning rate 10−4 10−2

Learning rate reduction ratio 0.1 0.5
Step size 10 30

Weight of L2 regularization 10−5 10−3

Dilation 0 1

In this 8-dimensional hyperparameter space, the optimization happened with
a maximum epoch number of 100 and a batch size of 64.

2.2 Hyperparameter Optimization

Machine learning models have parameters and hyperparameters as well. The
parameters are set by the parameter optimization algorithms, and the hyperpa-
rameters are set by the hyperparameter optimization algorithms. However, hy-
perparameters are not optimized during training, but before. There are several
options to solve this task. One of them is manual hyperparameter optimization,
which is also the least efficient. The grid search method, which consists of sev-
eral nested loops in the hyperparameter space, is slightly better than manual
search. Its main advantage is that it is automated, just like the next method,
the random search in the hyperparameter space. Based on practical experience,
random search is better than grid search, but modern hyperparameter optimiza-
tion algorithms perform even better. According to Figure 4, these algorithms
can be divided into Black-Box based and Multi-Fidelity methods. The methods
presented in the work belong to the categories highlighted in green.

Figure 4: Hyperparameter optimization algorithms
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By the way, there are many applications for genetic algorithms [13], simu-
lated annealing algorithms [14], and learning curve modeling [15]. However, the
Tree-structured Parzen Estimator (TPE) algorithm is a Bayesian optimization
algorithm, and the Successive Halving (SH) algorithm is a bandit-based method.
These are the focus of this case study. The purpose of this study is to compare
these solutions, although there are many other methods in both categories, such
as Gaussian Process [16] and Hyperband [17].

2.2.1 Tree-structured Parzen Estimator Algorithm

This iterative algorithm was developed [18] to provide the best possible latency
improvement by achieving an expected accuracy target in terms of the y loss
function. It uses the historical evaluations of the hyperparamter configurations
(x) to create probabilistic models, which can suggest the next set of hyperparam-
eters for evaluations. TPE simulates p(x|y) and p(y) with Gaussian mixtures
to indirectly obtain p(y|x). According to Equation 1, the I model improvement
is created by choosing a new configuration:

I(x) = ReLU(y∗ − y(x)), (1)

where y∗ is the threshold value of the loss function and ReLU is the widely
used Rectified Linear Unit [19]. The expected improvement is calculated by
Equation 2:

EIy∗(x) =

ˆ y∗

−∞
(y∗ − y)

p(x|y) · p(y)
p(x)

dy. (2)

p(x|y) is modeled as g(x) if y ≥ y∗, and as l(x) otherwise, where g(x) is the
probability density of the loss values more than y∗, and l(x) is the probability
density of the remaining values. By factoring out p(x) from Equation 2:

EIy∗(x) =
1

p (y ≥ y∗) · g(x) + (1− p (y ≥ y∗)) · l(x)

ˆ y∗

−∞
(y∗ − y) · l(x) · p(y)dy,

(3)
which is equivalent to Equation 4:

EIy∗(x) =
y∗ − p (y ≥ y∗) · y∗ −

´ y∗

−∞ p(y)dy

1− p (y ≥ y∗) + p (y ≥ y∗) · g(x)
l(x)

. (4)

TPE uses this last formula. It evaluates the hyperparameters iteratively
by g(x)/l(x) to find the hyperparameters x∗ with the maximum expected im-
provement. During the optimization, the first decile of loss values were used as
threshold value, and the whole process was started with 10 random evaluations.
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2.2.2 Successive Halving Algorithm

The SH Algorithm is based on the multi-armed bandit methodology. Its basic
concept comes from the field of gambling. In this case, the optimization also
starts with random searches, but they run with a smaller number of epochs. Af-
ter several trainings with different hyperparameter configurations and a smaller
number of epochs, the best performers are selected. These best configurations
are run for a few more epochs, and then the best ones are selected again. This
method is repeated for a few iterations and finally the best performing architec-
ture can be selected. This method allows for more configuration tests than TPE
for the same amount of resources. This can be explained by the fact that it uses
fewer resources to evaluate weaker architectures. In this case, the strategy for
selecting configurations is highlighted in Table 2.

Table 2: Strategy for selecting configurations.

Number of configurations to evaluate Starting epoch Finishing epoch
33 1 34
16 35 67
8 68 100

So SH uses approximately the same amount of resources as TPE, which ran
for 19 · 100 epochs.

3 Results
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 a DBC or not. Thus, two
values can be obtained, 1 or 0. The widely used and accepted quality measure
of this decision is the Intersection over Union (IoU) value, which quantifies 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)

Pixel accuracy is a simpler metric, but less robust for small objects. It is
calculated by Equation 6:

Pixel accuracy =
correctly classified pixels

all pixels
. (6)

The mean class accuracy of the validation set, which is the mean of the
pixel accuracies of pixels with a value of 0 and pixels with a value of 1, is also
calculated. Furthermore, the widely used Cross-entropy loss values [20] of the
evaluations are highlighted in the following figure.
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Figure 5: TPE and SH training losses

Figure 5 shows that the training loss of SH is lower than that of TPE. The
best performing TPE configuration has a final loss of 0.079, which is not as good
as the best performing SH architecture with a loss of 0.056. This is also true for
validation losses. A value of 0.046 outperforms a value of 0.075. It is important
to emphasize that the validation loss is smaller than the training loss in both
cases, so the overfitting was avoided.

Figure 6: TPE and SH validation losses

Similar phenomena can be observed in terms of pixel accuracy. The valida-
tion values are better and the bandit-based method performs better. The best
SH results are 0.9783 and 0.9823. And the best TPE results are 0.9702 and
0.9703.
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Figure 7: TPE and SH training pixel accuracies

Figure 8: TPE and SH validation pixel accuracies

SH outperforms TPE in both mean class accuracy and IoU. The best mean
class accuracies are 0.9784 and 0.9653. And the best IoUs are 0.9507 and 0.9249.

Figure 9: TPE and SH validation mean class accuracies
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Figure 10: TPE and SH validation Intersection over Union values

4 Summary
An electronic system was created with a robust implementation of navigation to
the DBCs, which are measured. 100 µm and 0.75◦ accuracy was achieved, which
was associated with an IoU value of 98.37% accuracy for semantic segmenta-
tion previously [11]. This was the result of over 25 days of TPE optimization,
however, in a shorter run, SH outperformed TPE. Of course, the results of the
SH method have not yet surpassed those of the 25-day training, but it can be
seen that perhaps more resources should be allocated to this method in the
future. This is because, in 5-day training, SH achieved a 95.07% IoU, which is
significantly better than the 92.49% IoU of TPE. Furthermore, SH has better
performance in terms of mean class accuracy and pixel accuracy as well. It
outperformed TPE with 97.84% and 98.23%, compared to TPE’s 96.53% and
97.03%, respectively. Another advantage of SH over TPE is that it can be op-
erated better with parallel resources. An NVIDIA Quadro RTX 3000 GPU and
an Intel Core i7-10850H CPU were used for both the referenced research and
current one. Figure 11 illustrates a result of a semantic segmentation.

Figure 11: Visualization of semantic segmentation
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