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ABSTRACT

The PCB (Printed Circuit Board) defect detection plays
an important role in the electronics industry. However,
there are many overlapping electronic components on the
multi-layer PCB, so the 3D reconstructed PCB image that
is captured by X-ray and reconstructed by FBP (Filtered
Back Projection) will lose some information, resulting in
a rhombus shape of the solder ball and insufficient
contrast, which will affect the defect inspection. The
simplest way to solve this problem is to photograph X-
ray images from a wider angle, but the photography angle
of the equipment is limited. To solve the above problems,
we propose to use the deep learning architecture HsuKit
to generate larger angle images to improve the contrast of
the images and the shape of the solder balls in the images.

Keywords: PCB defect inspection, Solder ball, Image
contrast, X-ray images, Deep learning.

1. INTRODUCTION

The PCB (Printed Circuit Board) is one of the basic parts
of electronic products. It can put the complex circuit
between different parts on the same board after being
designed. After the products are manufactured, all parts
must be confirmed by the manufacturer to be correct.
Therefore, PCB inspection is a very essential part of the
electronic industry to find out the defects, such as voids,
short circuits, open circuits, burr, and so on [1]. In the
current PCB inspection, the common methods are
Automated Optical Inspection (AOI), Solder Paste

Inspection (SPI), and Automated X-ray Inspection (AXI).

AOI uses optical instruments to obtain the surface state
of the products and then uses image processing
technology to detect defects [2]. SPI also uses optical
images to check the products’ quality, but the difference
between AOI is that the solder paste inspection machine

adds a solder paste thickness measuring laser device [3].
AXI uses product density differences to analyze the
defects [4]. Despite there being some precise ways to
inspect the defects, PCB defect inspection is still a
challenge due to the multilayer structure of the PCB
where many electronic components overlap.

The PCB on electronic products may be designed as
a multi-layer structure, and there are many electronic
components on each layer. This situation will cause the
components to overlap and lead to missing information
when using X-rays to photograph PCB [5] in Figure 1(a).
Therefore, if these 2D PCB images with overlapping and
missing information are implemented in 3D
reconstruction, the reconstructed 3D solder balls will
have a shape like a rhombus in Figure 1(c). Moreover, the
image contrast is not enough, resulting in inconspicuous
voids and other defects. These shortcomings will lead to
false positives in defect detection. The most intuitive and
easiest way to solve this problem is to photograph the
PCB with a bigger angle in Figure 1(b). Because when
the photography angle is bigger, the less overlapping of
electronic components. However, the photography angle
of the equipment is limited. Taking our X-ray machine as
an example, the maximum photography angle can only
reach 43°. If there is a bigger photography angle, the
missing information will be relatively reduced. Therefore,
this is the main problem to solve: to generate bigger-
angle images.

With the explosive development of deep learning
technology, more and more researchers use this deep
learning architecture to deal with the problems on the
images. AutoEncoder (AE) is an unsupervised neural
network consisting of an Encoder and Decoder, and these
two parts are fully connected structures. It uses the
Encoder to extract the representative features in the input,
and the Decoder will use these features to reconstruct the
input, and similarity to the original one will be better [6].
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Fig. 1: (a) Diagram of overlapping and missing information caused by overlapping solder balls. (b) A bigger
photograph angle diagram. (c) The reconstruction results of 3D solder balls with missing information. The red
bounding box is void, and the blue bounding box is solder balls. The void is not obvious, and the shape of the ball is

similar to the rhombus and incorrect and to be improved.

However, when the parameters of AE are complex to a
certain extent, it is easy to have the risk of overfitting [7].
In order to solve the problem of overfitting, P. Vincent et
al. proposed a deformation of AE, Denoising
AutoEncoder (DAE), which enhances the stability of the
model by randomly adding noise to the input layer [8].

Moreover, S. Rifai et al. also proposed the deep
learning method of Contractive AutoEncoder (CAE). It
uses the Jacobian matrix for weights of the model to
perform punishment so that the Encoder can learn anti-
interference  features.  Furthermore, to  allow
AutoEncoder to effectively extract better features in
images, J. Masci et al. modify the original AutoEncoder
architecture, changing the fully connected layer to a
convolutional layer [10]. More and more researchers
have made changes to the architecture of autoencoders as
time goes on, and in 2013 a major improvement was
achieved through Variational AutoEncoder (VAE) [11].
The model adds some constraints to the Encoder, forcing
the generated vectors to follow the Gaussian distribution,
so VAE theoretically allows us to control generated
image.

When it comes to generating images, it is inevitable
to mention the Generative Adversarial Network (GAN)
[12]. This architecture is composed of a generator and
discriminator. The Generator generates images that are
similar to the ground truth images, and the discriminator
distinguishes the image as fake or real. Therefore,
scholars combined the idea of GAN with AE to create the
architecture of Adversarial AutoEncoder (AAE) [13, 14],
and also obtained good results. Adversarial AE uses the
architecture of AE to generate images and uses the
discriminator of GAN to distinguish whether the Latent
Space extracted by the encoder of AE is similar to our
expected distribution.

The aforementioned various modified AEs aim to
improve solution results. Besides, these modified AEs
have been applied in different fields [15-19], so we also
want to use our modified AE algorithm to learn the
difference in the angle in the images photographed at

different angles to generate a bigger-angle image, in
order to solve the problem of photography angle
limitation on the machine.

We aim to use HsuKit, a modified AutoEncoder, to
learn the polar angle information in the image and to
generate a bigger-angle X-ray PCB image. Thus, we can
obtain a better solder ball image with less overlapping
and missing information. In addition, there will be many
circuits on the PCB board leading to complex
backgrounds, increasing the difficulty of this task. The
HsuKit architecture is in Figure 2.
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Fig. 2: Our method for generating bigger-angle images
based on AE with two models: Generating Same-Polar-
Angle Image Model and Generating Different-Polar-
Angle Image Model. Besides the basic Encoder and
Decoder of the AE, we add CNN to convert small-polar-
angle extracted features into bigger-polar-angle extracted
features.

Our HsuKit includes two models: The first model
generates the same-polar-angle images, mainly training
the ability of the Encoder to extract the features and the
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Fig. 3: (a) The flowchart of our proposed method. (b) X-ray image system setup. (c) Image preprocessing.

ability of the Decoder to reconstruct back to the image.
The second model generates different-polar-angle
images and mainly trains the ability of the Convolutional
Neural Network (CNN) to transform the same-polar-
angle features into different-polar-angle features, and the
encoder and decoder are directly adopted from the
previous model. Using our method and reconstructing a
3D image, we can obtain a relatively normal solder ball
shape and a better-quality 3D PCB image helpful for
defect inspection.

In Section 2, we will introduce our dataset and deep
learning algorithm, HsuKit, in detail. Our experimental
results will be described in Section 3. Finally, Section 4
draws the conclusion.

2. METHOD

Therefore, this section describes our dataset and
preprocessing. Then, we will illustrate the architecture of
the HsuKit deep learning algorithm in detail to generate
a bigger-polar-angle image of PCB X-ray images in
Figure 3 (a).

2.1. Dataset

The dataset used in this paper is to photograph PCB at
different angles through the X-ray machine, to obtain
multiple 2D X-ray images of different angles in Figure 3
(b). This study will take a set of images every 5°
according to the center Z-axis, starting from 1° and
reaching 41°. And the X-ray tube of each angle will
surround 360° and take an image every 11.25°, so each
group can get 32 images. Finally, we can obtain a total of
288 (=32*9) images. Each image will contain many

overlapping solder balls, electronic elements, and

complex circuit backgrounds.
2.2. Image Preprocessing

The process of image preprocessing is shown in Figure 3
(c). We will select and capture part of the solder balls in
the 288 2D X-ray images. After many experiments, the
width and height of the solder ball images captured by
this research are 1,025x 1,025 pixels to capture the solder
ball part in this dataset and cut off the uninteresting parts,
such as the background. Besides, to increase the dataset
of this research, we will use the sliding window method
to cut out multiple 300x300 pixel patches from the
extracted images, so each 1,025x1,025 pixel 2D
extracted image will cut out 512 patches of the size of
300x300 pixels. Finally, we can get a total of 4,096
images.

Since the value of the solder balls in the image is 0:
black part of the image. However, when using the deep
learning architecture model for training, the main
learning area with a value other than 0 will be relatively
easy to learn. Moreover, although we have removed the
uninteresting parts as much as possible by selecting key
parts on the images, there are still a few parts that will be
retained, but the pixel values of these parts are bright on
the image, which may cause the model to learn the
unimportant place, which indirectly affects the final
output of the model. Therefore, the image will be
processed by image inversion in this research, that is, the
value of each pixel in the image will be inverted in black
and white. In the end, we will use this inversing image to
train the deep learning model.



2.3. HsuKit

Our method is divided into two models in Figure 2. In
this subsection, we will introduce the architecture of the
two models and the loss used by the optimizer.

2.3.1 Generating Same-Polar-Angle Image Model

In the first model, the encoder is composed of 8
convolutional layers in Figure 4. The kernel size of each
convolutional layer is 3x3, and the activation function
adopts Leaky Rectified Linear Units (LReLU) [20],
which can avoid the negative neurons cannot get updated
problems while training. Except for the first
convolutional block whose filter number is 32, the filter
number will gradually enlarge by twice in each
convolutional block, and our initial filter number is set to
128, so the filter numbers of the third and fourth blocks
are 256 and 512.

The main design concept of the decoder is to
reconstruct it to the original image shape. Therefore, we
use 8 deconvolutional layers in the deconvolutional layer,
and the activation function also uses LReLU. The filter
number of those deconvolutional layers is gradually
reduced, and the only thing to note is that the filter
number of the last deconvolutional layer should be 1
because our image is a grayscale image with only 1
channel.
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Fig. 4: The architecture to generate the same-polar-
angle image model. K is the kernel size; F is the filter
number; S is the strides.

To obtain a model for generating the same-polar-
angle images, minimizing the differences between the
input and the output images generated by the model is the
main aim of this task. We use the mean square error [21]
as the loss function:
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where [ is the input image; H and W are the width and
height of the input image, respectively; f, and fz are the
transformation functions of the trained model,
respectively.

Our optimizer to optimize the loss function in
Equation (1) is Adam (Adaptive Moment Estimation)
[22]: one of the most used optimizers for training neural
networks.

2.3.2 Generating Different-Polar-Angle Image Model

In the second model, the main task is to generate the
different-angle image model. The current goal is to let the
model learn the difference between the input image and
its image with an increased photography angle of 5°. For
example, the input image is photography according to the
center Z-axis angle of 1° in Figure 4, and the output
image is the 6° image.

In addition to using the Encoder and Decoder of
generating the same-angle image model, the most special
part of this model is to add a CNN model to the middle
part to convert the features in Figure 5. The CNN model
is composed of 2 convolutional layers and 2
deconvolutional layers. The kernel size of each layer is
3x3, and the activation function is still LReLU.

Same Polar Angle =—jp

Feature

== Different Polar Angle
Feature

Fig. 5: The architecture to generate the different-angle
image model.

In this model, we still use Adam as the optimizer to
optimize the loss function. We apply two loss functions
to make sure the converting features are as similar to the
object features:

LeppamU, G) = Ligigaie I, G) + Lpa(1,G)  (2)

where Lyiqaie 1S the loss function which can minimize
the difference between the object features and the
converting features:
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where I is the input image (e.g. an image with a polar
angle of 1); G is the ground truth image (e.g. an image
with a polar angle of 6); f. is the converting function of
the trained CNN model, respectively.

Besides, we also want to ensure the final output
images are as similar to the ground truth images as
possible, to double-check if the converting features are
able to reconstruct back to the bigger-polar-angle image:
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3. RESULT

In this section, we will describe the environment for deep
learning network. Then, we will show the output results
of the HsuKit and comment on the results. Besides, we
will also compare our model with other networks.

3.1. Experimental Environment

Our Hsukit deep learning network environment are:
32GB of RAM, AMD Ryzen 7 5800X 8-Core of CPU,
and NVIDIA GeForce GTX 3090 of GPU, and the
operating system is Windows 10. Moreover, we use
Tensorflow and Keras deep learning framework using
Python to implement the architecture of Hsukit.

2.2 Results and Comparison

In this experiment, we want to describe the structural
similarity between our generated images and the ground
truth images, and the difference between each pixel, so,
we use three common evaluation metrics to measure the
image quality, namely SSIM (Structural Similarity
Index), PSNR (Peak Signal-to-Noise Ratio), and MAE
(Mean Absolute Error) [23]. The higher the SSIM and
PSNR values, the better the output image quality, and the
lower the MAE value, the better. Therefore, we also
compare our method with the original AE [6] to show that
our modified AE model, HsuKit, promotes the output
result efficacy. Moreover, we also compare the results
with and without data preprocessing.

The evaluation metrics results of generating same-
polar-angle image model results are presented in Table 1
and Figure 6. It is obvious that our Hsukit model is better
than the original AE in every evaluation metric. Then, we
also observe the results with and without data
preprocessing. We find out that although PSNR and
SSIM values are very close to each other, it can be seen
that there is a clear gap in MAE values. This shows that
the images generated by the model with preprocessing
are more similar to the ground truth images, so we can
say that the Hsukit model with preprocessing performs
better. The same result is shown in figure 6. The output

results of the HsuKit model with preprocessing have a
clearer solder ball shape, and the background of images
is also clearer than other methods.

Table 1. Each method results in generating same-
polar-angle images. ( 1 the higher, the better; | the
lower, the better) (Bold: the best)

Method PSNR1 SSIM1  MAE |

AE [6] 341803 0.8623 102.5361

Hsukit 36.53186 0.9098  84.2259
(No Preprocessing)

HsuKit 35.69703 0.9025  62.7230

(Preprocessing)

Table 2 presents the results of generating different-
polar-angle images, and the output images of each model
are shown in Figure 7. Our method with preprocessing
has the best results for those evaluation metrics values.
The output images in Figure 7 also shows that the HsuKit
method has the better result. The solder ball shape is
clearer, the image contrast is higher, and the image has
less noise. However, the evaluation metric value and the
output images are worse than the result of the generating
same-polar-angle image model, probably because the
task of transforming the features is indeed more difficult
and requires future improvement.

Table 2. Each method results in generating different-
polar-angle images.

Method PSNR1 SSIM1  MAE |

AE [6] 3210941 08164  73.0072

HsuKit 341713 0.8550 103.2555
(No Preprocessing)

Hsukit 347486 0.8574 758217

(Preprocessing)

4. CONCLUSIONS

We develop HsuKit, generating bigger-polar-angle
images model, to solve the problem of overlapping
electronic components on the multi-layer PCB losing
some information while reconstructing and the
photography angle of the equipment is limited. The final
evaluation metrics values are: MAE: 75.8217, PSNR:
34.7486, and SSIM: 0.8574. These results show that our
model can already generate bigger-polar-angle images
with better image quality. However, there is still some
mistake in transferring the feature from same-polar-angle
to different-polar-angle, and it still has some noise on the
image requiring improvement. We will continue working
in this direction, trying more models and finding out the
best solution for this task.

ACKNOWLEDGMENT

This research was supported by the Ministry of
Science and Technology of Taiwan, R.O.C., under
Grants MOST 109-2221-E-002-158-MY2 and MOST



108-2221-E-002-140, and by Test Research, Jorgin Research, Inc.) [24] for providing the PCB 2D X-Ray

Technologies, 111, Chernger, Jeilin Technology, Otus images for us to implement this experiment.
Imaging, D8AI, PSL, and LVI. Thanks to TRI (Test
Input Image/ AE [6] HsuKit HsuKit

Ground Truth Image (No Preprocessing) (Preprocessing)

£ 3

N W . Tk @
L




Fig. 6: The result of generating same-polar-angle images of each model.
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Fig. 7: The result of generating different-polar-angle images of each model.
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