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Abstract

The positioning accuracy of the PCB during processing depends on the quality of the MARK point images. The collection of MARK
point images is affected by factors such as background, illumination etc., so the classification of images is the key to improve the
accuracy of PCB positioning. In this paper, a multidisciplinary design modelling method for product quality is proposed. A
classification model through transfer learning based on the ResNet50 network and weights is built. It is verified by a set of
customized experiment data that the accuracy of MARK point image classification has reached 98.53%. Compared with traditional
classification methods, the accuracy rate of this method is 20% higher, and is more suitable for custom small data sets. It provides
a guarantee for the subsequent classification and segmentation of MARK point images with different characteristics.
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1. Introduction

With the continuous update and iteration of electronic
products, the demand for PCBs continues to increase.
In the field of PCB production, the maskless double-
sided multilayer exposure technology based on DMD is
widely promoted, which represents the development
direction of this field (Zhang et al., 2018; Peng et al.,
2018). The MARK point is the reference used for
positioning during the exposure and printing process
of the PCB. Affected by uncertain factors in the
industrial production environment, such as equipment
accuracy, mechanical vibration, unclear background,
uncertain brightness, some MARK point images with
complex background and low quality are collected.
These low-quality images will make it difficult to
accurately detect and locate the MARK points, directly
reduce the printing alignment accuracy, and ultimately
lead to a decline in quality and production efficiency of
the PCB production (Peng, 2013).

The existing image detection methods mainly study
a specific method to detect a single complex or multiple
simple MARK point images and most of them are
concentrated on improving the circle detection
calculation efficiency. However, due to the complex and
changeable industrial environment during the PCB
exposure and positioning process, the MARK point
images may have various problems such as complex
background, mixed size, reflective edge and blurred
edge, which will be not conducive to accurate detection.
These images are easy to cause false detections, and
ultimately lead to the production of waste products due
to positioning errors in the double-sided or multi-
layer exposure process of the PCB.

Aiming at the problems of low adaptability and
accuracy of typical algorithms in the above low-quality
MARK point image detection, this paper proposes a
novel classification method to achieve four typical low-
quality image classifications.

Hence, the contributions are three-fold:
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1. A multidisciplinary design modelling method for
product quality is proposed.

2. A classification model through transfer learning
based on the ResNet50 network and weights is
built to complete the task of MARK point image
classification.

3. The performance of this classification model is
verified by a custom data set through a series of
experiments, and the result shows that the model
obtained a 98.53% accuracy of MARK point image
classification, higher than other models.

The rest of this paper is organized as follows. Section
II reviews the related works. Section III introduces the
details behind the multidisciplinary design modelling
method for product quality based on ResNet50.
Experimental results are presented in Section IV.
Finally, the conclusion is stated in Section V.

2. Related Work

In recent years, image classification methods based on
deep learning have been widely used. Many scholars
mainly study how to deepen the network depth and
solve the network degradation problem caused by the
continuous increase of network depth (Xu and Chen,
2018).

Krizhevsky, Sutskever, and Hinton (2012)deepened
the number of layers of Convolutional Neural Network,
and used ReLU and dropout to obtain the AlexNet
structure. The AlexNet achieved the best classification
result applied in ImageNet's LSVRC-12 competition for
the first time.

Szegedy et al. (2015) greatly increased the depth of
CNN and proposed a CNN structure called GoogLeNet
with more than 20 layers. GoogLeNet adopts three
convolution operations (1x1, 3x3, 5x5), which reduces
the number of parameters while ensuring higher
classification accuracy, and improves the utilization of
computing resources. It won the first prize in the
LSVRC image classification competition.

Simonyan and Zisserman(2015) discussed the
importance of "depth" of CNN in their published
articles. Experiments show that when the number of
VGG network layers reaches 16-19, the performance of
the model will be effectively improved.

He, Zhang, Ren, and Sun (2014a) added a spatial
pyramid pooling layer (SPP) to the CNN network layer
building the SPP-Net model. The application of the SPP
layer overcomes the limitation of the previous CNN
model requiring fixed-size input, and realizes the
effect of different size inputs producing the same size
output, and the training speed is improved. He, Zhang,
Ren, and Sun (2014b) established ResNet and
introduced shortcut connection method to solve the
problem of a sudden drop in network accuracy after
saturation as the network depth continues to increase.
At the same time, they only set the pooling layer after

the last convolutional layer and fully trained the
bottom layer of the network. ResNet with a depth of 152
layers was used in the LSVRC-15 competition. The
network degradation problem was solved very well, and
finally won the first place in the image classification
competition. Using in a typical classification network,
ResNet has greatly improved the accuracy of image
classification and training speed as a result of the
introduction of the residual block structure.

The deep learning methods widely used in the field
of machine vision, but have relatively few applications
and researches in MARK point detection (Wu, 2019).
Aiming at the problem of MARK point image
classification of PCB, this paper proposes using the
residual network as the research foundation to study a
method with stronger adaptability and higher
generalization ability, which will provide reference for
related research.

3. Methods

3.1. Feature extraction of marker image

There is a non-linear relationship between the four
image features and categories. It is difficult to obtain an
accurate mathematical mapping model, and traditional
feature detection and extraction algorithms such as
Harris, SIFT, ORB, etc. are not suitable for use. The
neural network method can imitate the mechanism of
human neurons. This method can automatically extract
features from a large number of images, thereby
establishing a mapping model between images and
image categories, and realizing the classification of
PCB MARK point images.

The MARK point image classification based on the
CNN is essentially to find a specific label assigned to the
input image from the set of four known image labels.
Problems such as image segmentation and image
detection can also be regarded as image classification
problems in principle. How to extract a specific feature
in a certain marker image and make it a descriptor of
the corresponding image is the essential task of image
classification based on CNN. The ability of CNN to
perform feature extraction comes from the functional
cooperation and data transmission between the various
functional layers of the network. The main functional
layers of CNN can be divided into convolutional layer,
pooling layer, ReLU layer and fully connected layer
(Krizhevsky et al., 2012). The functions of each layer are
as follows.

Convolutional layer: Both shallow convolutional
layers and deep neural layers are used. The shallow
convolutional layer is used to extract low-level features
in the MARK point images, such as the shape of the
reflective area; the deep convolutional layer can extract
more complex and abstract global features, such as the
spatial location of the reflection. The continuous
sliding operation of the convolution kernel on the
MARK point image is the operation operation of the



convolution layer. The deep network finally realizes the
feature extraction of different types of images through
the convolution layer and the pooling layer. The
collected two-dimensional image I of the MARK point
is used as the input matrix, the convolution kernel is
assumed to be matrix K, and the convolution operation
can be expressed as:

SG,j) = ZZI(i +m,j +n)K(m,n) (1)

Pooling layer: The pooling layer can reduce the
parameters and computational complexity, and
improve the generalization ability of the model; make
the network insensitive to some small changes in the
MARK point image, with invariance of translation,
rotation and scale (He et al., 2014).

Activation layer: The mathematical principle of the
activation operation is ReLU, which can convert all
negative values of the input to zero, and output the
positive values as they are. The ReLU activation
function formula is shown in equation 2, where
A~U(l,u),1 < u, and L, u € [0,1) (Simonyan and Zisserman,
2015).
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Fully connected layer: The fully connected layer can
be used as an image classifier to combine the local
features of the MARK point images extracted from each
layer of the network into a complete image to achieve
classification.

Combine the convolutional layer, pooling layer and
activation layer and increase the depth of the network.
A deep neural network is established neural network.

The convolution results are arranged into a column
of vectors x;, which are fully connected to the output
four images, and each connection has a weight w; .
According to the equation: y = ¥ w; * x;, the outputs of
the two neurons are obtained respectively. Finally, by
constructing a specific logic function to scale the result
to 0-3, the recognition result of four types of images
can be judged by the weight.

The above is the entire process of forward
propagation. The obtained set of output is compared
with the standard established by the loss function, and
then errors are corrected through back propagation
during training and learning. Different convolution
kernels are used to extract specific features in the
MARK point image. Since the position of the original
image that the convolution kernel should match is
uncertain, the convolution kernel will scan the input
image with a specific step size. After each convolution
operation, a feature value matrix is obtained, and
finally multiple feature value matrices are used to
describe the features of this image. In the classification
and recognition of MARK point images, input a MARK
point image, use several convolution kernels that
express different image features, and extract features
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such as reflective edge and complex background
through convolution operations.

The variability of reflective edge images is shown in
Figure 1. A convolution kernel is used to detect the
reflective edge. In fact, the size and shape of the
reflective area of different MARK point images are
different. If the convolution kernel is too specific,
feature detection will fail, so a backpropagation is
needed to determine the value of the convolution
kernel.

Backpropagation is the process of comparing the
predicted value of a MARK point image with the real
image tag value, and then returning to the process of
modifying the network parameters. According to a
specific method, such as random initialization, or
Kaiming initialization, initialize the parameters of the
size of the convolution kernel, and then adjust the value
of the convolution kernel adaptively with the loss
function as the comparison standard, so that
minimizes the error between the predicted value and
the true value (Simonyan and Zisserman, 2015).

In the image processing process, pixel values are
used to express and extract features, and the different
quantification of the MARK point image is the
difference of the feature value matrix. We use a 4-
dimensional vector and one-hot encoding to represent
the classification result of the classification model,
where each dimension represents the type of the MARK
point image. For example, the classification result
vector of the images with reflective edge is [0,0,1,0]".

Figure 1. Variability of reflective edge images.

3.2. Transfer learning

Generally, in order to obtain an effective image
classification model, the training process of image
classification using deep learning requires a large
number of images as data sets. The difference between
the MARK point image classification and the image
semantic segmentation is that the former uses the
MARK point image as a unit to classify, while the latter
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uses the target pixel point as the unit to classify or to
mark. Therefore, the data set required for MARK point
image classification is much larger than the data set
required for MARK point segmentation. However, due
to the additional costs of materials, time, and
manpower, it is very difficult to construct a large-scale
well-labeled MARK point image data set. At the same
time, small-scale data sets will lead to long training
time and poor results. Transfer learning can adjust and
improve models that have been trained in specific tasks
for new tasks, reducing the dependence on large-scale
data sets (Tan et al., 2018). Inspired by this, we use
transfer learning to solve the problem of insufficient
training image data in the task of MARK point image
classification.

The network based on deep transfer learning can be
used as a general image-specific feature extractor. This
network structure and pre-training parameters are
obtained by training on a large-scale data set of a
specific target domain. Then they are selectively
transferred to a new target domain task for use, and
eventually a sub-network is updated in the fine-tuning
strategy. Research shows that deep networks such as
AlexNet, VGG, and ResNet are more mobile and can be
preferred in network-based transfer
learning(Yosinski, Clune, Bengio, and Lipson, 2014).

In order to solve the problem of vanishing gradient,
the residual structure is used as the basic unit of the
deep residual network. Transform the optimized
objective: h(x)=f(x)+x into h(x)-x through a cross-
layer summation operation. The training target is
equivalently mapped from approximating a function
h(x) to zero, thereby reducing the difficulty of training.
This method greatly improves the training speed and
training accuracy without increasing the number of
existing network parameters(He et al.,2014b).

Existing typical ResNet models based on PyTorch are
mostly used for training and feature extraction of
open-source large data sets (such as ImageNet, etc.).
However, if this paper retrains the ResNet network
classification model, it will not only lead to a long
training time, but also cause the model to not converge
due to the limited image of specific marker points,
which will not achieve the expected effect. Therefore,
we finally choose to pre-train the network model and
weights on the ImageNet dataset. On this basis, the
classifier is designed. Then a new network model that
can effectively perform image classification can be
obtain by fine-tuning the network parameters, which
is suitable for the custom image classification data set
(Tan et al., 2018).

The classification model is built based on the ResNet
network structure and the parameters obtained by pre-
training on ImageNet are used in the initialization of
the labeled point image classification. The ResNet
convolutional layer is used to extract the depth features
of the labeled image. Freeze the pre-trained layers to
ensure that they will not backpropagate during
training. Next, modify the number of nodes in the last

fully connected layer of the network model to
correspond to the four low-quality MARK point images
with complex background, mixed size, reflective edge,
and blurred edge. During the training iteration, only
the weight value of the custom fully connected layer is
changed. On this basis, a negative log likelihood loss
function is created, and the Adam optimizer is used to
achieve adaptive adjustment of the learning rate. The
specific step is shown in Figure 2:

nd

Import the Train the model
ResNet petwork | and save
A
Freeze pre- Optimize the
training network
! t
Modify the fully p| Create anegative
connected laver log-likelihood

Figure 2. Variability of reflective edge images.
4. Experimental Results

4.1. Dataset

Four representative MARK point images with
complex background (Bac), mixed size (Mix), reflective
edge (Ref) or blurred edge (Blu) are summarized to
construct classification data sets. The four original
images are used as the training set: validation set=7:3,
(training set and validation set): test set=10:1. The
division relationship of the data set is shown in Figure
3.

In different directories, = Augmentor-based
automated data set enhancement is performed. Then
eight data enhancement operations are performed in
the custom training set.

The number of each MARK point images before and
after data enhancement is shown in Table 1. In order to
reduce the classification accuracy fluctuation problem
in the training process, it is necessary to ensure that the
amount of each type of image data after enhancement
is equal, rather than performing proportional
enhancement based on the number of original images.
Finally, perform training and horizontal comparison
on the custom data set, and select the model with the
best effect and the best generalization ability.

Table 1. The custom MARK point image classification data set.

Category Image Number of Nuhmber (:if
code category initial images ~ Sriance
images

Complex 33 150

Bac background

Mix Mixed size 11 150

Ref Reflective 11 150
edge

Blu Blurred edge 15 150

Total Total 70 600
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Figure 3. The division and storage relationship of custom classification data sets.

4.2. Comparison of classification models

A typical ResNet network has five types: ResNet18,
ResNet34, ResNet50, ResNet101 and ResNet152. In
theory, the more network layers and the deeper the
network depth, the stronger the ability to extract image
features. However, in some cases, it may cause
overfitting due to a mismatch with the number of data
sets, resulting in performance degradation. Therefore,
it is first necessary to set up a horizontal comparison
experiment on the ResNet network of each layer on the
custom data set, and select the most suitable network
layer for the custom classification data set. Given that
the pre-training parameters have been used for
initialization, the network weights can be fine-tuned
by freezing the feature extraction network layer. At the
same time, as the Adam optimizer can automatically
adjust the learning rate during the training process, the
learning rate can be selected as low as possible (Keskar
and Socher, 2017; Reddi, Kale, and Kumar, 2019). The
training batch size is determined by the number of
MARK point images that need to be trained for each
iteration, and its size affects the direction of gradient
descent in the process of model optimization.

Limited by the fact that the GPU memory cannot be too
large, so the following hyperparameters are used for
network model performance comparison experiments:
epochs =100, Ir = 1e-4, optim = Adam, loss function =
NLL, batch_ size = 64.

The performance index comparison statistical table
is shown in Table 2.

On the custom MARK point classification data set,
the horizontal comparison curve of the training
accuracy of different residual networks is shown in
Figure 4.

From the experimental results, it can be found that
taking ResNet50 as the boundary, with the increase of
network depth, the training accuracy of image
classification network improves as a whole; while
ResNet101 and ResNet152 have serious problems in the
custom data set as the network depth increases.

ResNet50 with the highest overall accuracy
(97.95%) is chosen as the main structure of the MARK
point image classification network, and stopping
training at the 30th epoch can obtain a better
classification model. The feature extraction layers are

initialized and frozen by pre-training parameters, and
the fully connected layers are fine-tuned. In order to
get a better training effect and to obtain higher
classification accuracy, the parameters of the feature
extraction layers are unfrozen to return back.

Table 2. Image classification network model comparison statistics
table

Number of Training Accuracy
Network model parameters time per (%)
(k) epoch(s)
ResNet152 59195.461 36.56 86.34
ResNet101 43551.813 32.74 96.87
ResNet50 24559.685 23.98 97.95
ResNet34 21549.893 20.24 97.16
ResNet18 11441.733 15.78 95.08

[ Ed 0 @ o 100
epoch

Figure 4. The training accuracy curve of five residual networks.

4.3. Impact of training batches

Training batch refers to the number of MARK point
images used for one training in the deep learning
network training process, and its size needs to consider
the training efficiency and GPU memory (Goyal et al.,
2017; Hoffer, Hubara, and Soudry, 2017; Keskar,
Nocedal, Tang, Mudigere, and Smelyanskiy, 2017,
Smith, Kindermans, Ying, and Le, 2017).

In our experiment, the maximum batch size is set to
64, as the parameter transfer of the abstraction layer
requires more memory resources. The smaller batch
size is selected according to the interval of 2 times
reduction each time to study the influence of the
training batch on the classification accuracy of the
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MARK point images.

We mainly study the impact of training batches on
the training speed and classification accuracy of the
MARK point image classification network, and finally
the result statistics table shown in TABLE 3 is obtained.

As shown in Figure 5, we adopt ResNet50 model with
pre-training parameters for initialization and without
freezing the residual network layer parameter
transferring, the image classification accuracy
increases first and then decreases as the training batch
decreases. When the training batch is equal to the cut-
off point which is equal to 4, compared with ResNet50
frozen residual network parameter transferring, the
classification accuracy is improved overall during the
100 iterations. However, as the training batch
continues to decrease, the classification accuracy
begins to decline. When the training batch is set to 1, the
classification accuracy in the entire iteration period
drops significantly.

ResNet50 is finally selected to use the pre-training
parameters as the training initialization values, and
then pass the parameters forward and backward on the
custom training set to train the final MARK point image
classification model. According to the experimental
analysis, the training batch size is equal to 4 meeting
the classification accuracy. At the same time, in order
to stop training before the accuracy drops due to over-
fitting, the training is carried out for 30 epochs, and the
loss curve and accuracy curve are obtained, as shown in
Figure 6 and Figure 7 respectively.

It can be seen from Figure 7 that the image
classification accuracy of this classification method has
reached 98.53%.

Table 3. Statistical table of Comparison of the impact of training
batch.

Training time per Accuracy (%)

Network model
epoch(s)

ResNet50TFbs64 23.98 97.95
ResNet50TTbs8 25.67 98.26
ResNet50TTbs4 30.31 98.53
ResNet50TTbs2 4317 98.02
ResNet50TTbs1 63.09 51.78

Accuracy Curve

Vo 50TTbs8-Val i
/ —— 50TTbsd-Vali
—— 50TTbs2-Val i
50TTbs1-Val idation Accurac

[ 2 o @ ®
wach

Figure 5. Impact of training batches on the classification accuracy of
classifiers.

Loss Curve

3 ) s ) 3 )

Figure 6. The loss curve of the training network model based on
ResNet50.

ams
3 15 ) 3 )

Figure 7. The accuracy curve of the training network model based on
ResNet50.

4.4. Comparison of classification accuracy with KNN

In order to further prove the efficiency of the model,
this paper constructs a KNN model, and performs a
classification test on a custom data set. As shown in the
Figure 8, the highest accuracy rate is 0.783333 (K=1).
However, when k is greater than 10, as the number of
iterations (K) increases, the classification accuracy rate
decreases. Finally, at the end of the iteration (K = 34),
the accuracy rate is 0.650000. It can be seen from
comparison that the classification accuracy rate of the
ResNet50-based classifier is 98.53%, which is 20.20%
higher than the KNN classifier.

As aresult, the classification model through transfer



learning based on the ResNet50 network and weights is
more suitable for customizing small sample data sets,
and can well meet the needs of low-quality MARK point
image classification.

0.78 4
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Figure 8. Training process of the KNN classifier.

5. Conclusion

According to the fact that the collection of MARK point
images is affected by factors such as background,
illumination, resulting in low quality PCB, this paper
proposes a multidisciplinary design modelling method
for product quality. The method main uses CNN for
image feature extraction. The fully connected layer is
built on the ResNet50 residual network model, and at
the same time, the pre-training parameter layer is
frozen to prevent backpropagation to achieve transfer
learning based on the network and weights. Iterative
training is performed on the constructed custom image
classification data set to obtain a classification model.
Experiments show that, the method is more suitable for
custom small data sets and has obtained a 98.53%
accuracy of the MARK point image classification. This
work provides a guarantee for subsequent
classification and segmentation of MARK point images.

However, the research object in this work is set as
widely used circular MARK point images, which means
that this method does not cover all shapes of MARK
points. Future studies should pay more attention to
more typical shapes of MARK points, and further
optimize the multidisciplinary design model, which
will have practical significance for improving the
quality of products produced in complex industrial
conditions.
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