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Abstract. In recent years, convolutional neural network has become a solution
to many image processing problems due to high performance. It is particularly
useful for applications in automated optical inspection systems related to
industrial applications. This paper proposes a system that combines the defect
information, which is meta data, with the defect image by modeling. Our model
for classification consists of a separate model for embedding location infor-
mation in order to utilize the defective locations classified as defective candi-
dates and ensemble with the model for classification to enhance the overall
system performance. The proposed system incorporates class activation map for
preprocessing and augmentation for image acquisition and classification through
optical system, and feedback of classification performance by constructing a
system for defect detection. Experiment with real-world dataset shows that the
proposed system achieved 97.4% accuracy and through various other experi-
ments, we verified that our system is applicable.
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1 Introduction

The surface quality of the smartphone glass is an evaluation factor that interacts with
the user, which has a fatal impact on the stability and durability of the final product [1].
Rule-based approaches in the field of smartphone glass surface inspection have been
the most common method for solving problems. In this process, there was a problem
that the distinction between classes with high similarity was difficult to distinguish by
the traditional CV algorithm, and the performance of the whole system was lowered
due to the increase of false negative (27.3%, 3/21–4/29). Convolutional neural network
(CNN), which is replacing the existing best performance in many fields, is an intuitive
idea that can be introduced effectively in the field of industrial manufacturing including
surface inspection where a large amount of data can be accumulated [2].

Optical inspection classification systems using deep learning methods have made
great achievements in recent decades [3]. In conventional methods, inspection and
classification were divided into three separate processes: segmentation, feature
extraction and inspection. First, the segmentation process obtains a small patch of
suspected defects from a full-size image from line scanner with several traditional
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image processing algorithms, such as histogram curves and edge detection [4, 5]. Stark
et al. introduced contrast limited adaptive histogram equalization (CLAHE) augmen-
tation method, which normalizes the histogram for each patch to compensate for the
traditional flip and shift augmentation for the suspicious patch obtained at the seg-
mentation process [6]. Second, the feature extraction process extracts local and global
spatial features from patches to achieve the final classification. G. Fu et al. presented an
end-to-end CNN that learns the filters from the data to extract and classify the surface
patches [7]. Finally, the inspection process utilizes the constructed model, including
localization or model analysis that specifies the defect region from the full-size glass
surface. Zhou et al. proposed a class activation map (CAM) visualization method for
identifying and analyzing the region used for classification in the input image by using
the channels from last convolutional layer of CNN [8]. Although the three processes
described above could be considered as a complement of each other, combining them
has been troublesome due to the difficulty in implementation and integration. In this
paper, we propose a system for smartphone glass surface defect inspection including
segmentation, modeling and analysis processes in aspect of integrity and stability. With
the combination of augmentation, deep learning-based modeling and the deep model
analysis methods, our glass surface inspection system has achieved 0.9754 accuracy for
test dataset and verified the statistical significance with 10-fold cross validation. Our
system including deep model analysis and augmentation methods shows the results
which are statistically significant in chi-square test, t-SNE analysis and CAM analysis,
respectively.

The remainder of this paper is organized as follows. In Sect. 2, we review the
existing augmentation, modeling and analysis methods based on machine learning and
clarify the contributions of this paper by discussing the differences. Section 3 explains
how the spatial feature from smartphone glass defect is modeled using CNN. The
performance of our system is evaluated in Sect. 4 through various experiments,
including visualizations of the decisions the model made, measurements of perfor-
mance and comparisons with the existing methods.

2 Related Works

In this section, we introduce various works based on deep learning methods for clas-
sification with the proposed defect detection system. As the keyword industrial is well
known in the field of deep learning in recent research trends, several recent studies have
proven to be reliable and valid. The mainstream of glass surface defect inspection field
is categorized into segmentation method and modeling method.

Borwankar et al. presented a data-driven approach to the field of surface defect
inspection by combining traditional image processing algorithm and machine learning-
based classification algorithm [9]. Natarajan et al. proposed the ensemble of multiple
CNNs for practical complement in terms of accuracy, and an end-to-end defect clas-
sification network combining feature extraction and modeling was constructed [2].
Both studies attempted to benchmark the standard machine learning methodology
including CNN in surface defect inspection, resulting in higher performance compared
to the existing methods.
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As an attempt to focus on the aspects of preprocessing and model enhancements
including augmentation, Dong et al. and Fu et al. proposed a combination of traditional
image augmentation method and deep learning [10, 11]. Experiments showed that
augmentation was suitable for deep learning methods that made nonlinear functions
from data and verified the need of augmentation component for an inspection system in
more practical sense. Finally, focusing on the enhancement of the deep learning model,
Sun et al., Yang et al. and Staar et al. used the transfer learning, autoencoder, and triplet
learning to obtain higher accuracy for given datasets, respectively.

3 The Proposed System

3.1 Overview

In this section, we propose a standalone system architecture for glass surface inspec-
tion. In order to inspect glass of smartphone, a special optical system is constructed to
identify defects and to capture the surface. In our system, an optical module of line scan
method is constituted to acquire an image. The image obtained through this process is
subject to preprocessing. In this preprocessing process, candidates for the defect
classification are firstly selected, and the selected images are classified and managed in
separate classes through a separate task for learning. The selected image is used as a
training/test dataset through the above process and then an assortment process is
performed to increase the accuracy of the classification determination. The experiment
is conducted to demonstrate the effectiveness of each classification to enhance the
performance of the classification. The current system is utilized as a dataset through
Flip, Shift and CLAHE.

The images that have been augmented are learned in the model for defect classi-
fication in the whole system. In order to utilize the defect meta information, the
accuracy is improved by learning the candidate information of the first candidate group.

Table 1. Related works on defect detection using machine learning algorithm

Authors Image preprocessing Spatial feature extraction,
modeling

Zhou [8] – CNN, Class activation map
Borwankar [9] Rotated wavelet transform k nearest neighbor
Natarajan [2] – Transfer learning, CNN

ensemble
Dong [10] CNN-based segmentation U-Net, Random forest
Fu [11] Non-uniform illumination, Camera noise,

Motion blur
Pre-trained SqueezeNet
(CNN)

Sun [1] – Transfer learning, CNN,
ImageNet

Yang [12] CNN Convolutional autoencoder
Staar [13] Flip, Shift augmentation CNN triplet learning
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The proposed system constructs two different learning models for the defect can-
didate group and the meta data, ensemble them, and finally performs classification. In
this process, in order to have high classification accuracy, we proposed an idea to
utilize not only the defect image but also the related meta data for learning. After
classification is completed, CAM is constructed to decide the characteristics and origin
of each feature in latent space, and it is decided whether the classification model is
correctly learned. This is used as a feedback to the entire system.

At this time, if the total size of the defect is larger than the size (224 � 224) of the
set input, the size of the total defect is adjusted through resizing (112 � 112), and
denoising is performed to reduce the number of false negatives in the confusion matrix.
In the case of the first class, size, shape, and defect characteristics are used through
vision algorithm. The obtained image determines whether the worker has an active
defense cognitive class failure and completes the dataset. After that, the normalization
module corrects the gaps between different optical systems and equipment, and finally
completes the preprocessing for classification. In the early stage of the system con-
figuration, there was no augmentation module. However, the necessity of the aug-
mentation module was justified through the verification and supplementation of the
model. We will analyze the results later in the experiment. The model for classification
consists of a separate model for embedding location information in order to utilize the
defective locations classified as defective candidates and ensemble with the model for
classification to enhance the overall system performance.

The CAM of the model constructed based on the classified image is used to decide
the consistency of the model configuration. The operator for the classification confirms
the result, and finally confirms the feature of the model caused by the failure; when a

Fig. 1. Glass surface defect inspection system architecture
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dataset is created, it is possible to obtain a robust dataset gradually and it is utilized for
analysis of the system.

3.2 CNN-Based Modeling

The convolution operation, which preserves the spatial relationships between features
by learning filters that extract correlations, is known to reduce the translational variance
between features [14]. The hidden correlations between features in images are modeled
as a feature-map through emphasis or distortion during the convolution operation:

/l
ci ¼

Xf�1

k¼0
wiy

l�1
iþ k ð1Þ

where the output cli from the ith node of the lth convolutional layer performs the
convolution operation on yl�1, which comes from the l� 1ð Þ th layer, using a 1� f
sized filter F and a given feature vector xi; yið Þ.

Because the dimensionality of the feature-map from the convolutional layer is
increased by the number of convolutional filters, it must be carefully controlled [15].
Pooling refers to a dimensionality reduction process used in CNNs in order to impose a
capacity bottleneck and facilitate faster computation [16]. The summary statistics of
nearby features in the feature-map are derived from the max-pooling operation:

/l
pi ¼ max cl�1

i�T ð2Þ

where the output pli from the lth max-pooling layer selects the maximum features from
a k � k area in an N � N output vector, where T is the pooling stride.

Several convolutional and pooling layers can be stacked to form a deep neural
network architecture with more parameters [17]. The proposed inspection system uses
two pairs of convolutional and pooling layers to prevent model overfitting or degra-
dation problems.

After the features from the images are encoded through convolution and pooling
operations, a shallow multi-layer perceptron (MLP) is used to complete the classifi-
cation process using the flattened feature vectors pl ¼ p1; . . .; pI½ �, where I is the
number of units in the last pooling layer:

hli ¼
X

j
r wl�1

ji pl�1
i

� �þ bi
� �

ð3Þ

where wji is the weight between the ith node from the l� 1ð Þ th layer and the jth node
from the lth layer, r is the activation function used in the layer, and bi is the bias term.

The output vector from the last layer of the MLP represents the probabilities of the
roles associated with an input feature vector, where NR is the total number of roles:

p ŷ xijð Þ ¼ argmax
exp hl�1wl þ bl

� �
PNR

k¼1 exp hl�1wkð Þ ð4Þ
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where a softmax activation function is used in the last layer of the MLP so that the
output vector is encoded as a probability in the range 0; 1½ �.

The weights of the entire CNN are updated using a backpropagation algorithm
based on gradient descent, where xi is mapped to yi after forward propagation is
performed using Eqs. (1)–(4). The details of the CNN architecture are as follows: 32
1� 2 convolutional filters and 1� 2 max-pooling operations, and 128-64-11 nodes in
the MLP, from bottom-to-top, to create a shallow but practical network.

3.3 Data-Preprocessing and Augmentation

Our data set consists of images taken by an optical inspector collected for two weeks in
the current manufacturing process. This dataset contains 4 object categories with a total
of 600K grayscale images of 224 � 244 pixels resolution. Each category has at least
21,088 images. For network training, all images are resized to 112 � 112 pixels
resolution and then scaled to values from −1 to 1.

The purpose of surface preprocessing and augmentation module is to derive a
candidate defect from images obtained by constructing a line scan camera and an
illumination system based on inspection specification for each production process. For
the input image obtained through an optical module, resize it so that the defect char-
acteristics are best expressed, and size and normalization are performed to be used as
input to the classification model of the proposed system.

Firstly, the decision of the defective candidates is performed through the computer
vision algorithm. Through this process, contour analysis is performed on the blobs in
the processing image obtained through the calculation process to determine the
defective candidates, and the information such as the shape, size, and intensity of the
defects are used as a judgment criterion. The process of denoising consists of several
modules in order to perform preprocessing on Gaussian noise generated from the
optical module or external factors generated in the process. Finally, the results are
processed by the inspector to improve the consistency of the generated dataset.

4 Experimental Results

4.1 Inspection System Performance

In Fig. 2, 10-fold cross-validation is performed to verify the classification result of the
proposed system, and the performance of the system is verified by using the test data of
the constructed dataset. As a result of test by changing the validation set, CNN per-
formance is found to be the best in the case of the basic deep learning model, and
accuracy is 10% higher than MLP.

In order to optimize the hyper-parameters of the model used in the proposed
system, various experiments are performed on the convolution filter and the depth, and
the system tuning is performed on the actual applicable hyper-parameters. Figure 3
shows the results of how the hyper-parameters of our system were experimented and
selected.
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The following experiments are conducted to analyze the accuracy of the system for
the effects of augmentation. The results of the experiment are shown in Fig. 4 with two
main groups: Flip and Shift, and the database performed with CLAHE, demonstrating
the need for assortment in the system. At the same time, the number of channels and the
kernel size are changed to 16, 2 � 2, and 3 � 3, respectively. In our proposed system,

Fig. 2. 10-cross validation result

Fig. 3. Hyper-parameter optimization

Fig. 4. Augmentation effect for the system
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various methods of image assortment are reviewed to enhance the performance of the
classification, among which validated methods are selected. In addition to the general
flip and shift, CLAHE is chosen to make the defect in the image to be a singular point
in the histogram. The performance improvement through augmentation contributed to
improve the accuracy of the system as described above.

Tables 1 and 2 show the results obtained through experiments from our system.
The model is constructed to perform the classification for four classes. The confusion
matrix is obtained to quantitatively measure the performance of each class, and pre-
cision and recall are calculated respectively.

Also, the results of Table 3 show that the meta data of the faulty location infor-
mation used in the system we proposed is used to improve the performance of the
system. We select vanilla CNN as a comparative group and find that the ensemble of
our model is composed as intended.

4.2 Defect Analysis

Figure 5 shows the dataset of the system by checking the t-SNE (stochastic neighbor
embedding) distribution. The characteristics of each class group are schematized
through CAM according to the distribution. In our system, the clusters of each class can
be confirmed, which is supported by the classification performance.

Table 2. Confusion matrix analysis

Predicted 
Dent Mold Fold Control

Actual 

Dent 15419 111 61 744
Mold 1 4916 6 601
Fold 50 12 3880 234

Control 260 720 206 87972

Table 3. Precision and recall for defect types

Defect Type Dent Mold Fold Control Average Accuracy F1-score
Precision 0.9802 0.8536 0.9343 0.9824 0.9376

0.9739 0.9375
Recall 0.9439 0.8899 0.9291 0.9867 0.9374

Table 4. Chi-squared test with vanilla CNNs

Defect type Dent Mold Fold Control Sum

Chi-square 4848.96 1460.159 3007.727 8280.203 17597.05
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Figure 6 shows the CAM results for each class. The dent, mold and fold, which are
defect classes among the classes in the above diagram, confirm that the learning of the
model is well done so that the characteristics of each defect are the result of classifi-
cation. In the case of the good (OK) class control, the glass surface is activated and
shows the conformity of the model.

As described above, CAM analysis allows the examiner to verify the consistency of
the learned features and poor features learned. In our system, CAM images that do not
model characteristics well by sampling the output of the model are used as a basis to re-
learn the model through analysis or to decide the abnormality of the model.

Fig. 5. t-SNE visualization

Fig. 6. Class activation map result for each class
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5 Conclusions

Our entire system proposed for the detection of defects is modeled in a form optimized
for detecting defects in the glass of a smartphone. Therefore, the role of each module is
clarified so that it can be applied to other surface shapes in the future, and the influence
on input and output can be clarified.

The contribution to our research is as follows. First, we show that the proposed
performance is practically applicable by using the real-world dataset in the actual
process. Second, by constructing the whole system for defect detection, preprocessing
and augmentation for image and classification through optical system, and CAM
module for feedback to classification are incorporated into a single closed-loop
framework for feedback. Finally, we have designed a fusion network to improve
detection performance by using meta-data for defect detection, rather than solving
problems solely by using images.

We are currently working on an improvement plan to make our systems more
capable. More specifically, we are focusing on improvement in the early described
ensemble of different meta data that affect the defect detection, and also on optimization
of the deep learning model.
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