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Abstract. For defect inspection using computer vision, deep learning models
have been introduced to improve the conventional rule-based pattern analysis. A
lot of data is a prerequisite to the success of them, but the on-the-spot industrial
field suffers from lack of data. In this paper, we propose a deep metric neural
network to improve the performance even with insufficient data imbalanced in
class. The model is verified with the dataset of new products by evaluating the
accuracy with 10-fold cross-validation. Our model is based on the data in the
smallest category, 1.2 K, which achieves the highest performance of 90.42% using
sampled pairs without using all the data for training. High accuracy has been
achieved and proven applicability in the industry compared to the conventional
machine learning models.

Keywords: Metric few-shot learning · Deep learning · Convolutional neural
network · Smartphone glass inspection · Defect detection

1 Introduction

In the smartphone market, quality issues have continuously arisen in terms of production
from the fact that glass, which has a fatal impact on surface quality accounts for more
than 90 percent of the total products. The visual inspection by the worker is very difficult
to meet the strict quality standards in terms of fatigue so it is necessary to introduce the
automatic optical inspector (AOI) system inevitably [1]. The conventional approach to
inspecting product defects is to examine the surface of the product using a computer
vision algorithm [2–5]. However, since various types of defects existed on the surface of
the product due to the complexity of the production process and management methods,
the rule-based approach has a quantitative limitation and several deep learning models
have been proposed to compensate for this.

In this process, sufficient datasets are very important for learning high-performance
deep learning models that reflect industry trends, but it is very difficult and limited to
collect defect data due to initial process setup and productionmodel changes. In addition,
the reliability of the obtained image is also declining due to the classification of data by
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the inspection worker from the labeling point of view. An important requirement is to
construct a deep learning model using only single class data from normal materials that
can be easily constructed. In this respect, designing a highly accurate and applicable
model is one of the biggest issues in the field [6–14].

Figure 1 shows the process of acquiring the image data, and Fig. 2 analyzes the
images acquired through this process. The image is used for learning and evaluation
through a pre-processing process and is increased and refined as the production process
progresses. From this point of view, constraints for models applicable to actual industrial
sites exist as follows.

Fig. 1. Acquisition process of smartphone surface defect detection data

Fig. 2. Acquired data details: (a) OK, (b)–(d) NG

• The dataset for learning and evaluation should be changed periodically (every 6
months) and cannot be reused because the material and shape of the product are
changed.

• In the early stage of the production process, an imbalance occurs in the number of
data for each class to be classified, and model learning should be conducted with very
small number of training data.

• There is a case where classification cannot be performed normally because the texture
is similar.

• The time formodel learning and reasoning should be small (Because itmust be inferred
using the desktop in the manufacturing facility).

From the viewpoint of satisfying the above constraints and applicable to industrial
sites, this paper proposes a deepmetric learningmethod.As suggested in several previous
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studies, a more suitable model is selected through comparison of Siamese network and
Triplet neural network, which are the most robust models with the highest performance
among them and are modified and applied to our domain. In Fig. 3, comparative analysis
is performed on the two models that are reviewed (Table 1).

(a) Siamese network                (b) Triplet network

Fig. 3. Comparison of two models that extract input features and map them to the latent space
based on distance: Siamese networks make up the same or different classes through MLP based
on distance, but if the triplet network using margin parameters is used as the number of classes
increases, accuracy according to the characteristics of input data can be improved.

Table 1. Characteristics of acquired data and specification of primary method

Type Characteristics Detection Method

(b) Dent Imprinted shape Contour analysis

(c) Mold
mark

Imprinted mold Blob shape

(d) Distortion Warping shape Pixel shift analysis

To overcome these constraints, this paper proposes a deepmetric neural networkwith
a hierarchical structure that allows the neural network to directly learn the expression of
separation for each class based on the dataset most recently acquired at the production
site and achieves high accuracy for similar inputs. The proposedmethod using the dataset
of about 1 k per class for the correspondingmodel achieves higher classification accuracy
than the conventional deep learning algorithms, and the model is qualitatively analyzed
through the analysis of misclassification data clustering in the visualized feature space.

2 Related Works

The recent deep learning-based image defect detection field is divided into two main
research fields: pre-processing and feature extraction [6, 8, 9, 11, 12] and modeling
based on traditional vision algorithms [2–5]. The defect detection model using the deep
learning approach has attracted a lot of attention due to its high accuracy, efficiency, and
automated functions, and has a great influence on the quantitative rule-base detection
system utilizing the computer vision.
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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 [5]. Natarajan et al. proposed the ensemble of multiple
convolutional neural networks (CNNs) for practical complement in terms of accuracy,
and an end-to-end defect classification network combining feature extraction and mod-
eling was constructed [7]. 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.

Following this research flow, Table 2 summarizes the research cases mentioned by
fields and approaches. As mentioned in several studies, the importance, and limitations
of datasets for learning deep learning models were addressed, and our research is based
on these constraints to minimize dataset dependencies and set performance goals.

Table 2. Related works on defect detection using machine learning algorithms

Authors Image preprocessing Spatial feature extraction, modeling

Zhou [14] – CNN, Class activation map

Borwankar [5] Rotated wavelet transform k Nearest neighbor

Natarajan [7] – Transfer learning, CNN ensemble

Dong [9] CNN-based segmentation U-Net, Random Forest

Fu [10] Non-uniform illumination, Camera
noise, Motion blur

Pre-trained squeeze-net (CNN)

Sun [13] – Transfer learning, CNN, ImageNet

Yang [11] CNN Convolutional autoencoder

Staar [6] Flip, shift augmentation CNN triplet learning

3 The Proposed Method

Figure 4 shows an overall model of smartphone glass defect detection inwhich a separate
neural network is arranged after learning to extract the characteristics of class based on
the product image collected through the tester optical system in the production process, to
generate a learning pair for the triplet neural network amongdeepmetric neural networks,
and to arrange the relative distance between each of the feature vectors through in the
latent space based on the classification list [15–17].

The image obtained by the optical system is first determined using the traditional
computer vision pattern recognition rule, and then goes through crop, denoise, contour
analysis, segmentation, and normalize processes. It does not utilize the pre-processed
data as a whole pair, but only a part of it is used for learning and evaluation through
batch sampling.
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Fig. 4. Overview of the entire glass inspection detection process: The image collected through
the optical system is pre-processed, and a triplet pair is generated through a sampling process.

3.1 Input/Output Characteristics

As can be seen through the misclassification analysis in the previous study, CNN ensem-
ble, if input textures are similar, classification cannot be performed normally, so the reli-
ability of the entire model is reduced [1]. Based on this, if the characteristics of the new
dataset are analyzed in accordance with the previous research results and the constraints
of the study, it can be classified into inter-class similarity and intra-class difference (in
Fig. 5). This is the input with a high probability of misclassification. For this reason,
input analysis was preceded.

The proposedmodel, aiming to achieve high accuracy for inputs with high similarity,
allows the neural network to directly learn the disentangled representation by extracting
the characteristics of the similarity of the corresponding inputs.

(a) inter-class similarity (b) intra-class difference

Fig. 5. Analysis of input variation: Analysis of the cases where the intra-class difference is larger
than the model to learn and classify for class classification.
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It is possible to construct a latent space based on the direct Euclidean distance
between them. Classification is finally performed by using the embedding vector
extracted through the triplet neural network. This is performed by selectively sampling
only inputs with high similarity without generating a pair for all data due to the charac-
teristics of triplet pair generation. The triplet pair is constructed by selecting one input
having the same class as the reference and one input having a different class based on
one reference. In the case of a triplet pair that considers the entire input, since the number
of classes, the number of A-P (same class) pairs, and the number of A-N (difference
class) pairs increase to the total multiplication operation, a large amount of learning is
required, so our experiment selectively selects triplet pairs for each batch. It will be used
for screening.

3.2 Deep Triplet Neural Network Learning for Disentangled Representation

Figure 3 shows the comparative analysis of two representative metric learnings. In the
case of Siamese network, as shown in Eq. (1), a single value is obtained through multi-
layer perceptron (MLP) through the sigmoid activation function. If this value is one, it
is divided into the same class, and if it is zero, it is divided into different classes.

σ

⎛
⎝∑

j

αj
∣∣∣h(j)

1,D1−1 − h(j)
2,D2−1

∣∣∣
⎞
⎠ (1)

In this case, the same or different classes are configured through the MLP based on
the distance, but if the triplet network using the margin parameter is used as the number
of classes increases, accuracy according to characteristics of input data can be improved.

Conversion operation φc which is designed to model spatial correlation by learning
useful filters based on data and pooling operation φp, which extracts the representative
value of the input, can be represented by Eq. (2) for the i-row j-column node output xlij
in the lth layer. At this time, the pooling distance τ for the (m × m)-sized convolution
filter wf and the (k × k)-sized pooling area is used.

φl
c(x̄) = ∑m−1

a=0
∑m−1

b=0 wabx
l−1
(i+a)(j+b)

φl
p(x̄) = maxxl−1

ij×τ

(2)

The given 2D vector x is compressed inside the neural network by the computation
of Eq. (3) and outputs the reconstruction feature vector.

f (x) = σ(wφC(x) + b) = z (3)

Here, σ is a sigmoid nonlinear activation function, b is a bias function, and z is a latent
variable in the latent space. The neural network obtains a nonlinearity by multiplying
the input x by a weight and applying an activation function by adding a bias constant
to finally obtain a vector representation in the latent space. This can be interpreted as
intuitively modeling the characteristics of the input.
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We define the triplet loss using Euclidean distance in the expression space of each
feature vector by grouping three neural networks that share each weight (4).

L(A,P,N ) = max
(
‖f (A) − f (P)‖2 − ‖f (A) − f (N )‖2 + α, 0

)
(4)

Here, A and P are selected from the same classification class, and N is selected from
different classes from A and P and used for learning the neural network. The A, P, and
N training pairs perform sampling without using the entire data. Sampling is performed
in batch-random strategy. In the experiment, 450 A-N pairs were used based on 450 A-P
pairs. In the case of a triplet pair considering the entire input, a large amount of learning
is required because the number of classes, the number of A-P pairs, and the number of
A-N pairs increase to the overall multiplication operation. Therefore, in our experiment,
triplet pairs are selectively selected and used for each batch.

4 Experimental Results

4.1 Dataset

The dataset for experiments was collected from the actual production process, consisting
of the product images of the most recent production model: a total of 25 k gray scale
images in four categories. Table 3 shows the specification of the dataset. Because the
imbalance occurs for each classification class, a model is required to overcome this.
Finally, they are normalized from -1 to 1 with a pixel resolution of 112 × 112 and used
for training and evaluation of the models.

Table 3. Input Data Characteristics

Dent Mold Fold Control

Instances 4,636 1,390 1,210 18,574

Original size 112 × 112 Flexible Flexible 112 × 112

Re-size 112 × 112

Pre-processing crop → contour analysis → segmentation → normalize

4.2 Performance Evaluation

Figure 6 shows the results of 10-fold cross-validation of classification accuracy with
machine learning algorithms including the proposed model. In the experiment, sam-
pling was performed with all 5 K data considering the time complexity. In the case of
the proposed triplet neural network, the classification accuracy increases to 90.42%. The
SVM only achieves the classification accuracy of 71.90%. The validity of the proposed
model is proved as a result of learning a deep metric neural network to solve the prob-
lem of classification of similarity of inputs for analysis of misclassification in previous
studies.
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Fig. 6. 10-fold cross validation result: Since data with a small number of imbalances was used, the
accuracy was improved in the traditional machine learning methods. (K-NN: K-Nearest Neighbor,
NB: Naïve Bayes, SVM: Support Vector Machine)

To perform an analysis of the confusion matrix misclassification cases in Table 4,
Fig. 7 visualizes the activation values of the layer just before the output with the t-SNE
algorithm and tracks the misclassification data. Table 5 analyzes the precision and recall
of the proposed model. Since the deep metric neural network is used, it can be confirmed
that the recall is high.

Table 4. Confusion matrix analysis

Predicted

Dent Mold Fold Control

Actual Dent 326 6 14 29

Mold 4 347 2 14

Fold 8 8 337 12

Control 24 11 17 293

4.3 Defect Analysis

Figure 7 shows the comparison of the proposed model by analyzing t-SNE visualization
by analyzing the results of the dataset that is misclassified in the previous study [1].
As an improvement in the previous work, first, in case of input with similar texture
among different class data, the misclassification cases decrease, and second, the degree
of clustering of the same class increases to make the model more robust in classification.
Finally, the model training is conducted using a small amount of dataset with imbalance
than the previous work.
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(a) previous work (weak CNN ensemble)             (b) proposed model

Fig. 7. Comparison of prior work with t-SNE clustering: As a result of tracking the input that
was misclassified in the previous study, normal classification was performed, and clustering was
normally performed for each class to be classified.

Table 5. Precision and recall for defect types

Defect type Dent Mold Fold Control Average Accuracy F1-score

Precision 0.9006 0.9328 0.9108 0.8419 0.8965 0.8974 0.8967

Recall 0.8693 0.9455 0.9233 0.8493 0.8969

5 Conclusions

In this paper, we proposed a hierarchical deep metric model that can improve the mis-
classification due to the similarity of input of imbalanced learning data between classes
and when the defect data acquisition is limited for the glass defect detection and classi-
fication model. The contribution of this paper is that a dataset in the actual process and
a model that satisfies the aforementioned constraints are proposed. The method is based
on the deep ensemble model of the previous work through the metric neural network that
introduced the batch sampling method, and we proved the robustness of the proposed
model through quantitative analysis of precision and recall.

In the future, additional misclassification will be analyzed to track the misclassifi-
cation to improve the model constituting the deep metric neural network, improve the
method for constructing data for curriculum learning, andmodify the loss function based
on n-dimensional Euclidean distance.
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