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Abstract—Deep learning and image processing methods have
taken place in many parts of our lives, as well as in the quality
control stages of production lines. The aim of this study is to train
and use a deep learning model to improve quality management
using limited data and computing power. To achieve that, deep
learning for quality control models were trained by classifying
six different steel surface defect images in the NEU-DET dataset.
Xception, ResNetV2 152, VGG19 and InceptionV3 architectures
were used to train the model. High accuracy was obtained with
both Xception and ResNetV2 152.

—Quality Control, Steel Surface Defect, Image 
Classification, Deep Learning, NEU-DET, Xception, Inception V3, 
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I. INTRODUCTION

Artificial Intelligence technologies continue to develop day

by day and take more place in our lives. Many companies

are taking advantage of this change and developing artificial

intelligence applications using the latest machine learning

algorithms to market their products and improve customer re-

lationships. On the other hand, the use of artificial intelligence

applications has fallen behind when we look at the production

stages of products that use the latest technology deep learning

methods in the marketing phase [1].

The most appropriate part where artificial intelligence ap-

plications can be used in the production phase is the quality

management and quality control departments, because the cost

of eliminating defective products is quite high when it is

done by human power [2]. If adequate quality control is not

achieved, this has the potential to generate higher costs, given

the high current shipping and storage costs. For this reason,

quality control has begun to play an increasingly critical role,

especially for companies operating in production.

Considering the studies in the academic literature, certain

studies on computer vision and its direct use in industrial

processes draw attention with their findings [3], [4]. Neural

networks were used jointly in these studies and supervised

learning approaches were determined and relatively high re-

sults were obtained on labeled data [5]–[7]. However, the

literature on error detection developed with similar processes

is quite limited, but it is expected that such studies will

become widespread and increase their impact power in the

near future [8]. The basic approach put forward is that the

defects in processed materials can be resolved by computer

vision methods, and there are certain computer vision-based

modeling studies supporting this in the literature [9], [10].

Currently, there are studies in the field of quality control

where object detection is performed by applying computer

vision methods on some datasets (see e.g Srdoč et al. [11]).

Moreover image processing methods are insufficient in dif-

ferent scenarios and different conditions in the industry. By

using deep learning methods, algorithms that make accurate

classifications can be created even in different scenarios and

conditions. The aim of this article is to improve performance

by improving quality management, to provide consumers with

less faulty and problematic products by using deep learning

methods with NEU-DET dataset.

II. MATERIALS AND METHODS

A. Data Collection and Pre-Processing

The steel surface images used for this study were obtained

from the NEU-DET dataset. This dataset includes 6 classes

such as crazing, inclusion, patches, pitted surface, rolled-in

scale, and scratches [11]. The total number of 1800 images

is divided into 70% training, 15% validation and 15% testing.

The total of the training data are 1260, validation data are

270 and the test data are 270. The collected images have

a resolution of 200 x 200 pixels (px). However, the images

were re-scaled to 299 x 299 px to stablish a base size. Since

the number of data in the dataset is limited for this type of

deep learning algorithm, data augmentation techniques were

applied to avoid over-fitting and data size has been increased.

The images in the dataset were rotated randomly on the

horizontal and vertical axis, and rotated 20 degrees clockwise

and counterclockwise. The pixel values of the images were

scaled between 0 and 1 for an easier convergence of the model.

B. Model Architectures

Convolutional Neural Networks (CNNs) are widely used in

image classification problems [12], [13]. CNN-based models

learn useful features to reduce the error rate [14]. In this work,

it uses state-of-the-art CNN architectures such as InceptionV3

[15], Xception [16], VGG [17] and ResNet [18] to predict steel

surface defects. All models used have pre-trained ImageNet

[19] weights. Since transfer learning is already efficient, the

layer of models other than the Batch-Normalization layers
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Fig. 1. Dataset examples

is frozen to avoid over-fitting [20]. To minimize the errors

of deep learning models, Adam and SDG optimizers were

used for each model in 4 different combinations with learning

rates of 0.01 and 0.001. Considering all these parameters,

experiments were done on 16 different combinations with four

different state-of-the-art architectures, two different optimizers

and two different learning rates, for 50 epochs.

C. Implementation

All implementations were done using Python language

version 3.8 and TensorFlow 2.7, Matplotlib 3.5. Xception

and InceptionV3 models were trained using NVIDIA Tesla

K80 Graphic Processing Unit (GPU) on Ubuntu 18.04, and

ResNet152 V2, VGG19 models were trained on Google Colab

Pro environment using Tesla V100 GPU.

III. METRICS

The receiver operating characteristic and the area under

the curve (Receiver Operating Characteristic - ROC and Area

Under Curve - AUC) were used to evaluate the success of the

model. The ROC curve is a plot of sensitivity to 1-specificity at

various threshold settings for binary classifiers. The numerical

value of the area under the AUC is defined and used by the

model as a metric to measure successful decision making.

However, this study is a multi-class problem, so the ROC

curve is calculated as one versus stationary. This indicates that

each class is evaluated against all other classes combined. To

calculate the percentage of predicted values that matches with

real values for one-hot encoded labels, categorical accuracy

was used.

Categorical accuracy was calculated as:

1

N

N∑

i=1

δi (1)

where δi = {1, 0} if ŷ[i] == y[i], N is the number of

samples.

The AUC is calculated as follows:

AUC =

∫
TPR d(FPR) (2)

The representations of equation 2 above are as follows:

• TPR: True Positive Ratio

• FPR: False Positive Ratio

A. Model Outputs and Evaluation

The pilot study was about classifying imperfections in the

steel surface with limited data available using an artificial

intelligence model. Among the 16 experiments performed to

classify images, the results of the three most unsuccessful

models are shown in Table I and the three successful ones

are shown in Table II.

TABLE I
FAILED MODEL RESULTS

Model Name Parameters and Results
Optimizer Loss Accuracy AUC

VGG19 SGD @ 0.001 0.91 0.805 0.981
InceptionV3 Adam @ 0.01 0.61 0.74 0.725
InceptionV3 SGD @ 0.01 0.42 0.6870 0.88

TABLE II
SUCCESSFUL MODEL RESULTS

Model Name Parameters and Results
Optimizer Loss Accuracy AUC

Xception SGD @ 0.01 0.0201 0.9926 1.0
ResNet152 V2 SGD @ 0.001 0.026 0.9926 1.0

VGG19 Adam @ 0.01 0.045 0.9816 0.99

As can be seen in table II, the Xception model, which is

used with the SGD optimizer with a learning rate of 0.01 is the

most successful model among 16 experiments. A total of 270

images was used as test data and the categorical accuracy was

calculated as 99.26% and the AUC score as 100%. In addition,

the ResNet152 V2 model, which has more parameters than

Xception can be also accepted as the best model with a

categorical accuracy of 99.26% and AUC score of 100%. As

can be understood from table II, SGD optimizer found the

best models. Moreover, VGG19 model is the third successful

model with different optimizer Adam with a learning rate of

0.01. In addition, All these architectures are state-of-the-art

models with high success rates.
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Fig. 2. Training and testing history for the most successful model Xception

Fig. 3. Training and validation history for ResNet152V2 model

When the training and validation loss graph in Figure

2 is examined, it can be seen that training and validation

categorical accuracy increases while training and validation

loss decreases and approaches to zero. This graph proves that

the Xception model converges successfully and there are no

cases of over-fitting or under-fitting on the model architecture.

Furthermore, training history of the second successful model

which is ResNet152 V2 can be examined in Figure 3. It can be

seen that the model converges like the Xception model without

under-fitting or over-fitting.

Fig. 4. ROC curve for both Xception and ResNet152 V2 models

The other metric ROC measures the performance of the

model. From Figure 4, it can bee seen that the model has a

strong attitude for each class and the precision value is close

to 1.

Fig. 5. Confusion Matrix of validation data for Xception model

Moreover, the Confusion Matrix metric visualizes and sum-

marizes the performance of the model. As can be examined

in Figure 5, there are 2 wrong predictions in the validation set

where the categorical accuracy is 0.985. The model predicted

the image as scratches while the correct label is inclusion.
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Fig. 6. Confusion Matrix of test data for both Xception and Resnet152 V2
models

According to Figure 6, it shows that the Xception model

predicts a total of 270 images in 6 different classes accurately.

B. Discussion and Conclusion

As stated at the beginning of the study, especially in the next

20 years, the most appropriate part where artificial intelligence

applications can be used in the production phase is the quality

management and quality control departments, because of the

operational cost of eliminating defective products is relatively

high when it is done with human power [2]. If adequate quality

control is not achieved, it has the potential to generate higher

costs, given the excess of current transport and storage costs.

Therefore, today, quality control has begun to evolve into

a role that requires technological competence and sufficient

equipment. It is possible that such technology-based systems

will become an integral part of production processes in the

next 30 years.

Currently, there are studies in the field of quality control

where object detection is performed by applying computer

vision methods on datasets (see eg Lv et al. [11]). Computer

vision methods are insufficient in different scenarios and

different conditions in the industry. By using deep learning

methods, algorithms that make accurate detections can be

created even in different scenarios and conditions. The purpose

of this article is to improve quality management, to provide

consumers with products that are less likely to be faulty using

the NEU-DET dataset and deep learning methods. When the

studies in the related literature are examined, the literature

on error or malfunction detection is relatively limited, but it is

expected that the studies in this field will gain momentum due

to the high potential of industrial added value that successful

applications will provide.

This study classifies the damages on steel surfaces using the

NEU-DET dataset, pointing to the potential of quality control

in this area using deep learning and artificial intelligence

methods. When the research findings are evaluated, Xception,

InceptionV3, VGG19 and ResNet152 V2 model architectures

together with Adam and SGD optimizers, learning rates of

0.01 and 0.001 were used in order to find the optimal con-

verged model. Thus, 16 different experiments were performed.

Experiment outputs were compared according to AUC and

accuracy values. Moreover, these test data were applied after

the training was completed and the purpose here is to measure

the performance of the model against data that it has never

seen during the training. The SGD optimizer was the most

successful model with the Xception model architecture with a

learning rate of 0.01 with an categorical accuracy of 99.26%

and an AUC score of 100%.
A study on another NEU-DET dataset [11] focused on

object detection rather than image classification, and Faster-

CNN [10], YOLO-V2 [23], YOLO-V3 [24] and VGG16 [25]

large models was measured separately for each defect class

and the overall predictive value of the best model was 72.4%.

When this study and our methods and findings are compared,

they have revealed structures that will consume a lot of energy

using greater models, and their estimation rates are too low to

be used in the industry. Moreover, in another study [26], it can

be seen that the CNNs in the model they developed over the

classification problem are more successful than the Support

Vector Machine (SVM) [27]. The fact that the classification

models developed within the scope of this study, work with

less computing power and produce fast inference results that

can be contributed to the production line in the industry.
In future research, the dataset can be expanded by perform-

ing real-time tests using the best-structured model structure,

and also by adding a class of defect-free surface photos,

this deep learning model can be used in a real production

line. Thus, the quality control can be increased by using the

machine power more effectively.
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