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Abstract: The detection of steel surface anomalies has become an industrial challenge due to variations in production equipment, processes,

and steel characteristics. To alleviate the problem, this paper proposes a detection and localization method combining 3D depth and 2D RGB

features. The framework comprises three stages: defect classification, defect location, and warpage judgment. The first stage uses a data-

efficient image Transformer model, the second stage utilizes reverse knowledge distillation, and the third stage performs feature fusion using

3D depth and 2D RGB features. Experimental results show that the proposed algorithm achieves relatively high accuracy and feasibility, and

can be effectively used in industrial scenarios.
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1 Introduction
teel plates are widely used in various industrial applica-
tions. The surface quality of metal products is an im-
portant evaluation metric in the metal manufacturing in-

dustry'.

However, metal plates are affected by various
factors during manufacturing, such as equipment, processes,
and material characteristics. Consequently, surface defects
with irregular shapes often emerge’”. With the development of
computer vision, machine vision-based algorithms for detect-
ing such defects have become a research focus”. To address
challenges in metal surface defect detection—such as scarce
defect samples, high variability in shape and type, and the
need for precise localization—this paper proposes a steel sur-
face anomaly detection and localization method.

Previous work has introduced various approaches to ad-
dress challenges in anomaly detection and classification
within industrial processes. Zhao et al.' proposed a method
based on dynamic time warping (DTW) combined with adap-
tive fuzzy C-means (AFCM), drawing inspiration from similar
industrial processes. Wen et al.”! developed a novel anomaly
detection method based on multi-scale knowledge distillation
(Ms-KD) and a block domain core information module (BDCI)

to quickly screen abnormal images. Yasuno et al.”” proposed a

This work was supported by ZTE Industry-University-Institute Coopera-
tion Funds under Grant No. HC-CN-20221107001.

one-class steel detector using a patch generative adversarial
network (GAN) discriminator for visualizing anomalous fea-
ture maps.

Fig. 1 shows the pipeline of the proposed method. Given a
2D RGB image, we classify it into two categories (i.e., abnor-
mal and normal) using the data-efficient image Transformer
(DEIT) model.

1) For abnormal images, we employ a multi-class DEIT
model and a reverse knowledge distillation model to deter-
mine the specific defect category and the defect coordinates,
respectively.

2) For normal images, we combine the 2D RGB features
with the 3D depth map to fuse 2D and 3D features. Further-
more, a new classification head is employed to determine
whether the steel plate is warped or flat.

Finally, the defect category is determined by integrating the
specific defect type and the warpage status.

2 Proposed Method

In actual production, the limited availability of steel defect
samples, coupled with the diversity of defect types, poses a
significant challenge to accurate detection and classification.
Given this data scarcity, it is necessary to achieve efficient dis-
crimination with minimal data. To tackle this, we implement a
data-efficient defect multi-classification method for the abnor-
mal multi-classification, which effectively distinguishes be-
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Figure 1. Pipeline of our proposed method

tween different types of steel defects. Considering the difficul-
ties traditional knowledge distillation faces in pinpointing de-
fect areas, we employ the reverse distillation defect location
method to accurately identify the defective area. Lastly, due to
the spatial unevenness of warpage defects, discerning them us-
ing only 2D images is challenging. Therefore, we integrate 3D
information. Thus, we utilize feature fusion of both 2D RGB

and 3D depth images to determine whether the steel is warped.

2.1 Data-Efficient Defect Multi-Classification Method

The number of steel defect samples in actual production is
limited, necessitating a multi-classification model that can op-
erate effectively with minimal data. Existing transformer-
based classification models, such as vision Transformer (ViT),
need to be pre-trained on large-scale datasets and then fine-
tuned on the ImageNet dataset””, which requires substantial
computing resources. DEIT® is essentially a ViT model. It
uses three methods: better hyper-parameters, data augmenta-
tion and distillation, which can
achieve better classification per-
formance with a smaller amount
of data.

1) Optimized
parameters. The parameter ini-

hyper-

‘student

weight updates are related to the

historical  values time.
These methods all help to im-
prove the model’s efficiency.

3) Distillation through atten-

tion. In the training stage, the

over

class token in ViT for classifica-
tion is equivalent to an addi-
tional patch. It learns the rela-
tionship with other patches, and
then connects the classifier to
calculate CELoss. As shown in Fig. 2, for distillation in DEIT,
an additional distill token is added. This token also learns the
relationship with other tokens, and then connects the teacher
model to calculate KLDivLoss. Subsequently, CELoss and
KLDivLoss are combined to form a new loss, which guides the
student model training (note that the teacher model is not
trained during knowledge distillation).
In the prediction stage, class token and distill token gener-
ate different results. These results are then weighted (with a
weight of 0.5 each) and summed to obtain the final prediction.

2.2 Reverse Distillation Defect Location Method

As shown in Fig. 3, in traditional knowledge distillation,
both the teacher and student networks serve as encoders, tak-
ing image information as input. The student network learns
from the teacher network by reconstructing the representations
of the teacher network at different scales®. However, in re-
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2) Data augmentation. A vari-
ety of data augmentation meth-
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Figure 3. Difference between traditional knowledge distillation and reverse knowledge distillation

verse knowledge distillation, the teacher network still acts as
an encoder, while the student network functions as a de-

coder"”!

. The low-dimensional features encoded by the teacher
model serve as input, allowing the student network to learn the
teacher model’ s representations at different scales by recon-
structing them. This process first extracts high-level represen-
tations and then refines low-level features. The teacher en-
coder functions as a downsampling filter, while the student de-
coder operates as an upsampling filter, creating a symmetric
architecture that addresses the limitations of traditional knowl-
edge distillation.

In the inference stage of traditional knowledge distillation,
when abnormal samples are input, the student network may re-
construct results highly similar to those of the teacher net-
work. However, to alleviate the problem, Fig. 4 shows that re-
verse knowledge distillation adopts the following methods:

1) The encoder module (part of the teacher network) utilizes
pretrained models. In our implementation, we employed
WideResNet and achieved competitive performance.

]
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Figure 4. Reverse knowledge distillation network architecture
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2) A one-class bottleneck em-

bedding (OCBE) module is in-

corporated into inverse knowl-
D ] edge distillation. It contains a
Input / multi-scale feature fusion (MFF)

module and one-class embed-
@ ding (OCE) module. The motiva-
tion for employing multi-scale
fusion stems from the distinct
characteristics of features at dif-

ferent scales: low-dimensional

features are rich in texture and
details, high-

dimensional features encapsu-

while

late semantic information. Using
only the activation information
from the encoder’ s final layer as the decoder’ s input could
lead to an excess of redundant semantic details. Therefore, by
leveraging multi-scale fusion, redundancy is minimized while
preserving details.

3) The decoder module mirrors the teacher network but is
not an exact copy. During the inference phase, when abnormal
samples are input, the reconstructed shapes exhibit greater dif-
ferences, making the defect features more apparent.

2.3 Feature Fusion via 2D RGB Images and 3D Depth Images

With the popularization of various sensors, it is easier to ob-
tain multimodal data from different sources, making it increas-
ingly important to use multi-modal information for various clas-
sification and regression tasks'"". According to how multi-modal
fusion is performed, it can be divided into the two following
types: aggregation-based fusion and alignment-based fusion.

Aggregation-based fusion employs separate sub-networks to
process each modality. The outputs are then aggregated into a
unified common feature. These features are subsequently
mapped to the output dimension to obtain the final result. The
specific formula is as follows:

70 =1 (29) = (A A (=) Sl ) ) ) (1),

where h is the global mapping network, fis the feature extrac-
tor, x'") is the input image, and Agg is the aggregation function.
There are many ways to implement aggregation functions,
such as averaging multiple modal features and concatenating
multiple modal features.

The alignment-based fusion method refers to using an align-
ment loss to align the features of multiple modalities, retaining
the outputs of multiple sub-networks for separate prediction,
and finally weighting the prediction results of the different mo-

dalities'"”. The optimization objective in this case is shown as:

N M
z (zam F(59), 5] + Atig, (a0

m=1 m=1
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where Alig, is a loss that measures the similarity between

two distributions, usually using maximum-mean-discrepancy

(MMD). The final output zlfz lamfm(x(”) is an ensemble of

[, associated with the decision score «,, , which is learned by
an additional softmax output to meet the simplex constraint.

This task focuses on the homogeneous multimodal fusion
problem, using 2D RGB images and 3D depth maps for fea-
ture fusion. The proposed method belongs to the category of
aggregation-based fusion. As shown in Fig. 5, two ResNet18
networks!"®! are employed as feature extractors. First, the fi-
nal fully connected layer of the network is removed; then, 3D
depth maps and 2D RGB images are input to extract the two
corresponding features. These two features are concatenated,
and a new binary classification head is customized to per-
form the warpage detection task.

3 Experiment

We evaluated the performance of this algorithm to clas-
sify and locate defects on steel surfaces. Experimental re-
sults show the algorithm yields favorable classification and
localization outcomes on iron, aluminum, and stainless
steel surfaces.

3.1 Datasets

1) Defect classification dataset. Two-dimensional defects
include abrasions, scratches, holes, stripes and flower pat-
terns, totaling five categories. The materials used are alumi-
num, iron, and stainless steel. Each full-size steel plate im-
age (2 048%2 048 pixels) is divided into 64 small patches
(256x256 pixels). As shown in Fig. 6, all images are col-
lected by 2D line array cameras. The aluminum subset con-
tains 452 abnormal and 153 normal samples, the iron subset
contains 307 abnormal and 205 normal samples, and the
stainless steel subset contains 243 abnormal and 195 normal
samples. All samples are divided into training, verification

ResNet 18

Input 2D RGB
image

Fi%es

L’?g —> D

Concat

250 mm
4> N 255 mm
i . 9
160 mm
s | 7 £
e —ly

Figure 6. Line array cameras capture real scenes and schematic scenes

and test sets at a ratio of 6:2:2.

2) Defect location dataset. This dataset is constructed simi-
larly to the defect classification dataset, but with the differ-
ence that ground truth needs to be incorporated during train-
ing to inform the reverse knowledge distillation about the de-
fect locations.

3) Feature fusion dataset. This dataset, comprising 40 2D
RGB images and 40 3D depth images, is divided into warping

and flattening parts for both modali-
ties. The RGB images are captured
of iron plates using a 2D line-scan
camera, while the corresponding
depth images are acquired using a
3D area-scan camera.

3.2 Implementation Details
In the defect multi-classification

Classification

process, we employed the DeiT-

Input 3D depth

image

.:> - 1

Figure 5. Aggregation-based feature fusion
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trained with the Adam optimizer and a learning rate sched-
uler (gamma=0.1, with a step size of 5). For feature fusion,
ResNet18 was selected as the feature extraction network with
a learning rate of le-3.

3.3 Experimental Results and Analysis

1) Standard of evaluation. Given the characteristics of the
classification task, precision (P) is adopted as the primary
evaluation metric. True Positives (TP) denote the number of
positive samples correctly classified by the model, while
False Positives (FP) represent the number of negative
samples incorrectly classified as positive.

. TP

Precision = TP + 7P (3).

Based on the characteristics of the location results, the
pixel-level Area Under the Receiver Operating Characteris-
tics curve (AUROC) and image-level AUROC are selected as
the main location evaluation metrics'®.

AUROC assesses the model’ s ability to distinguish be-
tween positive and negative samples by plotting the false
positive rate (FPR) against the true positive rate (TPR) at dif-
ferent thresholds. The FPR represents the proportion of nega-
tive samples that are incorrectly classified as positive, while
the TPR denotes the proportion of actual positive samples
that are correctly identified. Typically, we aim for a high
TPR while minimizing the FPR to enhance the model’s clas-
sification ability.

Pixel-level AUROC evaluates the prediction accuracy of
the model at the pixel level, treating each pixel as an inde-
pendent classification problem. However, the image-level
AUROC assesses the entire image for binary classification,
disregarding the specific positions and types of each pixel.

2) Data-efficient defect multi-classification. Due to the
scarcity of defective steel samples, 25 training sets and 9
better
classification effects on aluminum, iron, and stainless steels.

verification sets are used to achieve multi-
Table 1 shows that the classification accuracy is at least 90%
and often reaches 100%. Training loss and validation accu-
racy are shown in Fig. 7, and the classification results on five
types of defects are shown in Fig. 8.

3) Reverse distillation defect location. As shown in Table
2, the pixel-level and image-level AUROC scores indicate
high defect localization accuracy. Fig. 7 visualizes these re-
sults using heatmaps.

4) Feature fusion via 2D RGB and 3D depth images. An
iron plate was selected as the experimental sample. The data-
set comprises 20 warped and 20 flat samples for both 2D
RGB images and 3D depth images. The data was partitioned
into training, verification, and test sets according to a ratio of
6:2:2. Due to the large discrimination of feature representa-
tion, the classification accuracy for distinguishing warped
from flat samples reached 100%.

Table 1. Number of testset and precision of aluminum, iron,
and stainless steel samples

Defect Category Aluminum Iron Stainless Steel
Abrasions 8/100% 8/100% 30/96.7%
Scratches 212/97.17% 101/99.1% 18/100%

Holes 28/100% 12/100% 8/100%
Stripes 8/100% 8/100% 8/100%
Flowers 26/100% 8/100% 8/100%
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Figure 7. Training loss and validation accuracy of aluminium, iron, and
stainless steel samples, where the red curve means training loss and the
blue means validation accuracy
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Figure 8. Classification results of aluminum, iron and stainless steel on five types of defects

Table 2. Pixel-level AUROC and image-level AUROC of aluminum,
iron, and stainless steel samples

Pixel-level Image-level

Steel Category Defect Category

AUROC AUROC

Abrasions 97.3% 96.7%

Aluminum Holes 99.8% 100%
Scratches 97.5% 100%

Abrasions 98.1% 100%

Iron Holes 97.8% 100%
Scratches 96.3% 100%

Abrasions 96.4% 100%

Stainless steel Holes 99.2% 95.4%
Scratches 85.8% 98.1%

AUROC: Area Under the Receiver Operating Characteristics curve

4 Conclusions

This paper proposes a method for detecting and locating
anomalies of steel surfaces combined with 3D Depth and 2D
RGB features, which can be divided into three stages: defect
classification, defect location, and warp detection. By lever-
aging deep learning techniques, the proposed approach mini-
mizes the reliance on manual labor during the inspection pro-
cess. Experimental results demonstrate that the method
achieves the desired accuracy and validates its feasibility.
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