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Enhanced Deep Feature Reconstruction : Texture Defect
Detection and Segmentation through Preservation of
Multi-scale Features
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Abstract In the industrial manufacturing sector, quality control is pivotal for minimizing defect
rates; inadequate management can result in additional costs and production delays. This study
underscores the significance of detecting texture defects in manufactured goods and proposes
a more precise defect detection technique. While the DFR(Deep Feature Reconstruction) model
adopted an approach based on feature map amalgamation and reconstruction, it had inherent
limitations. Consequently, we incorporated a new loss function using statistical methodologies,
integrated a skip connection structure, and conducted parameter tuning to overcome
constraints. When this enhanced model was applied to the texture category of the MVTec-AD
dataset, it recorded a 2.3% higher Defect Segmentation AUC compared to previous methods,
and the overall defect detection performance was improved. These findings attest to the
significant contribution of the proposed method in defect detection through the reconstruction
of feature map combinations.

Key Words : Texture Defect Detection, Industrial Product, Defect Segmentation, Anomaly
Detection, Deep Feature Reconstruction
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Multi-scale Regional Representation
I8 1. 74ME DFRE| Multi-scale Regional Representation
Fig. 1. Multi-scale Regional Representation of Enhanced DFR
B 1. Motehs WER3S UEd 37| ¥ S5 Oi2t0iH2| T
Table 1. Input/output dimensions and number of training parameters of proposed network
Input Output Training Parameters
Enc_Block1 |Conv BN, RelU n, (n,+2n,)//2 (n,+2n,//2)(n,+1)
Enc_Block2 |Conv BN, ReLU| (n, +2n,)//2 (n,+2n, //2)2n, +1)
Enc_Block2 Conv 2n, 20 +n,
Dec_Block1 |Conv BN, RelLU n, 2n% +2n,,
Dec_Block2 |Conv BN, RelLU 2n, (n,+2n,)//2 (n,+2n, //2)(4n, +1)
Dec_Block3 Conv (n,+2n,)//2 n((n.+2n, //2)+1)
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Table 2. Comparisons of training details with DFR

DFR[1]| Ours
Learning Rate le-4 | 1e-4

Batch Size 4 4

The number of Selected VGG19
12 12
Laver

Threshold of Segmentation 0.5 0.5
Ratio of Eigenvalue 0.9 0.9
Epoch 700 200

Weight Decay 1e—6 0
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Table 3. Detailed information on data counts

Train Test

Carpet 280 173
Grid 264 120
Leather 245 188
Tile 230 183
\Wood 247 117
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Table 4. Experiments on Defect Detection AUC

DFR[1] Ours
+New Loss Functions X X ©) X o
+Skip—Connection X X X @) @)
Carpet N/A 0.975 0.975 0.977 0.974
Grid N/A 0.949 0.944 0.969 0.972
Leather N/A 0.994 0.992 0.996 0.996
Tile N/A 0.929 0.931 0.953 0.951
Wood N/A 0.989 0.989 0.982 0.980
Average N/A 0.967 0.966 0.975 0.975
B b Zg 22 AUCH st AF
Table 5. Experiments on Defect Segmentation AUC
DFR[1] Ours
+New Loss Functions X X ©) X o
+Skip—Connection X X X @) @)
Carpet 0.96 0.985 0.984 0.988 0.988
Grid 0.98 0.975 0.973 0.983 0.984
Leather 0.99 0.993 0.993 0.993 0.994
Tile 0.86 0.909 0.908 0.923 0.925
Wood 0.94 0.954 0.954 0.949 0.953
Average 0.946 0.963 0.962 0.967 0.969
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Fig. 3. Defect Segmentation Results of Proposed Method (Top: Defect Area Visualization, Bottom:

Anomaly Map)

Fig. 2. Texture Defect Seamentation AUC Performance by Eoochs“
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