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Efficient deep active learning for steel plate surface defects classification
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(1. School of Mechanical Engineering, Xiangtan University, Xiangtan 411105, China; 2. Engineering Research
Center of Complex Tracks Processing Technology and Equipment of Ministry of Education, Xiangtan 411105, China)

Abstract: Aiming at the problem that traditional deep learning strategies used in steel plate surface defect images classification rely on
abundant labeled samples. This paper proposes an efficient deep active learning method with a lightweight convolutional neural network
and a novel uncertainty based active learning strategy. The network adopts a simplified convolutional base to do feature extraction, and
replaces the hidden layer in the final densely connected classifier with global pooling layer to mitigate overfitting. To better measure
model uncertainty about unlabeled image samples, this method first passes unlabeled images through the model trained by labeled image
samples to obtain the probability distribution over classes (PDC) for every unlabeled sample, then uses the same model to make
predictions on the labeled samples to get an average PDC for every class. The KL-divergence value between these two kinds of
distributions can be used as a new uncertainty measure to select unlabeled images for annotation. According to the experiments on NEU-
CLS dataset, the proposed method can reach 97% accuracy with 44% labeled data, which can reduce annotation cost greatly.
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Table 1 Detailed configuration of the

designed network architecture

Layer Kernel size/Stride Output size
Convolution + ReLu 3x3/2 100x100x32
Convolution + ReLu 3x3/2 50x50x32

Maxpool 2x2/1 25x25x%32
Convolution + ReLu 3x3/2 13x13x64
Convolution + ReLu 3x3/1 13x13%64

Maxpool 2x2/1 6xX6x64
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Dropout 50% 1x1x64
FC + Softmax 1x1x6
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Table 2 The performance of GPC and TRC in supervised learning setting

Ik YR/ % TR/ % HER/% Fl-score/% i /s PR/
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TRC 91.4 91.6 91. 4 91.2 3.66 116.29
TRC + Bdlad 1% 96. 4 9. 6 96. 4 96. 4 3.86 171. 47
TRC + Dropout 90. 8 91.2 90. 8 90. 8 3.77 141.78
TRC + 443+ Dropout 95.6 95.6 95.6 95.6 4.02 237.29
GMPC 96.2 96. 2 96.2 96. 2 2.25 86. 38
GAPC 96.2 96. 2 96.2 96.2 2.19 125.52
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Table 3 Percentage of samples needed to reach 91. 8% of corresponding performance metric (%)
GAPC GMPC
KLS LC MS EN RS KLS LC MS EN RS
HERf R 32 35 35 41 35 35 50 38 41 44
U ESQI S SE) 32 35 35 41 32 35 50 38 41 44
H R (InALEE) 32 35 35 41 35 35 50 38 41 44
F1-score (AL F-3) 32 35 35 41 35 35 50 38 41 44
x4 BEEER MR SRR UL 5 21t e
Table 4 Performance score achieved using 44 % of labeled samples (%)
GAPC GMPC
KLS LC MS EN RS KLS LC MS EN RS
HEf 97.0 96.5 95.5 94.3 95. 4 93.8 88.0 91.8 80.6 90. 2
L ESQIESS)) 97.0 96.5 95.8 94.3 95.6 93.8 88.8 92.4 83.4 91.0
AR CIMAE) 97.0 96.5 95.5 94.3 95.4 93.8 88.0 91.8 80.6 90.2
F1-score ( INFCFH) 97.0 96.5 95.5 94.3 95.4 93.8 87.8 91.8 80.2 90.0
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Fig.7 The loss and accuracy of the proposed algorithm over time
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