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Working condition recognition based on lightweight network and
knowledge distillation for rotary Kkilns

Wang Xin Deng Zhangjun Qin Bin

(College of Electrical and Information Engineering, Hunan University of Technology, Zhuzhou 412007, China)

Abstract: The firing zone images of rotary kilns contain rich flame information and accurate combustion state recognition are the premise
of optimal control for the rotary kilns. The working conditions can be quickly recognized, and the automation level of the rotary kilns can
be improved through the convolutional neural network-based methods, but there are problems with large network size and high
computational resources required. Therefore, a working condition recognition method based on lightweight network and knowledge
distillation was proposed in this paper. The teacher model and the student model were improved by introducing the collaborator
differential layer after the convolutional layer of the network. The improved lightweight network MobilenetV2 was used as the backbone
network of the student model while the improved Resnet50 was used as the backbone network of the teacher model. The rich classification
label information contained in the teacher model was transferred to the student model by constructing the mixed distillation loss function
and the student model obtained by distillation training was used as the working condition recognition model to improve the recognition
accuracy of the high similar rotary kiln flame images. The experimental results show that the overall recognition accuracy of the improved
student model is increased by 3. 33% compared with the original model, and the recognition accuracy of the three working conditions in
the test set reaches 93%, 99% , 90% respectively. The accuracy and network size are better than those of other mainstream networks,
and the requirements of real time and low cost in actual production process are met.
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Table 1 The recognition accuracy of each

pooling method on Resnet50 (%)
WAk KBRS Bk EURSV 0A
MPN-COV 94 99 91 94. 67
CBP 93 98 91 94. 00
B-CNN 92 98 91 93. 67
GAP 92 98 90 93.33
GMP 90 97 88 91.67
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Table 2 The recognition accuracy of each pooling

method on MobilenetV2 (%)
Ak T RIpEA ERERS Theds OA
MPN-COV 90 96 88 91.33
GAP 89 96 87 90. 67
GMP 89 95 86 90. 00

ZAk )2 45 A, ik 5 Y 2% B AR T FR A MobilenetV2-
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Fig. 10  The recognition accuracy curves with distillation
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Table 3 The recognition accuracy of teacher

model and student model (%)
S s 7 REEA  IERS OEES 0A
Resnet50-MPNCOV
94 99 91 94. 67
( Teacher model)
MobilenetV2-MPNCOV-KD
99 90 94. 00
( Student model )
MobilenetV2 89 96 87 90. 67
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Confusion matrix for knowledge distillation experiments
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Table 4 Recognition performance under different

distillation temperature 7 (%)

T REAS EREAs b 0A

2 91 97 89 92.33

4 91 98 90 93. 00

8 93 99 90 94. 00

12 91 97 90 92. 67

16 88 97 88 91. 00
3) X FLSE 5

SV Al BB R B, A SO 3R 1 A MobilenetV2-
MPNCOV-KD #% %l 5 Alexnet'™’ . VGG16'® | Resnet34 .
Resnet50  ShufflenetV2'*' LA}z MobileVIT"*' #5837 47 1
AE LA, SCORZE RN 5 P, fhaR 5 Al A0, 4 et 4
RUGCR A, BRUER FIB B T 94. 00% , - ¥IAE HEE 35
] 94.09% ,#A3d T He kY Resnet50 BT {H X HE A AU
& BT R AR (4 1153 i FI S 4R U2 ResnetS50 1Y 8. 47%
19.46% B LS Il &, X IR & T 4% i AL A Y
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Table 5 Comparison experiment with other models

ST PSR O0A/% P,/% K& P, IERESP, AREP, HEEFLOPs/G B4 parameters/M
MobilenetV2-MPNCOV-KD ( 4% ) 94. 00 94.09 0.930 0 0.925 2 0.967 7 0.35 2.23
Resnet50 93.33 93.37 0.929 3 0.924 5 0.947 4 4.13 23.51
Resnet34 91. 33 91.43 0.927 8 0.888 9 0.926 3 3.68 21.29
VGG16 89. 67 89. 68 0.887 8 0.897 2 0.905 3 15. 47 134.27
Alexnet 86.33 86. 44 0.865 9 0. 846 8 0.880 4 0.71 57.02
ShufflenetV2 91. 00 91. 09 0.900 0 0.897 2 0.9355 0.15 2.32
MobileVIT 92.33 92. 38 0.918 4 0.916 7 0.936 2 0.70 2.30
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