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Classification of combustion state of sintering flame based on CNN-Transformer
dual-stream network

LIANG Xiuman, AN Jinming, CAO Xiaohua, ZENG Kai, WANG Fubin, LIU Hefei
(College of Electrical Engineering, North China University of Science and Technology,
Tangshan 063210, China)

Abstract: The sintering flame image has fine-grained local flame state feature information and complex global
flame state feature information. However, the traditional convolutional neural network is often more sensitive
to local features, and it is difficult to extract the global feature information of the flame state, which restricts
the expression ability of sintering flame features, resulting in low accuracy in the classification and recognition
of the sintering flame state. In response to such problems, a dual-stream network feature fusion classification
method based on CNN-Transformer was proposed, which includes two modules: convolutional neural
networks (CNN) flow and Transformer flow. Firstly, the CNN block and the Transformer block were designed
in parallel. The CNN stream extracts the local feature information of the RGB image of the sintering flame,
and the Transformer stream extracts the global feature information of the GRAY image of the sintering flame.
Then, the local feature information and the global feature information of the sintering flame state extracted by
the dual-stream network was fused using the cascade interactive feature fusion method. Finally, the softmax
classifier was used to achieve the classification of sintering flame states. The experimental results show that the

flame classification accuracy can reach 96.20%, which is 6%~8% higher than that of the traditional
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convolutional neural network.

Key words: convolutional neural network; Transformer; feature fusion; sintering flame; image classification
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7 4 CNN-Transformer XUt W 45 1% B 5 H 1 1% B4 5 5] 9
Rttt
Table4 Comparison of learning effects between CNN-

Transformer dual-stream network model and other

thm
Accuracy/% Average
Models Normal Overburning Underburned accuracy/%
flame flame flame
CNN 93.25 92.72 91.56 92.51
Transformer 95.00 93.45 93.55 94.00
CNN-Transformer 97.00 95.38 96.22 96.20

models

Models Params/M FLOPs/G Accuracy/% gﬁ;ﬁ?}i S?:id/
InceptionV3™' 2321 6.02 90.50 85.72  20.79
ResNet18"! 11.65 3.82 91.00 67.95 22.53
ViT"! 5550 7791 90.49 157.65 1224
MobileNet-V2" 351 0.58 87.35 34.15  30.58
Conformer'”  23.53 5.23 94.35 73.85 23.86
CMT" 25.10 4.02 95.00 76.29  20.56
Ours 12.74 3.54 96.20 6125 2578
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B TR BE 1] 43 85 5 B ResNet-18 55 1Y 48 B A% ¢ fiE
1E R KN 37 5 19 JRy B 2 35 5 Transformer 3 3 T H
E=WIEIN S I =E 373 P A SE L NEISES
iK . CNN-Transformer [ 2B RUAG &40k A T 31X I
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