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Intelligent recognition of sintering completeness based on infrared
thermal image features of sintering machine tail

HA Fengling PAN Dong YU Haoyang JIANG Zhaohui
( School of Automation Central South University Changsha 410083 Hunan China)

Abstract: The sintering completeness is the intuitive embodiment of the sintering thermal state and its accurate
identification is of great significance to improve the stability and production efficiency of the sintering process and reduce
the energy consumption of sintering production. Due to the harsh production environment at the sintering site the complex
combustion reaction and the frequent convection & thermal exchange between flue gas and materials it is difficult to
accurately identify the sintering completeness in real time. At present it still relies on “artificial fire watching”. In order to
solve the existing problems an intelligent recognition method of sintering completeness based on infrared thermal image
features of sintering machine tail is proposed. In this method firstly the infrared thermal image is preprocessed and a two—
stage keyframe extraction method is proposed to obtain the keyframe image with little dust interference and complete and
clear red layer; and then the ROI area of the sintered red layer is accurately extracted based on the change trend of the R
channel value in the RGB attribute of the thermal image and the hidden layer information is mined based on the image
structure texture decomposition to obtain the height of the partitioned layer and the characteristics such as the proportion
distribution of the burning layer height are designed and extracted to characterize the sintering completeness; finally the
DS-CEFNet intelligent recognition model is constructed which integrates the deep features of the image and the hand-—

engineered shallow features to achieve accurate recognition of sintering completeness. The results show that the model
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proposed has an accuracy of 96% for the recognition of sintering completeness which has good application value.

Key words: sintering process completeness infrared image features feature fusion intelligent recognition accurate
identification
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Table 1 Recognition accuracy test results of sintering
DS-CEFNet competition for different input data
o /%
+ DS-CEFNet 96. 43
DS-CEFNet 66. 67

DS-CEFNet 86.91




52

48 6

2

Table 2 Recognition precision test results of sintering competition for different input data

Pl%
P1%
(-1) (0) (1)
+ DS-CEFNet 92.31 96.97 100. 00 96. 43
DS-CEFNet 0 66. 67 0 22.22
DS-CEFNet 83.33 86. 49 100. 00 89.94
3
Table 3 Recognition recall test results of sintering competition for different input data
R/%
R/%
(-1 (0) (1)
+ DS-CEFNet 100. 00 98.47 71.43 89.97
DS-CEFNet 0 100. 00 0 33.33
DS-CEFNet 41.67 98.47 57. 14 65.76
4 F1
Table 3 Recognition F1-score test results of sintering competition for different input data
F1/%
F1/%
(-1) (0) (1)
+ DS-CEFNet 96. 00 97.71 83.33 92.35
DS-CEFNet 0 80. 00 0 26. 67
DS-CEFNet 55.55 92.09 72.73 73.46
1 ~4
; (3) DS-CEFNet
96.43%
DS-CEFNet
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