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Abstract: In order to improve the effect of CNN feature driven flotation performance recognition under
small-scale training set, a method of flotation performance recognition based on adaptive transfer learning
and CNN features extraction of foam infrared and visible images is proposed. Firstly, a dual-modality
CNN feature extraction and recognition model based on AlexNet was constructed, and the structural
parameters of the model were pre—trained through RGB-D large-scale data set. Secondly, a series of
double hidden layer automatic encoder extreme learning machine is used to replace the full connection layer
of the pre—training model, so that the dual-modality CNN features can be fused and abstracted layer by
layer, and then the decision is made by mapping to higher dimensional space through the kernel extreme
learning machine. Finally, the floatation small-scale data set is constructed to train the migrated model,

and the improved quantum wolf pack algorithm is used for model parameter optimization. Experimental
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results show that, adaptive transfer learning can significantly improve the accuracy of recognition in small
sample data sets, the accuracy of performance recognition using dual-modality CNN transfer learning is
3.06% higher than that of single-mode CNN transfer learning, and the average recognition accuracy of
each working condition reached 96.86% . The accuracy and stability of flotation performance recognition is
greatly improved compared with the existing methods.

Key words: Machine vision; Flotation performance recognition; Infrared and visible images;
Convolutional neural network; Transfer learning; Double hidden layer automatic encoder extreme learning
machine; Quantum wolf pack algorithm
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Fig. 1 Flotation foam dual-modality image
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14 98.56/197.6 98.95/196.4 99.64/198.7 99.64/202.7 98.33/208.1
1.5 98.85/204.5 99.35/196.6 99.70/192.9 99.81/205.3 99.11/205.3
1.6 99.36/209.4 99.12/201.3 99.95/190.2 99.85/203.8 98.76/197.4
1.7 99.87/201.8 99.76/195.2 99.92/191.8 99.65/206.2 99.23/196.6
1.8 99.78/194.3 99.23/198.8 99.63/194.3 99.54/199.5 99.15/196.1
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Table 3 Test results of data sets for various KELM algorithm

Data set Lonosphere Shuttle USPS
Test item Accuracy/ % Times/s Accuracy/ % Times/s Accuracy/ % Times/s
KELM 90.12 1.253 91.31 26.930 91.75 162.961
AE-KELM 94.23 2.014 95.52 38.237 95.81 720.834
DAE-KELM 96.45 4.587 98.31 45.417 98.35 1646.250
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(c) Recognition results of single mode CNN transfer learning model (d) Recognition results of dual-modality CNN transfer learning model
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Fig. 8 Comparison of performance recognition results
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Table 4 Recognition effect of different methods

Algorithm Feature extraction method Classification algorithm Accuracy/ % Sl'an.dard
deviation/ %
Ref. [6] Alexnet Random forest 85.93 4.24
Ref. [7] CNN feature statistics PW mean-shift 91.25 1.82
Ref. [8] Two layers CNN SVM 89.06 2.95
Ref. [9] Alexnet transfer learning Random forest 93.02 2.68
Proposed Dual-modality alexnet transfer learning Adaptive DAE-KELM 96.83 1.96
4 #Hig
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