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Abstract

The detection of food quality is of great importance for human health and industrial production,
but the current common detection methods are difficult to achieve the fast, accurate and
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non-destructive detection needs. Therefore, in this work, an electronic nose food quality detection
method based on the combination of CNN-WSN and SHO-KELM is proposed. Firstly, CNN-WSN fu-
sion features that can effectively characterize the original information of food quality are obtained
based on convolutional neural network (CNN) and wavelet scattering network (WSN). Then the
kernel parameters and regularization coefficients of the kernel-extreme learning machine (KELM)
model are optimized using the hippocampus optimization algorithm (SHO), which solves the
problem of the difficulty in selecting key parameters. In order to verify the validity of the pro-
posed method, finally, an electronic nose system was built independently and milk samples were
collected and tested. The experimental results confirm that the proposed method has good food
quality detection effect.
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Figure 1. Diagram of feature fusion in CNN-WSN
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Figure 2. SHO-KELM algorithm flowchart
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Figure 3. Flow chart of food quality detection method based on CNN-WSN and SHO-KELM
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Table 1. Selected gas sensor information table
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I > e RS BURAE I
S1 3 TGS2602 e, ffbal. &R, k. A% 1~30 ppm
S2 3 TGS2611 Bk, BTk k. 88% 500~10000 ppm
S3 3 TGS2620 Fhi. STk L. S 50~5000 ppm
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Figure 4. Physical image of electronic nose quality detection system
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Table 2. Milk quality test results
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WSN ISSA-KELM 50.0% 40.0% 28.6% 33.3%
CNN KELM 63.9% 25.7% 100% 40.9%
CNN SHO-KELM 95.8% 100% 100% 100%
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Figure 5. CNN + KELM confusion matrix
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