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Abstract

Aiming at the current problems of fruit and vegetable storage time and safety, we hope to achieve
fresh fruit and vegetable identification and system time recording through research. The paper
uses Python language, Flask framework, deep learning, crawlers, Xception algorithm and other
related technologies to design the overall architecture of the system as well as functional modules,
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and realize the main functions such as food identification and spoilage reminder. After the actual
test, the system runs stably and can better reduce the problem of diseases caused by eating
spoiled food.
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Figure 1. Fruit and vegetable recognition structure map of convolutional neural network based on Xception model
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Figure 2. Structure diagram of Inception-V3
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Figure 4. Extract the common part
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Figure 5. Final Xception model
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Figure 6. Part of the data set is presented
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Table 1. Division of training set and test set
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Table 2. The iteration cycles and their accuracy and loss values during the experiment

2. IR BPERRREEBERERIRKE

epoch Train accuracy Train loss Validation accuracy Validation loss
1 0.2672 2.2577 0.4688 1.7930
2 0.4806 1.6471 0.6458 1.3489
3 0.5970 1.2854 0.5938 1.3525
4 0.6634 1.0789 0.8125 0.6832
5 0.7093 0.9494 0.7917 0.6898
6 0.7500 0.8222 0.8438 0.5916
7 0.7716 0.7372 0.7917 0.7680
8 0.7909 0.7156 0.8958 0.5319
9 0.8071 0.6405 0.7917 0.5862
10 0.8394 0.5330 0.8333 0.8669
11 0.8470 0.5562 0.8438 0.5263
12 0.8427 0.5313 0.8750 0.5109
13 0.8491 0.4797 0.8333 0.6280
14 0.8761 0.4173 0.8438 0.5507
15 0..8879 0.3962 0.8750 0.5650
16 0.8804 0.3900 0.8958 0.4242
17 0.8798 0.3800 0.8125 0.7023
18 0.8922 0.3317 0.8646 0.4609
19 0.8922 0.3596 0.8646 0.4915
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20 0.9149 0.3084 0.8750 0.5043
21 0.8998 0.3484 0.8542 0.5857
22 0.8912 0.3509 0.8229 0.6115
23 0.9158 0.2874 0.8438 0.5635
24 0.9246 0.2617 0.8958 0.4129
25 0.9203 0.2530 0.8542 0.6526
26 0.9126 0.2646 0.8854 0.4374
27 0.9224 0.2682 0.9167 0.5190
28 0.9343 0.2376 0.8854 0.5462
29 0.9246 0.2414 0.8750 0.4385
30 0.9450 0.1866 0.8542 0.5196
31 0.9364 0.2186 0.8542 0.4577
32 0.9410 0.2166 0.8750 0.5423
33 0.9472 0.1917 0.8958 04113
34 0.9386 0.2000 0.8854 0.4852
35 0.9471 0.1810 0.9062 0.3600
36 0.9310 0.2243 0.8854 0.3830
37 0.9497 0.1834 0.8750 0.5064
38 0.9407 0.2085 0.8542 0.5447
39 0.9344 0.2276 0.8438 0.5890
40 0.9421 0.1891 0.9167 0.2941
41 0.9574 0.1546 0.8750 0.5764
42 0.9634 0.1504 0.6083 0.8438
43 0.9407 0.2058 0.8333 0.6645
44 0.9461 0.1942 0.9062 0.3410
45 0.9397 0.2041 0.8229 0.6945
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Figure 7. Accuracy (left) and loss value (right) change results
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