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ABSTRACT: The work aims to compare and study the errors of different prediction methods to select a more accurate
method for predicting the logistics demand of fresh agricultural products, and provide a reference for scientific and ra-
tional decision-making in the fresh agricultural product market in Shandong Province under the epidemic situation. With
ten influencing factors, such as highway cargo turnover, Internet penetration rate, GDP, population, and added value of the
primary industry, as independent variables, and the demand for fresh agricultural products as the dependent variable, the
data prediction of five methods such as wavelet neural network, BP neural network, BP neural network by genetic algo-
rithm (GA-BP), BP neural network by particle swarm (PSO-BP), long short-term memory (LSTM)were compared and
analyzed. The predicted values of wavelet neural network and BP neural network were obviously lower than the actual
values, and the average relative error was close to 20%, while the errors of optimized GA—BP, PSO—BP and LSTM algo-
rithms were all less than 5%, which were 4.06%, 1.162% and 0.45% respectively. Therefore, LSTM had the highest pre-
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diction accuracy and the best effect. In the future, the demand for fresh agricultural products in Shandong Province will

continue to grow, and the LSTM algorithm will be more applied in the field of logistics research due to its advantages of

higher accuracy and stronger learning ability.

KEY WORDS: wavelet neural network; BP neural network; BP neural network by genetic algorithm; BP neural net-

work by particle swarm; long short-term memory; demand forecast
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Fig.1 Diagram of wavelet neural network structure
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Tab.1 Logistics demand index system for fresh agricultural products
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Tab.2 2001-2020 cold chain logistics demand and impact index data of fresh agricultural products in Shandong Province
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ey TRV Eféigg?;G%%ﬂAnﬁﬁxa%Mﬁxyi%fiﬁﬁummzi&m:gﬁﬁ% GDP [

I 1&5@ A PN 1zt SR XTI I Xo/% X,0/%
2001 10 000.98 429 2.6 9438.3 9041 1359.5 36.3 7101.1 8.4 93 21.13
2002 11 004.51 477 4.6 10 552.06 9082.3 1390 36.5 7614.5 92 25.1 21.47
2003 11247.59 527.6 6.2 12 430 9125 1505 34.4 7418.4 9.8 51.7 21.4
2004 12 130.14 596.1 7.2 15 490.7 9180 1778.3 33.6 9437.8 10.7 37.7 21.32
2005 12232.67 711.8 8.5 18 468.3 9248 1927.6 32.1 10 744.8 12 38.9 18.57
2006 12 449.39 845.1 104 21 846.7 9309 2 138.9 32 12192 13.7 19.6 18.34
2007 12694.12 1069.3 16 25 887.7 9367 2509.1 332 14 265 16.4 24.2 18.41
2008 13050.72 13699 22.6 31972.1 9417.2 3002.7 334 16 305 19.8 23.1 18.14
2009 13 796.62 6 045 28.9 33 805.3 9470.3 3226.6 34.1 17 811 252 23.3 18.11
2010 13496.73 6216.8 343 39416.2 9579 3588.3 36.6 19 946 26.4 22.3 17.83
2011 13568.47 66244 383 454292 9637.3 3973.8 38.3 22792 27.9 21.8 17.8
2012 1375092 7059.2 42.1 50013.2 9684.87 4281.7 40 25755 29.7 20.2 17.7
2013 14 034.80 7498.9 45.8 54 684.3 9 733.39 4742.6 41.2 28 264 31.2 19.6 17.6
2014 1425704 57114 479 59 426.6 9 789.43 4798.4 43.5 29222 23 15.8 16.2
2015 14467.10 5738.6 50.3 63 002.3 9 847.16 4979.1 453 31545 24.2 13.9 16
2016 1452275 6071.4 532 67008.2 9946.64 4929.1 473 34012 25 10.5 14.8
2017 14 598.87 6650.2 55.8 726782 10005.83 4 876.7 48 36 789 28.8 73 14.2
2018 14623.42 6859.7 577 76469.7 10047.24 4 950.5 49.5 39 549 31.3 4.1 14.15
2019 14452.24 7085 64.5 71067.5 10070.21 5116.4 52.8 42 329 32.6 3.8 14.7
2020 14678.72 67844 70.4 73 129 10 152.75 5363.8 53.6 43 726 26.7 3.6 14.5
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Tab.4 Comparison of training set error data of different models

RE
Ak
RMSE MAE MAPE/%

7N 25 ) 4% 2 466.21 2 462.95 20.3
BP 12 ) 4% 2 815.12 2 746.90 23.6
GA-BP #i & ¥ 2% 601.47 591.68 3.9
PSO-BP i £ W 2% 217.43 190.42 1.3
LSTM 203.13 178.29 1.0
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Tab.5 Comparison of test results of different models

AN E YT BP 4 4% GA-BP 14 M% PSO-BP #i 4 M % LSTM
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Tab.6 Predicted value of demand for fresh agricultural
products based on LSTM model

Ay R AT t
2021 14 580
2022 14 854
2023 15 040
2024 15221
2025 15 470
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