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Exploration of Shared Umbrella Demand Forecasting Based on BP Neural Network Modeling
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[Abstract] Shared umbrella demand prediction is a problem with practical applications, which can help shared
umbrella service providers optimize resource allocation and enhance user experience. This study aims to
investigate the demand forecasting method of shared umbrellas based on BP neural network model. First,
historical data of shared umbrellas were collected, including the number of umbrellas borrowed, time, location
and weather conditions. The dataset is divided into training set, validation set and test set for model training,
validation and evaluation. The BP neural network model is constructed and the model is trained and optimized
by back propagation algorithm. Finally when the model performs well, it can be deployed in real applications for
predicting the future demand of shared umbrellas. This study provides an effective demand prediction method
for shared umbrella service providers, which helps to optimize the operation strategy and improve the service
quality.
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Fig. 1. The framework of BP neural network
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Index ™ DT T H RW V D/h
1 7:00 8.06 30 81 0 1 870 0
2 8:00 8.06 31 79 0 1 970 0
3 9:00 8.06 33 72 1 1 1200 101
4 10:00 8.06 34 66 1 1 710 51
5 11:00 8.06 35 61 2 1 1300 113
6 12:00 8.06 35 56 1 1 1700 103
7 13:00 8.06 35 55 1 1 1400 97
8 14:00 8.06 36 53 0 1 1100 91
9 15:00 8.06 35 55 0 1 1200 0
10 16:00 8.06 35 56 0 1 900 0
11 17:00  8.06 35 57 01 1600 0
12 18:00 8.06 35 58 0 1 1400 0
13 19:00 8.06 34 60 0 1 930 0
14 20:00 8.06 33 62 2 1 520 15
15 21:00 8.06 33 65 4 1 410 24
16 22:00 8.06 32 64 3 1 150 11
17 23:00 8.06 31 68 4 1 97 6
18 0:00 8.07 31 70 6 1 36 5
19 1:00 8.07 30 74 81 15 1
20 2:00 8.07 30 75 31 9 1
21 3:00 8.07 29 77 01 5 0
22 4:00 8.07 28 8 01 1 0
23 5:00 8.07 29 81 51 12 1
24 6:00 8.07 29 8 51 75 5
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