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Abstract

Ensuring the stability of agricultural product logistics is critical to safeguard-
ing livelihood issues. Forecasting agricultural product logistics demand is an
important guarantee for the rational planning of agricultural product logistics
stability. However, forecasting agricultural product logistics demand is inher-
ently complex, as the forecasting process is influenced by various factors. There-
fore, to ensure the accuracy of agricultural product logistics demand forecasting,
it is necessary to consider multiple influencing factors. This study takes agri-
cultural product logistics demand as the research object, constructs a neural
network model for forecasting agricultural product logistics demand using the
Informer neural network, and forecasts the agricultural product logistics demand
of Henan Province, Hubei Province, and Hunan Province in Central China. Si-
multaneously, Long Short-Term Memory (LSTM) networks and Transformer
neural networks are used to forecast the agricultural product logistics demand
of the three Central China provinces, and the prediction results of the three
models are compared. The comparison results demonstrate that the average per-
centage prediction test error of the Informer neural network model constructed
in this study is 3.39%, which is lower than the 4.43% and 4.35% of the LSTM
and Transformer neural network models, respectively. Moreover, the predicted
values for the three provinces using this Informer neural network model are rel-
atively close to the actual values: the 2021 forecasted value for Henan Province
is 4185.33, the actual value is 4048.1, with an error of 3.389%; the 2021 fore-
casted value for Hubei Province is 2503.64, the actual value is 2421.78, with
an error of 3.380%; the 2021 forecasted value for Hunan Province is 2933.31,
the actual value is 2836.86, with an error of 3.340%. This demonstrates that
the model yields relatively accurate results for forecasting agricultural product
logistics demand in the three Central China provinces. The forecasted values
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for the three provinces in 2023 are higher than those for 2021. Therefore, based
on the logistics transportation supporting facilities in 2021, it is imperative to
ensure logistics transportation efficiency and strengthen logistics transportation
capacity to meet the growing logistics demand in Central China.
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Abstract: Ensuring the stability of agricultural products logistics is key to
safeguarding people’ s livelihood. Forecasting agricultural products logistics
demand is crucial for rational planning of logistics stability. However, such fore-
casting is complex due to multiple influencing factors. This study employs an
Informer neural network to construct a forecasting model for agricultural prod-
ucts logistics demand, using data from Henan, Hubei, and Hunan provinces
in Central China as a case study. The model’ s performance is compared
against LSTM and Transformer networks. Results show the Informer model
achieves an average prediction error of 3.39%, outperforming LSTM (4.43%)
and Transformer (4.35%). Predicted values for 2021 closely match actual values:
Henan (predicted: 4185.33, actual: 4048.10, error: 3.389%), Hubei (predicted:
2503.64, actual: 2421.78, error: 3.380%), and Hunan (predicted: 2933.31, ac-
tual: 2836.86, error: 3.340%). The model accurately forecasts logistics demand
for the three provinces. Predictions for 2023 indicate continued growth, necessi-
tating improved logistics efficiency and capacity to meet rising logistics demand
in Central China.

Keywords: agricultural products logistics; demand forecasting; Informer neu-
ral network; long short-term memory (LSTM); Transformer; deep learning

1 Introduction

With China’ s rapid economic development, people’ s income and consumption
capacity have continuously improved, leading to increasingly diversified demand
for agricultural products. Consumer expectations have shifted from simply hav-
ing enough to eat to eating well, with high-quality agricultural products becom-
ing more popular. This raises the bar for logistics service quality. Currently,
agricultural products logistics faces two major challenges. First, China has a
large flow of agricultural products, and transporting perishable goods to con-
sumers quickly is a significant logistics challenge, especially during urban emer-
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gencies where transport capacity by road, rail, water, or air is limited. Rational
planning of agricultural products logistics is therefore crucial for safeguarding
people’ s livelihood. Second, agricultural products logistics is highly seasonal
and cyclical, with strong timeliness requirements during harvest seasons. For
example, fruits and vegetables have short shelf lives, and inadequate logistics ca-
pacity planning leads to product losses and material waste. Accurate prediction
of agricultural products logistics demand facilitates rational logistics planning,
ensures long-term sustainable economic growth, and improves living standards.

In recent years, scholars have proposed innovative and practical methods for
logistics demand forecasting. Yao et al. [1] selected data on fresh agricultural
products output from 2012-2019 and used the grey prediction model GM(1,1)
to forecast Liaoning province’ s fresh agricultural products demand, achieving
high prediction accuracy that reflects demand trends for 2020-2024. Wang and
Li [7] applied the GM(1,1) model to forecast China’ s agricultural cold chain
logistics demand using 2014-2019 data, predicting 2020-2025 demand volumes.
Zhang [2] used grey correlation analysis to construct a logistics demand system
and built multivariate grey prediction, optimized neural network, and principal
component regression models combined with Shapley value method to forecast
Shandong province’ s fresh agricultural products logistics demand for 2020-2025.
Wang and Yan [3] constructed a Genetic Algorithm-Back Propagation (GA-BP)
neural network model, leveraging genetic algorithms’ global search capabilities
to forecast Beijing’ s urban agricultural cold chain logistics demand. Huangfu [5]
identified six agricultural products closely related to cold chain logistics and used
grey prediction models to forecast Mianyang city’ s agricultural output for 2020-
2029. Liu [6] applied grey prediction models to Liaoning’ s fresh agricultural
products cold chain logistics demand forecasting. Huang et al. [8] used GM(1,1)
and BP neural network models to simulate and predict Guangdong province’
s logistics demand, finding the BP neural network more accurate and stable.
Xu et al. [9] compared five methods for Shandong province logistics demand
forecasting, finding LSTM achieved the highest prediction precision. Van der
Laan et al. [10] analyzed order planning processes for humanitarian logistics.
Lu and Park [11] established a logistics demand potential model from spatial
economic principles. Baisariyev et al. [12] evaluated the Bootstrap method for
aviation spare parts forecasting. Zeng et al. [13] used grey prediction models
for rural logistics demand forecasting in Guangdong province.

Agricultural products logistics demand forecasting is influenced by multiple fac-
tors, increasing prediction difficulty. Existing research primarily uses regression
analysis for multiple influencing factors, but large data volumes and extensive
historical data often yield unsatisfactory results. Many studies employ long
time series historical data as the forecasting foundation. Time series analy-
sis effectively reveals development patterns and dynamic relationships between
phenomena, widely applied in hydrological forecasting [14-16], environmental
pollution control [17,18], astronomy [19,20], and oceanography [21,22], making
it suitable for agricultural products logistics demand prediction.
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2 Data and Methodology

2.1 Data Sources

Data were collected from the Henan Statistical Yearbook, Hunan Statistical Year-
book, Hubei Statistical Yearbook (2017-2021), and the 2021 national economic
and social development statistical bulletins of the three provinces. These data
sources provide statistical support for forecasting agricultural products logistics
demand in Central China’ s three provinces.

2.2 Data Extraction

Based on 2017-2021 data, this study identified primary influencing factors on
agricultural products logistics demand in the three provinces, considering lo-
cal economic development level, per capita consumption capacity, industrial
structure, logistics development level, agricultural supply factors, and humanis-
tic factors. Sixteen indicators were selected as independent variables: regional
GDP G1 (100 million yuan), per capita disposable income G2 (yuan), per capita
consumption expenditure G3 (yuan), value-added of primary industry G4 (100
million yuan), value-added of secondary industry G5 (100 million yuan), value-
added of tertiary industry G6 (100 million yuan), total crop sowing area G7
(thousand hectares), grain output G8 (10,000 tons), per capita grain output
G9 (kg), annual agricultural products output G10 (10,000 tons), planting and
breeding area G11 (thousand hectares), freight volume G12 (10,000 tons), rail-
way operating mileage G13 (10,000 km), and highway mileage G14 (10,000 km).

Nine categories of agricultural products were selected: grain, meat, eggs, milk,
oil crops, tea, fruits, forest products, and aquatic products. Forest products
consist of seedlings and logs. Annual agricultural products output is the sum of
these nine categories’ annual outputs. Wood output volume uses a conversion
coefficient of 0.8 (10,000 cubic meters = 8,000 tons) [23]. Planting and breeding
area comprises total crop sowing area, orchard area, tea plantation area, aquatic
products breeding area, and oil crops sowing area.

The dependent variable S (agricultural products logistics demand) is calculated
as the product of each province’ s permanent population and per capita agri-
cultural products consumption [24], as shown in formula (1). Per capita agri-
cultural products consumption is the sum of per capita consumption of nine
product categories: grain, edible oil, vegetables and edible fungi, meat, poultry,
aquatic products, eggs, milk, dried and fresh fruits, and sugar.

2.3 Data Normalization

Since input data values differ significantly across magnitude and dimension,
maximum-minimum normalization was applied to eliminate dimensional effects
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and ensure comparability, as shown in formula (2). This preprocessing removes
adverse effects from outlier samples.

3 Prediction Model Construction

Deep learning algorithms have been widely applied in agricultural disease iden-
tification, medical diagnosis, geological exploration, and industrial equipment
fault diagnosis. However, time series forecasting requires strong extrapolation
capabilities as distributions may change over time. Informer, an improved Trans-
former neural network, employs multi-head probabilistic sparse self-attention
mechanisms to allocate larger weights to important features, reducing time com-
plexity while improving prediction speed through generative decoding. This
addresses long-term dependency issues in time series data, providing better
extrapolation capability. Therefore, this study selected the Informer neural net-
work to forecast agricultural products logistics demand in Central China’s three
provinces.

Figure 1 [Figure 1: see original paper] illustrates the Informer neural network
model for forecasting agricultural products logistics demand in Central China’
s three provinces. The model consists of an encoder and decoder. Informer
constructs its architecture through multi-head probabilistic sparse self-attention
layers, multi-head attention mechanisms, and masked multi-head probabilistic
sparse self-attention layers. The attention mechanism resembles human selective
visual attention, selecting critical information from numerous inputs to solve
long-term time series forecasting problems and improve prediction accuracy.

The attention mechanism calculation is shown in formula (3), involving three
vectors: Query vector (Q “{L_Qxd}), Key vector (K ~{L_Kxd}), and
Value vector (V. "{L_Vxd}), where L_Q, L_K, and L_V represent linear
transformation layers for queries, keys, and values, respectively, and d is input
dimension. Let q_ i, ki, v_i denote the i-th row of Q, K, V. The attention for
the i-th Query is defined as a probabilistic kernel smoother:

Ly,

k(Qz7k>

Alg;, K, V) :Zﬁ
Jj=1 21:1 (in l)

The sparsity metric for the i-th Query is given by formula (4):

Uj = [Ep(kj‘%) [Uj]

Dioan? 1 I ogkT
M(qi7K):1nE eﬁ——g t
j=1 Lyf= vd

Based on this metric, ProbSparse self-attention is obtained by allowing each
key to attend to only u dominant queries, as shown in formula (5), where @
represents the sparse matrix of top-u queries:
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31T
Attention(Q, K, V) = softmax <QK ) %
Vd

The Informer encoder processes input time series of agricultural products logis-
tics demand indicators for the three provinces, capturing dependencies between
demand indicators and influencing factors. The encoder comprises two identi-
cal stacks (Figure 2 [Figure 2: see original paper]). Stackl is the main stack
receiving the entire input sequence, while Stack2 performs the same operations
but receives only half the input slice. Each stack consists of encoding and
distillation layers. The encoding layer includes multi-head probabilistic sparse
self-attention, feed-forward neural networks, residual connections, and normal-
ization operations, as shown in formula (6):

O = LayerNorm(x + Sublayer(z))

where O represents layer normalization for each sublayer, Sublayer denotes pro-
cessing functions for multi-head sparse self-attention and feed-forward networks,
and LayerNorm is the normalization function.

The distillation mechanism in Informer enhances network robustness and re-
duces memory usage. It applies 1D convolution along the time dimension, fol-
lowed by ELU activation and pooling to halve input length. The distillation
layer has one fewer layer than the encoding layer. The distillation process from
layer j to j+1 is shown in formula (7):

r;,1 = MaxPool(ELU(Conv1d([z;] 4p)))

where [] 45 includes multi-head probabilistic sparse attention operations and
attention block key operations, Convld denotes 1D convolution, MaxPool is
max pooling, and ELU is the activation function calculated as formula (8):

ELU(2) T ifz>0
xTr) =
e?—1 ifz<0

The decoder input comprises two parts: encoder output features regarding logis-
tics demand risks, and masked target demand sequences with zero placeholders.
These connect to multi-head attention mechanisms and a fully connected layer
to output predicted demand X1 ;.
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4 Experiments and Results Analysis
4.1 Experimental Method

PyTorch served as the experimental platform. Detailed environment parameters
are listed in Table 2 . Informer was used to forecast agricultural products
logistics demand in Central China’ s three provinces with 5-fold cross-validation.
The dataset was divided into five approximately equal subsets; four subsets
served as training data and one as test data in each iteration, repeated five
times with different training/test splits.

Historical demand data and 16 influencing factors (including province and year)
were used as inputs, with corresponding provincial agricultural products demand
(10,000 tons) as output. LSTM and Transformer models served as benchmarks.
LSTM, an excellent RNN variant, solves vanishing gradient problems and pre-
dicts long time series effectively. Transformer computes correlations directly
without hidden layer propagation, enabling parallel computation and efficient
GPU utilization.

4.2 Results Analysis

Training results for Informer, LSTM, and Transformer are shown in Figures 3
[Figure 3: see original paper|-5 [Figure 5: see original paper], respectively. In-
former demonstrates superior performance, with loss function values approach-
ing zero after 180 iterations. LSTM performs poorly, with large initial loss
values that only approach zero after 350 iterations. Transformer shows moder-
ate performance, with loss approaching zero around 150 iterations, increasing
slightly, then stabilizing near zero after 280 iterations.

Table 3 presents absolute and percentage errors for each training/test set and
5-fold cross-validation averages. Informer’ s absolute error is 30.37 in training
sets and 36.61 in test sets, indicating small differences between predicted and ac-
tual values. After 5-fold cross-validation, Informer achieves average percentage
errors of 3.07% (training) and 3.39% (testing). LSTM yields 4.37% (training)
and 4.43% (testing), while Transformer achieves 3.07% (training) and 4.35%
(testing). Informer’ s lower test error demonstrates higher prediction accuracy
and practical value.

Informer predictions for 2021 closely match actual values: Henan (predicted:
4185.33, actual: 4048.10, error: 3.389%), Hubei (predicted: 2503.64, actual:
2421.78, error: 3.380%), and Hunan (predicted: 2933.31, actual: 2836.86, error:
3.340%). These results validate the model s effectiveness.

Using this validated model, 2023 demand forecasts are: Henan province 4217.13,
Hubei province 2521.47, and Hunan province 2974.65. All three provinces show
higher predicted values for 2023 compared to 2021, indicating that infrastructure
improvements and enhanced transportation capacity are needed to meet growing
logistics demand.
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4.3 Ablation Experiment

To validate the scientific selection of 16 influencing factors, an ablation exper-
iment was conducted using 2021 Henan data. Predictions using 15 factors (re-
moving one factor each time) were compared against those using all 16 factors.
The absolute error using 16 factors is 3.43%, lower than the 3.51% error when
using 15 factors (Table 4 ), confirming that the 16-indicator selection is scien-
tifically sound.

5 Conclusion

This study constructed an Informer neural network model to forecast agricul-
tural products logistics demand in Henan, Hubei, and Hunan provinces, with
LSTM and Transformer as comparative models. The 2021 prediction results
demonstrate that Informer outperforms both alternatives, achieving closer align-
ment with actual values and providing practical value for rational logistics plan-
ning in Central China’ s three provinces.

The 2023 forecasts suggest continued logistics demand growth, requiring in-
frastructure development and improved emergency logistics coordination mech-
anisms. A limitation of this study is the high data indexing difficulty and
substantial analytical workload due to numerous indicators. Future research
should focus on data simplification while maintaining predictive accuracy.
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