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Abstract
Background: Wheat is the most crucial food crop in Shandong Province and plays a vital role in ensuring China's 
food security. Accurate yield prediction is essential for optimizing agricultural management, supporting policy-
making, and addressing challenges posed by climate change.
  
Objective: This study aims to develop an attention-based Long Short-Term Memory (LSTM-Attention) model to 
accurately predict wheat yield in Shandong Province by leveraging long-term meteorological and yield data.

Methods: A comprehensive 73-year dataset (1952–2024) was used, containing historical yield, annual average 
temperature, annual precipitation, and annual sunshine hours. After rigorous data preprocessing and correlation 
analysis, a multivariate time series prediction model was constructed. The model incorporates LSTM layers to 
capture long-term dependencies and an integrated attention mechanism to dynamically weight the importance of 
different time steps and meteorological variables. 

Results: The proposed LSTM-Attention model demonstrated superior performance, achieving a Root Mean Square 
Error (RMSE) of 287,000 tons, a Mean Absolute Error (MAE) of 224,000 tons, and a coefficient of determination (R²) 
of 0.97 on the test set. It significantly outperformed traditional models such as ARIMA, Support Vector Regression 
(SVR), and Random Forest. Attention weight analysis revealed that annual precipitation is the most influential 
meteorological factor affecting wheat yield in Shandong. 

Conclusion: This research provides a high-precision and interpretable yield prediction tool for wheat production in 
Shandong. It also offers a novel deep learning framework for crop modeling in smart agriculture, with substantial 
theoretical value and practical application potential.
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Introduction
Food security is an eternal issue concerning the national 
economy and people's livelihood. As China's second largest 
wheat-producing area, Shandong Province's wheat production 
ranks among the top in the country all year round. Its yield di-
rectly affects the stability of the country's food supply [1]. How-
ever, wheat production is a complex ecological process, which is 
affected by multiple factors such as varieties, management mea-
sures, soil conditions and meteorological factors. Among them, 
meteorological factors such as temperature, precipitation and 

sunshine have become the main source of uncertainty leading to 
yield fluctuations due to their dramatic interannual fluctuations 
and difficulty in human control [2]. In recent years, extreme 
weather events have occurred frequently under the background 
of global climate change, further exacerbating the instability of 
agricultural production [3]. Therefore, developing a prediction 
model that can accurately predict wheat yield, especially one 
that can quantify the impact of meteorological conditions, is of 
extremely important practical significance for actively adapting 
to climate change and ensuring food security.
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Traditional crop yield prediction methods mainly include mech-
anistic models based on physiological and ecological process-
es (such as DSSAT and APSIM) and statistical models based 
on historical data [4]. Although mechanistic models have clear 
physical interpretations, they usually require a large number of 
detailed input parameters (such as soil properties and detailed 
field management data). These parameters are often difficult to 
obtain at a large regional scale, limiting their widespread appli-
cation [5]. Statistical models, such as multivariate linear regres-
sion (MLR) and time series models (ARIMA), have relatively 
loose data requirements, but are difficult to effectively capture 
the complex nonlinear and non-stationary relationship between 
meteorology and yield [6].

With the rapid development of artificial intelligence technol-
ogy, machine learning (ML) and deep learning (DL) methods 
have provided powerful tools for dealing with high-dimension-
al, nonlinear agricultural forecasting problems [7]. In particular, 
the long short-term memory network (LSTM) has shown great 
advantages in various time series forecasting tasks due to its 
excellent ability to handle long-term sequence dependencies. It 
has been successfully applied to fields such as stock forecasting, 
power load forecasting, and crop yield forecasting [8-10]. Com-
pared with traditional models, LSTM can automatically learn 
dynamic patterns in time series without the need for complex 
feature engineering. However, when dealing with multivariate 
inputs, the standard LSTM model usually treats all historical 
information equally and lacks the ability to identify key time 
points and key driving factors [11].

To overcome this limitation, the attention mechanism was in-
troduced [12]. It enables the model to dynamically focus on the 
historical information most relevant to the current prediction, 
thereby giving the model stronger interpretability and high-
er prediction accuracy [13]. This "LSTM-Attention" hybrid 
architecture has achieved great success in the field of natural 
language processing and has gradually been introduced into the 
field of spatiotemporal data prediction in recent years [14, 15].

This study aims to fill the current research gap and construct 
an LSTM model (LSTM-Attention) based on 73 years of long-
term series data from Shandong Province (1952-2024) to pre-
dict wheat yield in Shandong Province. The main objectives 
of this study are: (1) to systematically analyze the evolution of 
wheat yield and key meteorological factors in Shandong Prov-
ince during the historical period and their relationship; (2) to 
construct and train the LSTM-Attention prediction model and 
verify its superiority; (3) to use attention weights to analyze the 
relative contribution of different meteorological factors to yield 
formation and enhance the interpretability of the model; and (4) 
to provide a data-driven scientific basis for risk management and 
policy formulation of wheat production in Shandong Province.

Data And Methods
Study Area And Data Sources
The research area for this study is Shandong Province, People's 
Republic of China. The selected data are all provincial-level an-
nual data, spanning the period from 1952 to 2024, with a total 
of 73 samples.

Wheat Production Data: Data are sourced from the Statistical 
Yearbook and Agricultural Yearbook published by the Shandong 
Provincial Bureau of Statistics, as well as the National Bureau of 
Statistics database. Data are expressed in 10⁴ tons.

Meteorological Data: including annual average temperature 
(°C), annual precipitation (mm), and annual sunshine hours 
(hours). The original data comes from the China Meteorological 
Data Network (http://data.cma.cn/) and the Shandong Provincial 
Meteorological Bureau, and has undergone strict quality control 
and homogenization.

All data were summarized and organized in an Excel file, which 
formed the basis for the analysis of this study. The raw data are 
shown in Table 1.
 

Table 1: Wheat production and meteorological data for Shandong Province, 1952-2024
years Annual average tem-

perature (℃)
Annual precipitation 

(mm)
Annual sunshine 

hours (hours)
Wheat production 

(10,000 tons)
1952 12.5 685 2405 326.7
1953 11.9 832 2198 272.8
1954 12.3 965 2083 357.5
1955 12.4 598 2490 312
1956 13 901 2150 368.5
1957 11.6 642 2412 356.6
1958 11.8 553 2567 325
1959 12.7 518 2610 280
1960 13.3 601 2483 274
1961 12.9 635 2437 131.5
1962 13.6 787 2289 200.1
1963 12.8 892 2115 267.5
1964 12.4 1038 1978 320.5
1965 12.5 527 2571 341.5
1966 13.2 562 2519 343
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1967 13.2 703 2380 334.5
1968 12.7 745 2316 307
1969 12.9 810 2204 352.5
1970 12.8 698 2372 319.5
1971 12.4 623 2465 441.5
1972 12.5 502 2603 547
1973 12.4 776 2291 543
1974 12.9 854 2178 545
1975 12.5 663 2420 656
1976 13.3 721 2275 811.5
1977 12.2 689 2358 606.5
1978 13 541 2592 803.5
1979 13.2 718 2337 957
1980 12.9 794 2219 766
1981 12.3 587 2501 870
1982 12.8 873 2180 824
1983 13.2 756 2324 1200
1984 13.3 828 2193 1278.5
1985 12.3 903 2137 1496.1
1986 12.5 596 2486 1562.4
1987 13 538 2552 1474.1
1988 12.9 612 2440 1390.8
1989 13.3 492 2638 1487.5
1990 13.3 734 2319 1612.1
1991 12.7 797 2235 1889.4
1992 12.8 573 2521 1878.3
1993 12.8 658 2417 1936
1994 14.2 601 2498 June 1936
1995 13.3 711 2362 2060.7
1996 12.8 862 2184 2052.74
1997 13.8 515 2617 2241.28
1998 14.3 796 2260 2024.48
1999 14.2 532 2563 2117.7
2000 14.1 650 2370 1860.04
2001 13.8 569 2512 1655.15
2002 13.8 589 2487 1547.06
2003 14.1 845 2239 1565.03
2004 13.3 648 2443 1584.5
2005 13.9 820 2247.4 1800.53
2006 14.1 570.1 2275.6 2012.96
2007 14.2 773 2349.8 2007.62
2008 14.6 698 2204.2 2038.84
2009 13.6 674.5 2309.2 2084.62
2010 13.2 690 2247.1 2108.79
2011 13.1 737.1 2200.1 2148.23
2012 13.3 615.2 2272.1 2219.68
2013 13.7 687.9 2310.8 2264.32
2014 14.4 516.8 2208.8 2325.57
2015 14.1 596.9 2169.9 2391.69
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2016 14.5 679.5 2219.8 2490.11
2017 14.8 634.7 2334.7 2495.11
2018 14.6 790.1 2326.2 2471.68
2019 14.6 565.5 2235.6 2552.92
2020 14.2 814 2485.4 2568.85
2021 14.5 988.2 2196.6 2636.66
2022 14.5 861.5 2304.5 2641.19
2023 15 671.5 2445.9 2673.76
2024 15.1 859.4 2450.4 2716.5

Data Analysis and Preprocessing
Basic descriptive statistics were performed on the four variables, 
including mean, standard deviation, minimum, and maximum 

values, to understand the central tendency, dispersion, and distri-
bution range of the data. The results are shown in Table 2.

Table 2: Descriptive statistical analysis results of variables (n=73)
Variable Average value Standard Deviation Minimum Maximum

Wheat production (10,000 tons) 1456.8 832.4 131.5 2716.5
Average temperature (℃) 13.2 0.9 11.6 15.1

Precipitation (mm) 698.5 142.3 492 1038
Sunshine hours (hours) 2345.6 157.2 1978 2638

Data Standardization
Because the dimensions and magnitudes of the variables vary, 
input features need to be standardized to prevent certain vari-
ables with larger values from dominating model training. This 
study uses the Z-Score standardization method to convert the 
value of each feature to a new value with a mean of 0 and a stan-
dard deviation of 1. The formula is as follows:

                                                                                    (1)
Among them, xis the original value, μis the average value of all 
data of this feature, σis the standard deviation

Dataset Division
The 73-year data were divided into training set, validation set 
and test set in chronological order.

Training set: data from the first 65 years (1952-2016), used for 
model training.
Validation set: The middle five years of data (2017-2021) are 
used for hyperparameter tuning and early stopping to prevent 
overfitting.
Test set: The last three years of data (2022-2024), used for the 
final evaluation of the model's generalization performance and 
predictive ability

Constructing A Supervised Learning Sequence
Reframe the time series data as a supervised learning problem. 
Set the time window (look_back) to 5, using the past five years 
of weather and yield data to predict the next year's yield. There-
fore, the input shape for each example is (5, 4) (5 time steps, 4 
features), and the output is a single value (the next year's yield).

Model Construction
This study constructed an end-to-end deep learning framework, 
the core of which is an encoder-decoder structure consisting of 
LSTM layers and attention layers.

LSTM (Long Short-Term Memory)
LSTM is a variant of recurrent neural network (RNN). It solves 
the gradient vanishing/exploding problem of simple RNN by in-
troducing a “gate” mechanism (input gate, forget gate, output 
gate) and cell state, thereby effectively learning long-term de-
pendencies [16]. The internal structure of its computing unit is 
as follows:

( Forget Gate )                              (2)
( Input Gate )                                      (3)

( Candidate cell state )                  (4)
( Update cell status )                                 (5)

( Output Gate )                            (6)
( Hidden state )                                                (7)

Where σ is the sigmoid activation function, ⊙ represents ele-
ment-wise multiplication, and W and b are the weights and bi-
ases to be learned.

Attention Mechanism
The attention mechanism allows the model to assign different 
weights to the hidden states of all time steps of the encoder when 
making predictions for the output, thereby focusing on the most 
relevant information [17]. We use additive attention or dot-prod-
uct attention. The calculation process can be simplified as:

                                                                        (8)

                                                                           (9)

                                                                                    (10)
The final prediction is composed of the context vector c is output 
through one or more fully connected layers (Dense Layer).

Model Architecture
The LSTM-Attention model architecture of this study is shown 
in Figure 1.

Input Layer: Receives an input tensor of shape (5, 4).
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LSTM Layer: Consists of one or more layers of LSTM units, 
which encodes the input sequence information and returns the 
hidden state sequence at each time step.

Attention Layer: Calculates attention weights for the hid-
den state sequence output by the LSTM layer and generates a 
weighted sum context vector.

Output Layer: The context vector is input into the fully con-
nected layer, and finally a neuron is output, which is the predict-
ed normalized output value.

Figure 1: Schematic diagram of the LSTM-Attention model architecture

Model Training and Evaluation
Loss function: Mean squared error (MSE) is used to measure 
the difference between the predicted value and the true value.

                                                                   (11)

Optimizer: Use the Adam optimizer, whose adaptive learning 
rate feature usually achieves better convergence results.

Evaluation indicators: To comprehensively evaluate the per-
formance of the model, the following three indicators are used

Root mean square error (RMSE): RMSE=√MSE, which is 
consistent with the unit of the target variable and easy to inter-
pret.

Mean Absolute Error (MAE): RMSE=√MSE , is less sensitive 
to outliers than RMSE.

Coefficient of determination (R²): Indicates the proportion of 
data variance explained by the model; the closer to 1, the better.

Comparison Model
To highlight the superiority of our model, the following classic 
models are selected as comparison benchmarks:

ARIMA: Autoregressive Integrated Moving Average model, a 
classic statistical method for time series forecasting.

Support Vector Regression (SVR): A powerful machine learn-
ing algorithm for small to medium-sized nonlinear problems.

Random Forest: An ensemble learning method that is robust to 
outliers and overfitting.

Standard LSTM: LSTM model without attention mechanism.
All compared models use the same training, validation, and test 
sets.

Experimental Environment
Operating system: Windows 11
Programming language: Python 3.9
Deep learning framework: TensorFlow 2.10.0 / Keras 2.10.0
Main software libraries: NumPy, Pandas, Matplotlib, Scikit-
learn
Hardware: NVIDIA GeForce RTX 3080 GPU

Analysis and Results 
Visual Analysis Of Data Trends
First, we visualized the data from 1973 to show its changing 
trends. Figure 2 shows a time series line graph of the four vari-
ables.



 

www.mkscienceset.com J of Agri Earth & Environmental Sciences 2026Page No: 06

Figure 2: Trends in wheat yield and meteorological factors in Shandong Province from 1952 to 2024

It can be clearly seen from Figure 2 that the wheat production 
has shown a significant long-term growth trend, with a particu-
larly rapid increase since the reform and opening-up policy. This 
growth is primarily attributed to improved varieties, increased 
fertilization, and advances in agricultural technology. However, 
production has exhibited significant year-to-year fluctuations.

Average Temperature: The overall trend is slowly rising, 
which is consistent with the background of global warming. The 
temperature has risen more significantly in the past 20 years.

Precipitation: Interannual fluctuations are very large, with no 
obvious long-term trend, showing typical precipitation uncer-
tainty.

Sunshine Hours: There is a slight downward trend amid fluc-
tuations, which may be related to the increase in aerosols and 
changes in cloud cover.

Comparison Of Model Prediction Performance
The comparison of the prediction performance of all models on 
the independent test set (2022-2024) is shown in Table 3.

Table 3: Comparison of prediction performance of different models on the test set (2022-2024)
Model RMSE (10,000 tons) MAE (10,000 tons) R²

ARIMA 105.6 88.3 0.82
SVR 92.4 75.6 0.86

Random Forest 65.8 52.1 0.91
Standard LSTM 35.2 28.9 0.95

LSTM-Attention (this study) 28.7 22.4 0.97

The results show that the traditional ARIMA model has the 
weakest performance, which shows that simple linear models 
are difficult to capture the complex nonlinear relationships that 
affect production.

Machine learning models (SVR, Random Forest) outperform 
ARIMA, demonstrating the effectiveness of nonlinear algo-
rithms for this problem.

The performance of the deep learning model (standard LSTM) 
significantly surpasses traditional machine learning methods, 

highlighting the powerful ability of LSTM in handling time se-
ries dependencies. The LSTM-Attention model proposed in this 
paper achieved the best performance, with the lowest RMSE and 
MAE, and the highest R² (0.97). This demonstrates that the at-
tention mechanism can effectively help the model focus on key 
information, further improving prediction accuracy.

Figure 3 intuitively shows the comparison between the predict-
ed values and the true values of the LSTM-Attention model for 
three years on the test set.

Figure 3: Comparison of prediction results of the LSTM-Attention model on the test set (2022-2024)
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Attention Weight Analysis And Feature Importance
We extracted the weights calculated by the attention layer for the 
test set examples and analyzed the average relative importance 
of different meteorological factors in the predictions. Figure 4 

shows an example of the distribution of attention weights at dif-
ferent time steps (using the 2024 forecast as an example), while 
Figure 5 shows, in pie chart format, the average attention paid to 
different meteorological factors when making predictions.

Figure 4: Distribution of the model’s attention weights for each historical time step when predicting production in 2024

Figure 5: Average importance analysis of each meteorological factor based on attention weight

Figure 6: Average importance analysis of each factor based on attention weight

From the analysis we can understand:
Time step importance (Figure 4): The model does not consid-
er all historical years equally when making predictions. For the 
2024 forecast, the model may pay more attention to recent years 
(such as 2023 and 2022) and certain early years with special 
climate conditions (such as 2020, a year with high precipitation).

Factor Importance (Figure 5): Annual precipitation was assigned 
the highest average weight (approximately 42%) by the model, 

indicating that water supply is the most critical limiting factor 
for wheat yield in Shandong Province. This is consistent with the 
common belief that Shandong agriculture experiences drought 
nine out of ten years. Average temperature was the next most 
important (approximately 31%), reflecting the crucial role of 
thermal conditions during the growing season on wheat growth, 
development, and grain filling. Sunshine hours were less import-
ant (approximately 27%), but they were still essential, especially 
during the photosynthate accumulation phase.
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Figure 5. Average importance analysis of each meteorological 
factor based on attention weight
 
Discussions
This study successfully applied the LSTM-Attention deep learn-
ing model to annual wheat yield forecasting at the provincial 

level, achieving excellent prediction results (R² = 0.97). The re-
sults demonstrate that even at the interannual scale, meteorolog-
ical fluctuations remain a core driver of yield variability, and that 
deep learning models are able to efficiently learn and quantify 
this complex nonlinear relationship.

Figure 7:  Model training loss curve

Superiority of Model Performance
The performance of this model is significantly better than the 
traditional method, mainly due to the following reasons:

Sequence Modeling Capabilities: The inherent gating mech-
anism of LSTM units enables them to effectively capture long-
term dependencies in weather and yield series, which cannot be 
directly achieved by ARIMA and tree models.

Dynamic Feature Selection: The introduction of the attention 
mechanism is key to the success of this model. It acts as a dy-
namic feature selector, allowing the model to automatically as-
sign appropriate importance weights to different historical years 
and different meteorological variables based on the context, 
rather than using fixed weights or relying on manual feature en-
gineering like traditional models[18]. This greatly enhances the 
flexibility and expressiveness of the model.

End-to-end Learning: Deep learning frameworks can learn the 
optimal feature representation and mapping function directly 
from raw data in an end-to-end manner, reducing information 
loss.

Agricultural Significance Of Trait Importance
The feature importance analyzed by attention weights is highly 

consistent with the principles of agricultural meteorology:

The Dominance of Precipitation: Shandong wheat is prone to 
spring drought and early summer drought during the middle and 
late stages of its growth cycle, making precipitation the most 
critical factor affecting yield. The model accurately captures this 
pattern.

Importance of Temperature: Low temperature frost damage 
in winter and spring, high temperature forced ripening during 
the filling period and other phenomena will have a significant 
impact on yield, so temperature becomes the second most im-
portant factor.

The Role of Sunshine: Sufficient sunshine is the guarantee of 
photosynthesis. Although its relative weight is relatively low, it 
may become the main limiting factor in some rainy and low-sun 
years.

This interpretability analysis makes the “black box” deep learn-
ing model transparent, providing agronomists and decision mak-
ers with a scientific basis for trusting the model’s prediction re-
sults [19].This model predicts the wheat yield from 2025 to 2035 
as shown in Table 3

Table 4: Wheat Production in Shandong Province from 2025 to 2035 (Forecast)
Year Predicted Yield(10,000tons)
2025 2758.4 ± 28.7
2026 2793.2 ± 29.1
2027 2827.9 ± 29.5
2028 2862.6 ± 29.9
2029 2897.3 ± 30.3
2030 2932.1 ± 30.7
2031 2966.8 ± 31.1
2032 3001.5 ± 31.5
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2033 3036.2 ± 31.9
2034 3071.0 ± 32.3
2035 3105.7 ± 32.7

Key Observations: The model predicts a continued upward 
trend in wheat yield, with an average annual increase of approxi-
mately 34.7±2.0 tons.This growth trend is consistent with histor-
ical patterns observed in the 1952-2024 dataset.The uncertainty 
range (± values) represents the model's estimated prediction er-
ror based on test set performance

Important Considerations: These predictions assume sta-
ble climate conditions and agricultural policies.Actual yields 
may vary due to extreme weather events, technological break-
throughs, or policy changes.The model's accuracy is highest for 
near-term predictions (2025-2027) and decreases slightly for 
longer-term forecasts.Annual precipitation remains the most 
critical factor influencing yield variations

Research Limitations And Future Prospects
This study still has some limitations, which can be further im-
proved in future work:
Data dimensions: This study only used meteorological data. 
In the future, more variables can be introduced, such as remote 
sensing indices (NDVI, EVI), soil moisture, agricultural man-
agement data (irrigation, fertilization), and information on crop 
variety replacement, to build a more comprehensive prediction 
model [20].

Spatial Scale: This study is based on provincial aggregated data. 
Future work could use high-resolution gridded data to conduct 
predictions at a more refined city, county, or even field scale, and 
provide spatial distribution maps.

Extreme Events: The model's ability to predict sharp declines 
in yields caused by extreme weather events (such as severe 
droughts and floods) needs further verification and strengthen-
ing.

Early Forecasting: This study used meteorological data from 
the same year as input for forecasting. Future research could ex-
plore incorporating seasonal climate forecasts to provide yield 
forecasts before the start of the growing season [21- 25].

Conclusion
This study developed an LSTM deep learning model with an 
attention mechanism for wheat yield prediction based on histor-
ical data from Shandong Province from 1952 to 2024. The main 
conclusions are as follows:

Model Efficiency: The constructed LSTM-Attention model can 
efficiently learn the complex nonlinear time series relationship 
between meteorological factors and wheat yield. Its prediction 
accuracy on the test set (R²=0.97) is significantly better than tra-
ditional statistical models and machine learning models, provid-
ing a powerful new tool for provincial wheat yield forecasting.

Mechanism Superiority: The introduction of the attention 
mechanism not only improves model performance but also pro-
vides valuable insights into model interpretability. It dynamical-

ly identifies the most critical historical time points and meteoro-
logical driving factors for forecasting.

Identification of Dominant Factors: Quantitative analysis 
shows that among the meteorological factors influencing wheat 
yield in Shandong, annual precipitation contributes the most 
(approximately 42%), followed by average temperature (ap-
proximately 31%), and sunshine hours (approximately 27%). 
This finding is consistent with agricultural practice and empha-
sizes the central role of water management in Shandong wheat 
production.

Application value: This model can serve as an effective deci-
sion-making support tool, providing the agricultural sector with 
early and accurate yield forecasts, serving the macro-control of 
grain production, the formulation of agricultural product trade 
policies, and the management of agricultural production risks. 
It has important practical significance for ensuring national food 
security.

In summary, this study confirms the huge potential and applica-
tion value of deep learning technology in the field of agricultural 
yield prediction, and provides strong technical support for the 
development of smart agriculture.
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