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Abstract. To accurately forecast the volume of agricultural carbon emissions in China, this paper
proposes a forecasting model that combines the Autoregressive Integrated Moving Average
Model (ARIMA) with Long Short-Term Memory networks (LSTM) to better handle both linear
and non-linear parts in time series. Using the data on China's agricultural carbon emissions
collected from 2000 to 2023 as the research subject, the data from 2000 to 2016 were first used
as the training set, and the data from 2017 to 2023 were used as the test set. The Spearman's rank
correlation coefficient method was utilized to study the correlation between various types of
carbon emissions. Then, the established ARIMA-LSTM forecasting model was applied to predict
the emissions in the test samples and make comparisons. The Absolute Relative Error (ARE)
was adopted as the evaluation metric for different models, comparing the prediction errors of the
ARIMA-LSTM model with those of the ARIMA and LSTM single models through analysis. The
results show that the positive correlation between diesel carbon emissions and film carbon
emissions was the highest; the absolute relative error of the ARIMA-LSTM model did not exceed
7%, which is significantly lower than the other two comparison models. This research model
achieves high-accuracy predictions of carbon emissions, which is beneficial for the control and
management of the greenhouse effect.

Keywords: Agricultural Carbon Emissions, Autoregressive Integrated Moving Average Model,
Long Short-Term Memory Network, Forecasting, Error.

1. Introduction

Agricultural carbon emissions are one of the main causes of global climate change. Accurately
predicting agricultural carbon emissions can assess their impact on climate change and facilitate the
adoption of environmental protection and climate change response measures [1]. Governments and
policymakers can formulate relevant policies based on the predicted volume of agricultural carbon
emissions, promoting environmentally friendly and sustainable agricultural production and encouraging
low-carbon agriculture. The forecasting of agricultural carbon emissions is of significant practical
importance. Mathematical algorithms play a crucial role in this area, mainly used in developing models
to predict emission trends Statistical models (such as ARIMA, VAR) or machine learning algorithms
(such as neural networks, support vector machines) can utilize historical data to predict future emission

© 2024 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).

111



Proceedings of the 2nd International Conference on Software Engineering and Machine Learning
DOI: 10.54254/2755-2721/75/20240521

trends [2-3]. Mathematical algorithms are also applied in large-scale data mining and feature extraction,
extracting relevant features from various aspects, establishing prediction models, and analyzing
influencing factors. Mathematical optimization algorithms can optimize carbon emissions in agricultural
production processes to achieve emission reduction and carbon neutrality goals. Time series analysis
methods can handle historical data to establish dynamic models for predicting and regulating future
emissions. In summary, through forecasting models, spatial analysis, data mining, optimization control,
and other means, mathematical algorithms play a vital role in understanding and managing agricultural
carbon emissions, supporting sustainable agricultural development and mitigating climate change. This
study aims to establish an ARIMA-LSTM model for predicting agricultural carbon emissions, using
historical data on agricultural carbon emissions as the research subject to improve the accuracy of the
forecasting model.

2. Model Introduction

2.1. ARIMA Model
The ARIMA(p,d,q) model is a method for time series analysis and forecasting that combines three
components: Autoregressive (AR), Integrated (I), and Moving Average (MA). The ARIMA(p,d,q)
model can predict future values based on historical data on agricultural carbon emissions, where 'p'
represents the order of the autoregressive terms, 'd' represents the degree of differencing, and 'q'
represents the order of the moving average terms [4-5]. The basic modeling process is as follows: Firstly,
test the time series for stationarity and use differencing to transform a non-stationary series into a
stationary series. Then, determine the differencing parameter (d), and identify the autoregressive
parameters (p) and moving average parameters (q) by examining the Partial Autocorrelation (PACF)
and Autocorrelation Function (ACF) graphs. The model is specified as follows:
d(B)Vx, = p(B)e,
E(g)=0
Var(&¢) = 0-52 (1)
E(g-e5)=0,5s#t
E(x;-e)=0,Vs<t
Where ¢(). ¢() respectively represent the polynomials of the p-th order autoregressive

coefficients and g-th order moving average coefficients; V¢ = (1 — B)% denotes the differencing

operation; B is the lag operator, and B™x; = x;_,; & is the random error series, and E(). V-0
distribution represents the expected value and variance of .

2.2. LSTM Model

Long Short-Term Memory (LSTM) networks, a variant of Recurrent Neural Networks (RNNs) within
deep learning, are specifically designed to address long sequence dependency issues [6-7]. Given the
persistent nature of agricultural carbon emissions over time, choosing an LSTM model is appropriate
due to its ability to capture and remember long-term dependencies, which is particularly suitable for
forecasting agricultural carbon emissions. Its principle structure is as follows in Figure 1:
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Figure 1. The Principle Structure of the LSTM Model

2.3. ARIMA-LSTM Combined Model

Initially, collect and organize time series data, ensuring there is sufficient historical information.
Preprocess the data, including handling missing and outlier values and conducting stationarity tests. Use
tools like ACF and PACEF to select the order of the ARIMA model, fit the ARIMA model, and determine
the order of differencing, autoregression, and moving average. Normalize the time series data
appropriately to ensure model stability. Construct the LSTM model, deciding on the number of layers
and the number of hidden units. Split the data into training and test sets for model training. Use the
ARIMA model to predict future trends to obtain the ARIMA trend component and the LSTM model to
predict non-linear patterns to obtain the LSTM prediction part. Combine the ARIMA and LSTM
prediction results to obtain the final comprehensive forecast [8]. Compare the combined model
predictions with the actual values in the test set, and evaluate performance using metrics such as RMSE
and MAE. Adjust the ARIMA and LSTM parameters based on performance evaluation results to
optimize model accuracy. Use the optimized ARIMA-LSTM combined model to predict future time
series. The process is illustrated in the following Figure 2:
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Figure 2. ARIMA-LSTM Combined Process Flowchart
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3. Data Collection and Analysis

This study focuses on the agricultural carbon emissions in China. Data on various types of agricultural
carbon emissions and the total agricultural carbon emissions from 2000 to 2023 were collected from the
"China Statistical Yearbook" and Google. Partial data is shown in Table 1 below:
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Table 1. Partial Data on Agricultural Carbon Emissions

Fertilizer Irrication
Carbon Film Carbon & Total Agricultural
L. L. Carbon .
Year Emissions | Emissions | ...... Emissions Carbon Emissions
(10,000 (10,000 tons) (10,000 tons) (10,000 tons)
tons)
2000 3690.652 | 691.761028 | ...... 1434.204154 7325.295408
2001 3786.149 | 750.730148 | ...... 1445.637773 7536.004502
2002 3861.977 | 792.931608 | ...... 1448.448043 7688.136276
2021 4483.913 | 1182.84739 | ...... 1856.649201 9322.857666
2022 4283.038 | 1173.8965 | ...... 1874.989105 9108.90884
2023 4098.689 | 1127.83918 | ...... 1883.482966 9000.453789

The Spearman correlation coefficient is a non-parametric method used to measure the correlation
between two variables. It calculates correlations based on rankings rather than actual data values. The
Spearman correlation coefficient ranges from -1 to 1, where -1 indicates a perfect negative correlation,
1 indicates a perfect positive correlation, and 0O indicates no linear correlation. It is also useful for
discovering non-linear relationships because it is based on rankings rather than actual numerical values.
By using the Spearman correlation coefficient method to analyze the correlation between different types
of carbon emissions, the thermodynamic correlation results are shown in Figure 3 below:
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Figure 3. Correlation Results

Analysis from Figure 3 indicates that the positive correlation between diesel carbon emissions and
film carbon emissions is the highest, at 0.957. The correlations between film carbon emissions and
fertilizer carbon emissions, as well as between pesticide carbon emissions and fertilizer carbon
emissions, are also significant, at 0.903 and 0.832, respectively. This is almost consistent with the
development of the agricultural industry in China, leading to a significant increase in carbon dioxide
emissions.

4. Analysis of Forecasting Results

Based on the above analysis, the collected sample data were divided into training and test sets, with
agricultural carbon emission data from 2000 to 2016 serving as the training set and data from 2017 to
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2023 serving as the test set. An ARIMA-LSTM model for predicting agricultural carbon emissions was
established, and the Absolute Relative Error (ARE) was introduced as the model's average metric, as

shown in the following formula:

Where ¥; represents the forecasted output value for the i -th forecast sample, and y; represents

ARE = |yy;y| x 100%

the actual value for the i -th sample.

Using MATLAB 2023b, the prediction results for the test samples were calculated and are shown in

Figure 4 below:

Carbon emissions (tonnes)
N
=N
=3
S
|

Carbon emissions (tonnes)
o
Y

oounoouo

= Fertiliser carbon emissions in real terms
. Projected carbon emissions from fertlisers|
T T T T T T T T T T T T T
2017 2018 2019 2020 2021 2022 2023
Year of test sample
3 Diesel carbon emissions in real term|
E Projected diesel carbon emissions
T T T T T T T T T T T T T
2017 2018 2019 2020 2021 2022 2023
Year of test sample
:: Actual carbon emissions from ploughing
3 Projected carbon emissions from ploughing
T T T T T T T T T T T T T
2017 2018 2019 2020 2021 2022 2023

Analysis from Figure 4 indicates that the ARIMA-LSTM model's predictions for the carbon
emissions of various agricultural carbon sources from 2017 to 2023 show a nearly consistent trend in
forecast fluctuations and exhibit good predictive performance, making it suitable for application in
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Figure 4. Comparison of Forecast Results for Test Samples

agricultural carbon emissions forecasting.

Additionally, to evaluate the forecasting accuracy of the established combined model from multiple
dimensions, the forecast results of the ARIMA-LSTM model for agricultural carbon emissions from
2017 to 2023 were compared with those of the ARIMA and LSTM single models. The comparison of

forecasting errors between different models is shown in Figure 5 below:
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Figure 5. Comparison of Forecast Errors Between Different Models

Analysis from Figure 5 reveals that the forecasting error of the established ARIMA-LSTM carbon
emission prediction model is less than 7%, and the error fluctuation trend is relatively stable, with no
significant changes in forecasting error. In comparison to the ARIMA and LSTM models, the forecasting
errors of these single models are significantly higher than those of the ARIMA-LSTM model, and the
magnitude of fluctuation in forecasting error is greater, making them unsuitable for predicting China's
future carbon emissions.

5. Conclusion

(1) By using the Spearman correlation coefficient method to analyze the correlation between carbon
emissions from six agricultural carbon sources in China, it was found that the positive correlation
between diesel carbon emissions and film carbon emissions was the highest, at 0.957.

(2) The ARIMA-LSTM model for forecasting agricultural carbon emissions was established and used
to predict the test samples. The findings indicate that the predictions of this model closely match
the actual values. Moreover, when comparing the errors of the ARIMA-LSTM model with those
of the ARIMA and LSTM models individually, the forecast error of the ARIMA-LSTM model is
significantly lower than that of the other comparative models, substantially enhancing the precision
of the predictions.
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