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Abstract

[Purpose/Significance] Analyze the relationship between sugarcane yield and me-
teorological factors in the main sugarcane-producing regions of Guangxi, predict
sugarcane yield using meteorological data, and provide scientific data support
for sugar mills and relevant management departments. [Methods] Utilizing yield
data from sugarcane regions in five different prefecture-level cities in Guangxi
from 2002 to 2019 and 14 types of daily meteorological data, correlation analysis
was conducted between the mean values of each meteorological factor over 78
continuously increasing monthly periods each year and the yield. Key meteoro-
logical factors were identified based on the sensitive period analysis method, and
the impact of each meteorological factor on yield during sensitive periods was
analyzed. Single-region yield prediction models were established using BP Neu-
ral Network (BPNN), Support Vector Machine (SVM), Random Forest (RF),
and Long Short-Term Memory (LSTM) networks respectively, with a control
experiment using meteorological mean values from the entire growth period as
model input. The Hodrick-Prescott Filter (HP Filter) was used to separate
meteorological yield of sugarcane, data from the five sugarcane regions were
combined, and universal multi-region meteorological yield prediction models
were established using RF, SVM, BPNN, and LSTM respectively. [Results and
Discussion] For single regions, the model prediction effect of the sensitive period
analysis method was significantly superior to the method using meteorological
mean values from the entire growth period. The LSTM model’s prediction ef-
fect for both data processing methods was significantly better than the currently
widely used BPNN, SVM, and RF models. The LSTM model based on the sen-
sitive period analysis method achieved overall Root Mean Square Error (RMSE)
and Mean Absolute Percentage Error (MAPE) of 10.34 t/ha and 6.85%, respec-
tively, with a coefficient of determination (Rv2) of 0.8489. For multi-regions,
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the LSTM prediction results were poor, while the RF, SVM, and BPNN predic-
tion models all achieved good performance. The best-performing BPNN model
achieved RMSE and MAPE of 0.98 t/ha and 9.59%, respectively, with Rv2 of
0.965. [Conclusion] The key meteorological factors selected through the sensitive
period analysis method showed significant correlation with yield, and the impact
of each meteorological factor on yield could be accurately analyzed according
to sensitive periods. Using the LSTM model to predict single-region yield and
using the BPNN model to predict multi-region sugarcane meteorological yield
are feasible approaches, with prediction errors within acceptable ranges.
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Abstract

[Objective] Accurate prediction of sugarcane yield in Guangxi can provide an
important reference for government policy formulation and decision-making sup-
port for farmers, thereby improving both yield and quality while promoting the
sustainable development of the sugarcane industry. This study aims to explore
the relationship between sugarcane yield and meteorological factors in major
production regions of Guangxi Zhuang Autonomous Region, using meteorologi-
cal data to predict sugarcane yield and provide scientific data support for sugar
mills and relevant management departments.

[Methods] The study area comprised five sugarcane planting regions located
in five different prefecture-level cities across Guangxi. Average yield data per
hectare for each region from 2002 to 2019 were provided by Guangxi Sugar
Industry Group, which controls the sugar refineries in each region. Daily mete-
orological data encompassing 14 meteorological factors were acquired from the
National Data Center for Meteorological Sciences. Recognizing that meteoro-
logical factors exert differential influences on sugarcane growth across various
time spans, we defined a new type of factor combining meteorological variables
with temporal dimensions—such as average precipitation in August or mean
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temperature from February to April. The inter-correlations among all mete-
orological factors across different time spans and their correlations with yield
were analyzed to screen for key meteorological factors during sensitive periods.
Four algorithms—BP neural network (BPNN), support vector machine (SVM),
random forest (RF), and long short-term memory (LSTM)—were employed to
establish sugarcane apparent yield prediction models for each individual region.
Corresponding reference models based on annual average meteorological factors
were also constructed for comparison. Additionally, meteorological yields for
each region were extracted using HP filtering, and general meteorological yield
prediction models were developed using mixed data from all five regions with
RF, SVM, BPNN, and LSTM approaches.

[Results and Discussion] Correlation analysis revealed that different planting
regions exhibited distinct sensitive meteorological factors and key time spans.
The most representative factors included sunshine hours, precipitation, and at-
mospheric pressure. In Region 1, sunshine hours during October-November
showed the strongest negative correlation with yield, while minimum relative hu-
midity in November demonstrated the strongest positive correlation. In Region
2, average vapor pressure during February—March exhibited the maximum pos-
itive correlation, whereas precipitation in August—September showed the maxi-
mum negative correlation. In Region 3, precipitation from 20:00 to 20:00 (next
day) during August—September had the strongest positive correlation, while
sunshine hours in the same period showed the strongest negative correlation.
In Region 4, precipitation from 20:00 to 20:00 during March—December demon-
strated the strongest positive correlation, while maximum atmospheric pressure
from August-December showed the strongest negative correlation. In Region
5, average vapor pressure during June—August exhibited the strongest positive
correlation, while minimum atmospheric pressure in February—March showed
the strongest negative correlation.

For each specific planting region, the apparent yield prediction models based
on sensitive meteorological factors during key time spans significantly outper-
formed those using annual average meteorological values. The LSTM model
demonstrated substantially better performance than the widely used classical
BPNN, SVM, and RF models for both types of meteorological data (sensitive
time spans vs. annual averages). The overall root mean square error (RMSE)
and mean absolute percentage error (MAPE) for the LSTM model using key
time spans were 10.34 t/ha and 6.85%, respectively, with a coefficient of de-
termination (Rv?) of 0.8489 between predicted and actual values. For general
meteorological yield prediction across multiple sugarcane planting regions, the
RF, SVM, and BPNN models all achieved excellent results, with BPNN per-
forming best (RMSE = 0.98 t/ha, MAPE = 9.59%, Rv? = 0.965). In contrast,
the LSTM model yielded RMSE = 0.25 t/ha, MAPE = 39.99%, and Rv? =
0.77, indicating it is less suitable for multi-region joint prediction.

[Conclusion] Sensitive meteorological factors identified during key time spans
show significantly stronger correlations with yield than annual average meteoro-
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logical factors. While the LSTM model excels at apparent yield prediction for
individual regions compared to BPNN, SVM, and RF, the BPNN model demon-
strates superior performance in predicting meteorological yield across multiple
sugarcane planting regions. The prediction errors for both single-region and
multi-region models fall within acceptable ranges, suggesting that the proposed
methodology provides a valuable reference for regional sugarcane yield forecast-
ing.

Keywords: meteorological factor; HP filter; sugarcane yield; BPNN model,;
LSTM model; machine learning

1 Introduction

Regional crop yield prediction is crucial for national food security assessment.
As a strategic national commodity, sugar derives 87% of its production from
sugarcane, with Guangxi ranking first in national output, accounting for approx-
imately 70% of total production in recent years. Large-scale yield estimation
for Guangxi sugarcane provides scientific data support for sugar mills and man-
agement departments. Beyond land productivity, field crop yields are primarily
constrained by anthropogenic management factors (fertilization, irrigation, pest
control) and climatic factors (rainfall, sunlight, wind speed). Geographic and
management practices remain relatively stable, making climate the least con-
trollable yield determinant.

Increasingly, researchers have focused on meteorological data-based crop yield
prediction. Gao et al. established an early rice yield prediction model for Gaoyao
District, Zhaoqing City, Guangdong Province, using multi-year meteorologi-
cal data, achieving 80.23% average accuracy. Yu et al. employed a genetic
algorithm-optimized neural network for sugarcane yield prediction, attaining R?
= 0.842. Chen developed maize yield prediction models for Yangling, Heyang,
and Changwu regions in Shaanxi using historical meteorological data and the
CERES-maize model, with predictions closely approaching actual yields (mean
absolute relative error < 15%). Burdett and Wellen used multiple machine
learning methods to predict maize and soybean yields, with random forest (RF)
achieving the best performance (R? = 0.85 and 0.94, respectively).

Despite extensive research on meteorological yield prediction, few studies have
examined monthly analysis of meteorological impacts on sugarcane yield or de-
veloped models adaptable to multiple sugarcane regions. This study utilizes
daily meteorological observations and sugarcane yield data from five major pro-
duction regions in Guangxi (2002-2019), analyzing correlations between yield
and multi-month continuous meteorological means to identify optimal sensi-
tive periods and assess meteorological impacts during these key time spans.
Processed data were used with long short-term memory (LSTM), BP neural
network (BPNN), support vector machine (SVM), and RF to establish compar-
ative yield prediction models for individual regions. Additionally, the Hodrick-
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Prescott (HP) filter separated meteorological yield from apparent yield, mixed
data from all five regions, and developed general multi-region meteorological
yield prediction models using BPNN, SVM, RF, and LSTM to enable large-
area forecasting.

2 Materials and Methods

2.1 Data Sources The study encompassed five sugarcane planting regions
across different prefecture-level cities in Guangxi, with areas ranging from 870
to 18,500 hectares. Most Guangxi sugarcane regions feature a subtropical mon-
soon climate, with annual mean temperatures of 16.5-23.1°C, >10°C accumu-
lated temperatures of 5000-8300°C, annual precipitation of 1300-2000 mm, and
sunshine duration of 1500-1800 h—providing favorable meteorological condi-
tions for sugarcane growth.

Yield data (2002-2019, 18 crushing seasons) were provided by Guangxi Sugar
Industry Group (formerly Guangxi State Farms Sugar Industry Group), includ-
ing total annual production for each region (specific prefecture names withheld
for confidentiality). Statistical summaries are presented in Table 1 .

Meteorological data were obtained from the National Meteorological Science
Data Center (China Meteorological Data Network, http://data.cma.cn). Daily
datasets (2002-2019) from the five nearest meteorological stations (within 40
km of each region) included 14 factors: precipitation (20:00-08:00, 08:00-20:00,
and 20:00—next day 20:00), maximum wind speed, mean atmospheric pressure,
mean 2-minute wind speed, mean temperature, mean vapor pressure, mean rela-
tive humidity, sunshine hours, minimum pressure, minimum temperature, max-
imum pressure, maximum temperature, and minimum relative humidity. To im-
prove precipitation spatial resolution, we also incorporated the 1 km resolution
monthly precipitation dataset for China (1960-2020) from Qu et al. published
in Science Data Bank [16].

2.2 Data Processing

2.2.1 Yield Data Preprocessing To eliminate regional disparities in multi-
region modeling, we separated meteorological yield (the yield component influ-
enced by meteorological factors) from apparent yield. Crop yield is typically
decomposed into three components: trend yield, meteorological yield, and ran-
dom fluctuation, as shown in Equation (1) [17]:

Y=Y, +Yy +e

where Y is apparent yield (t/ha), Y, is trend yield (t/ha) determined by pro-
duction levels and land productivity, Yy, is meteorological yield (t/ha), and e
is random noise.
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We employed the HP filter [18] for yield separation. For a long time series
{h;} (i=1,2,...,n), it comprises a long-term trend component g, (trend yield)
and short-term fluctuation component ¢, (meteorological yield), as expressed in
Equation (2):

h; =g, + ¢

The HP filter minimizes the sum of squared deviations H between the long-term
trend component g; and the apparent yield series h,;, as shown in Equation (3):

H = i:(hz —9:)° + )‘zn:[(giﬂ —9:) — (9 — 9;,-1)]
— ,

% =1

No universal standard exists for A; values vary by temporal scale. Based on
sugarcane annual yield characteristics, we determined A = 100 [19].

2.2.2 Meteorological Data Processing To validate our meteorological data
processing methodology, we established yield prediction models for individual
regions using processed meteorological data and compared results with previous
methods.

Sugarcane has a 12-14 month growth period, with yield vulnerable to persis-
tent rainfall, strong winds, and low temperatures, with impacts varying by
growth stage. Previous studies typically used whole-growth-period or fixed-
period meteorological means, ignoring objective differences in temporal dura-
tions and dominant factors across growth stages (e.g., 1-2 month seedling stage
requiring appropriate moisture, 2-3 month elongation stage needing substantial
water, 3-4 month maturity stage requiring controlled water to avoid affecting
sugar accumulation, and persistent strong winds/low temperatures during late
growth/maturity causing adverse effects).

We developed a Sensitive Period Analysis Method, constructing 78 continuous
monthly-incremental time spans from annual (January—December) meteorolog-
ical data (e.g., 1 month starting January, 2 months starting January, etc.; 1
month starting February, 2 months starting February, etc.). We calculated me-
teorological means S;; , for each span (i, =1,2,...,12; t = 1,2,...,18) and
analyzed correlations between 14 meteorological means across different spans
and sugarcane yields for each region using Equation (4):

BNy S -Y)
A 18 —_ 18 —
\/thl(sijit - Sij>2 thl(Y; - Y)2

where ¢ represents year, i and j represent months, S;; , is the mean of a meteo-
rological factor from month 7 to j in year ¢, and r;; is the correlation coefficient
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between the meteorological factor mean and yield (78 total). Higher correlation
coefficients indicate greater influence on yield and suitability as model variables.

2.2.3 Data Standardization Meteorological data involve multiple indica-
tors with inconsistent dimensions, affecting modeling. Additionally, significant
yield differences among regions impact model development when using mixed
data. To eliminate dimensional differences and regional yield disparities, we
normalized both meteorological and yield data.

Common normalization methods include linear function normalization and zero-
mean normalization. Considering negative values in sugarcane meteorological
yield, we applied linear function normalization to scale data to [—1, 1] using
Equation (5):

X - X,

Xt _ min

Xmax - Xmin

where X, is the normalized result, X is the original data, and X, ., and X ;,
are the maximum and minimum values in the original dataset.

2.3 Model Construction We employed four algorithms widely used in yield
prediction: RF, SVM, BPNN, and the deep learning algorithm LSTM to es-
tablish both single-region apparent yield prediction models and multi-region
meteorological yield prediction models.

2.3.1 BPNN The BPNN structure comprises an input layer, hidden layer,
and output layer [20]. Prediction accuracy primarily depends on hidden layer
structure, which we determined to be a single layer after multiple trials. The
input layer uses selected sensitive meteorological factors from key time spans;
hidden layer neuron counts were determined via trial-and-error; the output layer
has one node representing yield. To prevent overfitting, we set training epochs to
200, dropout to 0.3, and batch size to 4. Using Region 1 as an example, training
loss curves (Figure 1 [Figure 1: see original paper|) show decreasing training and
validation losses with increasing epochs, indicating model convergence.

2.3.2 SVM SVM model construction requires careful kernel function selection
[21]. We compared linear, polynomial, and radial basis function (RBF) kernels,
ultimately selecting RBF for its superior nonlinear mapping across different data
dimensions. Other parameters were optimized via grid search.

2.3.3 RF RF model development employed grid cross-validation to traverse
parameter dictionaries for optimal parameters [22]. Key parameters include
“n_{estimators}” (number of decision trees), “max_{depth}” (maximum tree
depth), and “max_ {features}” (maximum features considered for node split-
ting). Optimal parameters for each region are listed in Table 2 .
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2.3.4 LSTM The LSTM model [23] contains one input layer, one hidden layer
(25 neurons), and one output layer. Time step was set to 3, training epochs to
40, and batch size to 2.

3 Results and Discussion

3.1 Key Meteorological Factor Analysis Across Regions

3.1.1 Inter-factor Correlation Analysis Annual meteorological means for
14 factors across 78 time spans (14 x 78 data points) were correlated with yield.
For Region 1, a representative correlation heatmap (Figure 2 [Figure 2: see orig-
inal paper]) displays relationships among meteorological factors and yield (time
span details omitted). High inter-factor correlations indicate multicollinearity,
which is detrimental to modeling. We screened highly correlated factors, retain-
ing only one representative factor, ultimately identifying key variables including
sunshine hours, mean 2-minute wind speed, maximum wind speed, minimum
relative humidity, and mean vapor pressure.

3.1.2 Key Meteorological Factors and Sensitive Time Spans Based on
correlation analysis, key sensitive meteorological factors and their critical time
spans for each region are summarized in Table 3 . Substantial differences ex-
ist across regions in both sensitive factors and key periods, with some factors
showing opposite correlations in different regions—primarily because sugarcane
abundance meteorological indicators do not fully align with physiological mete-
orological indicators [24].

Correlation results reveal that during the germination stage, minimum temper-
ature shows significant positive correlation with yield, as appropriate minimum
temperatures enhance enzyme activity in seed stems and accelerate germina-
tion. During the seedling stage, mean temperature exhibits significant positive
correlation, with moderate warming benefiting seedling growth. During elonga-
tion and maturity stages, maximum and mean temperatures show significant
negative correlations; abundant sunlight combined with persistent high temper-
atures exacerbates sugarcane desiccation, reducing yield. During elongation,
minimum temperature shows significant negative correlation due to small di-
urnal temperature ranges that hinder photosynthesis and sugar accumulation;
reducing nighttime temperatures during this stage benefits yield increase.

During tillering, sunshine hours correlate significantly positively with yield, as
good light promotes tillering and increases production. From late elongation to
maturity, sunshine hours correlate significantly negatively with yield; this period
has less precipitation, and excessive light easily causes desiccation, hindering
yield increase. From seedling to tillering stages, maximum wind speed corre-
lates significantly negatively with yield, as strong winds easily break seedlings,
severely affecting later growth and reducing yield.

During germination and elongation, mean vapor pressure correlates significantly
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positively with yield. Vapor pressure correlates significantly positively with pre-
cipitation, temperature, and humidity, influencing yield primarily through other
meteorological factors and serving as a comprehensive indicator—making it valu-
able for assessing meteorological conditions and roughly estimating yield trends.
During elongation to maturity, precipitation correlates significantly positively
with yield, indicating that water demand during these stages is not met by
current precipitation levels, and increasing precipitation benefits yield increase.
During late maturity, minimum relative humidity correlates significantly posi-
tively with yield; drought during this period also reduces yield. Mean relative
humidity affects yield throughout nearly the entire growth period, correlating
significantly positively; it is primarily influenced by rainfall, and increased pre-
cipitation benefits yield increase. Thus, sugarcane has substantial water re-
quirements, but excessive or insufficient precipitation during certain periods is
detrimental, making appropriate precipitation particularly crucial.

3.2 Single-Region Apparent Yield Modeling Data for key sensitive me-
teorological factors and yields were standardized, and 18 years of yield data
(2002—2019) were randomly split into training and testing sets at a 7:3 ratio.
BPNN, SVM, RF, and LSTM models were constructed for each region and
compared. To validate our sensitive period analysis method, we built reference
models using annual mean meteorological factors following Li [10] and compared
results.

3.2.1 BPNN Prediction Model BPNN apparent yield prediction results for
each region are shown in Table 4 . Models based on our key time span sensitive
meteorological factors significantly outperformed the reference method. Region
4 achieved the best results (RMSE = 5.04 t/ha, MAPE = 5.62%), while Region
1 showed the poorest performance (RMSE = 24.34 t/ha).

3.2.2 SVM Prediction Model SVM apparent yield prediction results are
presented in Table 5 . Our data processing method significantly outperformed
the reference approach. Regions 2 and 4 achieved MAPE < 10%, with slightly
better overall precision than BPNN, though improvement was modest, and large
prediction errors persisted for Regions 1 and 5.

3.2.3 RF Prediction Model RF apparent yield prediction results are shown
in Table 6 . Our meteorological factor analysis produced high-precision RF
models for all regions except 1 and 5 (RMSE = 3.5-7.33 t/ha, MAPE = 3.98%—
7.48%). RF outperformed SVM and BPNN overall, though Region 1 and 5
errors remained substantial (RMSE = 31.83 t/ha and 11.22 t/ha, respectively).
Our method demonstrated significant advantages over the reference approach.

3.2.4 LSTM Prediction Model LSTM apparent yield prediction results
are summarized in Table 7 . Our meteorological factor analysis yielded ex-
cellent LSTM models for all five regions (MAPE < 10%), with substantially
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improved overall precision compared to the other three algorithms. The refer-
ence method also showed improved LSTM precision relative to other models,
confirming LSTM’s feasibility for regional yield prediction.

3.2.5 Comparative Model Performance Analysis Figure 3 [Figure 3: see
original paper| presents scatter plots of predicted versus actual values for each
algorithm across all regions. Table 8 compares yield prediction results across
models. Our LSTM model achieved the lowest overall RMSE (10.34 t/ha) and
MAPE (6.85%), with Rv? = 0.8489, demonstrating superior trend fitting. Given
the yield statistics in Table 1, these errors are acceptable. Reference models
using annual meteorological factors [10] showed significantly lower precision.
Our data processing methodology substantially improved prediction accuracy,
with LSTM outperforming BPNN, SVM, and RF.

3.3 Multi-Region Meteorological Yield Modeling For large-area predic-
tion, we separated meteorological yield from apparent yield using HP filtering
[25], mixed data from all five regions, and established general meteorological
yield prediction models using BPNN, SVM, RF, and LSTM. Results are shown
in Table 9 . LSTM performed poorly for multi-region prediction, while RF,
SVM, and BPNN achieved excellent results (Rv? > 0.94). BPNN performed
best (RMSE = 0.98 t/ha, MAPE = 9.59%, Rv? = 0.965).

Our multi-region meteorological yield prediction model, built on mixed data
from five regions, effectively expanded the dataset and significantly improved
prediction performance. HP filtering eliminated regional differences caused by
production conditions and socioeconomic factors, making the general model
more scientifically robust. Our meteorological data processing methodology
proved scientifically sound and unique, with results demonstrating that models
based on processed data significantly outperformed alternatives.

4 Discussion

Single-region prediction results show that BPNN, SVM, RF, and LSTM models
based on our key time span sensitive meteorological factors significantly out-
performed the reference method [10]. LSTM achieved overall RMSE = 10.34
t/ha and MAPE = 6.85%, with Rv? = 0.8489, clearly surpassing the other three
widely-used models. While BPNN, SVM, and RF showed high precision overall,
some regions exhibited lower accuracy. However, LSTM not only achieved the
best overall performance but also maintained MAPE < 10% for all individual
regions, confirming its suitability for regional yield prediction.

For multi-region prediction, SVM, RF, BPNN, and LSTM were used to predict
meteorological yield from mixed samples. BPNN achieved the best performance
(RMSE = 0.98 t/ha, MAPE = 9.59%, Rv? = 0.965), outperforming SVM, RF,
and LSTM, though all except LSTM produced excellent results. This indicates
that LSTM is unsuitable for multi-region joint sugarcane yield prediction.
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Our sensitive period analysis method, correlating 78 monthly continuous time
span meteorological means with yield, identified key meteorological factors for
Guangxi’s five sugarcane regions: sunshine hours, vapor pressure, atmospheric
pressure, temperature, and precipitation. Different factors have different key
time spans, and the same factor may show opposite correlations across periods,
underscoring the practical value of sensitive period analysis. Due to varying
principles and characteristics, different models perform differently on different
datasets, leading to prediction result variations.

In conclusion, establishing general multi-region meteorological yield prediction
models using our methodology is feasible, with prediction errors within accept-
able ranges for both single-region and multi-region scenarios. This approach
provides valuable reference for regional sugarcane yield forecasting.

Conflict of Interest Statement: The authors declare no conflicts of interest
related to this research.
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