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Abstract

This paper proposes a hybrid model that integrates a State-Space Model (SSM) with Ridge regression
to forecast annual rice production by capturing the dynamic cumulative effects of meteorological
variables. Monthly weather data from May to October are sequentially accumulated through state
transitions, and Ridge regression is applied to the final state to mitigate multicollinearity and enhance
predictive stability. The proposed model can also handle partially observed monthly datasets, increasing
its practical applicability.

Empirical analysis using data from the Korea Meteorological Administration and the Statistics Korea
shows that the proposed model closely matches actual production and outperforms simple regression in
Mean Absolute Error (MAE). It also provides reasonable one-year-ahead forecasts, demonstrating its
potential for supporting agricultural policy and farm-level decision-making. This study offers a practical,
interpretable, and robust forecasting framework for agricultural environments with limited and
incomplete data.
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Previous studies have primarily focused on

1. Introduction

Rice is the staple food of the Korean population
and a key agricultural commodity directly linked
to national food security. However, climate
change, abnormal weather events, and
uncertainties in precipitation and temperature
have intensified the variability of rice yields.
Consequently, accurate early prediction of
annual rice production is essential for
agricultural ~ policy formulation, price
stabilization, and informed decision-making by
farmers.

simple regression analyses, time series models
such as ARIMA, or machine learning-based
approaches, including LSTM and random forests.
However, regression models struggle to
adequately capture the cumulative temporal
effects of meteorological variables, time series
models have limited capacity to incorporate
exogenous variables, and machine learning
models often face overfitting issues due to
insufficient data.

To address these limitations, this paper proposes
a hybrid predictive model that combines the state
evolution equation of a state-space model with
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Ridge regression. The proposed model
sequentially aggregates monthly meteorological
data to construct an annual latent state and
employs Ridge regression to learn stable
regression coefficients C, enabling robust yield
prediction under variable climatic conditions.

2. Related Works
2.1 State-Space Model (SSM)

The SSM [1] is a time series framework that
probabilistically represents the relationship
between unobserved latent states and observed
data. The state-space structure provides a general
formulation that encompasses various time series
models, including ARIMA and the Kalman filter.
The general form of an SSM can be expressed as

Xey1 = Axe + Byt y, = Cxy, 1)
where x; denotes the hidden state at time ¢, u; is
the input, y, is the output, and A4,B,C are
learnable  parameters. Building on this
framework, we designed a predictive model that
captures the cumulative effects of meteorological
variables as they evolve over time.

2.2 Ridge Regression

Ridge regression [2] was introduced to address
the instability of ordinary least squares estimates
caused by multicollinearity. It added a
regularization term to the regression equation to
reduce the variance of coefficient estimates and
enhance predictive stability. In this paper, Ridge
regression is employed to prevent the regression
coefficients C from becoming excessively large
and to ensure stable estimation even when
meteorological variables are highly correlated.
The regularization strength a is automatically
determined through cross-validation.

3. Experimental Settings and Model
Training

3.1 Data Collection and Preprocessing

For training, we use meteorological data obtained
from the Korea Meteorological Administration
[3] and annual rice production data from the
Statistics Korea [4]. Daily meteorological data
were aggregated into monthly averages for the
period from May to October, which represents
the major growing season for rice in Korea. The

annual maximum production was set as the target
variable for forecasting.

3.2 State Vector Computation

The proposed predictive model applies a
simplified form of the state evolution structure of
the SSM. Monthly meteorological variables are
sequentially accumulated to reflect dynamical
state evolution over time. The state transition
equation is defined as:

hw =@ hpo1 + X, 2)
Where h,,, denotes the state vector for month m,
¢ is the state decay rate, and x,,, represents the
meteorological variable vector for month m.

3.3 Learning Observation Coefficients
via Ridge Regression

The observation equation of the SSM is
formulated as:

y=C-hg+e, 3)
where y represents the annual rice production,
h, is the final state vector, C denotes the
regression coefficients, and ¢ is the error term.
Ridge regression is applied to estimate C
effectively transforming the accumulated state
information into a relationship with production
output. This enables a quantitative analysis of the
cumulative effects of continuous meteorological
changes on annual production.
Each state vector feature is standardized based on
the training set, and features with zero variance
were stabilized by replacing the denominator
with 1 to prevent numerical instability.

3.4 Experimental Environment

The input variables used for training include
average  humidity, minimum  humidity,
precipitation, sunshine duration, sunshine ratio,
average temperature, maximum and minimum
temperature, diurnal temperature range, and
production.

The Ridge regularization parameter a was
searched over the range [0.01,1000], and the
state decay rate ¢ was searched within
[0.5,0.98]. A minimum of five years of training
data was required.

The decay rate ¢p was selected through rolling
cross-validation, using only data up to the year
immediately preceding the target year.
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3.5 Evaluation Method

Model performance was evaluated by comparing
predicted production with actual annual
production, using Mean Absolute Error (MAE)
as the primary metric. Additionally, the model
generated one-year-ahead forecasts to assess its
generalization capability and future predictive
performance.
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Fig. 1. Rice Production Result of SSM+Ridge
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Fig. 2. Rice Production Result of Linear Regression

4. Results and Discussion

The experimental results demonstrate that the
proposed SSM-Ridge model achieves a high
degree of similarity with actual annual rice
production trends. In terms of MAE, it
outperforms the simple regression baseline, and
the predicted values closely follow the year-to-
year variations observed in the actual data.

Furthermore, the number of methods used (K)
and the selected decay rate (¢) for each year
were visualized to interpret the internal
mechanism of the model. This analysis goes
beyond mere numerical prediction, providing
meaningful insights into how the model

captures temporal accumulation effects
through its state-space structures. Such
interpretability =~ enhances the  model’s

reliability and transparency, which are critical
for real-world decision-making.

These findings suggest that the proposed model
can make practical contributions to

agricultural policy decisions, such as food
supply management, inventory planning, and
farm-level cultivation strategies, by offering
accurate and interpretable forecasts.

5. Conclusions and Future Works

This study presented a hybrid forecasting model
that combines the state evolution structure of an
SSM with Ridge regression, simultaneously
ensuring both predictive accuracy and
interpretability in annual rice production
forecasting.

Future work will involve comparing different
methods of target aggregation (e.g., maximum vs.
average  values), conducting a  more
comprehensive quantitative evaluation against
simple regression models, and extending the
search range of the decay rate (¢) to values
beyond 1.0 to further enhance the model’s
generalization performance.

Overall, this study offers a new direction for
data-driven  agricultural  forecasting by
effectively integrating statistical interpretability
with practical predictive capability.
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