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Abstract 
Accurate rice productivity prediction is essential for agricultural planning, food-security monitoring and climate-risk 
mitigation. In this manuscript, rice productivity refers to the average harvested paddy yield per unit harvested area at 
the district/city-year level, expressed as quintal per hectare (q ha-1). This study proposes a validation-based optimized 
weighted fusion model that integrates Random Forest (RF), Extreme Gradient Boosting (XGBoost) and Long Short-
Term Memory (LSTM) for rice productivity prediction using multi-source agricultural data from districts/cities in 
Central Java, Indonesia, during 2010-2025. The novelty of this approach lies in its constrained, non-negative weight 
optimization using a separate validation period, its controlled comparison against standalone, late-fusion, stacking and 
boosting-based alternatives and its robustness assessment under explicitly defined climate categories. Predictors 
included agricultural area, climate, soil-land, agronomic and engineered temporal rainfall features, while rice 
production was excluded to avoid target leakage. Data from 2010-2020 were used for training, 2021-2022 for 
validation and fusion-weight selection and 2023-2025 for independent future-period testing. The selected weights 
were 0.30 for RF, 0.60 for XGBoost and 0.10 for LSTM. The optimized fusion achieved the lowest RMSE (4.2847) and 
the highest R² (0.2812), while XGBoost remained slightly better in MAE and MAPE. Robustness analysis showed lower 
error under normal climate conditions and acceptable relative error under combined extreme conditions. SHAP 
analysis identified drainage type, soil type, year, sunshine duration, harvested area and rainfall lag features as key 
predictors. The framework improves squared-error stability and provides interpretable evidence for agricultural 
decision support. 
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Introduction 
Rice productivity prediction is an essential 

component of agricultural decision support 

because it helps anticipate yield variability, food-

supply stability and climate-related production 

risks in rice-producing regions. This issue is 

particularly important in Indonesia, where rice 

remains a strategic staple crop and where changes 

in productivity can influence food availability, 

farmer income, market supply and policy planning. 

At the district/city level, rice productivity is 

shaped by non-linear interactions among rainfall, 

temperature, humidity, sunshine duration, soil 

properties, drainage, irrigation reliability, pest 

incidence, planted area, harvested area and 

temporal rainfall memory. Recent food-security 

and climate reports emphasize that agricultural 

production systems are increasingly exposed to 

rainfall variability, drought, floods and other 

climate-related disruptions that may affect staple 

food availability (1, 2). Therefore, forecasting rice 

productivity requires models that can integrate 

agricultural, climate, soil-land, agronomic and 

temporal information in a statistically reliable and 

interpretable manner. Machine learning has been 

widely applied in crop-yield and productivity 

prediction because it can model complex 

relationships among heterogeneous variables that 

are difficult to capture using purely linear 

approaches. Previous reviews have reported that 

weather indicators, soil properties, crop-

management factors, remote-sensing variables 

and spatial information can improve agricultural 

prediction when they are integrated with suitable 

algorithms (3-5). Random Forest (RF) is often used 

for agricultural tabular data because it handles 

non-linear interactions and reduces variance 

through ensemble decision trees (6). Extreme 

Gradient Boosting (XGBoost) is also widely 

adopted because it learns sequential residual 

corrections while controlling model complexity  
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through regularization (7). Long Short-Term 

Memory (LSTM) networks can represent 

sequential patterns in time-dependent variables 

(8). In addition, SHapley Additive exPlanations 

(SHAP) can translate model predictions into 

feature-level contributions, thereby improving 

model interpretation for decision makers (9). 

Despite these developments, existing agricultural 

prediction studies still leave several method-

logical gaps. Some studies report only the best 

standalone model without testing whether a 

hybrid or ensemble approach genuinely improves 

future-period generalization. Other studies use 

simple averaging, which may degrade prediction 

when a weak learner receives the same influence 

as a stronger learner. Stacking can also become 

unstable when the meta-learner is trained on 

limited prediction data rather than on a robust 

validation or out-of-fold procedure. In addition, 

several studies still use random data splitting for 

agricultural time series, which can inflate 

performance by mixing past and future 

observations. These limitations reduce confidence 

when models are expected to support official 

agricultural monitoring, early-warning platforms, 

or farmer-advisory services (10-12). A more 

reliable design should therefore preserve temporal 

order, avoid target leakage and select model 

combinations without using future test 

information. Another unresolved issue is the 

relationship between predictive accuracy and 

climate-condition robustness. Rice productivity is 

not only affected by normal seasonal variability, 

but also by climate extremes such as drought, 

excessive rainfall, delayed water availability, 

drainage stress and pest pressure. Previous 

studies have shown that machine-learning models 

can be sensitive to climate patterns and local 

management conditions (13, 14). However, many 

crop-productivity studies evaluate only overall 

test error without separately examining normal, 

wet-extreme, dry-extreme and combined-extreme 

conditions. As a result, it remains difficult to 

determine whether a model performs consistently 

across climate circumstances relevant for 

agricultural risk management. This is important 

because a model with good average performance 

may still produce large errors during extreme 

years, when reliable early-warning information is 

most needed. 

The current research gap is therefore the need for 

a leakage-controlled, validation-based and 

interpretable fusion framework for rice produc-

tivity prediction using multi-source agricultural 

data. The novelty of this study is not merely the 

combination of RF, XGBoost and LSTM. Instead, the 

study proposes a constrained non-negative 

weighted-output fusion in which model weights 

are selected only from the validation period and 

then fixed for independent future-year testing. 

This differs from boosting, which relies on a single 

sequential tree mechanism; from simple 

ensembles, which assign equal weights; from 

stacking, which requires a second-stage learner; 

and from many hybrid approaches that report only 

aggregate accuracy. The proposed framework 

jointly evaluates predictive accuracy, climate-

condition robustness and SHAP-based 

interpretation (15-17). By combining these 

elements, the study provides an analytical basis for 

understanding when and why the model performs 

well or poorly. 

Central Java, Indonesia, was selected as the study 

area because it is a major rice-producing region 

with diverse agroecological and management 

conditions. Differences in rainfall, drainage, soil 

type, irrigation systems, land characteristics and 

pest occurrence can influence productivity 

patterns, making the region suitable for evaluating 

a multi-source prediction framework (18-21). The 

district/city-year unit of analysis is relevant for 

policy use because agricultural statistics and 

climate-risk responses are commonly organized at 

administrative levels. This aggregation requires 

careful interpretation because district-level 

productivity represents average harvested paddy 

yield rather than individual farm-level yield (22-

27). The overarching aim of this study is to develop 

an interpretable optimized weighted fusion 

framework for rice productivity prediction at the 

district/city-year level in Central Java, Indonesia 

(28-31). The specific objectives are:  

(a) to define and construct rice productivity as 

harvested paddy yield per hectare using multi-

source agricultural data;  

(b) to compare RF, XGBoost, LSTM, late fusion, 

stacking and optimized weighted fusion under 

the same temporal forecasting design;  

(c) to evaluate model robustness under normal, 

extremely wet, extremely dry and combined 

extreme climate conditions; and  
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(d) to interpret the strongest productivity drivers 

using SHAP (32-36).  

The expected contribution is a transparent 

decision-support model that can complement 

existing agricultural monitoring systems rather 

than replace official statistics or expert judgment 

(37, 38). 
 

Methodology 
Study Area and Dataset 
The study used district/city-level agricultural and 

environmental data from Central Java Province, 

Indonesia, covering 2010-2025. The research site 

is in Central Java, which lies approximately 

between 5.67°S-8.50°S and 108.50°E-111.50°E, 

with an approximate provincial centroid at 7.15°S 

and 110.14°E. The final dataset contained 560 

district/city-year observations. Rice productivity 

was defined as the average harvested paddy yield 

per unit harvested area for each district/city and 

year, expressed in quintal per hectare (q ha-1). It 

was calculated from official production and 

harvested-area statistics as total paddy production 

divided by harvested area and converted to q ha-1 

where necessary. Therefore, rice productivity in 

this study represents average district/city-level 

productivity rather than individual farm-level 

yield. The 2025 records refer to the available 

institutional records at the time of dataset 

compilation; if final official 2025 statistics are not 

yet available at submission, the authors should 

label these records as provisional or restrict the 

final analysis period to confirmed records. 

Predictors included agricultural variables, climate 

variables, soil and land variables, agronomic 

variables and engineered temporal rainfall 

features. Agricultural variables included planted 

area and harvested area. Climate variables 

included rainfall, humidity, average temperature, 

sunshine duration, wind speed and extreme 

rainfall. Soil and land variables included soil type, 

soil pH, soil texture, soil moisture and drainage 

type. Agronomic variables included irrigation 

system and dominant pest type. Temporal features 

included rainfall lag-1, lag-2, lag-3, a three-period 

rainfall moving average, rainfall anomaly, SPI and 

extreme dry/wet flags. 

Table 1 summarizes the data components used in 

this study. The table is placed in the Methodology 

section because it clarifies the source and role of 

each data group before model development. These 

data components were harmonized into a 

district/city-year unit of analysis before 

preprocessing and model training. 
 

Table 1: Main Components of the Multi-source Dataset 

Data Component Variables or Examples Data Source and Documentation to Cite 

Agricultural data Planted area, harvested area, 

productivity 

BPS-Statistics Indonesia; BPS Province of Central 

Java; provincial/district agricultural agency 

records 

Climate data Rainfall, humidity, temperature, 

sunshine duration, wind speed, 

extreme rainfall 

BMKG station data, official climate summaries, or 

equivalent gridded climate products 

Soil and land data Soil type, soil texture, soil pH, soil 

moisture, drainage type 

Land-resource maps, soil databases and 

institutional land-information records 

Agronomic data Irrigation system, dominant pest type Provincial/district agricultural agency records 

and crop-protection reports 

Temporal features Rain_Lag_1, Rain_Lag_2, Rain_Lag_3, 

Rain_MA_3, SPI, Rain_Anomaly 

Engineered by the authors from harmonized 

rainfall series 

Note: BPS = Statistics Indonesia; BMKG = Meteorology, Climatology and Geophysical Agency; MA = Moving Average; Rain_MA_3 = 
three-period rainfall moving average; SPI = Standardized Precipitation Index. 
 

Data Source and Unit of Analysis 
The unit of analysis was district/city-year. 

Agricultural statistics were compiled from BPS-

Statistics Indonesia, BPS Province of Central Java 

and provincial or district agricultural agency 

records, including harvested area, planted area, 

production and productivity records derived from 

official survey, administrative and Area Sampling 

Frame-based reporting systems where available. 

Climate variables were compiled from 

meteorological records provided by the 

Meteorology, Climatology and Geophysical Agency 

(BMKG) or equivalent station/gridded climate 

products. Daily or monthly climate observations 

were aggregated into annual district/city indica-

tors, including rainfall totals or averages, humidity, 

average temperature, sunshine duration, wind 
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speed, rainfall anomaly and SPI. Soil-land variables 

were compiled from land-resource maps and 

institutional soil information, while agronomic 

variables such as irrigation system and dominant 

pest type were obtained from agricultural agency 

records. The spatial coverage included districts/ 

cities in Central Java with complete matched 

records across agricultural, climate, soil-land and 

agronomic sources during the study period. 

Because the original sources used different spatial 

and temporal resolutions, all variables were 

harmonized to district/city-year observations 

before modeling by matching administrative 

codes, year labels, units and variable definitions. 

Quality assurance included duplicate-record 

checks, unit consistency checks, missing-value 

inspection, range and outlier screening, cross-

comparison with official annual trends and 

verification that production was excluded from the 

predictor set to avoid target leakage. 

Preprocessing and Leakage Control 
Preprocessing included checking data structure, 

missing values, variable types, duplicate records, 

anomalous entries and consistency between 

district/city identifiers and observation years. The 

final modeling dataset did not contain missing 

values. Categorical variables such as region, soil 

type, soil texture, soil moisture, drainage type, 

irrigation system and dominant pest type were 

encoded into numerical codes. Quality assurance 

was performed before modeling by standardizing 

measurement units, comparing descriptive 

statistics with official summaries, identifying 

impossible or implausible values and correcting 

only clearly documented data-entry anomalies. A 

constant fertilizer-code variable was excluded 

because it had no useful variation. An anomalously 

low average-temperature value was corrected 

using the median to reduce the influence of data-

entry error. Rice production was removed from the 

feature set because rice productivity is 

mathematically derived from production and 

harvested area. This leakage-control step ensured 

that models learned from explanatory agricultural, 

climate, soil and temporal predictors rather than 

from direct target information. 

Climate-aware Feature Engineering 
Feature engineering was conducted to represent 

delayed and accumulated climate effects. 

Rain_Lag_1, Rain_Lag_2 and Rain_Lag_3 represen-

ted rainfall from previous periods. Rain_MA_3 

represented a three-period moving average of 

rainfall. Rain_Anomaly represented the deviation 

of rainfall from the historical mean. SPI was 

calculated by standardizing rainfall using the 

historical mean and standard deviation. 

Extreme_Dry_Flag and Extreme_Wet_Flag identi-

fied dry and wet extreme observations. These 

features were included because rice productivity 

may respond not only to current rainfall, but also 

to previous water availability, soil moisture carry-

over, planting decisions, irrigation reliability and 

pest dynamics. 

Temporal Train-validation-test Design 
To simulate a realistic forecasting scenario, the 

dataset was split temporally into three non-

overlapping segments. Observations from 2010-

2020 were used for base-model training,  

observations from 2021-2022 were used for 

validation and fusion-weight selection and 

observations from 2023-2025 were retained as an 

independent future-period test set. This division 

was considered sufficient for the present 

district/city-year forecasting task because the 

2010-2020 training period covers eleven annual 

rice-production cycles and therefore captures 

interannual climatic variability, recurrent wet and 

dry phases and long-term district-level agricul-

tural patterns. The 2021-2022 validation period 

provides a chronologically later tuning window for 

selecting hyperparameters and fusion weights 

without using future test information. The 2023-

2025 test period then evaluates whether the final 

model generalizes to the most recent unseen years, 

which is closer to a real forecasting application 

than random splitting. Although this split cannot 

represent every possible long-term climate 

regime, it preserves temporal ordering, reduces 

optimistic bias and is complemented by a separate 

robustness analysis under normal, extremely wet, 

extremely dry and combined extreme climate 

conditions. Hyperparameters and fusion weights 

were not selected using the test set. 

Base Learners and Hyperparameters 
RF was used as a variance-reduction learner for 

non-linear tabular patterns. XGBoost was used as a 

regularized boosting learner for strong structured-

data prediction. LSTM was used as a temporal 

learner to capture sequential information from 

lagged rainfall, SPI, rainfall anomaly and other 

climate-related features. The hyperparameter 

optimization process was conducted in a 
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validation-based manner. For RF, candidate 

settings varied the number of trees, maximum 

depth, minimum split size, minimum leaf size and 

feature-sampling strategy; the final configuration 

was selected according to validation RMSE while 

maintaining stable out-of-sample error. For 

XGBoost, the tuning process examined learning 

rate, number of estimators, maximum depth, 

subsampling ratio, column-sampling ratio and L2 

regularization, with early stopping monitored on 

the validation period where applicable. For LSTM, 

sequence length, hidden units, dropout rate, batch 

size, learning rate, number of epochs and early-

stopping patience were tuned using validation 

RMSE and loss convergence. Numerical predictors 

were scaled where required by the algorithm, 

categorical predictors were encoded consistently 

within the temporal split and random seeds were 

fixed to improve reproducibility. The final 

implementation settings are summarized in Table 

2 and Table 3. 

Table 2 describes the functional role of each model 

in the proposed framework. RF provides stable 

tabular learning, XGBoost serves as the dominant 

structured-data learner and LSTM captures 

temporal climate representations. The table also 

explains that optimized weighted fusion integrates 

the prediction outputs rather than raw variables. 
 

Table 2: Model Roles in the Proposed Framework 

Model Main Role Input Emphasis 

Random Forest Variance reduction and tabular 

pattern learning 

Soil, area, climate and agronomic 

variables 

XGBoost Residual correction and strong 

tabular prediction 

All encoded tabular and engineered 

features 

LSTM Sequential climate pattern learning Lagged rainfall, SPI, rainfall 

anomaly and climate variables 

Optimized weighted fusion Validation-based integration of 

model predictions 

Pred_RF, Pred_XGB and Pred_LSTM 

Note: RF = Random Forest; XGBoost = Extreme Gradient Boosting; XGB = XGBoost; LSTM = Long Short-Term Memory; SPI = 
Standardized Precipitation Index; Pred = prediction or predicted output; Pred_RF = prediction generated by Random Forest; 
Pred_XGB = prediction generated by XGBoost; Pred_LSTM = prediction generated by Long Short-Term Memory. 
 

Table 3 provides the final hyperparameter 

configuration used for reporting. This table 

improves reproducibility because it allows other 

researchers to rerun the base learners and fusion 

process under the same settings. The validation 

criterion and selected weights are included to 

clarify that the test set was not used during model 

selection. 
 

Table 3: Final Model Configuration for Reproducibility 

Model Final Configuration Used for Reporting 

Random Forest n_estimators = 500; max_depth = None; min_samples_split = 2; min_samples_leaf = 1; 

max_features = sqrt; bootstrap = True; random_state = 42. Purpose: robust tabular baseline 

and complementary learner. 

XGBoost objective = reg:squarederror; n_estimators = 300; max_depth = 3; learning_rate = 0.05; 

subsample = 0.80; colsample_bytree = 0.80; reg_lambda = 1.0; random_state = 42. Purpose: 

dominant structured-data learner. 

LSTM sequence_length = 3; LSTM units = 32; dropout = 0.20; dense output = 1; optimizer = Adam; 

learning_rate = 0.001; loss = MSE; epochs = 200; batch_size = 16; early_stopping_patience = 

20; scaler = MinMaxScaler. Purpose: temporal learner for lagged climate signals. 

Optimized fusion validation criterion = RMSE; non-negative weights; sum of weights = 1; grid step = 0.05; 

selected weights: RF = 0.30, XGBoost = 0.60, LSTM = 0.10. Purpose: validation-based 

prediction integration. 

Note: RF = Random Forest; XGBoost = Extreme Gradient Boosting; LSTM = Long Short-Term Memory; RMSE = root mean squared 
error; MSE = mean squared error; sqrt = square root; reg:squarederror = regression with squared-error objective; MinMaxScaler = 
minimum–maximum feature scaling method. 
 

Optimized Weighted Fusion 

The final weighted prediction was computed using 

Equation [1]. This equation is cited here because it 

defines the fusion output before the complete 

mathematical formulation is provided. Candidate 

weights were searched on the validation set using 

RMSE as the primary criterion with a grid step of 

0.05 and a non-negative weight constraint. After 
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the best weights were selected, they were fixed and 

evaluated on the independent future test set. 
 

y_hat_i = w_RF*y_RF,i + w_XGB*y_XGB,i + w_LSTM*y_LSTM,i,  w_RF + w_XGB + w_LSTM = 1     [1] 
 

The selected combination was w_RF = 0.30, w_XGB = 0.60 and w_LSTM = 0.10, indicating that XGBoost 

contributed the strongest predictive signal, RF provided complementary tabular stability and LSTM 

contributed a smaller temporal signal. 
 

Evaluation Metrics and Interpretability 
Model performance was evaluated using root 

mean squared error (RMSE), mean absolute error 

(MAE), mean absolute percentage error (MAPE) 

and coefficient of determination (R²). RMSE was 

used as the primary selection criterion because it 

penalizes larger errors. MAE and MAPE were used 

to assess absolute and relative prediction error. R² 

was used to evaluate the proportion of target 

variation explained by the model. Climate-

condition classes were defined using SPI and  

rainfall-anomaly thresholds to ensure reproduce-

bility. Normal climate observations were defined 

as -1.0 < SPI < 1.0 and rainfall anomaly between -1 

and +1 standard deviation. Extremely dry 

observations were defined as SPI <= -1.0 or rainfall 

anomaly <= -1 standard deviation. Extremely  

wet observations were defined as SPI >= 1.0 or 

rainfall anomaly >= +1 standard deviation. 

Combined extreme observations were defined as 

the union of extremely dry and extremely wet 

observations. These thresholds follow the common 

interpretation that SPI values between -1.0 and 

+1.0 indicate near-normal precipitation, while 

values beyond these limits represent moderate to 

severe wet or dry departures. Robustness was then 

assessed by calculating the same error metrics 

within each climate subset. SHAP analysis was 

applied to the XGBoost component because it 

received the largest fusion weight and represented 

the dominant tabular learner in the final ensemble. 

The mathematical expressions of the performance 

metrics and model outputs are provided in the 

mathematical formulation subsection. 

Figure 1 illustrates the complete modeling 

workflow used in this study. The workflow starts 

with multi-source agricultural data and applies 

preprocessing and leakage control before training 

RF, XGBoost and LSTM. The model outputs are 

combined using validation-selected weights and 

the final predictions are evaluated on the 

independent future test period. The figure also 

shows that robustness analysis and SHAP 

interpretation are performed after test-year 

prediction. 
 

 
Figure 1: Experimental Workflow for Validation-based Optimized Weighted Fusion. The Workflow Shows 

Data Preprocessing, Climate-aware Feature Engineering, Base Model Training, Validation-based Weight 

Optimization, Future-year Testing, Robustness Analysis and SHAP Interpretation 
 

Figure 2 presents the temporal trend of average 

rice productivity from 2010 to 2025. The graph 

helps contextualize the train-validation-test split 

by showing the variation observed across years. 

The visible fluctuations indicate that the dataset 

contains both productivity increases and 

decreases, which is relevant for evaluating future-

period forecasting ability. The error bars 
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summarize the uncertainty of district/city 

observations within each year. 
 

 
Figure 2: Average Rice Productivity Trend in the Study Dataset. Error Bars Indicate the Standard Error 

Across District/City Observations and Grid Lines Were Removed for Journal Artwork Compliance. The X 

Axis Represents Observation Year and the Y Axis Represents Rice Productivity in Q Ha-1 
 

Mathematical Formulation and Model 

Output Equations 
To strengthen reproducibility, this subsection 

presents the equations that form the basis and 

output of the target construction, climate-aware 

feature engineering, base learners, fusion 

strategies, evaluation metrics, robustness analysis 

and SHAP interpretation.  

Let x_i denote the predictor vector of observation 

i, y_i denote the observed productivity value and 

y_hat_i denote the predicted productivity value.  

Rice productivity is expressed as harvested paddy 

yield per hectare at the district/city-year level, as 

shown in Equation [2]. Production was not used as 

an input predictor because productivity is 

mathematically derived from production and 

harvested area. 
 

yi = Productivityi =
Productioni

HarvestedAreai
 [2] 

 

Climate-aware temporal features were constructed to represent rainfall memory, accumulated rainfall, 

rainfall anomaly and standardized precipitation Equations [3-6]. 
 

RainLagk,t = Raint−k, k ∈ {1,2,3} [3] 
 

RainMA3,t =
Raint+Raint−1+Raint−2

3
 [4] 

 

RainAnomalyt = Raint − μrain [5] 
 

SPIt =
Raint−μrain

σrain
 [6] 

 

The Random Forest prediction is obtained by averaging the outputs of B regression trees, as expressed in 

Equation [7]: 

ŷRF(xi) =
1

B
∑ Tb
B
b=1 (xi) [7] 

 

The XGBoost prediction is an additive ensemble of M regression trees. Equations [8-10] describe the 

additive output, objective function and regularized loss. 
 

ŷXGB(xi) = ∑ fm
M
m=1 (xi), fm ∈ ℱ [8] 

 

Obj(m) = ∑ ℓn
i=1 (yi, ŷi

(m−1) + fm(xi)) + Ω(fm) [9] 
 



Kusumodestoni et al.,                                                                                                                                        Vol 7 ǀ Issue 3 

1537 

 

Ω(f) = γK +
1

2
λ∑ wj

2K
j=1  [10] 

 

The LSTM learner models temporal climate representations through the gate, cell-state and hidden-state 

equations shown in Equations [11-17]. 
 

it = σ(Wi[ht−1, xt] + bi) [11] 
 

ft = σ(Wf[ht−1, xt] + bf) [12] 
 

c̃t = tanh(Wc[ht−1, xt] + bc) [13] 
 

ct = ft ⊙ ct−1 + it ⊙ c̃t [14] 
 

ot = σ(Wo[ht−1, xt] + bo) [15] 
 

ht = ot ⊙ tanh(ct) [16] 
 

ŷLSTM = WyhT + by [17] 
 

Late-fusion baselines used unweighted averaging, while the optimized weighted fusion used validation-

selected non-negative weights. These outputs are formalized in Equations [18-22]. 
 

ŷLF−RF−XGB =
ŷRF+ŷXGB

2
 [18] 

 

ŷLF−RF−XGB−LSTM =
ŷRF+ŷXGB+ŷLSTM

3
 [19] 

 

ŷOWF = wRFŷRF + wXGBŷXGB + wLSTMŷLSTM [20] 
 

wRF + wXGB + wLSTM = 1, wj ≥ 0 [21] 
 

(wRF
* , wXGB

* , wLSTM
* ) = arg min

w
 RMSEval(y, ŷOWF) [22] 

 

The stacking baseline uses the predictions of the base models as meta-features and learns a second-stage 

mapping, as shown in Equations [23, 24]. 
 

zi = [ŷRF(xi), ŷXGB(xi)] [23] 
 

ŷSTACK(xi) = g(zi) [24] 
 

The evaluation outputs were calculated using RMSE, MAE, MAPE and R2 in Equations [25-28]. Robustness 

analysis and SHAP interpretation are described in Equations [29, 30]. 
 

RMSE = √
1

n
∑ (yi − ŷi)

2n
i=1  [25] 

 

MAE =
1

n
∑ |yi − ŷi|
n
i=1  [26] 

 

MAPE =
100

n
∑ |

yi−ŷi

yi
|n

i=1  [27] 

R2 = 1 −
∑ (yi−ŷi)

2n
i=1

∑ (yi−y‾)
2n

i=1

 [28] 

 

RMSEc = √
1

|Dc|
∑ (yi − ŷi)

2
i∈Dc  [29] 

 

f(xi) = ϕ0 + ∑ ϕj
p
j=1 (xi) [30]
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Results  
Baseline Performance 
The baseline results show that XGBoost was the 

strongest standalone model. RF achieved RMSE = 

4.3690, MAE = 3.3549, MAPE = 5.9287% and R² = 

0.2526. XGBoost improved performance with 

RMSE = 4.3244, MAE = 3.1605, MAPE = 5.5069% 

and R² = 0.2678. LSTM produced weaker 

standalone results, with RMSE = 8.0274 and R² = -

0.6592. This indicates that the annual-resolution 

sequence representation was insufficient for LSTM 

to outperform tree-based tabular models. The 

finding is important because it shows that model 

complexity alone does not guarantee improved 

agricultural prediction. 

Table 4 presents the baseline performance of the 

standalone models. The table is important because 

it establishes the reference point before evaluating 

fusion alternatives. XGBoost provides the 

strongest standalone result, whereas LSTM 

performs poorly in this annual-resolution setting. 

This confirms that all fusion results should be 

interpreted relative to a strong XGBoost baseline. 
 

Table 4:  Baseline Model Performance 

Model RMSE MAE MAPE (%) R2 

Random Forest 4.369046 3.354935 5.928732 0.252605 

XGBoost 4.324424 3.160500 5.506889 0.267794 

LSTM 8.027424 5.921450 9.488234 -0.659247 

Note: RF = Random Forest; XGBoost = Extreme Gradient Boosting; LSTM = Long Short-Term Memory; RMSE = root mean squared 
error; MAE = mean absolute error; MAPE = mean absolute percentage error; R2 = coefficient of determination. Lower RMSE, MAE and 
MAPE and higher R2 indicate better performance. 
 

Figure 3 compares RMSE values across standalone 

and fusion models. The optimized weighted fusion 

achieved the lowest RMSE, while the LSTM and 

stacking baselines produced larger errors. The 

figure provides visual evidence that validation-

based weighting can improve squared-error 

performance over naive model combination. The 

error bars indicate uncertainty in test residuals, 

which helps evaluate the stability of the 

differences. 
 

 
Figure 3: RMSE Comparison Across Evaluated Models. Error Bars Represent Bootstrap-Based 

Uncertainty Intervals from Test Residuals; Lower Values Indicate Better Squared-error Performance 
 

Figure 4 presents the relative prediction error 

across all evaluated models. XGBoost remains 

slightly better in MAPE than the optimized fusion, 

even though the optimized fusion has the lowest 

RMSE. This difference is important because it 

shows that model ranking can vary across metrics. 

The figure supports the interpretation that the 

proposed method primarily improves squared-

error stability rather than every error criterion. 
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Figure 4: MAPE Comparison Across Evaluated Models. Error Bars Represent Bootstrap-based 

Uncertainty Intervals from Test Residuals; Lower Values Indicate Better Relative Error Performance 
 

Fusion Performance 
The fusion experiments demonstrate that the 

choice of fusion strategy strongly affects prediction 

quality. Late Fusion RF-XGB achieved RMSE = 

4.3002 and R² = 0.2760, improving slightly over 

the standalone tree-based models in RMSE. 

However, Late Fusion RF-XGB-LSTM achieved 

RMSE = 4.4366, indicating that assigning equal 

influence to a weak LSTM component can degrade 

combined prediction. Stacking RF-XGB performed 

poorly in this preliminary setting, with RMSE = 

7.0135, suggesting that stacking requires proper 

out-of-fold construction and sufficient meta-

training data. In contrast, optimized weighted 

fusion achieved the best RMSE (4.2847) and R² 

(0.2812), confirming that fusion is beneficial when 

learner contributions are selected through 

validation rather than assumed equal.  

Table 5 extends the baseline comparison by 

including late fusion, optimized weighted fusion 

and stacking. It shows that not all fusion methods 

improve performance. Equal-weight fusion beco-

mes less effective when the weaker LSTM 

component is included. The optimized fusion 

provides the most balanced improvement by 

limiting the LSTM weight and retaining the 

dominant contribution of XGBoost. 
 

Table 5: Performance Comparison of Baseline and Fusion Models 

Model RMSE MAE MAPE (%) R2 

Random Forest 4.369046 3.354935 5.928732 0.252605 

XGBoost 4.324424 3.160500 5.506889 0.267794 

LSTM 8.027424 5.921450 9.488234 -0.659247 

Late Fusion RF-XGB 4.300160 3.223313 5.656415 0.275987 

Late Fusion RF-XGB-LSTM 4.436620 3.284496 5.668422 0.229307 

Optimized Weighted Fusion RF-

XGB-LSTM 

4.284739 3.177932 5.535749 0.281171 

Stacking RF-XGB 7.013492 5.703519 9.353674 0.077371 

Note: RF = Random Forest; XGBoost = Extreme Gradient Boosting; LSTM = Long Short-Term Memory. RMSE, MAE, MAPE and R2 are 

calculated on the independent 2023-2025 test period. The optimized fusion used weights selected only from the validation period. 
 

Robustness Under Climate Conditions 
Robustness analysis was conducted by separating 

test observations into normal, extremely wet, 

extremely dry and combined extreme climate 

conditions using the SPI and rainfall-anomaly 

thresholds defined in the Methodology section. 

Normal observations satisfied -1.0 < SPI < 1.0 and 

rainfall anomaly within +/-1 standard deviation; 

extremely dry observations satisfied SPI <= -1.0 or 

rainfall anomaly <= -1 standard deviation; 

extremely wet observations satisfied SPI >= 1.0 or 

rainfall anomaly >= +1 standard deviation; and 

combined extreme observations consisted of both 

extremely dry and extremely wet cases. The 

optimized weighted fusion model performed best 
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under normal conditions, achieving RMSE = 3.4029 

and MAPE = 4.5998%. Under combined extreme 

conditions, RMSE increased to 6.4218 and MAPE 

increased to 8.6945%. Although error increased 

during climate extremes, the relative error 

remained below 10%, suggesting acceptable but 

not perfect robustness. 

Table 6 evaluates the final model under different  

climate conditions. This table is essential because 

a model with acceptable overall performance may 

still fail during extreme climate periods. The result 

shows that error increases under wet and dry 

extremes, but the relative error remains below 

10%. This supports the use of the model as a 

decision-support tool with caution during climate 

anomalies. 
 

Table 6: Robustness Analysis by Climate Condition 

Climate Condition N RMSE MAE MAPE (%) R2 

Normal 81 3.402870 2.592194 4.599826 0.288200 

Extremely wet 15 6.443048 4.918952 8.349985 -0.418123 

Extremely dry 9 6.386261 5.547875 9.268670 0.593115 

Combined extreme 24 6.421812 5.154798 8.694491 0.267072 

Note: Normal = -1.0 < SPI < 1.0 and rainfall anomaly within +/-1 standard deviation; extremely dry = SPI <= -1.0 or rainfall anomaly 

<= -1 standard deviation; extremely wet = SPI >= 1.0 or rainfall anomaly >= +1 standard deviation; combined extreme = union of 

extremely dry and extremely wet cases. 
 

Figure 5 visualizes the robustness results by 

comparing RMSE under normal and extreme 

climate conditions. Normal conditions produce the 

lowest RMSE, whereas extremely wet, extremely 

dry and combined extreme conditions generate 

higher errors. The figure confirms that climate 

extremes remain more difficult to predict. This 

visualization complements Table 6 by showing the 

magnitude of error differences across climate 

categories. 
 

 
Figure 5: RMSE Under Normal and Extreme Climate Conditions. Error Bars Represent Uncertainty 

Intervals Across Test Observations Within Each Climate Subset 
 

Interpretability Analysis 
SHAP analysis was applied to the XGBoost 

component because it had the largest fusion 

weight. The most influential predictors were 

drainage type, soil type, year, sunshine duration, 

harvested area, Rain_Lag_1, humidity, Rain_Lag_3, 

soil pH and wind speed. These results indicate that 

rice productivity was not governed by climate 

alone. Land and water-management conditions 

played a central role in the prediction process. 

Drainage type had the highest mean absolute SHAP 

value, suggesting that water regulation and land 

hydrology were crucial for productivity. Soil type 

was also highly influential, reflecting the 

importance of physical soil conditions for water 

retention, nutrient availability and crop response. 

Rainfall lag features demonstrate that previous 

rainfall conditions contributed to productivity 

outcomes. 

Table 7 ranks the strongest explanatory features 

derived from SHAP analysis. The table indicates 
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that drainage and soil characteristics dominate the 

prediction process. Rainfall lags remain relevant 

but are not the only drivers of productivity. This 

reinforces the need to combine climate, soil-land 

and management-related variables in rice-

productivity prediction.
 

Table 7. Top explanatory features based on SHAP 

Rank Feature Mean |SHAP| 

1 Drainage type 1.230348 

2 Soil type 0.833692 

3 Year 0.770592 

4 Sunshine duration 0.698169 

5 Harvested area 0.560543 

6 Rain lag-1 0.397453 

7 Humidity 0.380367 

8 Rain lag-3 0.355690 

9 Soil pH 0.346438 

10 Wind speed 0.314964 

Note: Mean |SHAP| indicates the mean absolute contribution of each predictor to the XGBoost component across test observations 
 

Figure 6 presents the same SHAP ranking as a 

horizontal bar chart. The Y axis title has been 

added to clearly identify the feature dimension, 

while the X axis represents mean absolute SHAP 

value. Drainage type has the largest contribution, 

followed by soil type, year and sunshine duration. 

The figure makes the interpretability results easier 

to compare visually across predictors. 
 

 
Figure 6: Top Ten Explanatory Features Based on SHAP Values. Error Bars Represent Variation in 

Absolute SHAP Values Across Test Observations 
 

Discussion 
The results support the argument that optimized 

fusion is more reliable than naive fusion. While 

XGBoost was the best single model, the optimized 

weighted fusion reduced RMSE and increased R². 

The improvement was modest, but meaningful 

because it was obtained under a future-period 

evaluation design and after comparing several 

baseline and fusion alternatives. The result also 

suggests that XGBoost should remain the dominant 

component in structured agricultural prediction 

tasks, while RF and LSTM can provide 

complementary information when their influence 

is properly controlled. 

Comparative positioning with previous studies. 

The finding that XGBoost was the strongest 

standalone model is consistent with comparative 

crop-yield studies reporting that boosting 

algorithms are often competitive on structured 

agricultural datasets with mixed climate, soil and 

management predictors (23, 24, 28). However, the 
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present study differs from those studies by 

showing that the best standalone boosting model 

can still be marginally improved in squared-error 

performance when its output is combined with RF 

and a small LSTM contribution through validation-

selected weights. The weak standalone LSTM 

result is also consistent with studies noting that 

deep sequential models generally require dense 

monthly, seasonal, or remote-sensing time series 

to outperform tabular learners (7, 18, 35). 

Compared with recent hybrid and explainable 

agricultural models, this study contributes a 

simpler but more transparent fusion equation, 

explicit leakage control and climate-condition 

robustness analysis, thereby complementing 

studies that emphasize model complexity or 

image-based crop diagnosis (13, 20, 36, 37). These 

comparisons indicate that the proposed method is 

most useful when the available dataset is multi-

source but still primarily tabular and annual, 

where transparent weighting may be more reliable 

than highly complex deep architectures. 

Comparison with official monitoring and 

forecasting systems. In Indonesia, rice statistics 

and production outlooks are commonly supported 

by official agricultural statistics, administrative 

reporting, BMKG climate monitoring and Area 

Sampling Frame-based harvested-area estimation 

used by BPS. At the global level, monitoring 

programs such as the FAO Global Information and 

Early Warning System (GIEWS) and the 

Agricultural Market Information System (AMIS) 

combine official statistics, market information, 

climate indicators and expert assessments to track 

food supply conditions and emerging risks (35-

37). The proposed framework differs from these 

operational systems because it focuses on 

district/city-level productivity prediction using 

machine-learning fusion and interpretable feature 

attribution.  

Critical Interpretation and Limitations 
The R² value of the final model remained relatively 

low, indicating that a substantial proportion of 

productivity variation was not explained by the 

available predictors. This should not be 

interpreted as model failure, but as evidence that 

rice productivity is influenced by additional 

variables that were not fully represented. 

Important omitted variables include labor 

availability, mechanization level, irrigation 

investment, agricultural subsidies, rice variety, 

seed quality, fertilizer dose and timing, planting 

calendar, pest intensity, irrigation volume, farming 

technology, extension support and satellite-

derived vegetation indices. The absence of labor, 

mechanization, investment and subsidy variables 

may explain part of the unexplained variance 

because these factors influence the timeliness of 

cultivation, water-control capacity, input 

accessibility and farmers' ability to respond to 

climate stress. Therefore, the proposed model is 

best interpreted as an early-stage decision-

support framework rather than a final operational 

forecasting system. In addition, the RMSE 

improvement over XGBoost was modest; 

therefore, the study emphasizes squared-error 

stability and interpretability rather than claiming 

overwhelming superiority. Future improvements 

should include higher-resolution temporal data, 

spatial-temporal validation, remote sensing 

indicators, richer agronomic and socioeconomic 

variables, out-of-fold stacking and bootstrap or 

paired-error statistical tests to quantify whether 

performance differences are statistically 

significant. 

Applicability to Other Rice-growing 

Locations 
The proposed framework is applicable to other 

rice-growing locations, but it should not be 

transferred without local recalibration. For 

irrigated lowland areas, the same framework can 

emphasize irrigation reliability, drainage, soil 

texture, planting area and rainfall-memory 

features. For rainfed, coastal, upland, or flood-

prone rice systems, additional local variables such 

as tidal influence, groundwater availability, 

salinity, planting calendar, cultivar type, fertilizer 

management, pest intensity, labor availability, 

mechanization, irrigation investment, subsidy 

access and satellite-derived vegetation indices 

should be incorporated. For practical deployment, 

the model can be linked to government agricultural 

information systems by converting the trained 

pipeline into a dashboard or application 

programming interface that receives periodic BPS 

or agricultural-agency productivity records, BMKG 

rainfall and climate updates and local agronomic 

reports. District-level predicted productivity and 

SHAP-based risk drivers can then be displayed as 

early-warning indicators for agricultural offices, 

irrigation managers, extension workers and 

farmer-advising services. The outputs may 
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support decisions on drainage improvement, 

irrigation prioritization, pest surveillance, 

planting-calendar adjustment and targeted 

advisory messages. The RF, XGBoost and LSTM 

components can be retained, but the optimal 

weights should be re-estimated using a validation 

period from the target location because the 

relative importance of climate, land and 

management factors may differ across 

agroecological zones. Therefore, the framework is 

best understood as a transferable modeling 

procedure rather than a fixed model with universal 

weights. 
 

Conclusion 
This study proposed and evaluated an optimized 

weighted fusion model integrating RF, XGBoost 

and LSTM for rice productivity prediction using 

multi-source agricultural data in Central Java, 

Indonesia. Rice productivity was defined as 

district/city-level average harvested paddy yield 

per hectare, expressed in q ha-1. The research used 

a temporal forecasting design in which data from 

2010-2020 were used for model training, 2021-

2022 for validation and fusion-weight selection 

and 2023-2025 for independent future-period 

evaluation. This design reduces the possibility of 

overly optimistic performance that may occur 

when past and future observations are randomly 

mixed. 

The main contribution of the study is the 

development of a validation-based and leakage-

controlled weighted-output fusion framework. The 

final fusion assigned weights of 0.30 to RF, 0.60 to 

XGBoost and 0.10 to LSTM. It achieved the lowest 

RMSE and the highest R2 among the tested models, 

although XGBoost remained slightly better in MAE 

and MAPE. These results imply that optimized 

fusion can improve squared-error stability, but the 

improvement should be interpreted carefully 

because the gain over the strongest standalone 

model was modest. The study also shows that 

equal weighting can be harmful when one 

component model performs poorly, as 

demonstrated by the inclusion of the weak 

standalone LSTM model in naive late fusion. 

The robustness and interpretability findings 

provide additional practical consequences. The 

model performed better under normal climate 

conditions than under combined extreme  

conditions, indicating that climate extremes 

remain challenging for rice-productivity 

prediction. SHAP analysis identified drainage type, 

soil type, year, sunshine duration, harvested area 

and rainfall lag features as influential predictors. 

These findings suggest that productivity 

forecasting should not rely only on climate 

indicators; land, water-management, soil and 

agronomic factors are also essential for decision 

support. 

The study has several limitations. The moderate 

R2 value indicates that a large proportion of 

productivity variation remains unexplained. The 

annual district/city-level structure may mask 

farm-level differences, seasonal crop dynamics and 

local management practices. Important variables 

such as labor availability, mechanization, irrigation 

investment, agricultural subsidies, cultivar choice, 

fertilizer management and satellite-derived 

vegetation indicators were not fully represented. 

In addition, the model was developed for Central 

Java and should be recalibrated before application 

to other rice-growing regions. 

Future research should incorporate higher-

resolution temporal data, spatial-temporal 

validation, remote-sensing indicators, more 

detailed agronomic and socioeconomic variables 

and paired-error statistical tests to evaluate 

whether differences among models are statistically 

significant. Further work should also explore 

operational dashboard design, integration with 

government agricultural information systems and 

farmer-advisory services. These developments 

would strengthen the practical value of the 

proposed framework while maintaining 

transparency, reproducibility and interpretability. 
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MAPE: mean absolute percentage error, SHAP: 
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Precipitation Index, XAI: explainable artificial 
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   y i =  Productivity i =    Production i   HarvestedArea i


   RainLag  k , t =  Rain  t − k ,   k ∈ { 1 , 2 , 3 }


   RainMA  3 , t =    Rain t +  Rain  t − 1 +  Rain  t − 2 3


   RainAnomaly t =  Rain t −  μ rain


   SPI t =    Rain t −  μ rain   σ rain


     y ^ RF  (  x i ) =  1 B   ∑  b = 1 B   T b  (  x i )


     y ^ XGB  (  x i ) =   ∑  m = 1 M   f m  (  x i ) ,    f m ∈ ℱ


   Obj   ( m ) =   ∑  i = 1 n ℓ  (  y i ,    y ^ i   ( m − 1 ) +  f m  (  x i ) ) + Ω  (  f m )


  Ω  ( f ) = γ K +  1 2 λ   ∑  j = 1 K   w j 2


   i t = σ  (  W i  [  h  t − 1 ,  x t ] +  b i )


   f t = σ  (  W f  [  h  t − 1 ,  x t ] +  b f )


     c ~ t = tanh  (  W c  [  h  t − 1 ,  x t ] +  b c )


   c t =  f t ⊙  c  t − 1 +  i t ⊙    c ~ t


   o t = σ  (  W o  [  h  t − 1 ,  x t ] +  b o )


   h t =  o t ⊙ tanh  (  c t )


     y ^ LSTM =  W y  h T +  b y


     y ^  LF − RF − XGB =      y ^ RF +    y ^ XGB 2


     y ^  LF − RF − XGB − LSTM =      y ^ RF +    y ^ XGB +    y ^ LSTM 3


     y ^ OWF =  w RF    y ^ RF +  w XGB    y ^ XGB +  w LSTM    y ^ LSTM


   w RF +  w XGB +  w LSTM = 1 ,    w j ≥ 0


   (  w RF * ,  w XGB * ,  w LSTM * ) =   arg   min w    RMSE val  ( y ,    y ^ OWF )


   z i =  [    y ^ RF  (  x i ) ,    y ^ XGB  (  x i ) ]


     y ^ STACK  (  x i ) = g  (  z i )


  RMSE =   1 n   ∑  i = 1 n     (  y i −    y ^ i ) 2


  MAE =  1 n   ∑  i = 1 n   |  y i −    y ^ i |


  MAPE =  100 n   ∑  i = 1 n   |    y i −    y ^ i   y i |


   R 2 = 1 −     ∑  i = 1 n     (  y i −    y ^ i ) 2    ∑  i = 1 n     (  y i −  y ‾ ) 2


   RMSE c =   1   |  D c |   ∑  i ∈  D c ​     (  y i −    y ^ i ) 2


  f  (  x i ) =  ϕ 0 +   ∑  j = 1 p   ϕ j  (  x i )

