
International Journal of Engineering Technology and Management Sciences
Website: ijetms.in Issue:4 Volume No.10 July - August – 2026
DOI:10.46647/ijetms.2026.v10i04.004 ISSN: 2581-4621

@2026, IJETMS | Impact Factor Value: 5.672 | Page 34

AMulti-Model Time-Series Forecasting Framework for Food Crop
Production and Sown Area in Vietnam, 2025-2030

Tong Thi Nhung1*
1Faculty of Information Technology, Thuyloi University. 175 Tay Son - Kim Lien Ward - Hanoi City,

Vietnam.
*Correspondence: Tong Thi Nhung email: tongthinhung@tlu.edu.vn

Abstract- Purpose: This study develops a forecasting framework for Vietnam's food crop
production and sown area for 2025-2030. Methodology: Six time-series models - trend analysis,
decomposition, moving average, single exponential smoothing, double exponential smoothing, and
Holt-Winters - are benchmarked, with a proposed extension to feature screening and ensemble
selection. Dataset: The empirical dataset is compiled from the 2024 Statistical Yearbook and
contains two groups: ID 207, annual production of six annual crops (rice, maize, sugarcane, cassava,
peanut, and sweet potato), and ID 209, food-grain sown area across six Vietnamese regions. Results:
Across 12 series, the mean best MAPE is 1.375%; the lowest error is obtained for the Northern
Midlands and Mountains area with MAPE = 0.14643%, while the most accurate production model
is cassava with MAPE = 0.500%. Forecasts indicate sugarcane output may rise by 1,753.2 thousand
tons (+13.96%), whereas peanut output may decline by 49.143 thousand tons (-12.61%) and
Mekong Delta sown area may fall by 137.05 thousand hectares (-3.59%) by 2030. Value: The study
provides an interpretable baseline for agricultural planning and shows how official statistics can be
combined with future drone, camera, and sensor streams to support early warning, regional crop
restructuring, and supply management.
Keywords- crop forecasting, food-grain sown area, Vietnam agriculture, time-series models,
ensemble forecasting, precision agriculture

I. INTRODUCTION
Research object. Vietnamese agriculture remains a strategic sector for food security and rural
livelihoods. This study focuses on two linked objects: crop production in ID 207 and food-grain
sown area by region in ID 209. The production group covers rice, maize, sugarcane, cassava, peanut,
and sweet potato, while the area group captures the Red River Delta, Northern Midlands and
Mountains, North Central and Central Coast, Central Highlands, Southeast, and Mekong River
Delta. Crop yield and production forecasting has become increasingly data-driven as machine
learning, deep learning, and remote sensing make it possible to move from slow statistical reporting
to proactive decision support [1]-[4].
Research gaps. Previous agricultural forecasting studies often emphasize one model family, one
crop, or one spatial scale. Recent reviews show that Random Forest, gradient boosting, CNN,
LSTM, and transformer models are widely used, yet they still depend on appropriate features,
sufficient data length, and sensor availability [1], [2], [5], [6]. In Vietnam, a practical constraint is
that official statistical series are reliable but usually annual and aggregated; therefore, they are
useful for strategic forecasting but less capable of detecting within-season shocks. Drone and UAV
studies also highlight high-resolution advantages, but cost, infrastructure, and operational readiness
remain obstacles for small farms [7]-[9].
Research questions. The study answers three questions. RQ1: Which of the six time-series models
gives the lowest error for each ID 207 and ID 209 series? RQ2: What are the forecasted 2025-2030
trends in crop production and regional food-grain area? RQ3: How can an official-statistics baseline
be extended into a digital agriculture model using drone, camera, and sensor inputs?
Research value. The contribution is threefold. First, the study converts a Vietnamese course report
into a publishable research structure using a transparent forecasting design. Second, it benchmarks
six models and reports concrete errors and forecasts. Third, it bridges classical time-series
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forecasting with the precision-agriculture literature, where multispectral UAV imagery, crop growth
models, and multi-modal deep ensembles are increasingly important [3], [5], [8]-[10].
Research objectives. The objectives are to compile and describe the ID 207 and ID 209 datasets,
evaluate the candidate models by MAPE, MAD, and MSD, select the best-performing model for
each series, produce 2025-2030 forecasts, and discuss policy implications through a SWOT
framework.
Paper organization. Section II reviews related literature. Section III presents the proposed research
model and mathematical formulation. Section IV reports empirical results. Section V discusses the
findings using SWOT and comparison with prior studies. Section VI concludes the paper and
proposes future research directions.

II. RELATED LITERATURE REVIEW
A. Classical and statistical forecasting
Manual crop forecasting relies on field reports, local officer observations, and farmer declarations.
It is inexpensive and easy to deploy but is slow, subjective, and weak in detecting short-term
changes in pests, floods, drought, or crop density. Statistical time-series methods address part of
this problem by modeling trend, level, smoothing, and seasonality, but annual aggregate data still
constrain their ability to represent field-level dynamics.
Recent computational reviews emphasize that rice and grain yield forecasting requires careful
dataset construction, preprocessing, feature selection, and model validation [11], [12]. In rice-
specific studies, the major challenge is to represent phenology, soil background, climate variability,
and spatial heterogeneity. Such evidence supports the use of a transparent baseline for Vietnam
before introducing higher-frequency sensor streams.
B. Machine learning, deep learning, and remote sensing
Machine learning studies demonstrate the value of satellite and climate variables. District-level rice
prediction using climate reanalysis and remote sensing achieved strong out-of-sample performance,
with reported R2 up to 0.82 and MAPE around 0.16 in one benchmark [12]. SAR and optical
remote sensing combined with biophysical parameters have also improved early-stage rice yield
prediction [13].
Deep reinforcement learning and multi-source remote sensing have been proposed to integrate
historical yields, weather, soil, and satellite imagery, reporting high model accuracy in crop
forecasting tasks [14]. IoT-based approaches such as the Crop Yield Prediction Algorithm
incorporate climate, weather, chemicals, and agricultural variables and achieved model scores
above 0.99 for tree-based regressors in one study [15]. These results suggest that Vietnam's annual-
statistics baseline should eventually be expanded to weather, soil, image, and sensor data.
C. Feature selection and ensemble learning
Feature selection remains central to robust crop prediction. Hybrid feature-selection frameworks
using correlation filters, information gain, recursive feature elimination, and optimized support
vector regression show that reducing irrelevant variables can improve generalization and
computational efficiency [16]. Gradient-based machine learning methods such as CatBoost,
LightGBM, and XGBoost have also produced high reported accuracy in crop yield tasks [17].
Deep learning review work shows that CNN and LSTM architectures dominate applied crop yield
prediction, especially when satellite imagery or UAV data are available [18]. More recent multi-site
maize prediction studies combine agronomic traits and meteorological data to improve
generalizability under climate uncertainty [19]. Reviews of remote sensing-based crop yield
estimation argue that future systems should combine optical, SAR, UAV, crop-simulation, and
machine learning methods for scalable monitoring [20]. The proposed framework in this paper
follows that direction but begins with a concise, interpretable time-series baseline.
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III. PROPOSED RESEARCHMODEL AND METHODOLOGY
The proposed model contains five stages: database construction, feature screening, candidate
forecasting, ensemble/model selection, and policy output (Figure 1). The first implementation uses
annual ID 207 and ID 209 statistical series. The model is designed so that future images from
drones or smart cameras and measurements from environmental sensors can be added as external
features without changing the forecasting logic.

Fig. 1. Proposed data-driven forecasting framework.
Step 1. Database construction
The cleaned dataset is denoted as D= i t yi,t ∣ i = 1…12 t=2015…2024 , where yi,trepresents the
annual observation of series iin year t. Among the 12 series, ID 207 records production measured in
thousand tons, while ID 209 represents harvested area measured in thousand hectares. The
remaining series are organized in the same annual format according to their respective units. This
dataset serves as the foundation for the forecasting framework. In future extensions, the dataset can
be enriched by incorporating exogenous variables xi,t , such as the Normalized Difference
Vegetation Index (NDVI), rainfall, temperature, humidity, and UAV-derived vegetation indices, to
improve model performance and capture the influence of environmental conditions on agricultural
production.
Table 1. Dataset structure used in the study
Group Series Unit
ID 207 Rice, maize, sugarcane, cassava, peanut, sweet potato production Thousand tons

ID 209 Food-grain sown area in six Vietnamese regions
Thousand
hectares

Step 2. Feature screening and statistical diagnosis
Feature selection is applied to future multi-source datasets to remove redundant variables and
improve forecasting performance. First, the linear relationship between variables is measured using

the Pearson correlation coefficient, rxy=
t (∑ xt−xത yt−yത

t (∑ xt−xത)2 t (∑ yt−yത)2
, which identifies highly correlated features

that may provide overlapping information. Multicollinearity is then assessed using the Variance

Inflation Factor (VIF), VIFj=
1

1−Rj
2 , where Rj

2 is obtained by regressing feature jon the remaining

features. To reduce dimensionality while preserving most of the data variance, Principal
Component Analysis (PCA) ranks transformed components according to their explained variance

ratio, EVRj=
λj

k λk∑
,

where λjdenotes the eigenvalue of the j-th principal component. Analysis of Variance (ANOVA) is
further employed to evaluate the statistical significance of group differences using the F-statistic,

F=
MSbetween
MSwithin

, where MSbetween and MSwithin represent the between-group and within-group mean
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squares, respectively. Finally, the Least Absolute Shrinkage and Selection Operator (LASSO) is
used to eliminate weak predictors by minimizing the objective function

min
β

1

2n t=1
n (∑ yt−xtβ)

2+λ∥β∥1 , which simultaneously performs variable selection and

regularization, thereby retaining the most informative features for the forecasting model.
Step 3. Candidate forecasting models
Classical statistical forecasting methods are employed as baseline models to capture different
patterns in the time series. The simplest approach is trend regression, which assumes a linear
relationship between the observation and time, expressed as yt=β0+β1t+εt, where β0 and β1 are the
regression coefficients and εt is the random error term. Future values are forecast using
yොt+h=β0+β1 t+h . For series exhibiting multiple structural components, the decomposition model
represents the observations as the sum of trend, seasonal, and irregular components, yt=Tt+St+It,
under an additive decomposition framework. A simple smoothing alternative is the moving average
method, which forecasts the next observation as the average of the most recent k observations,

Ft+1=
1

k j=0

k−1

yt−j෍ . Another widely used approach is single exponential smoothing, which assigns

exponentially decreasing weights to historical observations according to Ft+1=αyt+ 1−α Ft, 0<α<1.
For time series with a trend component, Holt's exponential smoothing extends this formulation by
updating both the level and trend, lt=αyt+ 1−α lt−1+bt−1 , bt=β lt−lt−1 + 1−β bt−1, with future
forecasts computed as yොt+h=lt+hbt. When both trend and seasonality are present, the Holt–Winters
method further incorporates a seasonal component, producing forecasts of the form
yොt+h=lt+hbt+st+h−m, where mdenotes the seasonal period. For more complex temporal dependencies,
the AutoRegressive Integrated Moving Average (ARIMA) model is adopted, which combines
autoregressive, differencing, and moving-average components. The general ARIMA formulation is
ϕ B 1−B dyt=θ B εt, where Bis the backshift operator, dis the order of differencing, and ϕ B and
θ B are the autoregressive and moving-average polynomials, respectively. These classical methods
provide interpretable baselines for comparison with more advanced machine learning and deep
learning forecasting models.
Step 4. Ensemble and error-based model selection
Each forecasting model m produces a first-layer prediction, denoted by yොm,t+h . When multiple
forecasting models are available, their outputs can be combined through an ensemble approach to
improve predictive performance. The ensemble forecast is calculated as yොt+h= m=1

M wm∑ yොm,t+h, where

wm≥0represents the weight assigned to model m, subject to the constraint m=1
M wm∑ =1. A common

weighting strategy is inverse-error weighting, in which models with lower validation errors receive

higher weights. The weights are computed as wm=
1/Em

j (∑ 1/Ej
, where Emis the validation error of model

m , typically measured using the Mean Absolute Percentage Error (MAPE) or the Root Mean
Squared Error (RMSE). In the present empirical implementation, however, no ensemble is
constructed; instead, the forecasting model with the lowest validation MAPE is selected as the final
model for each individual time series.
Forecasting performance is evaluated using several widely adopted accuracy metrics. The Mean
Absolute Error (MAE) measures the average magnitude of prediction errors and is defined as

MAE=
1

n t=1
n yt−yොt∑ . The Mean Absolute Percentage Error (MAPE) expresses the average

prediction error as a percentage of the observed values, MAPE=
100

n t=1

n
yt−yොt
yt

෍ . The Mean Squared

Error (MSE) evaluates forecasting performance by averaging the squared prediction errors, while
the Root Mean Squared Error (RMSE) is obtained as RMSE= MSE, providing an error measure in
the same unit as the original observations. Although the original report refers to the Mean Squared
Deviation (MSD), this study treats MSD as the squared-deviation criterion equivalent to MSE and
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reports it alongside MAE and MAPE to provide a comprehensive assessment of forecasting
accuracy.

IV. RESEARCH RESULTS
A. Descriptive statistics
The dataset shows stable behavior in some crops and high dispersion in others. For example, rice
production ranges from 42,661 to 43,853 thousand tons with sigma = 512, while sweet potato
production ranges from 914.7 to 1,378 thousand tons with sigma = 200.1. Regional area is largest in
the Mekong River Delta, with a maximum of 3,991.2 thousand hectares and sigma = 62.5.
Table 2. Descriptive statistics of ID 207 and ID 209 series
ID Content Max Min Mean Sigma
ID
207-1

Rice production 43,853 42,661 43,246 512

ID
207-2

Maize production 4,558.2 4,402.2 4,453.5 60.9

ID
207-3

Sugarcane production 12,675 10,741 11,577 744

ID
207-4

Cassava production 10,627 10,439 10,534 69.8

ID
207-5

Peanut production 430.4 397.2 412.26 14.96

ID
207-6

Sweet potato production 1,378 914.7 1,094.7 200.1

ID
209-1

Red River Delta sown area 1,047.8 985.2 1,014.1 25.8

ID
209-2

Northern midlands and mountains area 1,092.4 1,047.5 1,068.3 17.3

ID
209-3

North Central and Central Coast area 1,375.1 1,331.2 1,156.0 15.8

ID
209-4

Central Highlands area 439.7 418.8 426.0 8.03

ID
209-5

Southeast area 320.3 306.4 310.84 6.04

ID
209-6

Mekong River Delta area 3,991.2 3,827.7 3,897.9 62.5

B. Model performance
The best model varies by series. Trend Analysis is selected for five series, Decomposition for four
series, Single Smoothing for two series, and Moving Average for one series. The average best
MAPE across the 12 series is 1.375%. Across all six candidate models, the average MAPE is
1.514% for Trend Analysis, 1.554% for Decomposition, 1.714% for Single Smoothing, 1.889% for
Holt-Winters, 2.939% for Double Smoothing, and 3.356% for Moving Average.
Table 3. Best-performing model by series

ID Crop/region Selected model
MAPE
(%)

MAD MSD

ID
207-1

Rice Decomposition 0.600 247.2 74,861.4

ID
207-2

Maize Trend Analysis 0.621 27.736 900.994

ID
207-3

Sugarcane Trend/Decomp./Single 4.000 405-487
202,725-
268,635
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ID
207-4

Cassava Trend Analysis 0.500 52.5 3,811.56

ID
207-5

Peanut Decomposition 1.0064 4.1225 21.8334

ID
207-6

Sweet potato Single Smoothing 6.590 72.71 8,521.8

ID
209-1

Red River Delta Decomposition 0.20235 2.02949 5.07995

ID
209-2

Northern midlands
and mountains

Trend Analysis 0.14643 1.572 2.8774

ID
209-3

North Central &
Central Coast

Moving Average 0.5032 6.8333 58.125

ID
209-4

Central Highlands Decomposition 0.9255 3.9618 20.2816

ID
209-5

Southeast Single Smoothing 0.58603 1.83038 7.99788

ID
209-6

Mekong River Delta Trend Analysis 0.820 31.7 1,623.66

C. Forecasts for 2025-2030
The 2025-2030 forecasts indicate divergence between crop groups. Sugarcane has the strongest
positive outlook, increasing from 12,555.1 to 14,308.3 thousand tons. In contrast, peanut production
decreases from 389.787 to 340.644 thousand tons, a decline of 12.61%. Rice and maize both
decline, while cassava remains nearly stable. The sown area of the Red River Delta, Northern
Midlands and Mountains, Central Highlands, and Mekong River Delta decreases, while the North
Central and Central Coast and Southeast series remain almost stable.
Table 4. Forecasted changes for 2025-2030
ID Indicator Forecast range Change %
ID
207-1

Rice production 44,104.5 -> 43,704.8 thousand tons -399.7 -0.91%

ID
207-2

Maize production 4,357.1 -> 4,196.5 thousand tons -160.6 -3.69%

ID
207-3

Sugarcane
production

12,555.1 -> 14,308.3 thousand tons +1,753.2 +13.96%

ID
207-4

Cassava production 10,513.9 -> 10,480.5 thousand tons -33.4 -0.32%

ID
207-5

Peanut production 389.787 -> 340.644 thousand tons -49.143 -12.61%

ID
207-6

Sweet potato
production

2024 level 972.9 -> 2030 level 1,001.62
thousand tons

+28.72 +2.95%

ID
209-1

Red River Delta
area

964.52 -> 884.745 thousand ha -79.775 -8.27%

ID
209-2

Northern midlands
and mountains area

1,035.65 -> 981.20 thousand ha -54.45 -5.26%

ID
209-3

North Central &
Central Coast area

Approx. 1,356.6 thousand ha Stable 0.00%

ID
209-4

Central Highlands
area

414.083 -> 394.549 thousand ha -19.534 -4.72%

ID
209-5

Southeast area Approx. 307.398 thousand ha Stable 0.00%

ID Mekong River 3,815.65 -> 3,678.60 thousand ha -137.05 -3.59%
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209-6 Delta area
D. Main empirical findings
Finding 1: the area series are easier to forecast than some production series. The smallest MAPE is
0.14643% for ID 209-2, followed by 0.20235% for ID 209-1. Finding 2: among production series,
cassava and rice are stable, with best MAPEs of 0.500% and 0.600%, respectively. Finding 3: sweet
potato is the most difficult series, with best MAPE = 6.590%, reflecting larger historical volatility.
Finding 4: the most relevant policy warning concerns the simultaneous decline in peanut output (-
12.61%) and major regional area contraction in the Red River Delta (-8.27%) and Mekong River
Delta (-3.59%).

V. SWOT-BASED DISCUSSION
Compared with recent machine learning and remote sensing studies, this paper is intentionally more
interpretable and data-light. Transformer and UAV-image models can capture within-season crop
signals and reduce prediction error in image-rich settings [3], [9], while multi-source deep
ensembles can improve regional rice yield prediction when SAR, optical, and meteorological
variables are available [10], [13]. The advantage of the present approach is that it can be
implemented immediately from official statistical series and can produce transparent policy-level
forecasts. Its limitation is the absence of in-season crop condition variables.
Table 5. SWOT comparison of the proposed study
SWOT
element

Interpretation

Strengths
Uses two complementary data groups, benchmarks six models, reports concrete
errors and 2030 forecasts, and gives transparent results suitable for policy
discussion.

Weaknesses
Annual data are short, direct yield series are unavailable, and the
drone/camera/sensor architecture is proposed rather than fully populated with
long-term data.

Opportunities
Can be expanded with UAV multispectral images, smart-camera crop status, soil
moisture, rainfall, temperature, and online dashboards for early warning.

Threats
Climate shocks, salinity in the Mekong Delta, urbanization in the Red River
Delta, high device cost, and uneven rural digital infrastructure may reduce
forecasting accuracy and adoption.

The SWOT analysis suggests that the model should not be interpreted as a replacement for field
inspection or remote sensing. Instead, it is a strategic baseline that can identify series needing
attention. For example, the strong sugarcane increase (+13.96%) implies potential value-chain
expansion, whereas the peanut decline (-12.61%) suggests a need to examine area conversion, seed
quality, irrigation, and market incentives. The Mekong Delta area contraction (-137.05 thousand
hectares) is consistent with the need to manage salinity and crop restructuring risks.

VI. CONCLUSION
This study contributes a structured IJETMS-style research article and a multi-model forecasting
framework for Vietnam's food crop production and food-grain sown area. Its practical value is the
transformation of annual statistical data into actionable forecasts for crop planning, regional
restructuring, and supply management. Its academic value is the integration of classical time-series
benchmarking with an extensible precision-agriculture architecture.
The empirical results are specific. The mean best MAPE over 12 series is 1.375%. ID 209-2 has the
lowest MAPE at 0.14643%, and ID 207-4 has the lowest production MAPE at 0.500%. Forecasts
show sugarcane increasing by 1,753.2 thousand tons (+13.96%), peanut decreasing by 49.143
thousand tons (-12.61%), rice decreasing by 399.7 thousand tons (-0.91%), maize decreasing by
160.6 thousand tons (-3.69%), and the Mekong Delta area decreasing by 137.05 thousand hectares
(-3.59%) by 2030.
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The limitations are clear. The official annual dataset is short, and direct yield observations are not
separated from production and area in the available tables. Drone, camera, and sensor data are
proposed as part of the architecture, but long-term field-level data are not yet available for
validation. In addition, unexpected shocks such as pests, extreme rainfall, drought, salinity, and
market shifts may reduce the reliability of purely historical forecasts.
Future research should collect longer regional crop panels, integrate Sentinel-1/2 imagery and UAV
multispectral images, add soil and climate variables, test ARIMA, Prophet, gradient boosting,
LSTM, and transformer baselines, and deploy an online dashboard for farmers and local authorities.
The next stage should also estimate direct productivity indicators by combining production and area,
thereby distinguishing output growth driven by yield improvement from output growth driven by
area expansion.
Acknowledgments: The authors thank Thuyloi University, Vietnam, for academic guidance and
support.
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