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ABSTRACT 

 
Food security planning accurate forecasts of crop yields are critical. Yet, combining heterogeneous 
agricultural information and modelling complex spatial and temporal dependencies are still great 
challenges. The current study suggests a Context-Aware Adaptive Spatio-Temporal Graph Transformer 
(CA-ASTGT) that enhances crop-yield prediction by adaptively combining multi-source information, 
integrating spatio-temporal information, and fusing features with context. The framework is based on a 
mixture of source-specific encoders and learned source weighting, a graph-based spatial message passing, a 
temporal Transformer encoder, and a context-conditioned fusion gate. A regression head predicts crop 
yield, and a relative yield-shortfall indicator is used in the production-risk assessment. The model is tested 
against the CY-Bench regional benchmark and is field-level YieldSAT independent test. The comparison is 
based on the root mean squared error (RMSE), mean absolute error (MAE), coefficient of determination 
(R²), and normalised RMSE (nRMSE) with the performance of ConvLSTM, spatio-temporal graph 
convolutional networks (STGCN), and a spatio-temporal graph Transformer (STGT). When compared with 
baselines, CA-ASTGT performs best on CY-Bench with an RMSE of 0.61 t/ha, an MAE of 0.44 t/ha, an R² 
of 0.89, and an nRMSE of 13.7%. On YieldSAT, it has an RMSE of 0.72 t/ha and an R² of 0.84. Ablation 
results show that all major components are contributing to predictive performance. The results here show 
the potential of the CA-ASTGT for crop-yield forecasting and for screening for production shortfalls, but 
more testing is needed to determine the generalisability and operational efficiency of the CA-ASTGT. 
Keywords: Agricultural Yield Forecasting; Spatio-Temporal Graph Transformer; Multi-Source Data 

Integration; Context-Aware Feature Fusion; Food Security; Production-Risk Assessment. 
 

1. INTRODUCTION 
 
The need for governments, traders, and farming 
communities to estimate yields before harvest time 
to organize relief measures, pricing, trade, and 

storage led to the development of crop-yield 
estimation [1], [2]. Initial practices were based on 
field surveys, expert opinion and statistical 
regression of past yields on seasonal weather, 
providing useful national information with limited 
sensitivity to local variation. This has led to a 
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compounding cost of inaccuracy in forecasts due to 
climate variability, more extreme events, and 
growing demand, especially when food supply is 
very reliant on domestic production. With the 
development of satellite remote sensing, gridded 
weather products, and harmonised agricultural 
statistics, it is now possible to replace coarse and 
late estimates with timely and spatial explicit 
forecasts [3], [4]. The research problem is then 
based on the increasing gap between the data that is 
available today and the narrow capacity of 
traditional approaches to manage this data for food 
security planning. 
The use of machine learning has been increasing 
and has been gradually superseding the statistical 
yield models. Deep architectures like Gaussian-
process models based on remote-sensing 
histograms, and convolutional and recurrent 
networks, directly learn the nonlinear crop–
environment relationship from the data; 
convolutional recurrent units and spatio-temporal 
graph networks are used to model dynamics that 
change across space and time. Additionally, graph 
neural networks have been integrated with recurrent 
layers to use the geographical neighborhood 
information of the yield observations and 
Transformer attention provides a flexible solution 
for long-range temporal dependence. Newly 
developed benchmarks (CY-Bench for sub-national 
forecasting, YieldSAT for field-level prediction of 
high resolution) allow for consistent evaluation [5], 
[6]. Although weather, soil, imagery, and crop 
records have varying levels of resolution, 
completeness, and reliability, and the usefulness of 
each of these sources varies with location and crop 
growth stage, integration is a key challenge [7]. 
Models which treat all inputs the same, or which 
have inputs with fixed importance, thus risk 
discarding useful information from reliable inputs, 
while picking up noise from unreliable ones, and 
this limit only worsens as more data streams are 
added. 
The research problem is defined as: How to 
effectively integrate different kinds of agricultural 
data, capture the complex spatial and temporal 
interactions and enhance the agricultural yield 
forecasting ability to provide reliable and timely 
food security decision-making? In formal terms, the 
problem can be formulated as follows: Given a set 
of agricultural regions with a spatial graph of 
relations among them, each represented by a 
number of source-specific feature sequences and 
some contextual variables, the problem is to learn a 
mapping to the yield of each region at the forecast 
time, and from the learned mapping, an indicator of 

the potential production shortfall. The mapping 
should be maintained even if some of the data 
sources are missing or noisy, should reflect the 
spatial structure of the data and should also reflect 
the temporal one, and should not leak test 
information when generalising from regional 
statistics to field observations. 
Better yield estimates directly impact farmers, 
policymakers and agricultural planners. Farmers 
can adapt their input choice, marketing and 
insurance activities, planners can optimize storage 
and procurement and logistics resources, and food 
security agencies can detect production gaps in time 
to take action. In today's environment of climate 
variability and shifting commodity markets, 
accurate forecasts that adjust to the quality of the 
data and are tied to risk information are valuable. 
The proposed framework captures the relationships 
between weather, soil, crop growth, and geography 
and has been evaluated using both regional and 
field-level data to determine if the benefits can be 
extended from the local to the regional level of 
decision making. The work highlights outputs that 
can be read as a risk message, since the former is 
increasingly consumed by non-specialists, and 
hence, the improvements to forecasting makes a 
difference to their everyday realities in terms of 
agricultural and food security governance. 
The novelty of this work does not lie in any one of 
the four mechanisms per se but in the combination 
of the four, which is a single trainable framework. 
First, source contributions are learned adaptively 
for each location and time, and with unavailable 
sources masked, so that no missing observations are 
used as evidence. Second, the integrated 
representation is used in combination with Second, 
graph-based spatial learning and Transformer-based 
temporal attention. Third, a context-conditioned 
gate allows changing the balance between learned 
spatio-temporal information and contextual 
information according to the environmental 
conditions, crop identity and growth stage, rather 
than relying on a pre-fixed spatio-temporal fusion 
rule. Fourthly, forecasts are converted to a relative 
yield-shortfall indicator and the design is validated 
by ablation of components as well as by 
independently testing it on a second dataset of 
different spatial resolution. Combined, they take 
steps toward moving beyond accuracy-oriented 
forecasting and toward an adaptive to data quality, 
explicit spatial and temporal structure, and directly 
usable for production-risk screening approach. 
In response to the gaps identified in the literature, 
the study pursues four objectives that are addressed 
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in turn by the integration, spatio-temporal, fusion, 
and assessment components of the proposed model: 
1. To develop an adaptive multi-source data 

integration mechanism that effectively 
combines heterogeneous agricultural data to 
improve agricultural yield forecasting. 

2. To develop a spatio-temporal graph 
Transformer model that jointly captures 
spatial relationships and temporal 
dependencies for accurate agricultural yield 
forecasting. 

3. To design a context-aware feature-fusion 
mechanism that dynamically learns the 
importance and interactions of multi-source 
agricultural features under varying 
environmental and crop-growth conditions. 

4. To evaluate the proposed framework’s ability 
to identify potential agricultural production 
shortfalls and support timely, data-driven food 
security assessment and decision-making. 

The crop-yield forecasting is enhanced by context-
aware feature fusion, combined spatial-temporal 
modelling, and adaptive multi-source integration is 
examined. In comparison to baseline models, equal 
source weighting, and direct feature concatenation, 
it is hypothesised that these elements lower 
prediction errors. 
 
2. RELATED WORK 
 
2.1 Overview of Relevant Literature 
Past production was regressed on climatic variables 
in early yield models, which were more 
interpretable, but formed the assumption of largely 
linear and homogeneous relationships. These 
assumptions were loosened by machine-learning 
methods, and even more by deep learning: 
Gaussian-process layers over satellite-derived 
histograms produced county-level estimates and 
CNN–RNN hybrids demonstrated a combined use 
of spatial and sequential learning to make 
predictions of yield from raw remote-sensing inputs 
[8], [9]. Spatio-temporal forecasting research also 
led to the development of spatio-temporal cells, 
such as convolutional recurrent units and graph 
convolutional networks, which propagate 
information across a spatial topology, but also take 
into account temporal dynamics [10], [11]. Models 
based on graphs and recurrent layers for agriculture 
have demonstrated that the estimation of yields is 
improved by the geographic context, which is 
achieved by the neighbourhood aggregation. This is 
now possible with the availability of CY-Bench and 
YieldSAT, where methods can be compared on 

harmonised regional data or high-resolution 
multimodal field data. Despite these progresses, 
most of the studies assess one data scale, are based 
on one dominant input type, or report on accuracy 
without considering how predictions are used in 
food security decision making, allowing for 
frameworks that consider integration, structure, 
context and application all together. 
 
2.2 Key Theories and Relevant Concepts 
The approach proposed is based on several 
concepts. In agriculture regions, where the 
condition is spatially autocorrelated, graph 
convolution and attention-based aggregation are 
formalizations that are more appropriate for how a 
node updates its representation based on 
neighbours. Self-attention considers all positions of 
a sequence simultaneously, giving the model the 
freedom to emphasise key phenological events, 
without the sequential bottleneck of recurrent 
networks [12], [13], [14]. The treatment of each 
data source as a modality that is encoded in a 
shared latent space and the flexibility of gated or 
attention-based fusion, which allows the 
contribution of each modality to fluctuate based on 
the input, are examples of multimodal learning. 
Lastly, food security is typically defined by four 
components: availability, access, utilisation and 
food security stability; yield projections primarily 
relate to food security availability, and thus the 
production gap from a reference yield is a proxy 
indicator of risks that do not fully capture food 
security [15]. The accuracy of such a proxy 
indicator will depend on forecasts not only being 
correct on average but also good at the bottom of 
the yield distribution where production concerns 
are relevant. 
 
2.3 Gaps in the Literature 
All the reviewed studies revealed good 
improvements in prediction accuracy, but four 
limitations emerged during their review which 
justify the present study: 
1. Limited adaptive integration of multi-

source data. Sources with different 
availability, quality and relevance are 
typically concatenated or statically weighted, 
limiting the forecasting effectiveness when 
sources vary. 

2. Inadequate modelling of spatial and 
temporal dependencies. Spatial relationships 
or temporal dynamics can be represented well 
in many approaches, but only a few capture 
both at the same time in changing agricultural 
conditions. 
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3. Limited context-aware feature fusion. The 
fixed feature importance assumes that no other 
changes existed in the environmental 
conditions and crop growth stages and the 
regional characteristics. 

4. Insufficient connection between forecasting 
and food security. Forecast accuracy is 
highlighted over forecasting to action on 
shortfalls and regional risk. 

 
3. METHODOLOGY 
 
3.1 Proposed Framework Overview 
The paper introduces a novel model named 
Context-Aware Adaptive Spatio-Temporal Graph 
Transformer (CA-ASTGT) for forecasting yield 
and forecasting food security. The framework is 
designed in five phases: Multi-source Data, 
Adaptive Source Integration, Spatio-Temporal 
Graph Representation Learning, Context Aware 
Feature Fusion, and Yield Prediction and Shortfall 
Assessment, as shown in Figure 1. The four 
research objectives are covered by these stages: 
integration is covered by the first, the graph is 
covered by the second, the context gate is covered 
by the third, and the shortfall indicator is covered 
by the fourth. CY-Bench facilitates model 
development and initial evaluation while YieldSAT 
offers an independent test for generalisation at a 
finer spatial resolution. 

 
Figure 1. Overall architecture of the proposed CA-

ASTGT framework. 

3.2 Dataset Description 
Two complementary datasets are used, and their 
characteristics are summarised in Table 1. CY-
Bench is the primary source of regional crop-yield 
records with environmental predictors, while 
YieldSAT supplies field-level yield measurements 
with multimodal inputs for secondary validation. 
Because they differ in spatial resolution, crop 
coverage, and feature availability, the datasets are 
processed independently, with feature definitions 
and target units harmonised where appropriate. 
Invalid records and samples without a valid yield 
target are removed, continuous missing values 
receive median imputation, and missingness 
indicators are retained where informative. 
Continuous features are standardised with statistics 

estimated only on training data, as in Eq. (1), where 
𝑥௝ is the original feature, 𝜇௝

୲୰ୟ୧୬ and 𝜎௝
୲୰ୟ୧୬are its 

training-set mean and standard deviation, and 𝜖 
prevents division by zero. Partitioning is 
chronological and region-aware to limit leakage, 
and YieldSAT is reserved exclusively for 
secondary evaluation. Using earlier years and 
training regions for model creation and held-out 
years and locations for final testing, CY-Bench was 
divided geographically and chronologically into 
70% training, 15% validation, and 15% testing 
data. 

𝑥௝
∗ =

௫ೕିఓೕ
౪౨౗౟౤

ఙೕ
౪౨౗౟౤ାఢ

 (1) 

Table 1. Dataset characteristics and preprocessing. 

Characteristic CY-Bench YieldSAT  
Purpose Regional yield 

forecasting 
Field-level yield 
validation 

Crops Maize and wheat Corn, soybean, 
wheat, rapeseed 

Coverage 25+ countries, six 
continents 

Argentina, 
Brazil, 
Uruguay, 
Germany 

Spatial 
resolution 

Administrative 
regions 

10 m × 10 m 
yield samples 

Temporal 
coverage 

Predictors 2003–
2023; yield years 
vary 

2016–2024 

Input sources Yield statistics, 
weather, soil, 
remote sensing 

Yield, Sentinel-
2, weather, soil, 
topography 

Data partition 70/15/15 
train/validation/test, 
chronological and 
region-aware 

Independent 
geographic 
validation after 
filtering 

 
3.3 Adaptive Multi-Source Data Integration 
Let the input at region 𝑖 and time 𝑡 consist of 𝑀 

source-specific feature groups 𝑋௜,௧
(௠)covering 

meteorology, soil, satellite-derived features, and 
historical yield. Each group is mapped to a common 

latent representation ℎ௜,௧
(௠)

= 𝑓௠൫𝑋௜,௧
(௠)

൯ by a 
learnable source encoder 𝑓௠. A scoring function 𝑔௠ 
then estimates the relative contribution of each 
source from its encoding and the agricultural 
context 𝑐௜,௧, and the scores are normalised by a 
softmax as in Eq. (2). The integrated representation 
is the weighted sum in Eq. (3), so source 
contributions can differ across locations and 
periods instead of being fixed. Unavailable sources 
are masked before normalisation so that missing 
observations are never treated as valid information. 

𝛼௜,௧
௠ =

ୣ୶୮ቀ௚೘൫௛೔,೟
೘ ,௖೔,೟൯ቁ

∑ ୣ୶୮ಾ
ೝసభ ൬௚ೝቀ௛೔,೟

ೝ ,௖೔,೟ቁ൰
 (2) 
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𝑧௜,௧ = ∑ 𝛼௜,௧
௠ெ

௠ୀଵ  ℎ௜,௧
௠  (3) 

 
3.4 Spatio-Temporal Graph Transformer 
Integrated representations are organised on an 
agricultural graph 𝐺 = (𝑉, 𝐸, 𝐴), in which nodes 
are administrative regions or field units and edges 
follow geographic proximity and, where justified, 
feature similarity. The graph is built from training 
data and predefined geography only, and a 𝑘-
nearest-neighbour configuration is the initial 
design, examined through sensitivity analysis. 
Spatial message passing in Eq. (4) combines each 
node with its neighbourhood 𝒩௜  using normalised 
edge weights 𝑎௜௝ , learnable transformations 𝑊௦ and 
𝑊௡, and a nonlinearity 𝜙. The resulting spatial 
representations of the last 𝐿 observations are passed 
to a temporal Transformer encoder, Eq. (5), whose 
positional encoding preserves temporal order and 
whose self-attention selects the observations most 
relevant to the forecast. 

𝑠௜,௧ = 𝜙൫𝑊௦𝑧௜,௧ + ∑ 𝑎௜௝௝∈𝒩೔
𝑊௡𝑧௝,௧൯ (4) 

𝑇௜ = TransformerEncoder൫𝑠௜,௧ି௅ାଵ, … , 𝑠௜,௧൯ (5) 

 
3.5 Context-Aware Feature Fusion 
The spatio-temporal representation is combined 
with contextual variables such as environmental 
conditions, crop identity, and growth stage where 
the dataset supports them. A context encoder 
produces 𝑞௜,௧ = 𝑓௖൫𝑐௜,௧൯, which drives the gate in 
Eq. (6), where 𝜎 is the sigmoid function, ‖ denotes 
concatenation, and 𝑊ఉ 𝑏ఉ are learnable. The fused 
representation in Eq. (7) interpolates element-wise 
⊙ between learned spatio-temporal information 
and projected context through 𝑊௖. The gate 
therefore balances the two information streams 
dynamically, which addresses the third objective by 
letting feature contributions change with 
agricultural conditions. 

𝛽௜,௧ = 𝜎൫𝑊ఉൣ𝑇௜  ‖ 𝑞௜,௧൧ + 𝑏ఉ൯ (6) 

𝑢௜,௧ = 𝛽௜,௧ ⊙ 𝑇௜ + ൫1 − 𝛽௜,௧൯ ⊙ 𝑊௖𝑞௜,௧ (7) 

 
3.6 Yield Prediction and Food Security 

Assessment 
A linear regression head maps the fused 
representation to the predicted yield in Eq. (8), 
expressed in tonnes per hectare after inverse 
transformation when targets are standardised, and 
the network is trained by minimising the mean 
squared error in Eq. (9) over 𝑁 training samples. To 
connect forecasting with food security, the 
prediction is compared with a reference yield 
derived from historical information or an 

agricultural benchmark, never from test outcomes. 
The relative shortfall in Eq. (10) measures the 
proportional deficit with respect to this reference, 
and larger values signal greater potential production 
concern. The indicator is a proxy for production 
risk, not a complete food security measure, since 
broader conclusions require information on 
production volumes, availability, access, and 
vulnerability. 

𝑦ො௜,௧ = 𝑊௢𝑢௜,௧ + 𝑏௢ (8) 

ℒ୑ୗ୉ =
ଵ

ே
∑ (𝑦௡ − 𝑦ො௡)ଶே

௡ୀଵ  (9) 

𝑅௜ =
୫ୟ୶ቀ଴, ௬೔

౨౛౜ି௬ො೔ቁ

௬೔
౨౛౜ାఢ

 (10) 

3.7 Implementation and Training 
The model is optimised with AdamW using the 
mean squared error objective, validation RMSE 
selects the checkpoint, and early stopping limits 
overfitting; the configuration is listed in Table 2, 
and the graph components rely on PyTorch 
Geometric. ConvLSTM, STGCN, and STGT 
baselines share data partitions, target definitions, 
and metrics. Ablations remove adaptive source 
integration, graph-based spatial learning, temporal 
Transformer learning, and context-aware fusion one 
at a time. Performance is reported by RMSE, MAE, 
R², and nRMSE over repeated seeds, and paired 
Wilcoxon signed-rank tests are applied to matched 
results where pairing is justified. The complete 
procedure is given in Algorithm 1. 

Table 2. Hyperparameters and hardware/software 
configuration. 

Parameter Setting Parameter Setting 
Nearest 
neighbours 𝑘 

5 Optimiser / 
loss 

AdamW / 
MSE 

Graph layers 
/ hidden 
dim. 

2 / 128 Learning 
rate / 
decay 

10−4 / 10−5 

Transformer 
layers / 
heads 

3 / 4 Batch size 
/ epochs 

32 / 100 

Window 
length L 

5 
observations 

Early-
stopping 
patience 

15 epochs 

Fusion 
mechanism 

Context-
conditioned 
gate 

Dropout / 
seeds 

0.20 / 5 

Software Python 
3.11, 
PyTorch 2.4 

Hardware RTX 4090 
(24 GB), 
64 GB 
RAM 
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Algorithm 1. CA-ASTGT training procedure. 
1. Load and preprocess CY-Bench; reserve YieldSAT 

for secondary evaluation. 
2. Fit imputers and normalisation parameters on 

training data only. 
3. Encode available sources and compute masked 

adaptive source weights. 
4. Construct the agricultural graph and compute spatial 

node representations. 
5. Apply temporal Transformer attention and context-

aware gated fusion. 
6. Predict yield and minimise MSE with AdamW; 

select the best checkpoint by validation RMSE with 
early stopping. 

7. Evaluate on the held-out CY-Bench test set and on 
YieldSAT; run baselines, ablations, and statistical 
tests. 

8. Compute yield-shortfall indicators using a 
predefined reference yield. 

 
4. RESULTS 
4.1 Experimental Setup 
Experiments were conducted using a 70/15/15 
training-validation-test split on CY-Bench, with 
YieldSAT reserved for secondary validation. 
Performance was evaluated using RMSE, MAE, R² 
and nRMSE, representing prediction error, 
explained variance and normalised error. 
Checkpoint selection was based on validation 
RMSE, and all models employed the same goal 
definitions and data splits. The test set was only 
used for the final check. To evaluate cross-dataset 
transfer, inputs were mapped to the trained feature 
schema for YieldSAT without parameter re-
estimation. 
 
4.2 Overall Prediction Performance 
Figure 2 shows a comparison between the 
predicted and observed yields for the held-out CY-
Bench test set. The points are concentrated along 
the y=x line, suggesting good agreement in both 
low and high yield conditions. There was some 
mild regression toward the mean at higher yields, as 
evidenced by increasing dispersion with increasing 
yield. The results show that the model is fairly 
predictive, but it is not enough to rely on the visual 
agreement only to verify the reliability of the 
model. The residuals have a mean of zero and some 
larger errors may be due to unusual seasons, such 
as droughts or very good growing seasons. The 
errors demonstrate the need for more studying 
production-shortfall detection and uncertainty-
aware forecasting for food security applications. 

 
Figure 2. Actual versus predicted yield on held-out CY-

Bench test observations. 

4.3 Comparative Analysis 
Table 3 shows a comparison between CA-ASTGT 
and three baseline models, which have been used in 
similar experiments under the same experimental 
conditions. CA-ASTGT consistently outperforms 
other methods across all evaluation metrics in 
acquiring the lowest RMSE, MAE, nRMSE and the 
highest R². The progression from ConvLSTM to 
STGCN and STGT highlights the potential benefits 
of graph-based spatial learning and temporal 
attention. Adaptive source weighting and context-
aware fusion are seen to have an impact on 
predictive performance, further improvements over 
STGT. The slight decreases in RMSE and MAE 
suggest improvements in the overall error and mean 
prediction error, respectively, with the increase in 
R² signifying increased explained variance. The 
results confirm the effectiveness of the spatial and 
temporal modelling approach combined with 
adaptive multi-source integration, but validation at 
different agricultural settings is required to be sure 
of generalisability. 

Table 3. Baseline model comparison on the CY-Bench 
test set. 

Model RMSE 
(t/ha) 

MAE 
(t/ha) 

𝑹² nRMSE 
(%) 

ConvLSTM 0.82 0.61 0.78 18.4 
STGCN 0.75 0.55 0.82 16.8 
STGT 0.69 0.50 0.85 15.5 
CA-ASTGT 0.61 0.44 0.89 13.7 
 
 
4.4 Ablation Study 
Table 4 evaluates the contribution of each CA-
ASTGT component by removing one component at 
a time. The complete model achieves the best 
performance, with an RMSE of 0.61t/ha, an MAE 
of 0.44t/ha, an (𝑅ଶ)of 0.89, and an nRMSE of 
13.7%. After taking out the graph-based spatial 
learning and adaptive source integration parts, the 
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performance drops the most when the temporal 
Transformer is taken out. The degradation 
decreases when context-aware feature fusion is 
removed, indicating that this element further 
enhances the learnt representations. 
Equal source weighting, an identity graph, temporal 
pooling, or direct feature concatenation, 
respectively, were used to replace the eliminated 
component in each version while maintaining the 
identical data partitions and training process. The 
results show that contextually aware feature fusion, 
adaptive source integration, spatial learning, and 
temporal modelling all help CA-ASTGT perform 
better in its predictions. 

Table 4. Component-wise ablation analysis on the CY-
Bench test set. 

Model 
configuration 

RMSE 
(t/ha) 

MAE 
(t/ha) 

𝑹𝟐 nRMSE 
(%) 

Without adaptive 
source 
integration 

0.70 0.51 0.85 15.7 

Without graph-
based spatial 
learning 

0.73 0.53 0.83 16.4 

Without 
temporal 
Transformer 

0.76 0.56 0.82 17.0 

Without context-
aware feature 
fusion 

0.67 0.48 0.86 15.0 

STGT baseline 0.69 0.50 0.85 15.5 
Complete CA-
ASTGT 

0.61 0.44 0.89 13.7 

4.5 Generalization and Robustness 
CA-ASTGT is compared in Figure 3 to the 
performance on the CY-Bench test set and the 
independent YieldSAT dataset. The model has a 
strong R2 of 0.84, and despite the increase in errors 
on YieldSAT, there is potential for generalisation 
across datasets. These differences in performances 
could be due to difference in spatial resolution, 
difference in crop types, difference in regional 
condition and difference in measurement 
variability. Normalised error offers a means of 
interpreting the result of comparing the results of 
different datasets whose yield distributions vary. 
Evaluation of the model, without the estimation of 
the parameters, provides evidence of transferability, 
but differences in characteristics of the datasets 
make it difficult to make direct comparisons. 
Further testing in other crops, climates and seasons 
is required to confirm the robustness and 
generalisability of the CA-ASTGT in other 
agroecosystems. 

 
Figure 3. Cross-dataset performance on CY-Bench and 

YieldSAT. 

4.6 Statistical Significance and Computational 
Efficiency 

The statistical comparisons and computational costs 
of CA-ASTGT and the baseline models are 
summarised in Table 5. The performance 
differences between CA-ASTGT and the baseline 
models were assessed using the paired Wilcoxon 
signed-rank test, with a significance level of 0.05. 
The test was applied to paired results obtained 
under the same evaluation protocol. Inference 
latency is reported to be within a few milliseconds 
per sample, and CA-ASTGT's adaptive integration 
and context-aware fusion modules contribute to 
both its parameter count and inference time. 
From the deployment point of view, these results 
provide an understanding of the trade-off between 
accuracy and computation. However, the 
importance of inference latency is not the only 
consideration because the agricultural yield 
forecasting is generally used for periodic planning. 
So, the benefit of the extra complexity must be 
judged in conjunction with the gains in RMSE, 
MAE, 𝑅ଶand nRMSE achieved. 

Table 5. Statistical significance and computational 
efficiency. 

Model Parameters 
(M) 

Inference 
(ms/sample) 

Paired test 
vs. CA-
ASTGT 

ConvLSTM 2.10 4.8 p < 0.01 
STGCN 1.65 3.6 p < 0.01 
STGT 2.35 5.2 p < 0.05 
CA-
ASTGT 

2.80 6.1 Reference  

 
 
5. DISCUSSION 
 
5.1 Interpretation of the Main Findings 
The results show that there is no single module that 
contributes to the increased accuracy, but rather, it 
comes from the interplay of the proposed 
components. This capability of adaptive weighting 
gives the model more weight to data sources that 
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are informative, and less weight to data sources that 
are noisy or missing, which is crucial in operational 
environments with data of varying quality. Graph 
propagation provides information from neighboring 
areas with similar climate and management 
conditions, while temporal focus focuses on growth 
periods that affect final yield. The context gate then 
fine-tunes the strength of the influence of the 
context information on the representation. The 
temporal and spatial structure is the ground for the 
forecasting, while the adaptive integration and 
contextual fusion are enhancements to boost the 
reliability under heterogeneous environment 
conditions, which is aligned with the first three 
objectives. This is possible agronomically because 
yield is a summation of the weather over a season, 
soil water holding capacity and neighbourhood-
level management, and representation that either 
spatial or temporal dimension is missing will lose 
structure that the target will depend on. To achieve 
the 4th objective, the value of the shortfall indicator 
is based on the quality of the predictions in the 
lower end of the yield distribution, where accurate 
and well-calibrated predictions are most important. 
 
5.2 Comparison with Existing Approaches 
In comparison to convolutional recurrent models, 
the proposed framework has more natural modeling 
of irregular regional topology and long-range 
temporal dependence, while compared to spatio-
temporal graph convolutional networks [16], [17] it 
eliminates the local temporal filtering by replacing 
it with self-attention [18]. In previous agricultural 
studies with deep Gaussian processes, CNN-RNN 
hybrids, or graph–recurrent hybrids [19], [20] have 
shown the added value of learned features and 
geographic context, with the major drawback being 
that they typically assumed a static subset of inputs 
without considering the conditions or crop stage. 
The present design overcomes this drawback 
without compromising the spatio-temporal benefits 
of these models. As different datasets, crops and 
protocols are used in published studies, direct 
numerical comparison is not appropriate and the 
best evidence of the relative merits is the controlled 
baseline comparison. The margin is particularly 
informative here, due to the shared spatio-temporal 
backbone with STGT: the margin shows integration 
and fusion processes, not a different backbone. 
 
5.3 Practical Implications 
The framework provides regional forecasts which 
can be revised in real time as more weather and 
satellite data becomes available, assisting 
practitioners as they decide on the input to use, 

inputs to purchase, inputs to store, and how to trade 
such inputs well before harvest. The relative 
shortfall indicator is a straightforward screening 
tool to identify areas that might require attention, 
especially at sub-national level, to reduce the risk of 
a national average concealing localised supply 
failures that impact on vulnerable households, 
thereby enabling planners to prioritise resources to 
verify and provide relief where the estimated 
shortfall from the reference is greatest. High level 
of robustness to missing sources allows deployment 
in regions where monitoring is sparse, and 
moderate computational requirements enable 
frequent retraining and large-scale inference on 
standard GPUs. The benefits rely on the careful 
selection of the reference yield, and on the 
incorporation of the forecasts with other food 
availability and access information, which means 
that the outputs should complement and not 
supplant the expert judgement. Organisations that 
follow the approach should also track the quality of 
inputs over time as sensor changes or reporting 
methods may change the reliability of the source. 
5.4 Limitations and Future Research Directions 
The following restrictions should be noted. The 
shortfall indicator is only a proxy for production 
risk, and a complete assessment of food security 
should include information on stocks, trade, prices 
and household vulnerability. The indicator also 
relies on a reference yield, which means that the 
definition of this reference yield is important and 
choices of imputation and graph should be 
reconsidered when using the framework in areas 
not included in the study area. The graph is built 
statically from proximity and similarity, and does 
not necessarily reflect dynamic interactions like 
trade or shared irrigation; and the evaluation is 
limited to a certain number of crops and regions. 
Assumptions are also made when establishing 
mapping features between regional and field level 
data, which can have a transfer impact. Future 
research could include the use of probabilistic 
forecasts including the incorporation of calibrated 
uncertainty, dynamic or learnable graph structures, 
interpretability analysis of source weights and 
gates, other food security indicators and testing in 
extreme climate scenarios and other regions and 
crops. 
 
6. CONCLUSION 

 
To boost agricultural yield forecasting, this 

study proposed the Context-Aware Adaptive 
Spatio-Temporal Graph Transformer (CA-ASTGT) 
that leverages adaptive multi-source data 
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integration, simultaneous spatial and temporal 
dependency modelling, and context-aware feature 
fusion and production-shortfall assessment. The 
experimental results showed that the performance 
of CA-ASTGT outperformed ConvLSTM, STGCN, 
and STGT on the CY-Bench data set, with an 
RMSE of 0.61 t/ha, an MAE of 0.44 t/ha, an R² of 
0.89 and an nRMSE of 13.7%. Further evaluation 
on YieldSAT showed an RMSE of 0.72 t/ha and R² 
of 0.84 which may allow for cross-dataset 
generalisation. The contributions of the major 
components of the model were confirmed by 
ablation experiments. The study provides an 
integrated forecasting framework that links the 
predictive modelling to production-shortfall 
screening in agricultural planning. Uncertainty-
aware forecasting, dynamic graph construction, 
interpretable feature fusion, and extensive 
validation of crop types, regions and seasons will 
be explored in future studies, enhancing the 
reliability and applicability of the model for food 
security decision-making. 
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