The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLVIII-4/W20-2025
Free and Open Source Software for Geospatial (FOSS4G) 2025 — Academic Track, 17—23 November 2025, Auckland, New Zealand

Transformer-LSTM Improve Maize-Yield Estimation in Smallholder Fields of Malawi

Mathews Jere', Kondwani Munthali?

1University of Malawi, Malawi - msc-inf-s-26-24 @unima.ac.mw, 2University of Malawi, Malawi - kmunthali @unima.ac.mw
Keywords: Remote Sensing, Machine Learning, Yield Estimation, GeoAl, Photogrammetry, LOFO.

Abstract

Accurate in-season yield estimation is essential for Malawi’s food-security planning, yet conventional crop-cut surveys cover fewer
than 1% of the nation’s approximately 1.8 million sub-hectare maize plots. In this study, we exploit Sentinel-2 time-series imagery to
benchmark five modelling paradigms: spectral-index linear regression, XGBoost, CNN-LSTM, a frozen Vision Transformer (ViT)
and a ViT-LSTM hybrid. We apply these across eight rain-fed maize fields (0.2—0.9 ha) in Zomba District, Malawi, under a strict nes-
ted leave-one-field-out cross-validation design. Our results show that the recurrent architectures significantly outperform the tabular
baselines (p < 0.02, exact paired-permutation test). The ViT-LSTM hybrid achieved the lowest error (RMSE = 0.022 tha™'; MAE
= 0.019 tha™ '), representing an approximate 80% improvement over the best CNN-LSTM comparator, with statistical significance
(p = 0.031). Inference speed remains practical at ~ 35 m.s per 32 x 32-pixel patch, or about ~ 3 has™" on a low-end Quadro P1000
GPU, enabling national-scale yield mosaics within a week. These findings align with emerging evidence that transformer—recurrent
hybrid architectures represent the current state-of-the-art for crop-yield prediction (see e.g., ViT-based studies) and highlight the
enduring trade-off between accuracy and throughput in operational contexts. Moreover, our open-source pipeline, the first validated
on data-scarce, intercropped smallholder plots in sub-Saharan Africa, provides a reproducible blueprint for operational yield mon-
itoring across similar agro-ecologies. The experiment scripts are available at https://github.com/jahnical/yield-pred-models-comp

1. Introduction

”Maize is sown by more than 90 percent of small-scale family
producers on small rainfed plots. Although they are increas-
ingly exposed to climate change and weather shocks, small-
holder subsistence farmers are able to produce more than 80
percent of the food consumed in Malawi — with maize ac-
counting for more than 54 percent of national caloric intake.”
(Food and Agriculture Organization of the United Nations et al.,
2023). Therefore, food-security planning in Malawi depends on
timely and spatially-explicit maize yield estimates.

Conventional ground-survey methods for smallholder crop
monitoring cannot meet the narrow decision-windows deman-
ded by national agriculture decision-support systems (ADS).
These surveys tend to be conducted only after harvest, limiting
their usefulness for in-season or early warning interventions.
Moreover, they cover only a very small fraction of the roughly
1.8 million Malawian smallholdings, which average only about
0.7 ha in size and many are even smaller than a single coarse
satellite pixel (e.g., a MODIS pixel at 500 m) (Muyanga et al.,
2020, Food and Agriculture Organization of the United Nations
et al., 2023). Because the fields are so numerous, small and het-
erogeneous, and the sampling so limited, the resulting crop-cut
and household surveys struggle to deliver the spatial and tem-
poral resolution required by real-time ADS.

Remote-sensing solutions enable near-real-time monitoring of
crop growth without disrupting farm operations, offering a
transformative alternative to traditional field surveys. Numer-
ous systematic reviews indicate that vegetation indices de-
rived from optical satellite imagery continue to form the back-
bone of crop yield mapping workflows, yet the field is rap-
idly transitioning towards machine- and deep-learning meth-
ods that integrate multispectral imagery with auxiliary climate
and soil covariates (Muruganantham et al., 2022) (Joshi et al.,
2023). Moreover, transformer based architectures have recently

emerged as the state-of-the-art spatial encoders for agricultural
remote sensing tasks, having demonstrably outperformed Con-
volution Neural Network based models in value-chain studies
such as the U.S. Corn-Belt (Lin et al., 2023). However, their
potential remains underexplored in densely inter-cropped and
smallholder landscapes typical of sub-Saharan Africa, where
field sizes are small, heterogeneity is high and data scarcity
poses operational challenges.

In Malawi, research has begun to link Sentinel-2 surface re-
flectance to plot-scale maize yields, demonstrating the feas-
ibility of remote-sensing for smallholder contexts (Anghileri
et al., 2024). Concurrently, the NASA Harvest programme
is operationalising satellite- and mobile—data-based workflows
within the Ministry of Agriculture, Malawi to support in-season
agricultural monitoring and decision-making (Justice et al.,
2022). However, no study to date has undertaken a rigor-
ous, comparison of classical machine-learning models, convo-
lutional recurrent networks and transformer-based hybrids us-
ing a single smallholder yield dataset. To fill this gap, the
present work benchmarks five geospatial modelling paradigms,
spanning linear regression, through XGBoost and CNN-LSTM,
to a novel ViT-LSTM hybrid, using Sentinel-2 imagery and
hand-harvested yields from eight maize fields in Malawi. Our
aim is to characterise the trade-off between predictive ac-
curacy and computational throughput in resource-constrained,
data-scarce agro-ecologies.

2. Literature Review
2.1 Yield Estimation Methods

Yield estimation methods can be broadly classified into three
principal categories: (1) direct ground-based measurement, (2)
crop simulation or process-based models, and (3) data-driven
and remote-sensing-based statistical/machine-learning ap-
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proaches. [Each has strengths and limitations in different
agro-ecological and operational contexts.

Ground-based measurement methods remain the traditional
foundation of yield estimation. These include full or par-
tial plot harvests, crop-cut sampling (sub-plot harvests), and
farmer-estimation or expert assessment methods. For example,
crop-cut methods typically harvest small sub-plots (e.g., 50 m?
to 100 m?) and then extrapolate to the larger field scale (Basso
et al., 2013). Despite their directness, these methods are labor
intensive, costly, time-consuming, and often arrive too late to
support decision making in the season.

Crop simulation or process-based modelling approaches (e.g.,
DSSAT, APSIM) aim to represent the physiological processes
of crop growth, development and yield formation as a function
of environment, soil, weather and management. These mod-
els can provide yield forecasts before harvest, but require de-
tailed input data, calibration and are computationally intensive
(Lungu et al., 2021, Basso et al., 2013).

Data-driven and remote-sensing-based methods have grown
rapidly in use: satellite, UAV and sensor data are fused with
statistical, machine-learning or deep-learning models to es-
timate yield over large areas and in near real-time. For ex-
ample, (Lungu et al., 2021) and (Muruganantham et al., 2022)
review methods for yield estimation using remote sensing,
crop modelling and statistical methods. They note that while
remote-sensing enables broad spatial coverage, many of the
methods still struggle with small-holder plots and heterogen-
eous landscapes (Lungu et al., 2021). Mohideen Badushah et al.
(2019) emphasise the shift from simple statistical regressions
based on vegetation indices to more advanced machine-learning
frameworks (Mohideen Badushah et al., 2019).

2.2 Remote Sensing for Maize Yield Estimation

Over the past two decades remote-sensing based crop-yield es-
timation has evolved significantly with early approaches largely
relying on simple vegetation indices (VIs), such as the Nor-
malised Difference Vegetation Index (NDVI), which correlate
with canopy cover or biomass (Karthikeyan et al., 2020). More
recent studies have incorporated advanced machine-learning
algorithms, large multispectral or multi-sensor data inputs
and environmental/soil covariates, significantly improving pre-
dictive accuracy and spatial scalability. (Muruganantham
et al,, 2022) present a systematic review of deep-learning
and remote-sensing approaches to yield prediction, showing
how convolutional neural networks (CNNs), long-short-term
memory (LSTM) models and transformer-type architectures
are increasingly applied in agricultural monitoring. In large
commercial-farming regions such as the U.S. Corn-Belt (Ji
et al., 2022), studies have deployed these methods at county
scale, demonstrating the potential to forecast maize yields
ahead of harvest and support decision-making. These ad-
vances highlight that remote-sensing can deliver near-real-time,
spatially-explicit yield information, offering a transformative
complement to traditional ground-sampling methods.

Despite this progress, the application of remote-sensing
yield-estimation methods in smallholder, data-scarce contexts
such as sub-Saharan Africa (SSA) remains comparatively lim-
ited and less mature. Challenges include small field sizes,
frequent inter-cropping, heterogeneous management practices,
sparse ground-truth data and computation infrastructure, all of

which limit operationalisation of RS based methods. For in-
stance, (Li et al., 2022) analysed 150 inter-cropped smallholder
maize fields in southern Malawi, finding moderate accuracy (R?
0.51, nRMSE 20%) for sentinel-based models, and only mar-
ginal improvement when using higher-resolution PlanetScope
imagery. (Muruganantham et al., 2022) also highlight that
many deep-learning remote-sensing approaches are developed
for large homogeneous fields and need adaptation for small-
holder systems. Thus, there is a gap to systematically compare
classical, machine-learning and deep-learning methods under
the constraints of SSA smallholder agriculture.

Machine learning (ML) and deep-learning (DL) techniques
have increasingly become central to modern crop-yield estim-
ation frameworks. Early statistical models such as linear re-
gression or ridge regression have gradually given way to more
complex algorithms that can capture non-linear relationships,
temporal dynamics and multi-modal data inputs. For instance,
in a county-level study of maize yield in the U.S. Midwest,
(Kang et al., 2020) evaluated six algorithms, LASSO regres-
sion, support-vector regression (SVR), random forest (RF),
XGBoost, long-short-term memory networks (LSTM) and con-
volutional neural networks (CNN), and found that XGBoost de-
livered the highest predictive accuracy while the deep-learning
models did not substantially outperform the more traditional
ML models. Similarly, in a comprehensive review of ML and
DL for crop-yield prediction, (Abu Jabed and Azmi Murad,
2024) highlight that while deep-learning architectures (e.g.,
CNNs, LSTMs, vision transformers) show promise, their de-
ployment in operational systems is often constrained by data
availability, computational cost and interpretability concerns.

Smallholder

2.3 Challenges in and Data-scarce

Agro-ecologies

Smallholder-based agricultural systems in sub-Saharan Africa
(SSA) present a particularly challenging context for crop yield
estimation from remote sensing and data-driven modelling. To
begin with, field sizes are often very small (mostly under 0.5
ha) and highly heterogeneous. In addition, many farmers prac-
tise intercropping, variable management and mixed cropping
systems, which lead to mixed satellite pixels and reduce sig-
nal strength for yield prediction (Li et al., 2022). Secondly,
data scarcity, in terms of ground-truth yield measurements, re-
liable field area delineations, consistent management records
and frequent imagery, severely constrains model training and
validation. For example, a study in Ghana found that standard
crop-cut or self-reported yield data diverged significantly from
GPS- and UAV-verified metrics due to area loss and within-plot
variability (Nabateregga and Sglberg, 2020). Lastly, compu-
tational and operational constraints, such as limited access to
high-end GPUs, sparse high-frequency imagery, and minimal
local expertise, mean that many advanced models (e.g., deep
neural networks, transformer-hybrids) are less suited for de-
ployment under resource-constrained conditions.

Whereas modern crop-yield estimation methods have achieved
promising accuracy in large-scale, homogeneous farming sys-
tems using remote sensing and machine-learning, their trans-
fer to smallholder, data-scarce agro-ecologies remains under-
evaluated. Many African smallholder fields are highly frag-
mented, inter-cropped, and irregular in shape (Li et al., 2022),
making it challenging for conventional remote-sensing models
to generalise. Moreover, existing studies rarely benchmark the
full spectrum of modelling paradigms, from simple spectral-

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLVIlI-4-W20-2025-33-2026 | © Author(s) 2026. CC BY 4.0 License. 34



The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLVIII-4/W20-2025
Free and Open Source Software for Geospatial (FOSS4G) 2025 — Academic Track, 17—23 November 2025, Auckland, New Zealand

index regression, through tree-based and ensemble machine-
learning, to deep-learning hybrids, on the same small-holder
dataset under consistent preprocessing and validation frame-
works. This gap limits evidence-based guidance on how accur-
acy, scalability and computational throughput trade-off in real-
world decision-support systems. Our study addresses this by
systematically comparing five geospatial modelling approaches
on a heterogeneous maize dataset of eight smallholder fields in
Malawi and by measuring both predictive accuracy and opera-
tional latency under a nested leave-one-field-out design.

3. Study Area

The field study was carried out in eight rain-fed maize plots loc-
ated within the Zomba District in Southern Malawi. The district
lies within the humid subtropical zone of the country, with the
agricultural economy dominated by small-holder maize produc-
tion. The field sizes in our sample ranged from approximately
0.2 ha to 0.9 ha, reflecting the small-scale nature of maize cul-
tivation in this area. Farming is conducted using a ridge-tillage
system in which ridges spaced at about 75 cm are constructed
at the onset of the rainy season; sowing is performed by hand,
generally using two kernels per station of either local open-
pollinated or hybrid maize varieties. (Zomba District Assembly,
2017) Field boundaries were mapped by walking the ridge peri-
meters using a handheld GNSS receiver (Garmin eTrex 20x; +3
m horizontal accuracy). The resulting boundary polygons were
cleaned in QGIS and subsequently uploaded to Google Earth
Engine for image clipping and further processing.

4. Data

We selected Level-2A surface-reflectance imagery from the
Sentinel 2 mission because its native 10 m spatial resolution is
sufficiently fine to delineate Malawi’s sub-hectare smallholder
fields, and the products are freely and globally available, a key
criterion for national-scale deployment. (Drusch et al., 2012)
After atmospheric correction via Sen2Cor v 2.10, all 13 spec-
tral bands were up-sampled from 10 m/20 m to 1 m using bilin-
ear interpolation so as to produce raster inputs compatible with
convolutional- and transformer-based backbones pre-trained on
large image datasets (e.g., 224 x 224 px inputs).

In addition to Sentinel-2 imagery, daily 1 km MODIS
Land Surface Temperature (LST) data (Collection 61, band
LSTDay 1km) were converted from Kelvin to Celsius follow-
ing Wan et al. (Wan et al., 2015) and aggregated into 10-day
means per field. Static soil organic carbon (SOC) maps for the
0-50 cm depth interval were derived from the 30 m resolution
iSDA soil dataset (Hengl et al., 2021). At physiological matur-
ity, grain was hand-harvested from 10 m x 10 m quadrats within
each field, dried to 13% moisture and weighed. Plot-level yields
in kg ha™! were then assigned to every image patch originating
from that field, a common mapping convention when within-
field yield heterogeneity is low (Li et al., 2022).

5. Methodology

A two-stage strategy combined the s2cloudless probability
mask (Zupanc et al., 2023) with Sentinel-2 QA60 and Scene-
Classification Layer (SCL) flags to mask out clouds and shad-
ows. Median composites were generated for consecutive 10-
day windows between 1 December 2024 and 28 February 2025.

For every 10-day composite we generated overlapping image
chips with a 32 x 32-pixel sliding window and a stride of 16
pixels ( 50% overlap). Given the 1 m up-sampled grid, each
chip covered roughly 32 m x 32 m (approximately 0.10 ha).
Patches in which fewer than 60% of pixels remained cloud-free
were discarded. For each patch the following indices were com-
puted: NDVI, EVI, Red-edge NDVI (RENDVI), NDWI and
MSI (Gao, 1996). Finally, mean patch-level temperature vec-
tors and static soil rasters were joined to the reflectance stack
by field name.

The following five geospatial regressors were benchmarked:
i) Ordinary least-squares linear regression on ten-day means
of the five spectral indices (LR-Indices) as a transparent ag-
ronomic baseline; ii) Gradient-boosted trees on band + index
means + temperature features as a strong non-deep-learning ref-
erence (XGBoost) (Chen and Guestrin, 2016); iii) ResNet-50
spatial en-coder pre-trained on BigEarthNet plus an LSTM de-
coder as a deep-learning benchmark (CNN-LSTM) (Khaki et
al., 2020); iv) Vision Transformer pre-trained on BigEarthNet
with a linear head only as a transformer baseline (Frozen ViT)
(Dosovitskiy et al., 2020); and v) a proposed hybrid innovation
running a ViT backbone with features pooled by an LSTM de-
coder.

All' models were implemented in PyTorch 2.3;
and tree-ensembles used XGBoost 2.0. A nested
leave-one-field-out (LOFO) cross-validation (CV) design
(Berrar, 2018) ensured each field served once as an unseen
test set, while hyper-parameter tuning via Optuna’s Bayesian
search (Akiba et al., 2019) occurred within each training fold.
Neural networks were trained for 50 epochs using the AdamW
optimiser, with a cosine-annealing learning-rate schedule
and warm restarts (Loshchilov and Hutter, 2017). Training
employed mixed-precision (FP16) mode via NVIDIA’s Auto-
matic Mixed Precision, reducing memory by 50% with no
accuracy loss (Micikevicius et al., 2018). Early stopping
on validation RMSE with a patience of 10 epochs curtailed
over-fitting (Prechelt, 1998). Model performance on the
held-out field was evaluated using root-mean-square error
(RMSE) and mean-absolute error (MAE). To assess statistical
differences across model performances we carried out an exact
paired-permutation test on fold-wise RMSE values, with seven
folds, all 128 possible sign permutations were enumerated and
significance declared at p < 0.05 (Gaddy et al., 2022).

6. Results

Table 1 reports the mean + SD performance across the seven
leave-one-field-out folds. The proposed ViT-LSTM attains
the lowest errors, RMSE = 0.022 t ha~' and MAE = 0.019
t ha™!, representing an improvement of almost 80% over the
CNN-LSTM. Both recurrent architectures significantly outper-
form the three non-recurrent baselines.

Figure 2 plots RMSE versus per-patch latency. The recurrent
models define the Pareto-frontier: the CNN-LSTM sits closest
to the origin, offering near-optimal accuracy while delivering
predictions in roughly 9 ms per patch—making it well-suited
for interactive dashboards or daily advisory services.

The proposed ViT-LSTM further reduces error by 80% al-
beit at a four-fold latency cost; it can still process about 3
ha s'! on a low-end Quadro P1000, sufficient to refresh a
national-scale mosaic within a week. Meanwhile, the frozen
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Figure 1. Workflow diagram of the methodology: from inputs through pre-processing, modelling and evaluation.

Model RMSE (tha—!) MAE (tha—!) Inference time (ms
patch—1)
LR-Indices 0.223 4+ 0.144 0.202 +0.145 0.018 £0.012
XGBoost 0.288 +0.265 0.286 & 0.265 0.026 & 0.046
Frozen ViT  0.21940.156 0.197 £0.153 4.08 £ 0.42
CNN-LSTM 0.088 £ 0.110 0.083 4 0.110 16.48 +9.44
VIT-LSTM  0.022 £+ 0.021 0.019 4+ 0.019 35.52 +5.16

Table 1. Model performance: mean + SD across folds of the
leave-one-field-out (LOFO) cross-validation.
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Figure 2. Accuracy vs. efficiency scatter plot of the
benchmarked models.

ViT is Pareto-dominated—both slower and less accurate than
CNN-LSTM—while the simpler tabular models are extremely
fast yet too error-prone for reliable plot-level decision-making.

Using the exact paired-permutation test, based on all 128 pos-
sible sign flips of the fold-wise RMSE differences, it is evid-
ent that both CNN-LSTM and ViT-LSTM outperform every
non-recurrent model (LR-Indices, XGBoost, Frozen ViT), with
exact p < 0.02. In particular, ViT-LSTM achieves a stat-
istically significant additional RMSE reduction of 0.092 t
ha=! compared to the CNN-LSTM ( p = 0.031 ). On
the baseline models, no meaningful differences are detected
between LR-Indices, XGBoost and Frozen ViT (p > 0.15).

These exact results confirm that explicit spatio-temporal learn-
ing is indispensable in Malawi’s smallholder context. The
transformer-recurrent hybrid remains the most accurate, but its

four-fold latency overhead must be balanced against operational
deadlines.

7. Conclusion

This work delivers the first side-by-side benchmark of clas-
sical machine-learning, CNN-LSTM and transformer-based
geospatial models on field-scale maize yield estimation in
a sub-Saharan inter-cropped smallholder setting. With all
random generators fixed for reproducibility, the proposed
ViT-LSTM cut the error to 0.022 t ha=! — an 80% reduction
relative to the best CNN-LSTM baseline — while sustaining an
inference speed of 35 ms patch ™!, fast enough to map the entire
national maize area in less than 4 days on commodity hardware.
Exact paired-permutation tests (128 flips) showed this margin
is statistically significant (p = 0.031), whereas both recur-
rent models decisively outperformed all non-recurrent baselines
(p < 0.02). This study shows that explicit spatio-temporal deep
learning is indispensable for sub-hectare yield mapping. The
transformer-recurrent architecture now sets the accuracy bar,
yet its four-times-latency premium must be weighed against the
timeliness requirements of extension services.

Operational Implications

At 1 mresolution with non-overlapping 32 x 32 px tiles, a single
Quadro P1000 requires approximately 7 days for ViT-LSTM
versus approximately 2 days for CNN-LSTM; an RTX 6000
Ada brings ViT-LSTM down to 6 h, and a consumer RTX 4090
to 7 h. With parallel GPUs or coarser tiling, pre-harvest dead-
lines are easily met. When near-real-time dashboards are re-
quired, the 9 ms latency of CNN-LSTM may be preferable with
only a 0.095 t ha~* accuracy trade-off.
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