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A B S T R A C T

Accurate and timely crop yield prediction and forecasting are important for improving agricultural productivity 
and supporting informed management decisions. In this study, we developed and evaluated a framework for 
estimating in-season potato yield at the field scale using Sentinel-2 satellite time series. A Grouped TreeSHAP 
Stability Selection (GTSS) was first applied to identify a compact, phenology-aware subset of spectral bands and 
vegetation indices, thereby reducing redundancy and mitigating overfitting in small-data settings. Two deep 
learning architectures tailored for limited training data were then introduced: LiteTemporalConv, a lightweight 
temporal convolutional network, and MS-ConvBiGRU-Attn, a hybrid encoder combining multi-scale convolu
tions, bidirectional GRUs, and an attention mechanism. Both models were benchmarked against widely used 
machine learning methods, including Random Forest, Support Vector Machine, Extreme Gradient Boost, Partial 
Least Squares, as well as standard deep learning baselines (CNN and GRU). Results showed that the proposed 
models outperformed both machine learning and conventional deep learning baselines, with LiteTemporalConv 
achieving the highest accuracy under 10-fold cross-validation (R² = 0.84; RMSE = 3.18 t ha⁻¹; rRMSE = 6.36%) 
and MS-ConvBiGRU-Attn yielding similarly strong performance (R² = 0.82; RMSE = 3.53 t ha⁻¹; rRMSE =
7.03%). By comparison, the best baseline, XGB, achieved an R² of 0.79 with an rRMSE of 9.8%. The two best- 
performing models were further evaluated on an independent spatial dataset to assess their generalization 
beyond the training region. In an additional experiment, both deep learning models trained on mid-season ob
servations showed predictive stability for late-season yield estimation. Overall, the results highlight the 
importance of targeted feature selection and lightweight encoders for yield modeling in data-scarce conditions.

1. Introduction

The global population is expected to grow, reaching around 9.8 
billion by 2050 and potentially 11.8 billion by 2100, with an average 
annual increase of approximately 83 million people [1], However, the 
amount of cultivated land per person is declining, making it challenging 
to meet food needs [2]. As the food demand is expected to double [3], 
intensified agricultural practices and land expansion have increasingly 
impacted Earth’s biogeochemical cycles [4]. Hence, the agricultural 
sector is under growing pressure from climate change and resource 
overuse, both of which are intensifying global food security concerns 
[5]. Rijsberman et al. [6] emphasized the need to increase food pro
duction by 40% while preserving ecosystems through environmentally 
viable agricultural practices [7]. Sustainable Development Goal 2 (SDG 
2) promotes sustainable agriculture and empowers producers, where 
accurate crop yield estimation plays a major role in integrating efficient 

food production and distribution [8].
Blackmore et al. [9] highlighted the potential of precision agriculture 

to advance sustainable farming practices. Precision agriculture (PA) 
technologies, such as Global Positioning System (GPS), Geographic In
formation System (GIS), and remote sensing (RS), provide timely and 
cost-effective data on real-time field conditions [10,11]. These data 
streams not only support better crop yield predictions but also help to 
reduce operational costs [12]. Estimating and mapping crop yields using 
Earth observation data provides valuable information to farmers, 
decision-makers, insurers, and nonprofit agencies, as it supports plan
ning, risk management, and resilience in food systems [13,14]. Fore
casting crop yield before harvest allows stakeholders to plan logistics 
such as collection and storage, and align production with market re
quirements [15,16]. Early yield estimates at the field scale enable 
farmers to guide on-farm decisions and help governments in imple
menting food security initiatives and policy reforms [17,18].
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Potato (Solanum tuberosum L.) is one of the most important staple 
crops worldwide. Originating in the Andes Mountains of southern Peru 
[19], it is the third most consumed food crop after rice and wheat [20] 
and a critical contributor to global food security [21]. In 2023, potatoes 
were cultivated on nearly 1.3 million hectares across the EU, yielding 
over 48 million tons and contributing approximately $334 million in 
trade surplus [22]. Italy produces approximately 3.2 million tons of 
potatoes annually across 13.8 thousand hectares in 2020, with most of 
the production concentrated in Sicily, Campania, and Puglia [23], while 
Lazio, Veneto, and Calabria also contribute significantly. In 2023, Italy 
exported potatoes worth $39.8 million, ranking 17th among 155 global 
exporters [24]. To support both domestic supply strategies and the 
export potential, accurate potato yield estimation and high-resolution 
yield maps are crucial for identifying spatial yield variability and 
improving management decisions [25].

Traditionally, crop growth models have been employed to simulate 
crop responses to management practices and environmental conditions. 
Several well-established potato crop models have been developed and 
discussed in the literature, including APSIM-Potato, LINTUL-Potato, 
SOLANUM, SUBSTOR-Potato, and SPUDSIM [26-28]. These models 
have demonstrated their capability to represent key plant responses to 
factors such as nitrogen fertilization [29], temperature, photoperiod 
[30], and solar radiation [31], and have been successfully applied for 
yield estimation during the growing season. However, their operational 
application at field-to-regional scales often depends on detailed input 
data, calibration procedures, and modeling assumptions that may not 
always be readily available across diverse production systems [27,32]. 
In addition, representing spatial variability and extreme weather im
pacts over large areas can remain challenging within many modeling 
frameworks [20,33]. These considerations motivate the exploration of 
complementary, data-driven, and spatially explicit approaches, partic
ularly those that utilize satellite observations to support practical and 
scalable potato yield monitoring.

The advent of Earth observation (EO) data has made large-scale crop 
monitoring and yield prediction both feasible and cost-effective, and 
remote sensing is now widely applied in precision agriculture [33-35]. 
However, selecting the most appropriate dataset and method for yield 
estimation remains a major challenge [36]. Most satellite-based potato 
yield models rely on vegetation indices (VIs). For example, [37] applied 
NDVI, while [38] used MODIS-derived indices such as LAI, NDVI, and 
fPAR to predict potato yield. By contrast, only a few studies [20] have 
explored the use of raw spectral reflectance for potato yield prediction. 
Previous research has mainly focused on red and near-infrared-based 
indices, yet indices and bands from the red-edge region are closely 
linked to chlorophyll content and nitrogen status, and may offer 
improved yield prediction accuracy [39,40].

Sentinel-2 imagery provides continuous spectral information that 
can be used either directly as raw bands or as derived vegetation indices 
(VIs). VIs capture pigment absorption and canopy water content, making 
them useful for detecting stress caused by water deficit, temperature 
extremes, or infections in the potato crop [20], while raw bands preserve 
complementary reflectance signals linked to crop growth stage. Both 
inputs offer critical information about potato crop conditions relevant to 
yield development.

Several techniques were used to explore the relationship between 
potato yield and satellite-derived data. Statistical models have been 
widely applied in yield prediction [41,42]. While linear models offer 
interpretability by quantifying the additive effects of predictors, they 
often struggle when relationships are highly non-linear [43,44]. To 
address this limitation, machine learning (ML) models have gained 
popularity for capturing complex patterns, even with large and 
high-dimensional datasets [45]. Unlike classical statistical models, ML 
algorithms do not assume a fixed data structure; instead, they learn re
lationships directly from the data [46]. Three widely used ML algo
rithms in crop yield studies are Random Forest (RF), Support Vector 
Machine (SVM), and Extreme Gradient Boosting (XGB).

Deep learning (DL) has also shown strong potential by automatically 
learning complex spatio-temporal patterns from large datasets, which 
are often difficult to model with traditional approaches [47]. DL algo
rithms, including Convolutional Neural Networks (CNNs) and Recurrent 
Neural Networks (RNNs), have been successfully applied for crop yield 
modeling [48]. RNNs are particularly effective in yield prediction tasks 
that involve sequential or time-series data, such as vegetation indices or 
spectral information over a growing season [49]. DL models often 
outperform ML when large datasets are available [50]. However, some 
studies have reported that ML can perform equally well or better at 
certain scales, depending on the dataset size and features [51].

Despite these advances, a persistent challenge in applying deep 
learning to yield estimation is the requirement for large labeled datasets, 
which are rarely available at the field scale. Most studies demonstrating 
the success of CNNs or RNNs rely on extensive regional or multi-year 
datasets, whereas single-season, field-level applications often face data 
scarcity. Recent work suggests that when training data are limited, the 
choice of model complexity plays an important role in overall perfor
mance. Under such conditions, simpler network architectures can ach
ieve performance comparable to that of deeper and more parameterized 
models, particularly when appropriate regularization and data 
augmentation are applied [52]. These findings motivate the develop
ment of lightweight deep learning approaches. It therefore raises an 
important question: Can deep learning architectures be designed to 
perform effectively under small data regimes? Addressing this challenge 
requires models that are not only expressive enough to capture temporal 
dependencies in crop growth but also efficient with limited training 
samples.

In this study, we introduce two lightweight deep learning architec
tures tailored for field-scale, single-season potato yield estimation. The 
first model, LiteTemporalConv, is a compact temporal convolutional 
network designed to emphasize stability, parameter efficiency, and 
robustness when sample sizes are small. The second, MS-ConvBiGRU- 
Attn, adopts a hybrid structure that integrates multi-scale convolution, 
recurrent layers, and an attention mechanism to represent both short- 
term spectral variations and longer-term phenological patterns. By 
comparing a simple model with a more complex temporal encoder, this 
study also explores how model complexity affects performance on small 
agricultural datasets. In comparison with established machine learning 
baselines (RF, SVM, XGB, and PLS), we provide a systematic evaluation 
of these deep learning approaches' strengths and limitations in 
addressing the challenges of small, high-dimensional agricultural 
datasets.

2. Materials and methods

2.1. Study area

Ground-truth yield data were collected from potato fields located in 
the south-western part of the Veneto Region (Italy), centered at 11◦ 19′ 
31″ E, 45◦ 17′ 36″ N. The Veneto region in north-eastern Italy experiences 
a varied climate due to its diverse topography. It spans 18,398.9 km² and 
ranges from the Austrian Alps to the Po River Delta. Its geography en
compasses mountainous terrains, fertile plains, and hilly regions. The 
area is crossed by major rivers such as the Po and Adige, and borders the 
Adriatic Sea with 200 km of coastline. The study area (Fig. 1) is located 
in the Venetian plain, with a semi-continental climate, marked by hot, 
humid summers with average temperatures ranging from 25 to 30 ◦C 
and cold, foggy winters with temperatures around 0 to 5 ◦C. Annual 
precipitation varies between 800 and 1200 mm, with rainfall in spring 
and autumn. These climatic conditions strongly affect agricultural ac
tivities in the region. Potato cultivation in the Veneto region generally 
follows a seasonal cycle, with sowing typically occurring between late 
March and early May. However, this timeline can vary depending on the 
crop variety; some of the early-season varieties are sown as early as 
February. Similarly, harvesting times differ across varieties. Potatoes 
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that are planted early start harvesting in early June, while most of the 
varieties reach maturity by July. Mid-season varieties are usually har
vested between late September and October, whereas late-sown potatoes 
are typically harvested in November. In addition to the primary study 
area in Veneto, an independent validation region was considered to 
assess the spatial transferability of proposed models. This secondary 
region comprises potato fields located across southern Lombardia and 
eastern Piemonte in northern Italy (Fig. 1), geographically separated 
from the Veneto training area.

2.2. Satellite data

The Sentinel-2 satellite constellation was developed under the Eu
ropean Copernicus Earth observation program. It plays a key role in 
agricultural applications due to its high-temporal frequency and 

multispectral imaging capabilities [88]. It operates through twin satel
lites, Sentinel-2A and Sentinel-2B, equipped with the Multispectral In
strument (MSI), which captures data in 13 spectral bands across the 
visible, near-infrared, and shortwave infrared regions [53]. With a 
revisit period of five days, Sentinel-2 provides timely observations for 
crop monitoring. For this study, Sentinel-2 tile T32TPR was selected to 
cover the potato cultivation regions within the study area. A total of 
eight Level-2A Bottom-of-Atmosphere (BOA) images were obtained 
from the Copernicus Open Access Hub, according to the phenological 
stages of potato growth, including emergence, canopy development, 
tuber initiation, and maturity. Data acquisition also covered from early 
planting to post-harvest (Fig. 2). Only scenes with <5% cloud cover over 
the area of interest were used to maintain data quality. Key spectral 
bands from each acquisition date were extracted to use for further 
vegetation indices development and eventually yield prediction.

Fig. 1. Spatial distribution of training (Veneto) and independent validation (Lombardia–Piemonte) sites, including Sentinel-2 natural color composite for the 
training area and representative zoomed ground yield plots.

Fig. 2. Satellite data acquisition dates for the potato crop from planting to harvest.
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2.3. Ground yield data

Ground yield data were collected from a systematic survey con
ducted on 114 potato fields located in the study area of Fig. 1, thanks to 
the collaboration of the Pizzoli Company (Budrio, Italy). Data on the 
yield harvested for each field were collected during harvest time over a 
range of different potato varieties, including Innovator, Daisy, and 
Alverstone R. Each field polygon was accurately delineated and assigned 
its corresponding fresh matter yield value, measured in tonnes (ton) per 
hectare (ha). A descriptive statistical summary (Table 1) presents the 
minimum, maximum, mean, and standard deviation for yield ton per 
hectare, which provides an overview of the distribution and variability 
within the dataset.

3. Methodological approach

The methodological approach followed a step-by-step process, 
starting with the collection of satellite images and preprocessing. Once 
the images were ready, key features were prepared by calculating 
vegetation indices from the raw spectral bands. After that, feature se
lection was carried out to focus on the most relevant inputs for the 
analysis. The study then advanced into two main experimental streams: 
(i) the development and evaluation of two specialized deep learning 
architectures LiteTemporalConv and MS-ConvBiGRU-Attn tailored for 
potato yield estimation, and (ii) the training of baseline machine 
learning models (RF, XGB, SVM, and PLS). Performance of all models 
was assessed and compared using R2and RMSE metrics for single-season, 
field-scale potato yield prediction (Fig. 3). All analyses were conducted 
in Python (3.9.20) using pandas, NumPy, and Matplotlib/Seaborn for 
data handling and visualization, and scikit-learn, statsmodels, XGBoost, 
and TensorFlow/Keras for model development. Hyperparameters were 
tuned via grid search for ML models, deep learning models used 
manually adjusted settings. Efficiency analysis showed that deep 
learning models were more efficient on a GPU, with faster training and 
lower memory use than ML approaches. All experiments were per
formed on a workstation with an Intel i7–12,700, 32 GB RAM, NVIDIA 
RTX 3060.

3.1. Satellite image preprocessing

Sentinel-2 images were pre-processed automatically using the ESA 
SNAP Graph Processing Tool (GPT) workflow. This method provides a 
robust and time-efficient way to handle time-series satellite imagery, 
which ensures every file is processed consistently and reproducibly. A 
Linux-based shell script was developed to execute a custom processing 
graph. This graph included key steps like resampling image bands to 10- 
meter resolution and clipping the imagery to the boundaries of the study 
area. The script runs automatically all the necessary operations defined 
in the SNAP batch processing graph, which significantly reduces the 
manual effort and processing time. Compared to traditional methods, 
this automated approach allows for efficient, large-scale processing with 
minimal user input. The processed images were then used to calculate 
vegetation indices and to preparation of feature combinations for yield 
modelling.

3.2. Feature extraction

In the feature extraction stage, two main datasets were developed to 
support potato yield prediction. The reflectance values from selected 
Sentinel-2 spectral bands (Table 2) and a set of 17 vegetation indices 
were generated for potato yield modelling. The Sentinel-2 bands were 
selected for their sensitivity to plant traits associated with crop health, 
particularly those related to photosynthesis, pigment levels, and water 
content [20]. In Table 3, the indices were selected to ensure consistency 
with previous applications in potato and related crop yield estimation 
studies. Collectively, they represent key physiological attributes directly 
relevant to potato growth and yield prediction. This combination of raw 
spectral data and crop-specific indices allowed for a more comprehen
sive representation of crop conditions across developmental stages.

3.3. Data preparation and feature selection

For model development, we first prepared a structured dataset at the 
parcel level. A total of 114 potato field polygons with observed yields (t/ 
ha) were used as spatial units of analysis. For each polygon, Sentinel-2 
surface reflectance data were retrieved on eight cloud-free dates 
covering the main phenological stages of the 2023 season. From these 
scenes, we derived two complementary sets of predictors: (i) the ten 
Sentinel-2 spectral bands spanning visible to shortwave infrared wave
lengths, and (ii) a set of 17 vegetation indices capturing canopy green
ness, structure, and pigment composition. To obtain representative 
values per field and date, we computed the mean reflectance or index 
value of all valid pixels within each polygon. This procedure yielded a 
spatiotemporal dataset with the structure 114 fields × 8 dates × 27 
features, where the feature dimension combines both raw bands and 
derived indices. These temporally ordered feature sequences provided 
the input representation for all subsequent sequence-based models and 
formed the basis for the feature selection analysis.

Deep learning models often perform better when trained on large 
amounts of data, but adding too many features can have drawbacks 
[66]. As the number of features grows, models face the curse of 
dimensionality, which can lead to overfitting and introduce noisy or 
redundant information that lowers accuracy [67]. Therefore, careful 
feature selection becomes important in deep learning. Focusing on the 
right number of meaningful features, models can capture the true pat
terns in the data more effectively.

A Grouped TreeSHAP [68], Stability Selection (GTSS) procedure was 
employed to identify a compact and leakage-safe subset of spectral 
bands, vegetation indices, and acquisition dates relevant for field-level 
yield prediction. Each field was represented as a tensor 

X ∈ RN×T×C (1) 

where N denotes the number of fields, T the number of acquisition dates, 
and C the number of input channels. For each date t ∈ {1,……..,T}, the 
input consisted of 10 Sentinel-2 spectral bands (SBs) and 14 vegetation 
indices (VIs), organized as 

[
SB1:10, VI1:14]. The prediction target was 

field-level yield (y). For generality, we denote the index grid as 
{

xVI
j,t

}

with j ∈ {1,……..,MVI} and the band grid as 
{

xSB
b,t

}
with b ∈ {1,……..,

MSB}. To evaluate feature importance, we considered three grouping 
strategies: i) VI groups – all T columns of a given vegetation index, j: as 
{

xVI
j,t

}
ii) SB groups: all T columns of a given spectral band b iii) Date 

groups: all VIs or SBs at a specific date t.
A nested GroupKFold strategy was adopted, ensuring that all feature 

selection occurred exclusively within the outer training fold, while the 
outer test fold remained unseen until final evaluation. Within each outer 
training fold, we performed B = 50 field-wise bootstraps. For each 
bootstrap: A compact gradient-boosted tree model (XGB-style, depth 
3–4, learning rate = 0.05, up to 500 trees with early stopping, subsample 

Table 1 
Ground yield data summary statistics.

Statistics Area (ha) Yield (ton/ha)

Minimum 0.59 30.13
Maximum 16.56 63.20
Sum 471.39 4532.47
Mean 5.29 50.11
Std 4.19 8.57
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and column-subsample = 0.9) was fitted. TreeSHAP values were 
computed on out-of-bootstrap samples (not used in model fitting). The 
mean absolute SHAP contribution per feature was calculated and 
aggregated to group scores: 

Index (VI) score = SVI
j =

∑T

t=1
E
[ ⃒
⃒
⃒SHAP

(
xVI

j,t

)⃒
⃒
⃒

]
(2) 

Band (SB) score = SSB
b =

∑T

t=1
E
[ ⃒
⃒
⃒SHAP

(
xSB

b,t

)⃒
⃒
⃒

]
(3) 

Date score (VIs) = SDate, VI
t =

∑MVI

j=1
E
[ ⃒
⃒
⃒SHAP

(
xVI

j,t

)⃒
⃒
⃒

]
(4) 

Date score (SBs) = SDate, SB
t =

∑MSB

b=1
E
[ ⃒
⃒
⃒SHAP

(
xSB

b,t

)⃒
⃒
⃒

]
(5) 

To ensure robustness, shadow groups were created by permuting all 

columns within each group (e.g., all dates of a specific VI). A group was 
considered a “hit” if its score exceeded the maximum shadow score in 
that bootstrap. Stability was then defined as the fraction of bootstraps in 
which a group registered a hit, and only groups with stability ≥ 60% 
were retained.

3.4. Proposed deep learning framework

We develop a two-stage framework for potato yield estimation from 
multi-temporal Sentinel-2 data. A light, shared front-end first stan
dardizes the per-timestamp feature vectors; this output is then passed to 
one of two temporal encoders: LiteTemporalConv, a compact convolu
tional network, or multi-stage ConvBiGRU-Attn, which combines 
convolution, recurrent modeling, and attention. The shared front-end 
ensures both models operate on the same representation, allowing a 
fair comparison of their predictive yield capabilities.

To assess the temporal contribution of each acquisition date to the 
encoders, we computed Permutation Importance on R² (ΔR²). For a 
trained model, we first obtained the baseline R² on the (scaled) training 
set. Then, for each date t, we permuted all features from that date across 
fields (bands + indices; temporal order preserved elsewhere), re-ran 
predictions, and calculated ΔR² = R2

base− R2
perm (t) .Larger ΔR² indicates 

a greater marginal contribution of that date to the model’s fit. Based on 
this analysis, an additional experiment was performed in which models 
were retrained using a subset of temporally selected inputs and evalu
ated on observations corresponding to different temporal stages of the 
growing season.

3.4.1. Structure of temporal channel projection
The Temporal Channel Projection (TCP) is a minimal front-end that 

applies the linear transformation to the feature vector at each time step 
while keeping the sequence length unchanged. Practically, it is imple
mented as a time-distributed Dense layer with kernel L2 regularization. 

Fig. 3. Methodological workflow carried out for this study.

Table 2 
Sentinel-2 bands selected for this study.

Band # Central λ (nm) Spectral Width (nm) Spatial resolution (m)

B2 490 65 10
B3 560 35 10
B4 665 30 10
B5 705 15 20
B6 740 15 20
B7 783 20 20
B8 842 115 10
B8A 865 20 20
B11 1610 90 20
B12 2190 180 20
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As shown in Fig. 4(a), TCP introduced a lightweight front-end that 

performs a time-shared linear projection of per-step features from RFin to 
RFout while preserving sequence length. 

For X ∈ RT ×Fin with T = 6, Fin = 18 (6) 

The module computes 

X̃ = XW + 1TbT
∈ RT × Fout , X̃ ∈ R6 ×Fout (7) 

The result X̃ ∈ RT ×Fout is then fed to the encoder. This layer serves 
three roles: it mixes correlated spectral inputs into a compact set of 
features, suppresses noisy or redundant directions [69], and conditions 
the data for downstream temporal layers without imposing assumptions 
on the time axis. We tune it by cross-validation over a small grid (e.g., 8, 
12, 14, 16, 24) and fix the best setting for all subsequent training and 
evaluation. In our experiments, adding TCP provides consistent gains in 
R² and RMSE with negligible computational overhead. After TCP, the 
resulting sequence is forwarded to one of two alternative encoders that 
differ in how they capture spatiotemporal signals for yield prediction.

3.4.2. LiteTemporalConv
The LiteTemporalConv begins with a lightweight TCP output layer 

that harmonizes inputs to a fixed temporal–feature grid. In our imple
mentation, inputs are mapped to 14 features per step and 6-time steps, 
ensuring a consistent interface for the encoder. As shown in Fig. 4(b), the 
core of LiteTemporalConv is a shallow stack of one-dimensional con
volutions operating along the temporal sequence with the same padding 
Conv1D 64 filters, kernel size 3, ReLU Conv1D 64 filters, kernel size 3, 
ReLU Layer Normalization → Dropout (p = 0.1) Conv1D 128 filters, 
kernel size 3, ReLU. This sequence favors small kernels to capture short- 
to-mid-range temporal signals while keeping the parameter count low 
[70]. With unit stride, the arrangement provides an effective receptive 
field suited to sparsely sampled seasonal data. Layer normalization 
stabilizes activations under small batch sizes, and dropout offers addi
tional regularization [71]. The convolutional feature map is summarized 
by global average pooling across time to produce a fixed-length repre
sentation. A minimalist prediction head follows: Dropout (p = 0.20) → 
Dense (64 units, ReLU, L2 regularization) → Dense (1 unit) for yield 

Table 3 
Description and calculating formulas for vegetational indices from Sentinel-2 
spectral bands.

Index Abbreviation Formula Source

PPI Potato Productivity Index (B3 / (B2 + B4)) + ((B9 / 
B8A) * (B3 / B5))

[20]

NDVI Normalized Difference 
Vegetation Index

(B8 − B4)/(B8 + B4) [54]

LAI Leaf Area Index Neural network inversion of 
PROSAIL RTM using Sentinel-2 
TOC reflectance

[55]

FVC Fractional Vegetation Cover Neural network inversion of 
PROSAIL RTM using Sentinel-2 
TOC reflectance

[55]

MTCI Meris Terrestrial Chlorophyll 
Index algorithm

(B6 − B5) / (B5 − B4) [56]

IRECI Inverted Red-Edge 
Chlorophyll Index

(B7 − B4)/ (B4 /B4) [57]

MCAR Modified Chlorophyll 
Absorption Ratio

[(B5 - B4) - 0.2 * (B5 - B3)] * 
(B5 / B4)

[58]

GNDVI Green Normalized Difference 
Vegetation Index

(B8 − B3) / (B8 + B3) [59]

SAVI Soil Adjusted Vegetation 
Index

1.5 * (B8 - B4) / (B8 + B4 +
0.5)

[60]

ND45 Normalized Difference 450 
nm Index

(B5 - B4) / (B5 + B4) [61]

CRI2 Carotenoid Reflectance Index (1 / B2) - (1 / B5) [19]
AR12 Anthocyanin Reflectance 

Index
(1 / B3) - (1 / B5) [19]

PSRI Plant Senescence Reflectance 
Index

(B4 - B2) / B6 [62]

NDRE Normalized difference red 
edge

(B8 - B5) / (B8 + B5) [63]

CLG Green Chlorophyll index (B7 / B3) - 1 [64]
FPAR Fraction of Absorbed 

Photosynthetically Active 
Radiation

Neural network inversion of 
PROSAIL RTM using Sentinel-2 
TOC reflectance

[55]

REIP Red-Edge Inflection Point 
Index

705+35* ((B4+B7)/2-B5)/ 
(B6-B5)

[65]

Fig. 4. Structure of the proposed deep learning framework for crop yield prediction. (a) Temporal Channel Projection (TCP) (b) LiteTemporalConv (c) MS - Con
vBiGRU-Attn.
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regression. The encoder output h (6 × C), pooled by Global
AveragePooling1D or a (C) vector, feeds a compact MLP head that maps 
global average pooling sequence aggregation z to the yield prediction ŷ. 

z = ReLU(W1h + b1), ŷ = W2z + b2 (8) 

Where W1 ∈ R64 ×C3 , W2 ∈ R1 × 64, C3 =the number of channels 
coming out of the last Conv1D layer, b1 = the bias vector for the first 
dense layer, b2 = the bias vector for the final output layer. Global 
pooling limits overfitting, removes sensitivity to minor variations in 
sequence length, and keeps computation low. LiteTemporalConv is 
intended to be efficient, stable, and easy to train. The adapter enforces a 
uniform input geometry; the shallow Conv1D stack emphasizes local 
temporal patterns without excessive capacity [72]; and the 
pooling-plus-dense head offers a clear, regularized path to the target. 
Together, these choices yield a practical encoder for multi-temporal 
agricultural signals, well-suited to datasets with limited sample sizes.

3.4.3. MS - ConvBiGRU-Attn
In this study, the ConvBiGRU-Attn model is organized as a staged 

sequence encoder that couples multi-scale convolution, bidirectional 
recurrent modeling, and a lightweight attention mechanism Fig. 4(c). 
The network comprises an input TCP, a convolutional stem with parallel 
branches, a bidirectional GRU block, an attention layer for temporal 
weighting, a multi-pooling fusion module, and a compact projection 
head followed by a shallow regression head. Model begins with a multi- 
scale convolutional stem with a moderate-width temporal convolution 
(128 filters, kernel size 5) to capture short-range dynamics [73], fol
lowed by Layer Normalization and dropout to stabilize activations. To 
enhance feature diversity without inflating parameters, two parallel 
branches operate in tandem: (i) a standard Conv1D with 128 filters and 
kernel size 3, and (ii) a dilated Conv1D with 128 filters, kernel size 3, 
and dilation rate 2 to extend the temporal receptive field. The branch 
outputs are concatenated and compressed with a pointwise (1 × 1) 
convolution to 192 channels, then normalized. This multi-scale design 
extracts complementary temporal signals while maintaining computa
tional balance. Downstream of the stem, a bidirectional GRU (128 units 
per direction) models longer-range dependencies by processing the 
sequence in both forward and backward directions [71]. The layer 
returns a time-aligned feature map, preserving step-wise information for 
subsequent weighting. Layer Normalization and dropout are applied to 
improve stability on small datasets. An attention layer assigns a 
data-driven importance score to each time step [71] and forms a context 
vector as the weighted combination of the GRU outputs. Placed imme
diately after the recurrent block and before pooling, this component 
highlights phenological periods most informative for yield estimation 
and provides an interpretable summary of the sequence. To increase 
robustness, the attention context is fused with global average pooling 
and global max pooling computed over the same GRU outputs. 
Concatenating these three summaries, attention context, average pool, 
and max pool balances typical temporal patterns with salient peaks 
while retaining the focused signal emphasized by attention [73]. The 
fused vector is passed through a compact projection layer (Dense 256, 
ReLU), followed by Layer Normalization and comparatively strong 
dropout. The resulting feature embedding constitutes the encoder 
output and is designed to be expressive yet well-regularized. For 
completeness, the encoder feeds a conservative regression head con
sisting of sequential dense blocks (128 → 64 → 32 units with ReLU), 
each interleaved with normalization or dropout, and a final linear unit 
that produces the yield estimate. 

ŷ = W2ReLU(W1f + b1) + b2 (9) 

Where ŷ = predicted yield, f = multi pooling fusion, W1 = Weight 
matrix of the first fully connected (Dense) layer, W2 = weight matrix of 
the final output layer, b1 = the bias vector for the first dense layer, b2 =

the bias vector for the final output layer.

The head is intentionally shallow to limit overfitting while 
leveraging the rich temporal representation learned by the encoder. 
Overall, ConvBiGRU-Attn integrates three complementary capabilities: 
(i) multi-scale convolution to harvest local temporal cues, (ii) bidirec
tional recurrence to capture longer-range phenology, and (iii) attention 
to prioritize informative growth windows. The multi-pooling fusion and 
staged regularization (Layer Normalization and dropout throughout) 
further improve stability and generalization on limited training data.

3.4.4. Parameter initialization and optimization
Both models employed Keras defaults for parameter initialization: 

convolutional and dense kernels were drawn from Glorot uniform dis
tributions, biases were initialized to zero, and layer normalization pa
rameters were set with scale γ = 1 and shift β = 0. Additionally, the 
recurrent unit within the MS-ConvBiGRU-Attn encoder utilized 
orthogonal initialization for the recurrent kernel, thereby enhancing 
stability during sequence modeling. Optimization was performed using 
the Adam algorithm with the Huber loss function. Regularization was 
applied through L2 wt penalties and dropout layers to improve gener
alization under limited data conditions. Training was conducted for up 
to 120 epochs with a batch size of 8, and early stopping based on vali
dation loss was used to prevent overfitting. An initial learning rate of 3 ×
10⁻³ was used. Data augmentation was applied during training, 
including temporal shifting, per-feature scaling, additive Gaussian 
noise, feature dropout, and mixup. All augmentation procedures were 
implemented with fixed random seeds to ensure reproducibility. A 
summary of the model configurations and training parameters is pro
vided in Table 4.

3.5. Baseline machine learning models

Four widely acknowledged machine learning regression algorithms 
were employed to capture complex, nonlinear relationships between 
spectral predictors and potato yield: Random Forest (RF), developed by 
[74], is an ensemble learning method that builds multiple decision trees 
and aggregates their predictions. It effectively handles variable in
teractions and reduces overfitting [75]. Partial Least Squares (PLS) 
Regression was also employed as a dimensionality reduction technique 
that projects the original variables into a smaller set of components 
while preserving the relationship with the target variable [76]. It is 
particularly useful when we need to predict a dependent variable from a 
large set of independent variables [77]. Support vector regression (SVR), 
based on the theory of Support Vector Machines, was introduced by 
[78]. It constructs a regression function by minimizing error within a 
specified margin, offering robustness in high-dimensional feature 
spaces. Extreme gradient boost (XGB) regression, proposed by [79], is a 
scalable and efficient implementation of gradient boosting, which 

Table 4 
Parameter optimization of the proposed deep learning framework.

Aspect LiteTemporalConv MS - ConvBiGRU-Attn

Regularization L2 = 1 × 10⁻⁴; Dropout p =
0.1–0.2

L2 = 1 × 10⁻³; Dropout p =
0.2–0.4

Optimizer Adam (η = 3 × 10⁻³, β₁=0.9, 
β₂=0.999, ε=1e⁻⁷)

Adam (η = 3 × 10⁻³, β₁=0.9, 
β₂=0.999, ε=1e⁻⁷)

Loss Huber (δ = 1.0) Huber (δ = 1.0)
LR schedule ReduceLROnPlateau (factor 

0.5, patience 20)
ReduceLROnPlateau (factor 0.5, 
patience 20, min_lr=1e⁻⁶, 
min_delta=0.001)

Early stopping Patience = 5, restore best 
weights

Patience = 5, restore best weights

Batch size 8 8
Epochs 120 120
Augmentation Enabled: time shift, scaling, 

noise, feature dropout, 
mixup

Enabled: time shift, scaling, 
noise, feature dropout, mixup

Validation k-fold CV (k = 10) k-fold CV (k = 10)
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optimizes prediction performance through additive tree models and 
regularization techniques. To further evaluate the effectiveness of the 
proposed lightweight architectures, two standard deep learning base
lines were also implemented. A conventional one-dimensional con
volutional neural network (CNN) was used to model temporal patterns 
through stacked convolutional layers, while a gated recurrent unit 
(GRU)-based model was employed to capture sequential dependencies 
in the input data [71]. These models represent commonly used deep 
learning approaches for temporal modeling and provide a reference for 
assessing performance.

3.6. Model evaluation using cross-validation and independent spatial 
testing

Primary model evaluation was conducted using grouped k-fold cross- 
validation. Cross-validation is widely recommended for model evalua
tion in small-sample settings. It has efficient use of limited data to 
improve predictive performance [80] demonstrated that 
cross-validation can yield more stable and accurate predictions when 
independent validation data is scarce. Similarly, [81] adopted a cross-
validation–based strategy for cotton yield estimation under limited 
sample conditions.

In this study, all reported performance metrics were computed on 
held-out test folds obtained through grouped k-fold cross-validation at 
the field level. For each fold, models were trained on approximately 
(k–1)/k of the fields and evaluated on the remaining held-out fields.

Model performance was quantified using three statistical metrics: the 
coefficient of determination (R²), the root mean square error (RMSE), 
and the relative root mean square error (rRMSE), calculated as follows: 

R2 = 1 −

[
∑n

i=1
(yi − ŷi)

2

]/[
∑n

i=1
(yi − y)2

]

(10) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(ŷi − yi)

2

√

(11) 

rRMSE =
RMSE

y
⋅100 (12) 

where yi and ̂yi denote the observed and predicted potato yields for field 

i, respectively, y
ˉ

is the mean observed yield across all fields, and n is the 
total number of fields in the dataset. Each evaluation metric presents 
how well the model performed. The R² value indicates the proportion of 
variation in the observed data that is explained by the predictions, while 
RMSE and rRMSE reflect the extent to which absolute and relative 
predicted values deviate from the actual observations [18]. Final per
formance metrics were reported as the mean and standard deviation 
across all folds.

To further examine the spatial transferability of the proposed 
framework, the two highest-performing models identified through cross- 
validation were additionally evaluated using an independent hold-out 
dataset. This validation experiment was conducted using an indepen
dent set of 20 potato fields in the validation test area (Fig. 1). For this 
independent evaluation, Sentinel-2 imagery from the same growing 
season was processed using the identical preprocessing workflow 
applied to the training data. Vegetation indices and spectral bands were 
computed following the same procedures. The feature subset identified 
through the GTSS feature selection was retained to ensure consistency 
between training and validation inputs. Models trained on the Veneto 
dataset were directly applied to the validation fields without any 
retraining or fine-tuning, allowing an unbiased evaluation of their 
ability to generalize spatially. Predicted yields for the independent fields 
were then compared against observed field-level yield measurements to 
quantify performance under cross-regional conditions. This validation 
was not intended to represent a comprehensive multi-year or multi- 

environment assessment, but rather to provide an initial indication of 
spatial generalization capacity in the context of limited labeled data 
availability.

4. Results

4.1. Feature selection evaluation

The Grouped TreeSHAP Stability Selection (GTSS) analysis identified 
a phenology-aware subset of predictors for potato yield estimation based 
on sequence means across eight acquisition dates. Eight vegetation 
indices (VIs) achieved stability values ≥ 60% and were retained for 
further analysis. Ranked by GTSS score (sum of mean absolute Tree
SHAP values across dates), the highest-scoring indices were PPI (100%), 
MCAR (90%), PSRI (90%), and LAI (80%), followed by ND45 (75%), 
CLG (70%), FPAR (65%), and NDVI (60%) (Fig. 5a).

Spectral band importance further corroborated this trend. Red-edge 
and near-infrared bands (B05, B07, B8A, B08) together with shortwave 
infrared (B11, B12) consistently dominated, while visible blue, green, 
and red bands (B02–B04) contributed moderately. Most bands regis
tered stability values between 60 and 80%, reflecting repeated selection 
across bootstraps. For comparability across models, we retained all 10 
Sentinel-2 bands in the modeling stage, although GTSS revealed a clear 
hierarchy in their contribution (Fig. 5a).

In terms of temporal selection, the six most stable dates for VIs were 
17 June 2023 (90%), 23 May 2023 (90%), 07 July 2023 (≈90%), 17 July 
2023 (80%), 26 August 2023 (70%), and 11 August 2023 (60%). A 
nearly identical pattern was observed for SBs, with the same six dates 
retained and top scores on 07 July 2023 (85%), 17 June 2023 (80%), 
and 23 May 2023 (80%) (Fig. 5b). These findings underscore that the 
most informative periods align with mid- to late-season phenological 
windows, when canopy development and biomass accumulation 
strongly influence final yield.

Overall, selecting eight vegetation indices and six dates while 
retaining all spectral bands provided concise yet information-rich input 
details. This approach improves the sample-to-parameter ratio for deep 
learning models, reduces the risk of overfitting under small datasets, and 
preserves the phenological signals most critical for yield prediction.

4.2. Training dynamics of deep learning models

The training behavior of the proposed deep learning architectures, 
LiteTemporalConv and MS-ConvBiGRU-Attn, was monitored to evaluate 
convergence stability and potential risks of overfitting. As shown in 
Fig. 6(a), the training loss dropped rapidly within the first 10 epochs, 
stabilizing below 0.03 thereafter. Validation loss followed a similar 
trajectory, converging near 0.04–0.05 with mild oscillations during mid- 
training. Importantly, the validation curve did not diverge from the 
training curve, suggesting that the combination of global average 
pooling, dropout, and L2 regularization effectively mitigated overfitting 
despite the small sample size.

In contrast, the MS-ConvBiGRU-Attn model, trained with a batch size 
of eight for 120 epochs, displayed a more gradual but consistent 
convergence. The training loss decreased from an initial value above 2.0 
to ~0.25, while validation loss closely tracked this decline, reaching 
~0.28 at the end of training (Fig. 6(b)). The close alignment of training 
and validation trajectories across all epochs demonstrates that the model 
generalized well and did not suffer from memorization of training 
samples.

These training histories confirm that both architectures achieved 
stable optimization under the chosen parameterization. LiteTempor
alConv exhibited rapid early convergence with low variance, while MS- 
ConvBiGRU-Attn converged more gradually but demonstrated general
ization capacity. The results highlight how architectural differences, in 
particular the presence of recurrent units and attention, impact the dy
namics of model fitting while maintaining robustness under cross- 
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validation.

4.3. Performance of deep learning models

The proposed deep learning architectures, LiteTemporalConv and 
MS-ConvBiGRU-Attn, were evaluated to determine their capacity for 
yield prediction under the constraints of limited field data. Both models 
produced encouraging results, achieving high predictive accuracy while 
maintaining stability across cross-validation folds (Table 5). The Lite
TemporalConv model attained an average coefficient of determination 
(R²) of 0.84 ± 0.10 with a root mean squared error (RMSE) of 3.18 ±
0.54 t/ha, corresponding to a relative RMSE of 6.36%. These results 
demonstrate that the lightweight design comprising a compact stack of 
convolutional layers, normalization, dropout, and global average pool
ing enables the model to extract yield-relevant temporal patterns with 
better efficiency. The architecture’s simplicity reduces the risk of over- 
parameterization while retaining sufficient capacity to capture the 
short- to mid-range dynamics encoded in the seasonal satellite obser
vations. This balance between model simplicity and representational 
strength is reflected in the consistent performance observed across cross- 
validation folds, as indicated by the low variance of the error metrics.

The MS-ConvBiGRU-Attn model achieved an R² of 0.82 ± 0.18 and 
an RMSE of 3.53 ± 1.94 t/ha, corresponding to a relative RMSE of 
7.03%. Although its variance across folds was somewhat higher, the 
model integrates a multi-scale convolutional stem, bidirectional GRU 
units, and an attention mechanism, enabling it to capture both local 
spectral fluctuations and long-range phenological dependencies. In 
addition to cross-validation, both deep learning models were further 
evaluated using an independent validation test of a spatially different 
geographic region to assess their generalization beyond the training area 
(Table 5). LiteTemporalConv maintained performance on unseen data, 
achieving an R² of 0.86 with an RMSE of 4.21 t/ha, while MS- 
ConvBiGRU-Attn attained an R² of 0.84 and an RMSE of 5.10 t/ha. 
The consistency between cross-validation and hold-out results indicates 
that both architectures generalize well despite the limited sample size 
and different spatial locations. The scatter plots of observed versus 
predicted yields for cross-validation methods (Fig. 7) highlight the 
effectiveness of this design: predictions closely follow the 1:1 line, with 
strong calibration across the yield spectrum. While LiteTemporalConv 
exhibited tighter clustering in the upper yield range, MS-ConvBiGRU- 
Attn produced more nuanced fits at mid-yield levels, reflecting the 
complementary strengths of the two architectures.

Fig. 5. GTSS feature selection results. (a) Stability-selected vegetation indices and Sentinel-2 spectral bands, ranked by GTSS score. (b) Stability selected acquisition 
dates for VIs and SBs.

Fig. 6. Training and validation loss curves of the (a) LiteTemporalConv model (b) MS-ConvBiGRU-Attn model.

Table 5 
Performance of the proposed deep learning models R², RMSE (t/ha), and relative RMSE (%), expressed as mean ± standard deviation across 10 folds and hold-out 
independent test data.

Variant R² mean ± std RMSE (t/ha) mean ± std rRMSE (%) R² Independent Test RMSE (t/ha) Independent Test

LiteTemporalConv 0.84 ± 0.10 3.18 ± 0.54 6.36 0.86 4.21
MS-ConvBiGRU-Attn 0.82 ± 0.18 3.53 ± 1.94 7.03 0.83 5.10
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An important outcome of this study is that both models achieved 
reliable accuracy under a small data regime. This is particularly relevant 
in agricultural applications, where large labeled datasets are rarely 
available. The LiteTemporalConv model shows that a simple encoder 
can achieve stable and reproducible predictions with modest training 
samples. Meanwhile, the MS-ConvBiGRU-Attn architecture, though 
slightly more variable in small-sample settings, is designed to leverage 
richer temporal cues and has the potential to scale its performance 
further as more annotated data becomes available. Its inclusion of 
attention not only aids interpretability but also positions it to benefit 
disproportionately from larger training cohorts by learning refined 
temporal weighting schemes. In summary, both architectures demon
strated appropriate predictive power, surpassing typical expectations 
under limited data availability. LiteTemporalConv provides a fast, sta
ble, and computationally efficient solution, while MS-ConvBiGRU-Attn 
offers a more flexible and expressive framework with the capacity to 
improve further under expanded datasets.

4.4. Comparison with baseline models

To evaluate the performance of the proposed deep learning archi
tectures, we compared them with widely used baseline models, 
including Random Forest (RF), Partial Least Squares Regression (PLS), 
Support Vector Machine (SVM), Extreme Gradient Boosting (XGB), 
Convolutional Neural Networks (CNN), and Gated Recurrent Unit 
(GRU). The comparative results are summarized in Tables 5 and 6 and 
visualized in Fig. 8.

Across all metrics, the deep learning models consistently out
performed the baseline methods. LiteTemporalConv achieved the 
highest predictive accuracy with an R² of 0.84 ± 0.10 and an RMSE of 

3.18 ± 0.54 t/ha, outperforming the best baseline, XGB (R² = 0.79 ±
0.11, RMSE = 4.9 ± 0.45 t/ha). The relative RMSE of LiteTemporalConv 
was 6.36%, compared with 9.8% for XGB and over 10% for Random 
Forest, confirming that the lightweight convolutional design can deliver 
under small-sample conditions.

The MS-ConvBiGRU-Attn model also performed well, with an R² of 
0.82 ± 0.18 and RMSE of 3.53 ± 1.94 t/ha (relative RMSE 7.03%). 
While its variance across folds was higher than LiteTemporalConv, it 
still achieved better statistics as compared to baseline models by a 
substantial margin. This reflects the strength of its hybrid design, which 
integrates multi-scale convolutional filters, recurrent gating, and 
attention-based weighting to capture both short- and long-range tem
poral dependencies. Importantly, its performance suggests high poten
tial for further improvements when trained on larger multi-year 
datasets, where its greater representational capacity can be more fully 
exploited.

Among the baseline models, XGB and RF were the highest, achieving 
R² values of 0.79 and 0.77, respectively. PLS and SVM performed 
notably worse, with R² values of 0.72 and 0.69, and relative errors 
exceeding 13% and 17%, respectively. These models also performed 
well due to their ability to fully capture the nonlinearities and complex 
temporal interactions embedded in the multispectral time series. To 
further contextualize the performance of the proposed lightweight ar
chitectures, additional baseline experiments were conducted using 
standard CNN and GRU models with conventional structures. Both 
models showed lower predictive performance compared to the proposed 
encoders and traditional machine learning baselines. The CNN and GRU 
achieved mean R² values of 0.68 ± 1.41 and 0.68 ± 1.32, respectively, 
with corresponding RMSE values of 10.1 ± 0.94 t ha⁻¹ (rRMSE = 20.1%) 
and 9.8 ± 0.91 t ha⁻¹ (rRMSE = 19.5%).

The results clearly demonstrate the advantage of the proposed design 
over conventional deep learn, regression and ensemble methods. While 
tree-based ensembles such as XGB provide relatively strong baselines, 
they may be constrained by the lack of explicit sequence modeling. In 
contrast, both LiteTemporalConv and MS-ConvBiGRU-Attn use temporal 
features learning directly from raw sequences, enabling better predictive 
accuracy and more stable calibration. This indicates that even under 
modest training sample sizes, deep sequence architectures can provide a 
scalable solution for crop yield prediction.

4.5. Temporal response of the deep learning encoders

Permutation-based ΔR² analysis revealed distinct temporal 

Fig. 7. Scatter plot for observed versus predicted potato yields (a) LiteTemporalConv (b) MS-ConvBiGRU-Attn. The fitted regression line aligns closely with the 1:1 
reference line, demonstrating calibration across the yield range.

Table 6 
Performance of baseline machine learning models for single-season potato yield 
prediction. Metrics are reported as mean ± standard deviation across 10 folds, 
including coefficient of determination (R²), root mean squared error (RMSE, t/ 
ha), and relative RMSE (%).

Variant R² mean ± std RMSE (t/ha) mean ± std rRMSE (%)

RF 0.77 ± 0.12 5.3 ± 0.87 10.1%
PLS 0.72 ± 0.10 6.5 ± 0.94 13.0%
SVM 0.69 ± 1.21 8.8 ± 0.62 17.0%
XGB 0.79 ± 0.11 4.9 ± 0.45 9.8%
CNN 0.68 ± 1.41 10.1 ± 0.94 20.1%
GRU 0.68 ± 1.32 9.8 ± 0.91 19.5%
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sensitivity patterns for the two encoders.
Both encoders demonstrated a clear mid-season sensitivity, consis

tent with the feature selection analysis. The LiteTemporalConv model 
(Fig. 9(a)) exhibited the highest ΔR² around 17 June and 05 May, 
indicating strong responsiveness during early canopy development, with 
importance declining toward the late season. In contrast, the MS- 
ConvBiGRU-Attn model (Fig. 9(b)) peaked around 17 July and 07 
July, reflecting its ability to capture extended temporal dependencies 
and later growth dynamics. Overall, both models emphasize the mid 
growth period as most critical for yield formation, the same period 
highlighted by GTSS, while early and very late dates carry compara
tively less marginal information.

4.6. Late season yield prediction with deep learning models

The temporal response analysis revealed that certain acquisition 
periods contributed more strongly to model performance, with peak 
importance observed during the mid-season stages. Based on this 

observation, both deep learning models were retrained using inputs 
from mid-season data and then applied to Sentinel-2 observations ac
quired during the later stages of the growing season (11–26 August 
2023). Results discussed the temporal robustness of the proposed deep 
learning models when evaluated for phenological stages not included 
during training.

Both models achieved stable predictions despite the exclusion of full- 
season data. The LiteTemporalConv model maintained a performance 

Fig. 8. Comparison of cross-validation performance across baseline machine learning models and the proposed deep learning models. (a) Mean R² values. (b) Mean 
RMSE values (t ha⁻¹) and relative RMSE (%).

Fig. 9. Temporal permutation importance of encoder inputs on the training data. (a) LiteTemporalConv model (b) MS-ConvBiGRU-Attn model.

Table 7 
Performance of mid-season–trained deep learning models evaluated on late- 
season Sentinel-2 observations R², RMSE (t/ha), and relative RMSE (%), 
expressed as mean ± standard deviation across 10 folds.

Variant R² mean ± std RMSE (t/ha) mean ± std RMSE (%)

LiteTemporalConv 0.80 ± 0.43 5.56 ± 2.54 11.12
MS-ConvBiGRU-Attn 0.76 ± 0.56 6.78 ± 3.25 13.56
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with an R² of 0.80 ± 0.43 and an RMSE of 5.56 ± 2.54 t/ha (11.12%), 
demonstrating its resilience under reduced temporal input (Table 7). In 
contrast, the MS-ConvBiGRU-Attn model showed (Table 7) a slightly 
lower R² (0.77 ± 0.56) and higher RMSE (6.78 ± 3.25 t/ha, 13.56%), 
reflecting its stronger reliance on longer temporal dependencies and 
late-season information. For the MS-ConvBiGRU-Attn model, all tem
poral dependencies contributed positively from Fig. 9(b); therefore, 
losing late-season data caused more drop in accuracy as compared to 
full-season data. The scatter plots showed the observed versus predicted 
yields (Fig. 10) for both models.

These results confirm that the compact temporal encoder (Lite
TemporalConv) generalizes effectively under limited seasonal coverage, 
while the multi-scale recurrent–attention architecture (MS-ConvBiGRU- 
Attn) benefits more from extended phenological sequences. Overall, 
both architectures demonstrate predictive capability for pre-harvest 
yield estimation, supporting their applicability for early decision- 
making in precision agriculture.

5. Discussion

Field-level yield prediction significantly improves agricultural effi
ciency by providing support through reliable forecasts that aid targeted 
decisions, helping farmers to improve overall productivity [82,83]. In 
this study, we conducted a series of experiments to predict single-season 
potato yield by combining a leakage-safe feature selection stage with 
two purpose-built deep sequence encoders and a set of established ma
chine learning baselines. The results indicate that both proposed ar
chitectures can achieve reliable predictive performance even under 
limited training data availability.

Deep learning can model complex, nonlinear links between satellite 
time series and yield. However, previous studies have also reported that 
their performance may be constrained in small-sample settings due to 
overfitting risks, optimization instability, and challenges in generaliza
tion [84,85]. In such contexts, classical machine learning models, 
including tree-based and regularized regression methods, often remain 
competitive, while the interpretability of deep models can be more 
difficult to establish when label datasets are scarce [86,87]. Against this 
background, our work adopts a small-data-oriented design. Several 
methodological choices contributed to the observed performance. The 
Grouped TreeSHAP Stability Selection (GTSS) framework reduced 
feature dimensionality by retaining phenology-relevant indices, spectral 
bands, and acquisition dates, thereby improving the balance between 

model complexity and available data. The GTSS selection highlights the 
discriminative value of chlorophyll- and canopy structure-sensitive 
indices (PPI, MCAR, PSRI, LAI), complemented by a red-edge contrast 
index (ND45). Classical broad-band indices such as NDVI and FPAR 
were also retained, though at lower ranks, suggesting that red-edge and 
canopy-structure cues provide stronger signals for yield estimation than 
general greenness metrics. Second, the use of a shared Temporal 
Channel Projection standardized the input representation across deep 
learning models. LiteTemporalConv employed a compact stack of tem
poral convolutions with normalization, dropout, and global pooling to 
constrain model capacity, while MS-ConvBiGRU-Attn incorporated 
multi-scale convolution, bidirectional GRUs, and an attention mecha
nism to weight informative temporal windows. Finally, regularization 
strategies, modest augmentation and grouped cross-validation were 
applied to mitigate data leakage and overfitting. Under these settings, 
LiteTemporalConv achieved the highest average cross-fold performance 
(mean R² = 0.84; RMSE = 3.18 t ha⁻¹; rRMSE = 6.36%), while 
MS-ConvBiGRU-Attn showed comparable results (mean R² = 0.82; 
RMSE = 3.53 t ha⁻¹; rRMSE = 7.03%). Independent spatial validation 
further suggests that both models maintain stable performance on un
seen fields, with LiteTemporalConv showing particularly limited 
degradation between cross-validation and hold-out testing. These find
ings emphasize the importance of balancing model complexity with data 
availability in small-sample learning scenarios. Brigato and Locchi [52] 
demonstrated that, when training data are scarce, lower-complexity 
convolutional architectures can perform on par with, or even outper
form, more complex deep learning models. Consistent with this obser
vation, the proposed LiteTemporalConv model achieved accuracy 
comparable to the more complex MS-ConvBiGRU-Attn architecture, 
despite having substantially fewer parameters. Although LiteTempor
alConv achieved slightly better performance in the single-season data
set, MS-ConvBiGRU-Attn remains conceptually important as a more 
expressive temporal architecture. MS-ConvBiGRU-Attn captures more 
extended temporal patterns through its recurrent and attention com
ponents, which may be advantageous when longer time series or 
multi-year data are available. The ΔR² in temporal response analysis 
further suggests that each model emphasizes different phases of crop 
development, indicating complementary temporal sensitivities rather 
than redundancy. The comparatively weaker results of the standard 
CNN and GRU models emphasize the role of architectural design under 
limited data conditions. By contrast, the proposed lightweight models 
employ a structured temporal encoding strategy that organizes 

Fig. 10. Observed versus predicted yields when mid-season trained models are applied to late-season Sentinel-2 inputs: (a) LiteTemporalConv, (b) MS-Con
vBiGRU-Attn.
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multi-date information more effectively before sequence modeling. This 
design contributes to more stable training behavior and improved 
generalization, reducing overfitting relative to conventional deep 
learning approaches in the small-sample setting. These results indicate 
that, under data-limited conditions, carefully designed lightweight 
temporal models can effectively learn yield-relevant patterns while 
mitigating overfitting risks when labeled field data is limited. Scatter 
plots showed good calibration across the yield range with no systematic 
under- or over-estimation. Additionally, an ablation experiment using 
only mid-season data demonstrated that both deep learning architec
tures retained moderate predictive power under reduced temporal 
input. These results indicate that lightweight temporal CNNs can extract 
yield-relevant seasonal patterns efficiently, and that a hybrid design 
combining multi-scale convolution, bidirectional recurrence, and 
attention is competitive under data scarcity and has the potential to 
benefit further from larger training datasets.

Recent deep learning studies on non-potato crops provide useful 
context for our results. For winter wheat, [89] reported a CNN–GRU 
model with R² = 0.64 and RMSE of 462.56 kg/ ha− 1 using 
MODIS-derived LAI/FPAR, while a CNN–LSTM trained on multiyear 
data in [90] achieved R² = 0.77 and 721 kg h/a RMSE. For soybean, a 
hybrid CNN–DNN by [91] trained on 25,345 samples outperformed 
classical machine learning, reaching an R² = 0.87 RMSE of 0.266. 
Although direct numerical comparisons are limited by differences in 
crop, units, sensor resolution, and spatial scale. Within this landscape, 
our results indicate that a compact, phenology-aware design can yield 
competitive performance even when restricted to a single season and a 
limited number of labeled fields.

For potato yield estimation specifically, our findings align with 
previous satellite-based studies using statistical and machine learning 
approaches. Earlier work often relied on individual vegetation indices or 
limited feature sets, reporting R² values between 0.58 and 0.82 [92] and 
~ 0.81 with rRMSE values around 10% using NDVI alone [37], [38] 
used vegetation indices extracted from TERRA satellite data, reporting 
R² values of 0.72, 0.80, and 0.84 for LAI, FPAR, and NDVI, respectively 
[93] estimated potato yield in a laboratory setting using temperature 
and insolation through linear regression, achieving an R² of 0.93 [27] 
evaluated Sentinel-2–based potato yield prediction across linear and ML 
algorithms, reporting a Quantile Lasso model with R² = 0.88 but rRMSE 
= 11.67%, and an SVM with R² =0.93 yet rRMSE = 11.7%. In another 
study [20], Random Forest using S2 bands + PPI performed better for 
potatoes than S2 bands + NDVI, achieving R² = 0.77 and RMSE =
15.42% versus R² = 0.66 and RMSE = 16.88%, respectively. Typically, 
prediction errors around 10–15% RMSE are common in crop yield 
prediction literature [94,95]. In this study, the proposed deep learning 
models achieved comparatively low relative errors 6 − 7%, with Lite
TemporalConv having rRMSE of approximately 6.36% and 
MS-ConvBiGRU-Attn achieving an rRMSE of about 7.03%. Among the 
baseline methods, XGB performed best, with an rRMSE of approximately 
9.8%. These results indicate that the deep learning architecture offers a 
reduction in relative error compared with the evaluated baselines. The 
results suggest that, under data-limited conditions, compact and 
phenology-aware deep models can provide stable and interpretable 
yield estimates, while offering a flexible foundation for future extensions 
as additional seasons, regions, or auxiliary data become available.

6. Limitations and future work

While the proposed approach shows potential, several limitations 
should be acknowledged. The models were developed using data from a 
single season, which limits the details of multi-year variability driven by 
changing weather and management conditions. Moreover, the study 
relied primarily on satellite-derived spectral information; additional 
variables such as weather or soil data were not included, as commonly 
available climate products have coarse spatial resolution and showed 
little variation across the relatively small study area. Future research 

could benefit from multi-season datasets, higher-resolution environ
mental information, and broader geographic coverage to further 
examine robustness.

7. Conclusion

This study investigated the potential of Sentinel-2 satellite time se
ries for predicting single-season, field-scale potato yields under limited 
data availability. We evaluated a range of models, including our pro
posed deep learning framework and machine learning baseline models, 
using combined Sentinel-2 vegetation indices (VIs) and raw spectral 
bands (SBs) as inputs. Our two encoders, LiteTemporalConv and MS- 
ConvBiGRU-Attn, explicitly designed for small data and integrated 
feature selection, consistently outperformed machine-learning base
lines. LiteTemporalConv delivered the best overall cross-fold accuracy 
(R² = 0.84; RMSE = 3.18 t ha⁻¹; rRMSE = 6.36%), while MS- 
ConvBiGRU-Attn achieved competitive performance (R² = 0.82; RMSE 
= 3.53 t ha⁻¹; rRMSE = 7.03%). An Independent validation tests further 
suggests that the proposed deep learning models generalize to unseen 
data, exhibiting stable performance under limited data conditions. 
Among baselines, XGB was the strongest cross-fold (R² = 0.79; rRMSE =
9.8%), suggesting that tree-based methods remain effective bench
marks, while sequence-aware deep learning offers additional informa
tion about canopy reflectance dynamics. A key driver of these gains was 
our Grouped TreeSHAP Stability Selection (GTSS), which produced a 
compact phenology-informed feature set, improving the balance be
tween model complexity and available training data. The use of a 
Temporal Channel Projection and carefully regularized encoder designs 
lightweight temporal convolutions in LiteTemporalConv and multi-scale 
recurrent–attention mechanisms in MS-ConvBiGRU-Attn helped stabi
lize learning and support well-calibrated predictions across the yield 
range. Together, these design choices provide complementary modeling 
pathways: a streamlined, deployment-oriented solution for data-scarce 
scenarios and a more expressive architecture suited to future exten
sions with larger, multi-season datasets. While the primary analysis 
focused on full-season yield prediction, supplementary experiments 
using mid-season inputs further suggested that both deep learning en
coders retain predictive stability when evaluated on late-season data. 
Overall, integrating Sentinel-2 time series, GTSS-selected features, and 
purpose-built deep sequence models enables accurate, timely yield 
estimation to support agronomic planning and operational decision- 
making.
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[20] D. Gómez, P. Salvador, J. Sanz, J.L. Casanova, New spectral indicator Potato 
Productivity Index based on Sentinel-2 data to improve potato yield prediction: a 
machine learning approach, Int. J. Rem. Sens. 42 (9) (2021) 3430–3448, https:// 
doi.org/10.1080/01431161.2020.1871102.

[21] C.M. Ayyub, M. Wasim Haidar, F. Zulfiqar, Z. Abideen, S.R. Wright, Potato tuber 
yield and quality in response to different nitrogen fertilizer application rates under 
two split doses in an irrigated sandy loam soil, J. Plant Nutr. 42 (15) (2019) 
1850–1860, https://doi.org/10.1080/01904167.2019.1648669.

[22] Eurostat, The EU Potato Sector - Statistics on Production, Prices and Trade - 
Statistics Explained - Eurostat, May 7, 2025, https://ec.europa.eu/eurostat/sta 
tistics-explained/index.php?title=The_EU_potato_sector_-_statistics_on_production, 
_prices_and_trade#Volatile_prices.2C_both_on_producer_and_consumer_markets.

[23] G. Timpanaro, F. Branca, M. Cammarata, G. Falcone, A. Scuderi, Life cycle 
assessment to highlight the environmental burdens of early potato production, 
Agronomy 11 (5) (2021) 879, https://doi.org/10.3390/AGRONOMY11050879, 
2021, Vol. 11, Page 879.

[24] OEC, Potatoes in Italy Trade | The Observatory of Economic Complexity, May, 
2025, https://oec.world/en/profile/bilateral-product/potatoes/reporter/ita.

[25] K.A. Al-Gaadi, A.A. Hassaballa, E. Tola, A.G. Kayad, R. Madugundu, B. Alblewi, 
F. Assiri, Prediction of potato crop yield using precision agriculture techniques, 
PLoS One 11 (9) (2016) e0162219, https://doi.org/10.1371/JOURNAL. 
PONE.0162219.

[26] D.H. Fleisher, B. Condori, R. Quiroz, A. Alva, S. Asseng, C. Barreda, M. Bindi, K. 
J. Boote, R. Ferrise, A.C. Franke, P.M. Govindakrishnan, D. Harahagazwe, 
G. Hoogenboom, S. Naresh Kumar, P. Merante, C. Nendel, J.E. Olesen, P.S. Parker, 
D. Raes, P. Woli, A potato model intercomparison across varying climates and 
productivity levels, Glob. Chang. Biol. 23 (3) (2017) 1258–1281, https://doi.org/ 
10.1111/GCB.13411;JOURNAL:JOURNAL:13652486;WGROUP:STRING: 
PUBLICATION.
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