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A B S T R A C T

Accurate estimation of smallholder crop yields remains challenging due to limited field data and diverse agro
nomic practices. This study evaluated Sentinel-2-derived phenological metrics for maize yield estimation across 
three seasons (2018–2019, 2021–2022, and 2024–2025) in a smallholder farming area. Time series vegetation 
indices processed in Google Earth Engine, smoothed using the Whittaker filter, and transformed into pheno
logical metrics were compared with crop-cut yield data collected from 123 farms. Regularised linear and 
ensemble models were assessed using cross-validation, with leave-one-season-out validation used to evaluate 
temporal generalization. Ridge regression achieved higher seasonal accuracy (R2 = 0.56; RMSE = 1148 kg ha-1) 
confirming that a compact, regularised linear model can be effective with limited data. When data from all 
seasons were merged, Elastic Net achieved the highest accuracy among the tested models (R2 = 0.52; RMSE =
1401 kg ha-1). SHAP and permutation analyses identified consistent predictors across years, notably pre-peak and 
cumulative integrals of CIrededge and MCARI, highlighting the importance of early-season canopy development 
and season-long spectral signals associated with chlorophyll dynamics. Parsimonious Ridge and GB models 
trained with Top-10 features retained comparable accuracy (R2 

= 0.49–0.56). Residual analysis showed negli
gible bias (mean residuals = -38 to -42 kg ha⁻¹) and moderate dispersion (SD = 1348 to 1448 kg ha⁻¹), although 
prediction uncertainty remained substantial across the yield range. The findings demonstrate that compact, 
interpretable models based on satellite-derived phenological metrics can potentially contribute to scalable, data- 
driven assessments of yield variability in smallholder systems.

1. Introduction

Agriculture is one of the key sectors expected to contribute towards 
the realization of some of the Sustainable Development Goals (SDGs) 
espoused by the United Nations [1]. Out of the 17 UN SDGs, SDG 1 and 
SDG 2 are particularly important for the eradication of poverty and 
hunger through agriculture. Within this framework, Target 2.3 of SDG 2 
explicitly calls for doubling agricultural productivity and incomes of 
small-scale food producers by 2030 [2]. Achieving these targets requires 
strategies that can increase crop yields without expanding cropland at 
the expense of natural ecosystems [3–5]. Alongside crop yield im
provements, there is also a need for robust crop monitoring and yield 

tracking tools. Such tools are particularly important for smallholder 
farming communities, where productivity is not only poorly docu
mented [6–9] but also far below that of large-scale commercial farms 
[1].

Since crop yield is a key metric for evaluating agricultural perfor
mance, crop yield estimation systems can be used to track smallholder 
productivity and assess the effectiveness of farmer support programmes. 
Defined as the quantity of crop harvested per unit area, crop yield can be 
estimated before or after harvest depending on the purpose of the 
assessment and available resources [10]. This can be done using a range 
of methods including traditional crop cut methods [11,10,12], 
process-based crop models [13,14], statistical and machine learning 
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approaches [15,16], as well as methods that use remotely sensed data 
[17,18]. Each approach has distinct advantages and constraints, with 
suitability determined by the spatial scale of analysis, the availability of 
input data, and the degree of field-level detail required for reliable yield 
estimation.

Although traditional crop cut methods and process-based models are 
valuable, they face practical constraints in many smallholder farming 
contexts. Crop cuts can be labour-intensive, costly, and limited in spatial 
coverage [19], whereas process-based models require detailed input 
data (e.g., soil properties, weather, and management practices) that are 
often unavailable at the required temporal and spatial scales [20,14]. It 
is for these reasons that empirical models and remote sensing-based 
approaches have been increasingly gaining traction [9,21]. Empirical 
models leverage readily available historical datasets to establish statis
tical relationships between observed variables and crop yield outcomes 
[16,22,23], while remote sensing enables consistent, large-area moni
toring of crop growth conditions [17,24]. These approaches provide a 
complementary framework capable of achieving accurate and opera
tionally feasible yield estimations.

In remote sensing-based crop monitoring, phenology has emerged as 
a critical factor for understanding crop growth dynamics and improving 
yield estimation [25–28]. Crop phenology refers to the biological 
growth and development stages of crops, commonly described using 
standardized frameworks such as the BBCH scale and observed though 
in-situ measurements [29,30]. The development stages of crops span key 
phases of crop establishment, reproduction, and biomass accumulation 
that are known to exert strong controls on yield formation, and are 
therefore closely linked to crop vigour, stress response, and final yield 
[31,32,28]. In contrast, land surface phenology (LSP) represents the 
spatio-temporal development of vegetation as observed by satellite 
sensors, capturing integrated canopy-level responses rather than 
discrete physiological growth stages [33,34]. From satellite-derived 
vegetation index time series, phenological metrics such as the timing 
of green up [35], maximum greenness [36], and senescence [37], are 
extracted and used as proxies for seasonal crop dynamics. Although 
LSP-derived metrics do not necessarily correspond directly to specific 
crop development stages, they provide a consistent and scalable means 
of characterizing crop growth patterns, making them particularly valu
able in heterogenous smallholder systems where field-based phenolog
ical observations are scarce.

However, the use of satellite-derived phenological information is not 
without challenges. Sensors such as MODIS, AVHRR, and VIIRS offer 
long-term and frequent coverage but have coarse spatial resolutions 
with limited applications in fragmented smallholder landscapes [38–41,
36]. Other systems with finer resolutions often face trade-offs in tem
poral coverage, temporal resolution, data continuity, data cost, or cloud 
contamination [42–44]. The Sentinel-2 satellite constellation offers a 
potential means of addressing the limitations faced by the 
above-mentioned satellite systems by providing freely available multi
spectral imagery at relatively high spatial resolution (10–20 m) and 
short revisit interval [45], making it particularly suitable for monitoring 
heterogeneous and fragmented agricultural landscapes typical of 
smallholder farming systems.

On the other hand, while satellite-derived phenological metrics have 
been increasingly used for crop yield estimation, existing studies suggest 
that not all such metrics are equally effective, with some failing to 
capture critical stages of crop development or exhibiting sensitivity to 
noise, cloud contamination, and temporal data gaps [46,47]. Conse
quently, many yield prediction studies rely on a limited subset of 
phenological descriptors derived from one or a small number of vege
tation indices, often selected a priori rather than through systematic 
evaluation. Recent work has explored phenological metrics derived from 
individual indices or a small set of vegetation indices [26–28,48,49], but 
comprehensive assessments of a broader, multi-index phenological 
feature space remain limited, particularly at the field scale in heterog
enous smallholder systems. Moreover, relatively few studies have 

explicitly examined the temporal stability and cross-season trans
ferability of phenological metrics using cross-season evaluation 
approaches.

Against this background, this study systematically evaluates a wide 
range of phenological metrics derived from multiple Sentinel-2 vegeta
tion indices for smallholder maize yield estimation in South Africa’s OR 
Tambo District Municipality (ORTDM). Specifically, the study (i) as
sesses per-season yield prediction performance to characterise intra- 
season variability, (ii) evaluates cross-season generalization and tem
poral transferability using leave-one-season-out validation, and (iii) 
identifies stable and informative phenological predictors across seasons 
to support parsimonious modelling. By integrating multi-index pheno
logical metrics, feature-stability analysis, and cross-season validation, 
this work extends existing yield-prediction studies towards more inter
pretable frameworks suited to data-limited smallholder systems.

2. Materials and methods

2.1. Study area

The study was conducted in the ORTDM of the Eastern Cape Prov
ince, South Africa (Fig. 1). The sampled fields were sparsely distributed 
across three local municipalities: King Sabata Dalindyebo, Mhlontlo, 
and Nyandeni. Combined, these three local municipalities cover an area 
of approximately 8327 km2 of the former Transkei homeland.

Although the area is characterised by variable climate conditions 
[50,51], recurrent pests and diseases [52–55] and agricultural decline 
[56–58], agriculture remains the main economic sector with a signifi
cant growth potential [59]. Maize is the most cultivated crop with highly 
variable management practices and farm sizes, which span from less 
than one hectare to over 100 hectares [60]. Based on the yield surveys 
conducted in this study and other surveys [61], NPK fertilizer applica
tion rates typically range from approximately 50 to 250 kg ha⁻¹, 
reflecting differences in input access and farmer resources. Multiple 
maize cultivars are grown across farms and planting dates vary widely 
from early October to late January depending on rainfall onset and 
mechanization availability, with some farmers using owned equipment 
while others rely on hired services [61]. These factors, combined with 
inter-annual variability in rainfall and temperature, contribute to pro
nounced differences in growing conditions across fields and seasons. 
Yellow maize is more dominant and primarily used as livestock feed, 
while white maize serves as the main staple food for humans across the 
country [61]. Other crops grown in the area include soybean, sugar 
bean, potatoes, cabbages, and spinach [54].

Most agricultural land is either owned by the government or 
managed under the custodianship of tribal authorities and administered 
as communal land [59]. The district spans a rich mosaic of vegetation 
types, shaped by its coastal location, varied topography, and climatic 
gradient. The inland areas are mostly covered by grasslands and savanna 
with some sections along the coast featuring dense thicket and woody 
species [62]. The climate is subtropical and humid along the coastal 
areas, and temperate to moderately dry in the inland [50]. The Agri
cultural Research Council (ARC)’s agroclimate databank [63] shows 
that most precipitation occurs between October and March with annual 
rainfall of 800–1200 mm and 600–900 mm along the coastal belt and the 
inland plateau, respectively. The coastal regions have mild to warm 
temperatures year-round with average highs of 24–30 ◦C in summer and 
average lows of 8–12 ◦C in winter. The inland parts have more tem
perature variation with summer highs of up to 30 ◦C and winter lows of 
3–5 ◦C.

2.2. Data

The data used in this study consisted of in-situ yield measurements 
and vegetation indices derived from the Sentinel-2 constellation of sat
ellites, which are part of Europe’s Copernicus programme [45].
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2.2.1. Yield data
Yield data were collected from 123 farms over three seasons 

comprising 2018–2019 and 2021–2022 during which 30 farms were 
included for each of these seasons, and the 2024–2025 season during 
which 63 farms were covered. Yield surveys were conducted in May and 
June coinciding with the harvest season, from fields where harvesting 
had not yet started. These surveys were carried out using the objective 
yield survey (OYS) method for maize, which is the standard method used 
by South Africa’s Crop Estimates Consortium (CEC) for large-scale 
commercial farms due to its established abilities to provide reliable 
data on crop yields through direct measurements of plant characteristics 
[64].

This method involves first measuring the average spacing of rows (i. 
e., row-to-row spacing) in a field after which, five representative sam
pling points are selected following instructions provided in a random 
steps table. This table provides instructions on how to randomly select 
points by counting the number of steps to walk along and across the 
maize rows. At each sampling point, which is a 10-meter section of the 
sampled row, the surveyor records the number of plants and ears and 
then harvests a fixed number of ears. The harvested ears are arranged by 
size, from largest to smallest, and the median ear selected as the 
representative sample. This process is repeated across all five sampling 
points in the field.

The selected ears are shelled, and the grain analysed for moisture 
content and grain mass using a grain moisture meter for the former and a 
weighing balance scale for the latter. These measurements, along with 
farm and field details were recorded using standardized survey forms 
and a mobile application developed by the ARC in partnership with 
Neria Solutions, which enabled GPS-linked data capture and automated 
yield calculation. The mathematical formulation for yield calculation is 
shown in Eqs. (1) and (2): 

Yi = 0.95 ×
Ei × Mi ×

100− Hi
100− 12.5

L × R
×

10000
1000

(1) 

where: 

• Yi = yield at sampling point i (kg ha-1)
• Ei = number of ears at sampling point i
• Mi = grain mass at sampling point i (in grams)
• Hi = grain moisture (%) at sampling point i
• L = sampling row length (in meters), which is 10 m
• R = row spacing (in meters)
• Yield at each point is corrected to 12.5 % moisture [65,12,66], which 

is also the recommended harvest and storage moisture level by Grain 
South Africa [67] and the Agricultural Business Chamber of South 
Africa [68].

• Yield is adjusted by a factor of 0.95, which represents a conservative 
empirical bias adjustment applied to reduce potential overestimation 
associated with point-based objective yield surveys when scaled to 
field level. This factor acts as a reduction coefficient to account for 
field losses, harvesting inefficiencies, and non-uniformity in crop 
growth. This adjustment is consistent with the magnitude of esti
mation uncertainty reported by the CEC, for which final estimates 
are required to fall within ±5 % of reconciled end-of-season values 
[64].

• The 10,000 converts square meters (m2) to hectares; 1000 converts 
grams to kilograms 

Field yield =
1
5
∑5

i=1
yi (2) 

2.2.2. Sentinel-2 data processing in Google Earth Engine (GEE)
We used Sentinel-2 L2A surface reflectance (10–20 m) acquired 

through the GEE Platform [69]. The data covered 1 October to 30 June 
of the three cropping seasons (2018–2019, 2021–2022, and 
2024–2025). To minimize cloud contamination, scenes with 

Fig. 1. The OR Tambo District Municipality in Eastern Cape, South Africa.
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CLOUDY_PIXEL_PERCENTAGE ≤ 70 % were retained, and the Scene 
Classification Layer (SCL) was used to mask clouds, cloud shadows, 
cirrus, and invalid pixels (SCL ∕∈ {0, 1, 3, 8, 9, 10, 11}). This reduced the 
risk of clouds contributing to the field-level means. For each field 
polygon (size range was 0.5 ha - 5 ha), we computed monthly means of 
seven indices by averaging valid field pixels. The indices include the 
Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation 
Index (EVI), Green Normalized Difference Vegetation Index (GNDVI), 
Modified Chlorophyll Absorption Ratio Index (MCARI), Normalized 
Difference Red Edge Index (NDRE), Chlorophyll Index Red-Edge (CIr
ededge), and Moisture Stress Index (MSI). These indices capture 
different aspects of crop canopy structure, vigour, and water status 
(Table 1).

2.3. Interpolation and smoothing using python

Occasional missing monthly values were filled using linear interpo
lation. We then smoothed each field’s monthly series using the Whit
taker penalized least squares filter with a second-difference penalty and 
λ tuned in {50, 100, 500, 1000}. The smoothed and raw series across 
indices were visually compared, and λ = 500 was selected as the best 
compromise based on visual inspection across representative fields.

2.4. Computing seasonal metrics using python

Using each field’s planting date, we restricted the metrics to post- 
planting months (month ≥ first day of planting month). This restric
tion ensured that phenological metrics reflected crop-related canopy 
dynamics rather than pre-season background vegetation or soil signals. 
All the computed phenological metrics are listed in Table 2.

2.5. Modelling methods

Model development was done in three stages to evaluate and 
improve the prediction of maize yield from Sentinel-2-derived pheno
logical metrics: 

(i) per-season modelling to capture intra-season yield variability
(ii) cross-season modelling to assess temporal generalization, and

(iii) parsimonious modelling using the ten most influential predictors 
identified from the combined multi-season dataset.

All models were implemented in Python using the scikit-learn library 
[77].

2.5.1. Per-season modelling
Independent yield models were first trained for each of the three 

maize cropping season (2018–2019, 2021–2022, and 2024–2025). Since 
each dataset contained relatively few field observations (30–63), 
simpler and regularised linear models were preferred to prevent over
fitting and maintain interpretability. Ridge (L2-regularised) and Least 
Absolute Shrinkage and Selection Operator (Lasso; L1-regularised) re
gressions were therefore applied [78–80]. Models were implemented 
within a preprocessing pipeline consisting of standardization, with 
median imputation included only as a precautionary safeguard to handle 
rare residual missing values arising from unresolved phenological 
timing metrics following interpolation and smoothing.

Model evaluation was primarily implemented using five-fold cross- 
validation (CV) to estimate out-of-fold (OOF) accuracy for each season. 

Table 1 
List of vegetation indices used for deriving phenological metrics.

Index and formulation Description

NDVI =
B8 − B4
B8 + B4

Most widely used vegetation index. It 
measures vegetation greenness and canopy 
vigour and is sensitive to chlorophyll content 
but saturates in dense vegetation [70].

EVI = 2.5×

B8 − B4
B8 + 6 × RB4 − 7.5 × B2 + 1

Similar to NDVI with improved sensitivity in 
high biomass regions and corrects for 
atmospheric influences and soil background 
[71].

GNDVI =
B8 − B3
B8 + B3

Similar to NDVI but uses the green band 
instead of the red. It is more sensitive to 
chlorophyll concentration and canopy stress 
[72].

MCARI = [(B5 − B4) − 0.2 × (B5 −

B3)] ×
B5
B4

Designed to minimize the effect of non- 
photosynthetic background (soil, litter). 
Strongly related to chlorophyll content [73].

RENDVI =
B5 − B4
B5 + B4

Uses red-edge bands (between red and NIR). 
More sensitive to canopy chlorophyll, 
reduces NDVI saturation [74].

CIrededge =
B8
B5 

− 1 Strong proxy for leaf chlorophyll 
concentration. Often outperforms NDVI in 
dense canopies [75].

MSI =
B11
B08

Simple ratio index, increases with vegetation 
water stress [76].

Bands; B2 = Blue, B3 = Green, B4 = Red, B5 = Red edge, B8 = Near Infrared 
(NIR), B11 = Short Wave Infrared (SWIR).

Table 2 
List of phenological metrics that were derived from vegetation indices (VI).

Mathematical Formulation Description

MaxVI = max
t∈[t0 , tn ]

VI(t) Maximum VI value during the season (proxy 
for peak biomass/greenness).

MeanVI =
1
n
∑n

i=1
VI(ti)

Average VI over the growing season.

SumVI =

∫tn

t0

VI(t)dt ≈
∑n

i=1
VI(ti)

Cumulative VI across the growing season 
(related to productivity).

StdVI =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
n − 1

∑n
i=1

(VI(ti) − VI)2
√

Standard deviation of VI values, indicating 
variability in the seasonal curve.

Start = t when VI_t > threshold Start of season defined as the first date the VI 
exceeds 20 % of the seasonal amplitude above 
the minimum.

End = t when VI_t < threshold End of season defined as the last date the VI 
falls below the same 20 % amplitude threshold 
during senescence

TTP = tpeak − t0 Time to peak (TTP) in months from planting to 
maximum VI.

Growth rate =
MaxVI − StartVI

tpeak − t0
Rate of VI increase during green-up (slope of 
rise).

Senescence rate =
MaxVI − EndVI

tn − tpeak

Rate of VI decline during senescence.

Late Season Mean =

1
k
∑k

i=1
VI(ti)

Mean VI during early season (before peak).

Early Season Mean =

1
m

∑n
i=n− m+1

VI(ti)

Mean VI during late season (after peak).

Amplitude = MaxVI − StartVI Difference between peak VI and baseline 
(seasonal intensity).

NormAUC =

∫ tn
t0 VI(t)dt

VImax • (tn − t0)

Area under the curve (AUC) of the VI 
normalized (Norm) by season length.

tpeak = arg max
t ∈[t0 ,tn ]

VI(t) Calendar month when VI reaches maximum.

PrePeak Mean =

1
tpeak − t0

∫tpeak

t0

VI(t)dt

Mean VI before the seasonal peak.

PostPeak Mean =

1
tn − tpeak

∫tn

tpeak

VI(t)dt

Mean VI after the seasonal peak.

PrePeakAUC =

∫tpeak

t0

VI(t)dt
Cumulative VI before peak.

PostPeakAUC =

∫tn

tpeak

VI(t)dt
Cumulative VI after peak.
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To assess the robustness of performance estimates given the small 
sample sizes (n = 30–63), two additional validation strategies were 
applied: leave-one-out cross-validation (LOOCV), which maximizes the 
training set size per iteration and provides a complementary estimate of 
prediction error for small samples, and repeated five-fold CV (20 repe
titions) to quantify the sensitivity of model performance to fold parti
tioning. These complementary validation schemes were used for 
diagnostic purposes and are reported in the Supplementary Material. 
These per-season models provided a baseline for understanding domi
nant phenological metric-yield relationships across farms within each 
growing season, reflecting variability in local management practices and 
field conditions. In this study, feature stability refers to the repeated 
high ranking of the same predictors across seasons, modelling ap
proaches, and validation schemes. For each season, permutation 
importance was computed from the regularised models to rank pre
dictors post hoc, producing season-specific importance patterns that 
were later compared to assess cross-season feature stability.

2.5.2. Cross-season modelling and feature selection
To quantify inter-annual consistency and model transferability, the 

three seasonal datasets were merged into a combined multi-season 
dataset (n = 123 fields). To enable cross-season modelling, phenolog
ical metrics were first restricted to those that were successfully 
computed in all three seasons. Metrics missing in any season were 
excluded, resulting in a common feature set that was consistently 
available across years. This intersection-based filtering ensured that all 
cross-season models were trained and evaluated using the same pre
dictor variables, allowing fair comparison across modelling approaches. 
A suite of models of increasing complexity was tested, including Linear 
Regression, Ridge, Lasso, Elastic Net, Random Forest (RF), and Gradient 
Boosting (GB) regression. Model performance was assessed using stan
dard five-fold cross-validation and leave-one-season-out (LOSO) cross- 
validation, with LOSO serving as the primary framework for evalu
ating temporal transferability.

Unlike the per-season analyses, feature importance in the combined 
multi-season setting was explicitly evaluated to identify predictors that 
were both informative and stable across years. Two complementary 
approaches were applied: permutation importance [81] and SHapley 
Additive exPlanations (SHAP [82]). Permutation importance quantified 
the marginal contribution of each predictor by measuring performance 
degradation following feature permutation, while SHAP analysis, con
ducted using the GB model, captured nonlinear effects and interactions 
and provided a global ranking based on mean absolute SHAP values. 
Concordance between permutation importance and SHAP rankings was 
assessed qualitatively to identify predictors that were consistently 
influential across seasons and modelling approaches. The ten most 
influential predictors identified from this combined multi-season anal
ysis were selected for subsequent parsimonious modelling.

2.5.3. Parsimonious modelling using stable cross-season predictors
Based on the global feature-importance analysis described in Section 

2.5.2, a parsimonious modelling experiment was conducted in which 
only the ten most influential predictors identified from the combined 
multi-season dataset were retained as fixed inputs. These predictors 
were treated as a reduced, stable feature set for evaluating whether 
compact models could retain predictive performance under inter-annual 
variability. The principle of parsimony (or Occam’s Razor) states that, 
among competing models, the simplest model that adequately explains 
the data, should be preferred [83]. Accordingly, GB and Ridge regres
sion were retrained using only the Top-10 predictors to assess whether a 
compact and interpretable feature set could achieve performance com
parable to models trained on the full set of seasonal metrics, without 
additional feature selection. Model performance was evaluated using 
five-fold cross-validation with out-of-fold predictions to assess overall 
robustness. In addition, LOSO cross-validation was applied as the pri
mary evaluation of temporal transferability.

2.6. Cross-validation and evaluation metrics

For each modelling stage, performance was summarized using co
efficient of determination (R²): proportion of variance explained by the 
model [84], root mean square error (RMSE): average magnitude of 
prediction error [85], and mean absolute error (MAE): absolute devia
tion from observed yield [85]. Final R², RMSE, and MAE values were 
calculated from pooled out-of-fold predictions rather than by averaging 
fold-wise metrics, ensuring unbiased performance estimation. Scatter
plots of observed VS. predicted yields and residual distributions were 
also examined to assess bias and stability across the yield range.

3. Results

Observed maize yields across the three seasons ranged from 367 to 
9080 kg ha⁻¹, with seasonal mean yields increasing from 3120 kg ha⁻¹ in 
2018–2019 to 4735 kg ha⁻¹ in 2024–2025 (Table 3). The average yield of 
the all the 123 farms was 4211.70 kg ha-1.

3.1. Per-season models

Regularised regression achieved consistent yield prediction accuracy 
across all three seasons (Table 4). Ridge regression yielded the best re
sults for 2018–2019 (R² = 0.56, RMSE = 1148 kg ha⁻¹), while Lasso 
regression performed best for 2021–2022 (R² = 0.53, RMSE = 1263 kg 
ha⁻¹) and 2024–2025 (R² = 0.57, RMSE = 1329 kg ha⁻¹).

Predicted yields closely followed the 1:1 line, indicating that regu
larised models effectively captured dominant statistical relationships 
between seasonal canopy dynamics and observed yield (Fig. 2). How
ever, a tendency toward underestimation at the upper end of the yield 
range was observed, a pattern commonly associated with regularization 
and limited sample sizes. Because model evaluation in Fig. 2 is based on 
cross-validation and relatively small seasonal sample sizes, performance 
estimates may be subject to optimistic bias. To assess the robustness of 
these results, additional validation using leave-one-out cross-validation 
(LOOCV) and repeated five-fold cross-validation was conducted. These 
supplementary analyses yielded performance estimates consistent with 
the primary five-fold CV results (Supplementary Tables S1-S2), indi
cating that the reported accuracies are not driven by favourable fold 
partitioning. All per-season performance metrics and predicted- 
observed relationships shown in Fig. 2 are based on out-of-fold pre
dictions from cross-validation rather than independent test sets.

Across all three seasons, phenological metrics describing seasonal 
intensity (area-under-the-curve-type metrics) and pre- or post-peak 
canopy dynamics consistently ranked among the most influential pre
dictors of maize yield (Fig. 3). Permutation importance analysis was 
used to rank phenological metrics within each season, providing an 
interpretive view of season-specific predictor contributions rather than a 
basis for feature selection. In the 2018–2019 season, MSI and NDVI- 
derived metrics ranked highly. In 2021–2022, MCARI-based metrics 
emerged as dominant predictors. In 2024–2025, CIrededge-based met
rics ranked highest, indicating an increased model sensitivity to red- 
edge spectral information. When importance scores were averaged 
across seasons, red-edge-derived indices (particularly CIrededge and 
MCARI) consistently exhibited high rankings, demonstrating consistent 
importance across seasons (Fig. 3).

Table 3 
Observed yields by season.

Season Minimum (kg ha-1) Maximum (kg ha-1) Average (kg ha-1)

2018–2019 367.11 6558.88 3119.84
2021–2022 871.15 7836.81 4220.47
2024–2025 444.47 9080.41 4734.92
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3.2. Cross-season models

When all three seasons were merged into a single dataset (n = 123 
fields), both linear and ensemble models (represented here by GB 
regression) produced comparable accuracies under five-fold CV 
(Table 5). The best performance was achieved by the Elastic Net model 

(R² = 0.52, RMSE = 1401 kg ha⁻¹), followed closely by Lasso (R² = 0.51, 
RMSE = 1426 kg ha⁻¹) and GB (R² = 0.45, RMSE = 1447 kg ha⁻¹).

3.3. Feature stability and parsimonious models

To investigate whether a reduced set of predictors could retain 
explanatory relevance under inter-annual variability, a pooled analysis 
was conducted using observations from all three seasons. Feature- 
importance results derived from this multi-season dataset are summa
rized in Fig. 4. Using a GB model fitted to the combined dataset, feature 
contributions were quantified using SHAP values and complemented by 
permutation importance. Features that remained highly ranked under 
this pooled setting were interpreted as exhibiting cross-season consis
tency in their contribution to yield variation, rather than importance 

Table 4 
Seasonal maize yield predictions.

Season Best model R2 RMSE (kg ha-1) MAE (kg ha-1) Farms

2018–2019 Ridge 0.56 1148 880 30
2021–2022 Lasso 0.53 1263 1023 30
2024–2025 Lasso 0.57 1329 1125 63

Fig. 2. Seasonal maize yield predictions from per-season models. The three panels show observed versus predicted yield (kg ha⁻¹) for each growing season. Pre
dictions are out-of-fold (OOF) estimates from five-fold cross-validation (CV). The 1:1 line indicates perfect agreement.

Fig. 3. Top features contributing to maize yield predictions per season (Features with near-zero permutation importance are retained to illustrate sparsity and 
seasonal selectivity).
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restricted to a single growing season. The ten most influential predictors 
identified in this analysis are shown in Fig. 4.

To assess whether a compact predictor set could maintain predictive 
performance comparable to full-feature models, Ridge and GB re
gressions were subsequently retrained using only these Top-10 features 
and evaluated using five-fold cross-validation. The parsimonious Ridge 
model achieved accuracy (R² = 0.56, RMSE = 1343 kg ha⁻¹) comparable 
to the best-performing per-season models and outperforming the full- 
feature GB and Random Forest models evaluated on the combined 
dataset (Table 6).

Out-of-fold predictions closely followed the 1:1 line, with minimal 
bias across the yield range, demonstrating that most explanatory power 
is retained within a small subset of spectrally interpretable variables 
(Fig. 5). When compared to the full-feature GB baseline, the reduction to 
only ten predictors resulted in comparable predictive accuracy.

3.4. Temporal transferability (Leave-One-Season-Out validation)

Both Ridge Top-10 and GB Top-10 models showed limited and 
season-dependent transferability across seasons. Predictive accuracy 
varied by test year, with differences observed across seasons. When the 
2018–2019 season was held out, model performance decreased 
(Table 7). Testing on the 2021–2022 season improved performance for 
Ridge, while the 2024–2025 season achieved low to moderate general
ization (Table 7). Overall, the mean LOSO accuracy across seasons was 
R² = 0.32 for GB and R² = 0.46 for Ridge (Table 7; Fig. 6).

3.5. Residual analysis

The residual distributions of the Ridge Top-10 and GB Top-10 models 

were centred near zero, indicating minimal systematic bias in yield 
predictions (Fig. 7). Mean residuals were − 38 kg ha⁻¹ for Ridge and − 42 
kg ha⁻¹ for GB, reflecting slight average underestimation. The dispersion 
of residuals was moderate, with standard deviations of 1348 kg ha⁻¹ and 
1448 kg ha⁻¹ for Ridge and GB, respectively, suggesting similar vari
ability in predictive performance. However, residual dispersion 
remained substantial, with standard deviations of 1348 kg ha⁻¹ and 1448 
kg ha⁻¹, respectively, highlighting considerable unexplained variability 
at the field level. Residuals ranged from − 3205 to +2589 kg ha⁻¹ for 
Ridge and from − 4521 to +2755 kg ha⁻¹ for GB, indicating the presence 
of a small number of extreme errors. These patterns suggest that while 
predictions are not systematically biased, model uncertainty remains 
high for individual fields, particularly at the upper end of the yield 
distribution.

4. Discussion

This study demonstrates the potential use of Sentinel-2-derived, 
systematically selected seasonal metrics in the estimation of small
holder maize yields, while highlighting important limitations related to 
data availability and inter-annual variability. By leveraging time-series 
vegetation indices processed through GEE and transformed into 
phenological metrics, the study achieved moderate predictive accuracy, 
with seasonal models yielding R2 values of 0.53 to 0.57 and RMSEs of 
1148 to 1329 kg ha-1. This finding indicates that a substantial proportion 
of yield variability among smallholder fields can be statistically associ
ated with regularised linear models trained on spectrally derived, sys
tematically selected, and physiologically interpretable features. The 
alignment of predicted yields with the 1:1 line in the scatterplots sug
gests that the models captured a meaningful component of intra- 
seasonal yield variability, although a substantial proportion of vari
ance remained unexplained.

Table 5 
Combined-season maize yield prediction models.

Model CV Type R2 RMSE MAE

ElasticNet 5Fold 0.52 1401 1141
Lasso 5Fold 0.51 1426 1130
GB 5Fold 0.49 1447 1192
RF 5Fold 0.49 1484 1189
Ridge 5Fold 0.46 1563 1190
ElasticNet LOSO 0.41 1639 1262
Lasso LOSO 0.35 1639 1302
GB LOSO 0.30 1699 1350
RF LOSO 0.28 1714 1393
Ridge LOSO 0.18 1836 1462

Fig. 4. Top-10 predictors of maize yield identified from a GB model trained on the merged multi-season dataset (n = 123), ranked by mean absolute SHAP values and 
confirmed using permutation importance.

Table 6 
Performance of parsimonious Top-10 models evaluated using five-fold cross- 
validation. The Top-10 predictors were selected based on their consistent 
importance across seasons, as identified using Gradient Boosting (GB) feature- 
importance analysis interpreted with SHAP values and complemented by per
mutation importance.

Model R2 RMSE (kg ha⁻⁻¹) MAE (kg ha⁻⁻¹)

Ridge Top-10 0.56 1343 1057
GB Top-10 0.49 1442 1175
GB (All features) 0.49 1447 1192
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Across all three seasons, permutation importance and SHAP analyses 
consistently ranked features describing pre-peak growth and season- 
long cumulative vegetation signals among the most influential pre
dictors. At the seasonal level, phenological metrics derived from MSI 
and NDVI were most influential in 2018–2019, MCARI in 2021–2022, 
and CIrededge in 2024–2025. There are plausible explanations for these 
differences. Firstly, this pattern is consistent with the idea that different 
seasons foreground different limiting factors [86,87], so the vegetation 
index family that best tracks the dominant constraint becomes most 
predictive. For example, seasons in which water availability and canopy 
moisture dynamics are more influential may elevate MSI and NDVI [76,
88,89]. When variability in chlorophyll absorption and canopy structure 
better differentiates field performance, indices such as MCARI may 
become more informative [73]. The stronger appearance of 
red-edge-based metrics (e.g., CIrededge integrals) in another season can 
similarly reflect conditions where chlorophyll-related spectral variation 
is clearer in the Sentinel-2 signal. Importantly, these shifts should be 
interpreted as season-specific statistical associations rather than direct 
evidence of causal physiological control, and they may also be amplified 
by practical factors such as cloud-related data gaps, planting-date 
spread, and within-season management heterogeneity that affect the 
clarity of phenological trajectories.

When feature importance was averaged across seasons, red-edge- 
derived indices (CIrededge and MCARI) consistently ranked highest, 
followed by GNDVI and MSI metrics. Across models, PrePeakAUC_CIr
ededge, SumAUC_CIrededge, PrePeakAUC_MCARI, Min_MCARI and 
PostPeak_MCARI emerged as the most stable predictors of yield, 
capturing pre-peak accumulation and season-long canopy productivity. 
The recurrence of these metrics across seasons and algorithms suggests 
that yield variation was most strongly associated with spectral patterns 

capturing early-season canopy development and cumulative seasonal 
vegetation activity. Complementary SHAP rankings from the combined 
multi-season GB analysis were broadly consistent with the permutation- 
based patterns, with PrePeakAUC_CIrededge, PrePeakMean_RENDVI, 
and GrowthRate_GNDVI among the top contributors. Taken together, 
these results indicate that integrative pre-peak and season-long metrics 
provided a compact and interpretable predictor set for yield modelling, 
although the LOSO results show that cross-season generalization re
mains season-dependent.

When merging data across seasons, cross-season models achieved 
comparable predictive accuracy, with Elastic Net performing best (R2 =

0.52, RMSE = 1401 kg ha-1). GB showed slightly lower performance (R2 

= 0.45), indicating that added model flexibility did not translate into 
improved generalization in this merged setting. Parsimonious models 
trained on the ten highest-ranked predictors retained comparable ac
curacy (R2 = 0.49 to 0.56, RMSE = 1343 to 1442 kg ha-1), supporting the 
conclusion that a compact subset of phenological metrics can capture 
much of the yield-predictive signal present in the data. This parsimony 
improves interpretability and reduces computational demands; howev
er, given the observed residual dispersion and season-dependent trans
ferability, these results are best interpreted as evidence of potential 
utility rather than fully operational readiness without additional sea
sons, covariates, and independent evaluation.

An important consideration in this framework is the use of field- 
reported planting dates to align vegetation-index time series and 
restrict phenological metric extraction to post-planting periods. 
Although planting date was not included as a predictor in the yield 
models, it represents ancillary field information that is not directly 
observed by Sentinel-2. Its use helps ensure that extracted metrics reflect 
crop canopy development rather than pre-season background signals. 
However, this reliance introduces an external input that may limit fully 
automated implementation where planting dates are unavailable. 
Future work could reduce this dependency by incorporating satellite- 
based planting date detection or phenology-based season onset 
estimation.

Testing temporal transferability using LOSO validation revealed 
strong season-dependent performance, with Ridge regression out
performing GB in some test seasons but not consistently across years. 
This variability indicates that yield-phenology relationships in small
holder systems can shift across seasons, and that model generalization is 
constrained by inter-annual differences in yield distributions, pheno
logical signal clarity, and unmeasured sources of heterogeneity (e.g., 

Fig. 5. Performance of parsimonious models using the Top-10 predictors. Observed versus predicted yield (kg ha⁻¹) for the parsimonious Ridge Top-10 (left) and 
Gradient Boosting (GB, right) Top-10, evaluated using five-fold cross-validation (CV) with out-of-fold (OOF) predictions. The 1:1 line indicates perfect agreement.

Table 7 
Summary of leave-one-season-out (LOSO) model performance per test season. 
Gradient Boosting (GB) and Ridge trained with Top-10 features.

Model Test season R2 LOSO RMSE MAE Fields

GB Top10 2018–2019 0.34 1410 1151 30
Ridge Top10 2018–2019 0.30 1454 1215 30
GB Top10 2021–2022 0.34 1510 1228 30
Ridge Top10 2021–2022 0.63 1130 866 30
GB Top10 2024–2025 0.27 1734 1416 63
Ridge Top10 2024–2025 0.44 1511 1185 63
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management and weather variability) that are not captured by vegeta
tion indices alone. Residual diagnostics indicated limited systematic bias 
(mean residuals close to zero) but substantial dispersion, with a small 
number of large errors, highlighting considerable unexplained field- 
level variability. Overall, these findings support cautious interpreta
tion of cross-season generalization and reinforce the importance of 
season-aware validation when deploying phenology-based yield models.

Overall, the results show that Sentinel-2-derived phenological met
rics, combined with regularised linear models and interpretable feature 
analyses, can provide useful yield estimates in fragmented smallholder 

landscapes where field data are limited. Relative to coarser-resolution 
sensors, Sentinel-2 offers spatial detail that is better aligned with small 
field sizes, supporting field-level variation in crop trajectories. The 
integration of a mobile application for field data collection improves the 
traceability and standardisation of ground reference yields, strength
ening the linkage between remote sensing predictors and observed 
outcomes. Nevertheless, the residual dispersion and LOSO variability 
indicate that vegetation indices alone do not capture all drivers of yield 
variability. Incorporating additional covariates (e.g., weather, soils, 
management proxies) and expanding multi-year field sampling would 

Fig. 6. Leave-one-season-out (LOSO) validation results by test season. Panels show observed versus predicted yield (kg ha-1) when models are trained on two seasons 
and evaluated on the held-out season (test year shown in each panel). Ridge Top-10 and Gradient Boosting (GB) Top-10 results are displayed. The 1:1 line indicates 
perfect agreement.

Fig. 7. Residual diagnostics for parsimonious Ridge and Gradient Boosting (GB) models.
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likely reduce unexplained variance and improve transferability, sup
porting more reliable use in operational monitoring contexts.

5. Conclusion

This study shows that Sentinel-2–derived phenological metrics, 
processed in GEE and analysed using regularised linear and ensemble 
models, can provide interpretable, satellite-based estimates of small
holder maize yield variability in South Africa. Per-season modelling 
achieved R² values of 0.53–0.57, and pooled cross-season modelling 
reached R² = 0.52 with Elastic Net under five-fold cross-validation. 
Across seasons, the most consistently influential predictors were pre- 
peak and season-integrated CIrededge and MCARI metrics, indicating 
that red-edge and chlorophyll-sensitive signals linked to canopy devel
opment were repeatedly associated with yield differences among fields. 
Parsimonious Top-10 models retained comparable accuracy, while 
LOSO evaluation showed strong season dependence in transferability; 
residuals were generally centred near zero (limited systematic bias) but 
remained widely dispersed, indicating substantial unexplained field- 
level variability.

Overall, the results indicate the potential of Sentinel-2 phenological 
metrics as a cost-effective complement to labour-intensive surveys and 
complex process-based models for smallholder settings. While further 
gains in operational reliability will likely require larger multi-year 
samples and additional covariates (e.g., weather, soils, and manage
ment), the framework provides a practical basis for strengthening yield 
monitoring in under-documented smallholder systems.

5.1. Limitations and future work

While the results are promising, several limitations should be noted. 
First, the analysis covered only three seasons (n = 123 fields), which 
limits statistical generalisation and constrains the ability to characterise 
the full range of inter-annual variability observed in smallholder sys
tems. Second, predictors were derived exclusively from optical Sentinel- 
2 vegetation indices, which can be affected by cloud contamination and 
may saturate under dense canopies; integrating complementary sensors 
(e.g., Sentinel-1 and/or thermal products where available) may improve 
robustness under variable observation conditions. Third, important 
covariates such as soils, weather, and management practices were not 
explicitly included in the models and likely explain a substantial portion 
of the residual dispersion and season-dependent transferability observed 
under LOSO evaluation. Fourth, field-level averages were modelled, 
which can mask within-field heterogeneity; where appropriate and 
feasible, higher-resolution observations could support sub-field assess
ment and improved calibration, although such data sources may involve 
cost and continuity trade-offs. Finally, the current modelling framework 
prioritised interpretability using regularised linear and ensemble 
methods; future studies with larger multi-year datasets could explore 
hybrid or more flexible approaches while maintaining rigorous cross- 
season evaluation.

Data and code availability

The Python code used for data processing, modelling, and feature- 
importance analysis in this study is publicly available at: https://gith 
ub.com/masizawonga63-eng/sentinel2-maize-yield-phenology. Due to 
farmer confidentiality agreements and ethical restrictions, the raw field- 
level yield data and associated farm identifiers cannot be publicly 
shared. Derived phenological metrics and aggregated results supporting 
the findings of this study are available from the corresponding author 
upon reasonable request.
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