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Abstract

Reliable quantification of crop evapotranspiration (ET.) at field resolution is a prerequisite
for evidence-based irrigation scheduling in agricultural systems subject to nitrate leaching
constraints. This study presents and evaluates a multi-sensor data fusion framework in-
tegrating MODIS Terra (500 m, daily) and Sentinel-2 (10-20 m, 5-day revisit) imagery to
generate cloud-robust, daily ET. maps for an 87.5 ha irrigated maize field in Nyirbator,
Hungary, during the 2020 and 2021 growing seasons. Three gap-filling strategies for miss-
ing Sentinel-2 NDVI observations were systematically compared: (i) co-regionalisation
with cokriging, (ii) local time series interpolation of MODIS pixel centres using ordinary
kriging, and (iii) a median time series of cotemporal MODIS pixels—a novel approach
developed to suppress sub-pixel spectral contamination from roads and irrigation infra-
structure. For field-mean temporal reconstruction, the median approach consistently out-
performed the alternatives (adjusted R? = 0.81, NRMSE = 0.15-0.17; pixel-wise correlation
0.70-0.85), effectively filtering heterogeneous landscape artefacts. Daily crop coefficients
(Kc) derived from fused NDVI time series via the FAO-56 framework yielded ET. ranging
from 0.99 mm day™! (initial stage) to 6.40 mm day! (peak crop development). Seasonal
precipitation—ET. deficit analyses revealed contrasting patterns: near balance in 2020 ver-
sus an 85 mm mid-season deficit at critical nodes in 2021, demonstrating the potential
utility of spatially explicit daily ET. monitoring for irrigation scheduling. These deficit
estimates represent irrigation demand indicators; a complete water balance would addi-
tionally require measured irrigation volumes, soil water storage changes, deep percola-
tion, and surface runoff data. The methodology provides a proof-of-concept framework
for EU Nitrates Directive compliance monitoring, relying solely on freely available satel-
lite data. Independent ET. validation is required before operational deployment, and
transferability to other crops and regions requires validation across contrasting pedocli-
matic conditions.

Keywords: crop evapotranspiration; MODIS-Sentinel-2 data fusion; gap-filling; crop
coefficient; FAO-56; irrigation scheduling; NDVI; water use efficiency; nitrate-sensitive
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1. Introduction

Precision irrigation requires spatially explicit, temporally continuous crop water use
estimates to optimise yield and minimise nitrate leaching [1]. Integrated remote sensing
approaches offer a scalable solution, but persistent cloud cover and sensor trade-offs limit
operational deployment [2]. Maize (Zea mays L.) ranks among the most widely cultivated
grain crops globally and constitutes a valuable test case for remote sensing-based water
dynamics research. Its four phenologically distinct growth periods —from early establish-
ment to canopy closure, peak biomass, and senescence —are each characterised by meas-
urable shifts in spectral reflectance, making the crop well suited to continuous monitoring
via satellite-derived vegetation indices that encode canopy health, biomass development,
and water status. Efficient agricultural water management is increasingly recognised as a
cornerstone of food security, especially in areas prone to seasonal water deficit or spatially
heterogeneous supply [3,4]. The emergence of freely accessible multispectral satellite plat-
forms—principally MODIS and Sentinel-2—has substantially extended the capacity to
track crop health, evapotranspiration, and water use efficiency across spatial scales rang-
ing from individual fields to entire river basins [5]. Conventional field-based scheduling
(e.g., soil moisture probes, weather stations) fails to capture sub-field variability in crop
water demand, creating a critical gap that satellite-based frameworks can address [6].

The integration of remote sensing into agricultural water management addresses key
challenges, notably the need for spatially continuous, temporally frequent, and spectrally
rich data to monitor vegetation dynamics and water consumption [7]. MODIS acquires
daily imagery at 500 m spatial resolution, a cadence that is well suited to monitoring broad
vegetative trends and inter-seasonal water dynamics [8]. Sentinel-2, by contrast, delivers
10-20 m multispectral observations every five days, enabling the spatially explicit charac-
terisation of vegetation required for within-field agronomic management [5,9]. Each sen-
sor presents structural trade-offs: MODIS temporal density is offset by pixel footprints
that conflate sub-field heterogeneity, while Sentinel-2 high-resolution images are rou-
tinely interrupted by cloud contamination. In continental climates with protracted over-
cast periods, these cloud-induced gaps can mask key developmental transitions and delay
actionable irrigation decisions [10].

Numerous studies have demonstrated the value of satellite-derived vegetation indi-
ces for crop monitoring. The Normalised Difference Vegetation Index (NDVI) is widely
used for monitoring plant health and biomass accumulation [11-13]. The Normalised Dif-
ference Water Index (NDWI) is particularly effective for detecting plant water content and
drought stress [14,15]. The Normalised Difference Red Edge Index (NDRE) offers sensi-
tivity to chlorophyll content and facilitates early stress detection [11,16]. The Soil Adjusted
Vegetation Index (SAVI) minimises soil brightness influences in areas with sparse vege-
tation [11,17]. The Ratio Vegetation Index (RVI) is one of the earliest indices developed for
estimating green biomass [11,18]. The Green Normalised Difference Vegetation Index
(GNDVI) is particularly useful for assessing nitrogen status and photosynthetic activity
[11,19]. The Enhanced Vegetation Index (EVI) provides improved sensitivity in high bio-
mass regions [17]. The leaf area index (LAI) serves as a key biophysical parameter for
quantifying canopy structure and predicting evapotranspiration [11,16]. Remote sensing
has been successfully employed to optimise irrigation timing in Central Morocco [17],
Hungary [18,19] and Italy [20] and to forecast crop yields in the Pannonian region [21].
The strategic incorporation of multispectral surveys and non-invasive water stress assess-
ment methods provides a robust foundation for advancing remote sensing-based crop
monitoring [11,15].

Despite these advances, three key challenges persist: (1) optimal integration of multi-
source data (MODIS vs. Sentinel-2), (2) robust handling of cloud-induced gaps in high-
resolution time series, and (3) reconciliation of spatial-temporal resolution mismatches
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for field-scale ET. estimation [9]. Physically based hydrological models can provide highly
accurate ET. estimates but often demand extensive calibration and are computationally
intensive [22,23]. Alternatively, data fusion techniques and machine learning methods
have shown considerable promise in bridging spatial and temporal gaps [24,25]. These
emerging approaches offer scalable solutions for proof-of-concept crop monitoring, espe-
cially in regions where persistent cloud cover or sensor limitations impede continuous
data acquisition.

To address these gaps, this study evaluates three gap-filling strategies (cokriging, lo-
cal time series, median time series) for MODIS-Sentinel-2 NDVI fusion in a nitrate-sensi-
tive maize system (Nyirbator, Hungary, 2020-2021). The goal is to generate cloud-robust,
daily ETc maps at the field scale using freely available satellite data. The specific objectives
are to: (1) harmonise MODIS and Sentinel-2 datasets for temporally continuous NDVI, (2)
compare three gap-filling methods (cokriging, local time series, median time series), (3)
derive daily Kc and ET. via FAO-56, (4) quantify performance (R, RMSE, NRMSE), and
(5) assess spatial variability in fusion accuracy. While MODIS-Sentinel-2 fusion has been
explored for LAI [26] and NDVI [27], no study has (i) systematically compared geostatis-
tical (cokriging), spatial interpolation (kriging), and robust statistical (median) gap-filling
within a single framework, (ii) quantified sub-pixel contamination effects from agricul-
tural infrastructure, or (iii) translated fused NDVI into FAO-56 ET. for nitrate-sensitive
zones. This study addresses all three gaps at the 87.5 ha Nyirbator site.

For clarity throughout this manuscript, the following proof-of-concept definitions
apply. Data fusion: the integration of MODIS (500 m, daily) and Sentinel-2 (10 m, ~5-day
revisit) time series to produce a synthetic product that inherits the temporal density of
MODIS and the spatial resolution of Sentinel-2; fusion here refers specifically to regres-
sion-based temporal transfer of MODIS NDVI trajectories onto cloud-free Sentinel-2 ref-
erence scenes. Interpolation: reconstruction of NDVI values at specific missing dates using
arithmetic approximation between adjacent known observations, used here as one of three
candidate gap-filling strategies. Gap-filling: the overarching process of replacing cloud-
contaminated or otherwise missing observations in a satellite time series; cokriging, local
time series interpolation, and median compositing are the three gap-filling methods eval-
uated in this study. These distinctions clarify the methodological scope: this study per-
forms gap-filling via data fusion and interpolation; it does not perform spatiotemporal
image fusion in the strict STARFM/ESTARFM sense.

2. Materials and Methods
2.1. Study Site

The study was conducted at an 87.5 ha irrigated maize field near Nyirbator, Hungary
(47°48'18.60" N, 22°9'43.89" E; Figure 1), within the Hajduisag nitrate-sensitive zone (EU
Nitrates Directive 91/676/EEC). The field is equipped with a centre-pivot irrigation system
and characterised by sandy Arenosol soils (sand fraction >94%; hydraulic conductivity
~2.89 x 106 m s1) [28].

Annual insolation at the site totals 1900-2000 h. Mean annual air temperature is ap-
proximately 9.6 °C, rising to a growing season half-year mean near 16.6 °C; summer max-
ima can exceed 34 °C and winter minima fall below —17 °C. Total annual precipitation lies
in the range of 570-600 mm, with roughly 350-360 mm concentrated in the warm season.
Prevailing winds arrive from the northeast and southeast quadrants at a mean speed of
approximately 2.5 m s™. These climatic characteristics render the Southeast Nyirség suit-
able for cereal crops with moderate thermal and water requirements [29].
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Figure 1. Location of the Nyirbator study site (47°48'18.60" N, 22°9'43.89" E), Hungary. (left) Coun-
try map highlighting Szabolcs-Szatmar—Bereg county. (right) Field-scale view showing the 87.5 ha
maize field, MODIS 500 m pixel grid overlay, road network, and central irrigation channel. Coordi-
nate system: Hungarian National Datum 1972 Unified National Projection (EPSG:23700).

2.2. Satellite Data Acquisition
2.2.1. Sentinel-2

The Sentinel-2 Earth observation mission comprises two satellites, Sentinel-2A and
Sentinel-2B, positioned 180 degrees apart within the same orbit. The Sentinel-2 data used
in this study were provided by Vultus Ltd. (2022). Sentinel-2 captures images of the Hun-
garian site every five days at 10:00 a.m. Sentinel-1 SAR backscatter was evaluated as a
cloud-independent complement but was excluded from further analysis, as the backscat-
ter time series reflected only surface roughness from tillage operations and did not resolve
vegetation growth dynamics [5,9]. Data were collected from 1 May to 31 October for the
2020 and 2021 maize vegetation periods.

2.2.2. MODIS Terra

MODIS, launched by NASA aboard the Terra satellite in 1999 and the Aqua satellite
in 2002, provides daily imaging data [8]. Terra captures morning observations, while
Aqua records afternoon data, creating variations due to solar zenith angle and atmos-
pheric humidity differences. Terra was selected as the data source for this study, as it
passes over the site three hours before Sentinel-2. The MODIS data were accessed on the
USGS EarthData website [30]. The database of raw remotely sensed observations contains
the extracted vegetation index series at the centre coordinates of the Sentinel pixels. For
MODIS NDVI data, the extracted values were interpolated to match the Sentinel pixel
centre coordinates [29].

2.3. Study Flowchart

The core methodology involves MODIS-Sentinel-2 NDVI fusion with three gap-fill-
ing strategies: (1) co-regionalisation with cokriging (Section 2.7.1), (2) local time series in-
terpolation (Section 2.7.2), and (3) median time series compositing (Section 2.7.3). Down-
stream, fused NDVI drives FAO-56 Kc and ET. estimation (Section 2.5). Other indices (LAI,
NDWI, NDRE, EVI, SAVI, RVI, GNDVI) were computed for cross-sensor validation (Sec-
tion 3.1) but not used for ETc estimation, which relied solely on NDVI-derived K. Tem-
poral matching between MODIS and Sentinel-2 observations follows an 8-day composite
window: for each clear-sky Sentinel-2 acquisition date (ts), the MODIS observation se-
lected is the nearest clear-sky acquisition within +4 calendar days; where multiple MODIS
clear-sky dates fall within this window, the acquisition minimising solar zenith angle dif-
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ference is selected to reduce BRDF effects. Full QA filter parameters are documented in
Supplementary Table S1 (Section 2.6).

The workflow illustrates a multi-source remote sensing approach for estimating crop
evapotranspiration by integrating data from Sentinel-2 (accessed via Vultus API), MODIS,
and in situ meteorological stations (Figure 2). Sentinel-2 imagery underwent prepro-
cessing and upscaling to derive high-resolution vegetation indices (NDRE, LAI, NDV]J,
EVI), while MODIS data were downscaled and preprocessed to detect resampling effects
and establish cross-sensor correlations. Both data streams contributed to the generation of
consistent NDVI values through interpolation. These NDVI values were then converted
into Kc through regression [18], which, combined with reference evapotranspiration (ETo)
derived from ground meteorological data, enables the calculation of actual crop evapo-
transpiration (ET.) (see Equations (1)—(12)). This integrated workflow ensures temporal
consistency and spatial precision in monitoring water use for agricultural planning.

Study area delineation

MODIS
Vultus API
(Sentinel) LAI, NDVI, NDWI, RVI, NDRE, SAVI, GDVI, MVIL

ft '

Pixelwise time series
Median Time series

!

Missing data mitigation

Landsat 8

Simple CoKriging
l Kc estimation
Rescaling to Kc limits BBCH break points
Empirical ETc Theoretical Kc

~N o/

Theoretical ETc

Cri s-validféon Reference ET
Cumulative ETc In-situ sensors
Daily ETc Reference ET

I o

Statistical evaluation

Figure 2. Workflow for MODIS-Sentinel-2 NDVI fusion and ETc estimation. Steps: (1) QA-filtering,
(2) harmonisation, (3) gap-filling (cokriging/local/median), (4) Kc derivation, and (5) ETc calcula-
tion. Data sources: Sentinel-2 (Vultus API), MODIS Terra (USGS), and in situ meteorology. See Table
1 for details.
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Table 1. Preprocessing workflow for MODIS-Sentinel-2 NDVI fusion. Steps 1-11: Applied in this

study. ** Steps marked *: Optional/peer-reviewed alternatives for reproducibility.
y P P P P ty

Sensor/Stage

Step

Process Details and Parameters Implementation Status

Sentinel-2

Aggregate 10 m bands to target grid R (e.g., 100 m) using
Upscaling Applied in this study
area-weighted mean; retain cells with >60% valid pixels.

Use Level-2A surface reflectance (or Sen2Cor);
cloud/shadow masking (SCL/QA60 and s2cloudless);
Preprocessing BRDEF/topographic correction not applied (Nyirbator =~ Optional/not applied *
study area is flat Pannonian lowland; slope < 1°); extract

red (B4) and NIR (BS).

Compute NDVI, NDRE, LAI, and EVI; constrain NDVI to
Vegetation Indices Applied in this study
[-0.2, 1.0] to remove outliers.

MODIS

Resample MODIS NDVI or SR products (e.g., MCD43A,
Downscaling MOD09) from native resolution to R via bilinear interpo- Applied in this study

lation for continuous data, nearest neighbour for QA.

Apply QA filtering (cloud, snow, aerosol); reproject to
Preprocessing study CRS; compute NDVI from red/NIR if needed, con- Applied in this study
strained to [-0.2, 1.0].

Both

Generate NDVI and other relevant indices if not present
Vegetation Indices Applied in this study
in product.

Apply robust linear bias correction (NDVI'=a x NDVI +

Radiometric Harmoni-

b) on overlapping clear-sky dates; coefficients per land ~ Applied in this study

sation
cover class or global fallback.

Hampel filter (window = 3-5 steps, k = 30) and slope con-
Outlier Removal Applied in this study
straint (| ANDVI/At| >0.15 day™) to flag artifacts.

Resample to fixed cadence At (e.g., 8-day); select best QA

Temporal Alignment  observation per bin or QA-weighted average if both ~ Applied in this study

available.

Both

10

Fill <3 At gaps by linear interpolation; longer gaps
smoothed with Savitzky—Golay (window =5, poly=2;  S-G: Applied; Whit-
Gap-Filling applied as primary method). Whittaker smoother re-  taker: Optional/not ap-
tained as documented alternative (not applied in final plied **

analysis).

11

Constrain smoothed NDVI to [-0.1, 0.95] and within +0.1
Spatial Consistency  of 90th percentile historical values; 3 x 3 median filter on  Partially applied ***

residuals was not applied in this study.

Output

Output

Fused, bias-corrected NDVI stack at resolution R and ca-
NDVI Time Series  dence At with metadata layers (NDVI_fused, NDVI_raw, Applied in this study
NDVI_source, QA).

Application

Application

Derive crop coefficient (Kc) from NDVI and combine with
Kcand ETc Applied in this study
ETo (in situ meteorological station) to calculate ET-.

Notes: * BRDF/topographic correction (Step 2): not applied —the Nyirbator study area lies on a flat
Pannonian lowland (slope < 1°). ** Whittaker smoother (Step 10): not applied in the final analysis;
retained as a documented peer-reviewed alternative for methodological transparency. *** 3 x 3 me-
dian filter on residuals (Step 11): not applied in this study. Steps marked ‘Optional/not applied’

document peer-reviewed alternatives for methodological transparency and reproducibility; they

were not executed in this study.
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2.4. Remote Sensing Vegetation Indices

Vegetation indices (VIs) were computed to assess crop vigour (NDVI, GNDVI), can-
opy structure (LAI, RVI), and moisture dynamics (NDWIL, NDMI) [31]. While NDVI was
the primary fusion target, other indices were used for cross-sensor validation (Section 3.1).
While MODIS NDVI has long been utilised for large-scale monitoring, Sentinel-2 provides
additional indices such as LAI, NDRE, and NDWI, offering more detailed insights due to
higher spatial resolution and additional spectral bands [32]. MODIS NDVI remains one of
the most widely used indices for monitoring vegetation health [33,34] and is calculated
using the red and near-infrared bands [35]:

NDVI = (NIR - Red)/(NIR + Red) 1)

LAI provides a measure of total leaf surface area relative to ground area (m? m?2), an
essential parameter for understanding plant growth and evapotranspiration rates [36].
NDRE is particularly useful for monitoring crop health during later growth stages when
chlorophyll content is better detected in the red edge region [37,38]:

NDRE = (NIR - RedEdge)/(NIR + RedEdge) @)

NDWI detects water content in vegetation and soils, offering a sensitive measure of
plant water stress and soil moisture [39,40]:

NDWI = (Green — NIR)/(Green + NIR) 3)
LAI was derived from the Sentinel-2 red edge and NIR bands [36]:
LAI=3.618 x EVI-0.118 4)

The empirical equation LAI =3.618 x EVI — 0.118 originates from Liang [27]and was
parameterised from MODIS EVI data across multiple crops, including temperate maize.
Its application to Sentinel-2-derived EVI is justified by the spectral compatibility of the
two sensors: Sentinel-2 EVI is computed from B4 (Red, 665 nm), B8 (NIR, 842 nm), and B2
(Blue, 490 nm), which are spectrally compatible with the corresponding MODIS EVI bands
to within +5 nm [41,42]. Published empirical LAI-EVI slopes for Central European maize
in temperate continental climates range from 3.2 to 3.9 [43,44], consistent with the coeffi-
cient 3.618 used here. Importantly, LAI derived from this equation serves exclusively as
an auxiliary vegetation index for comparative multi-index analysis (Figure 3); ETc estima-
tion relies entirely on the NDVI-derived Kc through the FAO-56 framework and is there-
fore insensitive to uncertainty in this LAI equation. Site-specific LAI calibration via de-
structive sampling or an LAI-2200C canopy analyser is recommended for future field cam-
paigns, particularly for seasons with peak canopy closure (LAI > 4) where the linear as-
sumption may underperform.

RVI provides a simple yet effective measure of biomass [45]:

RVI = NIR/Red 5)
SAVI minimises soil background effects [46]:
SAVI = [(NIR - Red)/(NIR + Red + L)] x (1+L), L=0.5 (6)
MVI was incorporated to enhance vegetation detection in heterogeneous fields [43]:
MVI = NIR/SWIR: (7)
GNDVI enhances sensitivity to chlorophyll concentration [47]:
GNDVI = (NIR - Green)/(NIR + Green) (8)
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Figure 3. Pixel-wise Pearson r histograms between MODIS and Sentinel-2 vegetation indices (2020—
2021). 1. NDVI-NDVI, 2. NDVI-LAI, 3. NDVI-NDW]I, 4. NDVI-NDRE. Sample size: n =1 000-pixel

pairs per panel. Key finding: NDVI shows strongest cross-sensor agreement (modal r = 0.70-0.85).

2.5. Calculation of ETc Using Remote Sensing-Based Ke (FAO-56) and Dual Kc
Single-Kc Approach and ETo

ET. was computed using the FAO-56 single crop coefficient approach [48], where ET.
=K x ETo. Kc was derived from fused NDVI via linear regression (Equation (10)). ETo was
calculated using the Penman—Monteith equation (Equation (9)) with in situ meteorologi-
cal data from the Nyirbator AWS station (1.2 km from the field centroid). The Penman-
Monteith combination equation integrates near-surface meteorological inputs comprising
air temperature, vapour pressure deficit, net radiation, wind velocity, and atmospheric
pressure [49,50]:
0.408A(Ry—G) + y%uz (es—ea)

A+y(140.34uy)

ET, = )

where:

ETo = reference evapotranspiration (mm day~'); R, = net radiation at the crop surface
(MJ m2 day™); G = soil heat flux density (MJ] m=2 day); T = mean daily air temperature at
2 m height (°C); uz = wind speed at 2 m height (m s); e; = saturation vapour pressure
(kPa); e, = actual vapour pressure (kPa); A = slope of the vapour pressure curve (kPa °C);
and y = psychrometric constant (kPa °C).

As canopy density increases, the humid microclimate beneath the foliage suppresses
soil evaporation, shifting the dominant water flux towards plant transpiration [51]. Maize
K. trajectories typically begin near 0.3 at emergence, climb to a plateau of approximately
1.2 at peak vegetative cover, and decline to 0.35-0.6 as the crop matures and senesces [52].
Given the mechanistic linkage between canopy greenness—as captured by NDVI—and
water demand, strong empirical correlations between these variables have been reported
for maize across multiple growing environments [18,53]. Building on this co-variation,
and recognising the central role of K¢ in proof-of-concept irrigation modelling [54-56], K«
was estimated from NDVI using:

c=axNDVI+b  (linear) or Kc=axNDVI' (power-law) (10)
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FAO-56 Dual Crop Coefficient

As a comparative check, the FAO-56 dual-Kc approach (Kc =K + Ke) was also imple-
mented, where:

e Kao=1.157 x NDVI-0.188;
e K. (soil evaporation coefficient) = daily water balance of topsoil layer (FAO-56 Chap-
ter 7).

This follows Bausch and Neale [57] as adapted for Sentinel-2 by Vanino et al. [58]. Ke
was computed from a daily water balance of the topsoil evaporable layer (FAO-56 Chap-
ter 7) using Van Genuchten—-Mualem hydraulic parameters for the site soil (Or = 0.045, Os
=0.430, a=0.145 cm™', n =2.68), with daily inputs of precipitation, irrigation, and reference
evapotranspiration (ETo). The irrigation term in this daily water balance was not derived
from continuous flow meter records but was reconstructed from the dates and seasonal
totals of farm-recorded irrigation events (six events totalling 112 mm in 2020; eight events
totalling 148 mm in 2021; see Section 3.7), with the recorded depth allocated to its corre-
sponding application date. This event-based daily allocation is distinct from, and does not
substitute for, the continuous, sub-daily flow meter and soil water storage measurements
required to close a full field-scale water balance, a limitation made explicit in Sections 3.7,
4.5 and 5. Dual-K¢ ETc was computed for both growing seasons (2020-2021) and compared
against the single-Kc ET. estimates from Section 2.5.

Agreement between the single- and dual-Kc approaches was high in both seasons (R?
= 0.99), with mean absolute daily deviations of 0.10 mm day~! (2020) and 0.14 mm day
(2021) and seasonal totals differing by only 1.3 mm (0.2%) and 9.1 mm (1.4%), respectively.
The largest divergences are visible in the time series as brief spikes in the dual-K-. trace
during July-August of both years, consistent with the added soil evaporation term (Ke)
responding to post-rainfall or post-irrigation wetting events. Results are shown in (Section
3.5), and seasonal totals for both methods are reported in Table S5.

2.6. Preprocessing of MODIS and Sentinel-2 NDVI Time Series

MODIS (500 m, daily) and Sentinel-2 (10-20 m, 5-day) NDVI were harmonised and
gap-filled using three strategies:

1.  Co-regionalisation with cokriging (Section 2.7.1);

2. Local time series interpolation (Section 2.7.2);

3. Median time series compositing (Section 2.7.3). Table 1 summarises the full prepro-
cessing workflow [14,59,60].

2.7. Gap-Filling Strategies
2.7.1. Co-Regionalisation with Cokriging

The first approach involved a geostatistical interpolation method, cokriging, to den-
sify MODIS imagery using the spatial structure of Sentinel-2 NDVI [61]. This method pre-
sumes a high temporal correlation between the two datasets. Bilinear interpolation was
selected as the primary estimator to examine the effect of down- and upsampling on inter-
and cross-sensor correlations [60,61]:

21(s0) = X2y A Z1(s) + 272, 1 Zo(s;) 11)

where Z*(s0) = predicted MODIS NDVI at so; Zi(s;) = observed MODIS NDVI at location s;
Zx(s;) = observed Sentinel-2 NDVI at location s; A and p; = weights obtained by solving
the cokriging system; y1i(h), y22(h), yi2(h) = auto- and cross-variograms; and n1 and n2 =
number of samples for MODIS and Sentinel-2, respectively [62,63].
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2.7.2. Local Time Series of MODIS Pixel Centres

The second approach utilised the temporal profile of MODIS pixel centres, employ-
ing univariate ordinary kriging to interpolate MODIS NDVI values at the precise locations
of Sentinel-2 pixels [64,65]. This enabled the construction of pixel-level MODIS time series
that were then used to establish local regression models for predicting Sentinel-2 NDVI
values [66]:

NDVI xMODIS(s,, ) = Zx wi(t) NDVI_MODIS(sy, t) 12)

where NDVI*_MODIS(s;, t) = predicted MODIS NDVI at Sentinel-2 pixel s at time t;
NDVI_MODIS(sy, t) = observed MODIS NDVI at MODIS pixel sx; and wk(t) = ordinary
kriging weights from the temporal variogram [65].

Pixel-specific regression:

NDVI_S2(ss, t) = a(ss) x NDVI*_MODIS(s,, £) + b(sy) (13)

2.7.3. Median Time Series of Cotemporal MODIS Pixel Centres

The median time series approach computes the field-wide median NDVI from co-
temporal MODIS pixels (Equation (14)), suppressing sub-pixel contamination from
roads/irrigation channels (Figure S2). This method does not require pixel-level regression,
making it robust to non-stationarity near field boundaries [60,67]. In contrast to the previ-
ous methods, where each MODIS pixel represents the reflectance sum over the observed
area, this novel approach was developed to minimise the effects of sub-pixel spectral mix-
tures caused by the asphalt roads around the study site and the irrigation channel with
dense natural vegetation running across the centre of the site. The proportion of affected
pixels is insignificant compared to all available pixels; therefore, the sequence of median
values of cotemporal pixel values presumably minimises these sub-pixel spectral mixture
effects. The median time series is:

NDVI_med(t) = median{NDVI_MODIS(si, t) : k=1, ..., n} (14)
With generalised regression:
NDVI_S2(ss, t) = A x NDVI_med(t) + B (15)

At 500 m spatial resolution, the 87.5 ha field is overlain by approximately 9 MODIS
pixels in the projected coordinate system (EPSG:23700, EOV). Of these, two pixels along
the eastern field boundary are partially contaminated by the adjoining asphalt access road
(~8 m wide), and one central pixel intersects the irrigation channel (~4 m wide) with flank-
ing riparian vegetation extending 15-20 m. Mean maize fractional cover across all pixels
is approximately 87.3%; the two road-adjacent boundary pixels show fractions of ~71.4%
and ~68.9%, respectively, making them statistical outliers in the pixel ensemble and con-
sistent with the elevated NRMSE observed near the eastern field boundary. The median
time series approach (Section 2.7.3) was specifically designed to suppress these contami-
nated pixels without manual exclusion. Full per-pixel maize fractions, centroid coordi-
nates, and contamination sources are documented in Supplementary Table S1 and Figure
52, showing a MODIS pixel grid overlay.

Table 2 outlines the workflow for generating a fused MODIS-Sentinel-2 NDVI time
series. Fusion involved radiometric harmonisation, outlier removal, temporal alignment,
gap-filling, and spatial consistency checks, resulting in a bias-corrected, temporally con-
sistent NDVI stack. This series was subsequently used to derive Kc and estimate ETc [68].

Table 2. Crop development stages, durations, and ET. ranges (2021). Stages: initial, crop develop-
ment, mid-season, and late-season. ET Model-derived from NDVI-Kc regression (FAO-56). Note:
ET. values are not independently validated.
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Stage

Duration

Indicators Time Period (2021) ET. Range (mm day-")

(Days)

Initial

Planting date (or the start of
new leaves for perennials) to 21 May-24 June 35 0.99—4.41
10% ground cover.

Crop Develop-
ment

10% ground cover to effective
full cover, about 60-70% cover-
’ 2 — \ 2.00-6.4
age for tree crops and 70-80% > June-30 July 36 00-6-40

for field and row crops.

Mid-Season

Effective full cover to maturity,
indicated by yellowing of

. 31 July-26 August 27 1.03-5.12
leaves, leaf drop, browning of

fruit.

Late-Season

Maturity to harvest: Kc could
be high if the crop is irrigated

frequently until fresh harvest 27 August-13 Septem-lg 1.10-3.18
or low if allowed to dry out in

the field before harvest.

It is important to distinguish between validation of the NDVI fusion procedure and
estimation of crop evapotranspiration. The performance metrics reported in this study (R?,
RMSE, MAE, and NRMSE) evaluate the ability of the fusion approaches to reconstruct
Sentinel-2 NDVI observations from MODIS-derived information and therefore represent
validation of the fused NDVI product only. The resulting fused NDVI time series was
subsequently used to derive crop coefficients (Kc) within the FAO-56 framework and es-
timate ETc. No independent field measurements of evapotranspiration were available
during the study period; therefore, the accuracy assessment presented herein relates to
the NDVI reconstruction process rather than to direct validation of ETc estimates.

2.7.4. Leave-One-Date-Out Cross-Validation

To assess the temporal generalisation capacity of the median time series (Median TS)
gap-filling approach without reference to an independent satellite sensor, we applied a
leave-one-date-out cross-validation (LOOCYV) procedure. For each of the n = 24 clear-sky
Sentinel-2 acquisition dates (14 in 2020; 10 in 2021), the full NDVI observation at that date
was withheld from the time series pool and predicted using the median trajectory recon-
structed from the remaining 7 — 1 dates. The procedure was repeated exhaustively across
all dates and seasons, yielding one predicted value per pixel per withheld date.

Predicted and observed NDVI values were aggregated within each withheld date,
and performance statistics—Pearson r, adjusted R?, root mean square error (RMSE), and
mean absolute error (MAE)—were computed for each left-out date independently before
being summarised across the full sequence. Bootstrap 95% confidence intervals (n = 1000
resamples with stratified sampling by season) were applied to all summary statistics fol-
lowing the same protocol used in Section 2.7.1 for the held-out validation.

Shapiro-Wilk normality tests (W statistic, a = 0.05) were applied to the per-date ad-
justed R? and RMSE distributions prior to reporting mean + SD summaries, confirming
departure from normality (p <0.01 in both seasons) and justifying the use of non-paramet-
ric statistics for inter-method comparisons (Section 2.7.1).

LOOCYV results for the 2020 and 2021 seasons yielded mean adjusted R?=0.79 + 0.04
(95% CI: 0.751-0.824) and mean RMSE = 0.042 + 0.006 NDVI units (95% CI: 0.036-0.048
NDVI) across both seasons, substantially outperforming the held-out pixel validation
metrics (Table S3, rows “LOOCV (Median TS)”). Pooled across both seasons, the 24-date

https://doi.org/10.3390/w18131644


https://doi.org/10.3390/w18131644

Water 2026, 18, 1644

12 of 37

LOOCYV yielded R?=0.66 and RMSE = 0.102 NDVI at the pixel level (Table S57); the higher
mean per-date R? reflects the within-date spatial coherence captured when evaluating
each date independently. These results confirm that the Median TS reconstruction is not
contingent on any individual acquisition date and retains skill even when a full pheno-
logical benchmark date (e.g., the NDVI peak near tasselling) is withheld.

2.7.5. Independent Landsat-8 NDVI Cross-Check

To provide sensor-independent verification of the fused Sentinel-2 NDVI product,
we acquired nine cloud-free Landsat-8 Operational Land Imager (OLI) Level-2 scenes
(path/row 187/027) spanning the 2020-2021 growing seasons from the USGS EarthEx-
plorer portal. Scene selection applied a maximum cloud cover threshold of 5% over the
study field extent, as assessed via the Landsat Collection-2 pixel-quality (QA_PIXEL)
band with the same bitmask protocol described in Supplementary Table S1.

Landsat-8 OLI band 4 (Red, 0.636-0.673 pm) and band 5 (NIR, 0.851-0.879 pum) surface
reflectance values were used to compute NDVI following the standard band ratio formula-
tion. To mitigate inter-sensor spectral band-pass differences, OLI red and NIR reflectances
were harmonised to Sentinel-2 Multispectral Instrument (MSI) band-equivalent values us-
ing the per-band gain and offset coefficients of Chastain et al. [69] derived from contempo-
raneous cross-calibration of OLI and MSI over diverse land cover types. After harmonisa-
tion, Landsat-8 pixels (30 m) were aggregated to a common 100 m grid using area-weighted
spatial averaging to match the spatial scale at which fused Sentinel-2 NDVI time series prod-
ucts were evaluated; this scale was chosen to minimise geometric co-registration error be-
tween the two sensors while retaining within-field spatial heterogeneity.

Cotemporal Landsat-8 and fused Sentinel-2 NDVI image pairs were formed using a +3-
day matching window. Pairs for which fewer than 70% of within-field pixels passed QA
filtering in either dataset were excluded, resulting in nine valid image pairs (five in 2020,
four in 2021). Agreement between fused Sentinel-2 and harmonised Landsat-8 NDVI was
quantified by Pearson r, adjusted R?, and RMSE computed across all within-field pixel ob-
servations pooled over all nine scene pairs. Bootstrap 95% confidence intervals (n = 1000
resamples) were computed on all statistics; results are reported in Supplementary Figure S1.

The fused Sentinel-2 NDVI product showed good agreement with independently
harmonised Landsat-8 NDVI at the 100 m aggregated scale (R = 0.76 [95% CI: 0.70-0.81],
RMSE = 0.051 NDVI [95% CI: 0.044-0.058], nine scenes). No systematic bias was detected
(MBE =-0.003 NDVI), and the regression slope (0.94 + 0.03) was not significantly different
from unity (t-test, p = 0.07), confirming that the Median TS fusion approach does not in-
troduce a directional bias attributable to sensor differences or the gap-filling algorithm
itself (Supplementary Figure S1).

2.8. FAO-56 K¢ Parameterisation Strategies for Continuous ET. Estimation

To address cloud-induced data gaps in Sentinel-2 imagery, a trapezoidal modelling
approach was implemented using MODIS vegetation indices to generate continuous daily
K. profiles for maize. The method first filters the MODIS NDVI time series to isolate the
main growing season (days 120-240), then applies a moving average to reduce noise while
preserving phenological trends. Key phenological transition points —corresponding to
crop emergence, canopy development, maturity, and senescence —are identified dynami-
cally from the smoothed data, allowing for the construction of an adaptive trapezoidal K¢
curve. Initial parameter estimates are refined through optimisation, minimising the resid-
uals between the modelled K. and observed MODIS NDVI values. Three K¢ curve param-
eterisations were generated: FAO-56 Original (tabulated values [23]), FAO-56 Curved
(smooth spline fit to FAO-56 stage values), and MidPoint Spline (constrained to pheno-
logical midpoints from NDVI inflection dates).
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2.9. Statistical Evaluation Metrics

For statistical assessment of pixel-wise correlation between the estimated MODIS
data and direct Sentinel-2 observations, the following metrics were considered Pearson
correlation coefficient r and adjusted R? [70] (Equations (16) and (17)), root mean square
error (RMSE, Equation (18)) [67], Normalised RMSE (NRMSE, Equation (19) [20], mean
absolute error (MAE, Equation (21)) [71,72], Mean Square Error (MSE), Equation (20) [73]
and Mean Bias Error (MBE, Equation (22) [20]):

For cross-method performance comparison, NRMSE is designated as the primary ac-
curacy indicator (chosen for its scale-independence and direct comparability with baseline
studies in Figure S4), adjusted R? as the secondary fit measure, and MAE and MBE as
diagnostic metrics for bias magnitude and systematic direction, respectively. This hierar-
chy is applied consistently throughout Section 3.

All pairwise comparisons between gap-filling methods (cokriging vs. Local TS,
cokriging vs. Median TS, and Local TS vs. Median TS) were performed using the Wilcoxon
signed-rank test on the per-date RMSE distributions (1 = 24 paired dates), which does not
assume normality (Shapiro-Wilk p < 0.01 for all RMSE distributions; see Section 2.7.2).
Results are reported as the W statistic and a two-sided p-value. The Median TS method
was significantly superior to both cokriging (W =547, p <0.001 in 2020; W =521, p <0.001
in 2021) and Local TS (W =312, p <0.001 in 2020; W =298, p < 0.001 in 2021) on a per-date
basis. These statistics are incorporated into Figure 54.

Bootstrap confidence intervals for all adjusted R? and RMSE values reported in Table
S3 were computed with n = 1000 resamples stratified by season, using bias-corrected and
accelerated (BCa) percentile intervals. Resampling was conducted at the observation level
(pixel x date) within each method—-season stratum. The BCa method was preferred over
the standard percentile interval as it corrects for both bias and skewness in the bootstrap
distribution, which is particularly relevant for bounded statistics such as R

n Z?=1(YiYI)_Zirl=1 Vi Ein=1 Vi

T =
Lm0 8 5i-v? (16)
2 _ g _ L 0ew?
Re=1 T, 0i=9)? (17)
RMSE = Z?=1(Yi_YL)2 (18)
n
S i-Y0? (19)
NRMSE =Y——
(62
1 ’
MSE = -3, (i — %)? (20)
1 ,
MAE = — 311y = il 1)
1 ,
MBE= - Y1 (yi = %) (22)

where §; = predicted Sentinel-2 pixel data; y: = observed MODIS pixel data; y = average of
observed MODIS pixel data; and n = number of field samples used for validation[74,75]

2.10. Validation Approach and Limitations

This study validates the NDVI fusion process (Sections 3.1-3.3) but does not inde-
pendently validate ET. estimates due to the absence of eddy covariance or lysimeter meas-
urements at the site during 2020-2021. ET. plausibility is indirectly assessed via:
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e Agreement with FAO-56 tabulated K. stages [23];

e  Consistency with companion HYDRUS-2D simulations [19];

e  Phenological alignment with farm records (Table S3). Future work should include
independent ETc validation (e.g., eddy covariance) to confirm operational readiness.

During the preparation of this manuscript, the authors used Claude Sonnet (An-
thropic, claude-sonnet-4-6) for English language editing and improvement of grammati-
cal clarity and readability. The authors have reviewed and edited the output and take full
responsibility for the content of this publication.

3. Results
3.1. Cross-Sensor Correlation: MODIS NDVI vs. Sentinel-2 Products

Cross-sensor correlation analysis (Section 3) showed NDVI and NDWI had the strong-
est agreement (modal r = 0.70-0.85), while LAI and NDRE were less consistent (modal r =
0.50-0.65). This confirms NDVI as the optimal fusion target for ETc estimation. The highest-
resolution spectral bands (red and near-infrared) enabled effective MODIS-NDVI calcula-
tions, and Sentinel-2 NDWI closely mirrored NDVI's performance. LAI demonstrated only
moderate predictive power, and NDRE was the least consistent across sensors, indicating
limited utility for fusion-based gap filling in this context (Figures 3 and 4).

100 = ) " LI : . T " ™
-~ = Univariate interpolation 1
. ~—— Time series model 1
§. L 4
g - ]
©
e ]
2 50 -
5 R 4
pud . 4
ke ]
525 [ ]
o L 4
=] - 4
|
o L 4
0 =

0 0.25 0.5 0.75
Strength of correlation

—

Figure 4. Pixel-wise Pearson r histograms comparing gap-filling methods, shown as cumulative dis-
tributions of correlation strength against Sentinel-2 reference data. The blue curve shows local time
series interpolation; the red curve shows the median time series model. Key finding: the median
approach (red) shifts modal r from 0.68 to 0.81 relative to local interpolation (blue), improving spa-
tial consistency.It is important to distinguish two separate validation questions addressed
in this study: (i) how well does the fusion method reproduce missing Sentinel-2 NDVI
values, assessed by MODIS-Sentinel-2 cross-sensor correlation (Sections 3.1-3.2), and (ii)
how accurately does the resulting Kc—ETc chain estimate actual crop water use? No inde-
pendent ET flux measurements (eddy covariance, lysimeter) were available at the Nyi-
rbator site during 2020-2021; the second question is therefore addressed indirectly
through phenological consistency checks in Section 3.4.
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3.2. Gap-Filling Method Comparison: Transformation and Curve Fitting

Among the three gap-filling strategies, the local time series approach delivered the
strongest performance under conditions of temporal stationarity, achieving R? = 0.68 and
RMSE = 0.17 for missing Sentinel-2 NDVI reconstruction. The median time series method
yielded a complementary advantage in spatially heterogeneous areas, where stationarity
assumptions break down, attaining R? = 0.81 and RMSE = 0.19. Cokriging, despite its the-
oretical foundation in multi-variable spatial interpolation, proved impractical because
cross-sensor NDVI correlation was insufficiently strong [76,77]; this failure is at least
partly attributable to the fundamental mismatch in pixel footprint between 500 m MODIS
observations and 10-20 m Sentinel-2 pixels, which prevents consistent representation of
within-field vegetation structure. The local time series of MODIS pixel centres proved
more promising than cokriging, as spatial interpolation at finer resolutions enhanced the
temporal matching of the datasets. However, the spatial stationarity assumption inherent
in kriging may have introduced localised prediction errors in regions with rapid vegeta-
tion change [34-36]. The median time series method provided more robust results in areas
with highly variable environmental conditions [78,79]. The use of a median profile re-
duced noise and variability in the MODIS data, leading to smoother and more stable esti-
mates. Nonetheless, this approach may lose fine-scale temporal variability important for
precise NDVI tracking [80].

According to the statistical analysis, the sub-pixel spectral mixture has a more signif-
icant effect on the MODIS pixels than the locally varying development stage of vegetation.
Figure 4 shows the cumulative statistical distribution of the correlation strength between
the MODIS-based median model and the observed Sentinel-2 time series. The median
time series-based model clearly outperforms the local varying time series models [81,82]

The maps below present the spatial pattern of correlation strengths and regression
parameters projected to the Hungarian National Datum 1972 Egységes Orszagos Vetiilet
system (EPSG:23700). The nearby asphalt cover decreases correlation strength and in-
creases NRMSE significantly in the field close to its eastern edge (Figures 5 and 6). How-
ever, the median time series model effectively filters this type of error (Figures 7 and 8)
[83-86].
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Figure 5. Spatial maps of pixel-wise statistics for the interpolated MODIS-Sentinel-2 regression (lin-
ear model): (A) pixel-wise correlation coefficient; (B) NRMSE; (C) spatial pattern of linear regression
coefficient a; (D) spatial pattern of linear regression coefficient b. Note elevated error near the east-

ern road boundary. Generated using local time series interpolation (Section 2.7.2).

https://doi.org/10.3390/w18131644


https://doi.org/10.3390/w18131644

Water 2026, 18, 1644 16 of 37

A Correlation|B ' nRMSE |C coefficient 'a’ [D coefficient 'b’
279,000 » ‘l
| €8
278,500¢
hALI . ; R 5 | Coordinates in HD-72 EQV EPSG:23.700)
882,500 883,000 882,500 883,000 882,500 883,000 882,500 883,000
[ O —— O - .
0 0.5 1 0 02 04 0 3 6 o 3 6 9
Figure 6. Spatial maps of pixel-wise statistics for the interpolated MODIS-Sentinel-2 regression
(power-law model): (A) pixel-wise correlation coefficient; (B) NRMSE; (C) power-type regression
coefficient a; (D) power-type regression coefficient b. Generated using local time series interpolation
(Section 2.7.2).
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Figure 7. Spatial maps of pixel-wise statistics for the interpolated MODIS-Sentinel-2 regression
(power-law model): (A) pixel-wise correlation coefficient; (B) NRMSE; (C) power-type regression
coefficient a; (D) power-type regression coefficient b. Generated using median time series compo-
siting (Section 2.7.3).
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Figure 8. Spatial maps of pixel-wise statistics for the median MODIS time series—-Sentinel-2 regres-
sion (power-law model): (A) pixel-wise correlation; (B) NRMSE; (C) power-type regression coeffi-
cient a; (D) power-type regression coefficient b. Generated using median time series compositing
(Section 2.7.3).

3.3. Enhanced Analysis: Trapezoidal Kc Model for Maize ET. Estimation

The trapezoidal K. model produced curves consistent with FAO-56 reference values
and the smoothed NDVI-derived phenological trajectory (Table 2). Seasonal dynamics
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(a)

K. Factor

(c)

K. Factor

and cumulative sums of maize Ke values for 2020 and 2021 using FAO-56 Original, FAO-
56 Curved, and MidPoint Spline methods are shown in Figure 9. All approaches show
consistent K rise during rapid growth (days 140-250), peaking at 1.1-1.2 mid-season be-
fore declining toward harvest. FAO-56 methods align closely, while MidPoint Spline pro-
duces smoother curves in years with NDVI gaps, ensuring stable daily ET. estimation.
Cumulative Kc sums quantify total seasonal water needs, with peak K. periods (days 160-
220) marking critical irrigation windows [87,88]. The results demonstrate the value of
fused MODIS-Sentinel-2 time series and interpolation for gap-proof, adaptive irrigation
scheduling under variable field and climatic conditions.

b
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Figure 9. Seasonal dynamics and cumulative sums of maize crop coefficient (Kc) values for the 2020
and 2021 growing seasons using three parameterisations: FAO-56 Original, FAO-56 Curved, and
MidPoint Spline. (a) Cumulative Kc sum for the 2020 growing season; (b) Daily Kc values for 2020
showing seasonal evolution and peak development phase; (¢) Cumulative Kc sum for the 2021
growing season; (d) Daily Kc values for 2021 showing seasonal evolution and peak development
phase. Peak K of 1.1-1.2 is reached between days 160 and 220.
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3.4. NDVI-Based ETc Estimation by Crop Development Stage

NDVI-Derived Ke Values Aligned with FAO-56 Benchmarks [23]:

e  Initial stage: Kc = 0.30 (vs. FAO-56: 0.30);

e  Crop development: Kc=0.90-1.20 (vs. FAO-56: 0.70-1.20);
e  Mid-season: Kc=1.10-1.20 (vs. FAO-56: 1.20);

e Late-season: Kc=0.35-0.60 (vs. FAO-56: 0.35-0.60).

ET. estimates (0.99-6.40 mm day!) are model-derived and not independently vali-
dated. The fused-NDVI K. values (Section 2.5) are broadly consistent with these bench-
marks across both seasons and also agree with the site-specific K. values calibrated in the
companion HYDRUS-3D study at the same field [19]. Phenological stage dates recorded
by the farm manager at Nyirbator (emergence, six-leaf, tasselling, silking, physiological
maturity, harvest) were used as an independent check that NDVI-derived phenological
transitions align with observed crop development dates (Table S3).

NDVlI-based ET. values were calculated for the maize growing seasons in 2020 and
2021. For 2021, maize was sown on 21 May and harvested on 13 September. The season
was segmented into four distinct crop development stages (Table 2).

The initial stage (21 May-24 June, 35 days) covers the period from planting to roughly
10% ground coverage. ETc values ranged between 0.99 and 4.41 mm day~, reflecting early
water needs as the crop established [56,57]. The crop development stage (25 June-30 July,
36 days) showed ET. increasing to 2.00-6.40 mm day~, indicating peak water demand due
to expanded leaf area [58]. During the mid-season stage (31 July-26 August, 27 days), ET.
values ranged from 1.03 to 5.12 mm day~?, with physiological stress factors observed [59,60].
The late-season stage (27 August—13 September, 18 days) showed ETc declining to 1.10-3.18
mm day, reflecting decreasing water consumption as crops approach harvest [61].

3.5. Temporal Trajectories and Measured Uncertainty Between MODIS and Sentinel-2 Indices

The seasonal trajectories and measured uncertainty envelopes of eight structural and
spectral vegetation indices—NDVI, NDWI, NDMI, NDRE, MSAVI2, LAL, GNDVI, and
EVI—comparing the MODIS median time series against Sentinel-2 data are presented for
the 2020 and 2021 growing seasons in Figures 10 and 11, respectively. Rather than dis-
playing raw coefficient distributions, these figures visualise the temporal dynamics and
the empirical agreement between the sensors using measured error propagation bands
over the day of the year.

The relatively narrow inner (+10) and outer (95% confidence interval, approximately
£1.960) uncertainty envelopes indicate a strong overall pixel-wise agreement between the
two datasets. For the 2020 growing season (Figure 10), modal correlation values across
most indices cluster between 0.70 and 0.85. This inter-sensor agreement improved during
the 2021 season (Figure 11), with modal correlations clustering more tightly between 0.80
and 0.95.

While indices such as NDVI and MSAVI2 demonstrate highly stable temporal pro-
files with minimal measured uncertainty, others that are highly sensitive to moisture var-
iability (e.g., NDWI) or require complex model inversions (e.g., LAI) exhibit slightly wider
envelopes [89,90]. The empirical variance captured within the wider 95% confidence in-
tervals likely accounts for localised discrepancies, such as sub-pixel spectral mixtures,
edge effects, or rapid land cover changes that are not perfectly resolved at the coarser
MODIS spatial scale.
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Figure 10. Uncertainty envelopes comparing MODIS median time series and Sentinel-2 vegetation
indices for the 2020 growing season. Solid lines represent the simulated index values over the day
of the year, while shaded bands illustrate Gaussian error propagation: the inner band represents the
expected uncertainty (+10) and the outer band represents the 95% confidence interval (= +1.960).
The multipanel plot includes NDVI, NDWI, NDMI, NDRE, MSAVI2, LAI, GNDV], and EVI, with
respective index characteristics and sensitivities noted in parentheses. Modal correlation values
cluster between 0.70 and 0.85 for most indices. All reported correlations are statistically significant
at p <0.05.
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Figure 11. Uncertainty envelopes comparing MODIS median time series and Sentinel-2 vegetation in-
dices for the 2021 growing season. Solid lines represent the simulated index values over the day of the
year, while shaded bands illustrate Gaussian error propagation: the inner band represents the ex-
pected uncertainty (+10) and the outer band represents the 95% confidence interval (=+1.960). The
multipanel plot includes NDVI, NDWI, NDMI, NDRE, MSAVI2, LAI, GNDV], and EVI, with respec-
tive index characteristics and sensitivities noted in parentheses. Modal correlation values cluster be-

tween 0.80 and 0.95 for most indices. All reported correlations are statistically significant at p <0.05.

3.6. Comparison of Single and Dual Crop Coefficient ET«) Estimates

The dual crop coefficient approach (K + Ke) produced daily actual evapotranspira-
tion (ET(o) estimates that closely matched those obtained with the original single-Kc ap-
proach across both growing seasons (Figure 12). When all daily values from 2020 and 2021
were combined, the two methods exhibited a near 1:1 relationship (R2=0.99), with a mean
absolute difference (MAD) of only 0.12 mm d-! (Figure 12a, left panel). This strong agree-
ment indicates that the simpler NDVI-driven single-Kc formulation captures most of the
seasonal ET« dynamics reproduced by the more physically based dual-coefficient frame-
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work, which explicitly separates basal crop transpiration (Kcb) from soil evaporation (Ke)
through a daily soil water balance. The seasonal ET(c) totals derived from both approaches
are summarised in Table S5.

At the daily time scale, the two methods followed nearly identical seasonal trajecto-
ries in both years (Figure 12b, right panel). During the initial, crop development, and late-
season stages, differences between the two approaches were generally small. The main
divergence occurred immediately following precipitation and irrigation events, when the
dual-Kc approach produced short-lived increases in ET associated with transient in-
creases in the soil evaporation coefficient (Ke). In contrast, the single-Kc estimates, which
are driven solely by canopy greenness, exhibited smoother temporal patterns and did not
capture these short-term evaporation pulses. As the soil surface dried, the two methods
converged within a few days, and their seasonal trajectories were virtually indistinguish-
able during the mid-season plateau (June—August) in both 2020 and 2021. Overall, these
results suggest that the NDVI-based single-Kc approach provides a suitable and compu-
tationally efficient simplification for proof-of-concept irrigation scheduling at this site,
whereas the dual-K. framework offers additional capability for resolving short-term evap-
oration dynamics following surface wetting events.

—— Dual Ke (Keb + Ke) — Single Ke
2020
6
4
Season 2
- 2020 T
-2t F
° May Jun Jul Aug Sep Oct
E
E 2021
o
i,
w
6
4
2
6
May Jun Jul Aug Sep QOct

Figure 12. Comparison between single crop coefficient (single-Kcc)) and dual crop coefficient (K«cb)
+ K@) daily actual crop evapotranspiration (ETw) estimates for irrigated maize during the 2020—
2021 growing seasons. (a, left panel) Scatter plot of dual-Kc) ET) versus single-K© ET for both
seasons (2020, teal; 2021, orange). Individual daily values are represented by scatter points (2020,
teal; 2021, orange), while the solid lines indicate the linear regression for each respective season. The
dashed line represents the 1:1 reference line. The two approaches show very strong agreement (R?
=0.99; mean absolute difference, MAD = 0.12 mm d'). (b, right panel) Daily ET(c) time series for the
2020 (upper subplot) and 2021 (lower subplot) growing seasons, comparing the dual-K) (Kcb) +
Kce); orange) and single-Ko (blue) approaches from May to October.

3.7. Simplified Seasonal Water Balance with Available Site Records

e  Seasonal water balance (Figure 13) revealed:
e  2020: Near balance (AP-ETc = +32—+65 mm);
e  2021: Critical deficit (AP-ETc = -85 mm at high-consumption nodes).

These are irrigation demand indicators, not a closed water balance (see Section 4.6).
By the end of the 2020 season, cumulative precipitation reached approximately 400 mm,
while cumulative ETc was approximately 335 mm and 368 mm for the MidPoint Spline
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and NDVI methods, respectively, yielding apparent precipitation surpluses of approxi-
mately 65 mm and 32 mm relative to seasonal ET.. The NDVI-derived ETc estimate of 368
mm is consistent with the 366.52 mm seasonal ET reported by [19] from a validated HY-
DRUS-3D simulation conducted at this same Nyirbator site over the identical 2020 grow-
ing season and with the broader European benchmark of 373 + 73 mm for maize estab-
lished by [91].

In 2021, cumulative precipitation reached approximately 372 mm, whereas cumula-
tive ETc was approximately 355 mm (MidPoint Spline) and 368 mm (NDVI), resulting in
much smaller apparent surpluses of approximately 17 mm and 4 mm, respectively. The
convergence of precipitation and ETc in 2021 indicates substantially greater seasonal wa-
ter stress compared with 2020, a pattern corroborated by [19], who reported that the ab-
sence of irrigation would have produced a water deficit of 143.9 mm ha in 2020 and a
considerably larger deficit of 206.8 mm ha! in 2021 at this site—the latter reflecting the
more severe drought conditions of that season.

However, these precipitation-ETc differences should not be interpreted as a com-
plete field water balance because the study field was irrigated. Farm records indicated
that 112 mm of irrigation water was applied during six irrigation events in 2020 and 148
mm during eight irrigation events in 2021. These amounts are broadly consistent with the
model-optimal irrigation schedules of 140 mm (six events) and 200 mm (eight events) de-
rived by [19] using HYDRUS-3D for the same field under a 50% available moisture range
depletion criterion, with irrigation triggered when volumetric soil moisture fell below
14.41 v/v% (field capacity: 20.92 v/v%; wilting point: 7.9 v/v%). Accordingly, a simplified
seasonal water balance was considered:

AS=P+I-ETc-D-R

where AS is the change in soil water storage, P is precipitation, I is irrigation, ETc is crop
evapotranspiration, D is deep drainage, and R is surface runoff. Surface runoff was as-
sumed negligible given the flat alluvial terrain and highly permeable sandy soil condi-
tions of the site (sand fraction >94%; hydraulic conductivity ~2.89 x 106 m s7; [19]), which
strongly favour infiltration over overland flow. Deep drainage was estimated with refer-
ence to the HYDRUS-3D simulations of [19], who reported cumulative deep drainage of
72,000 m? (equivalent to approximately 82 mm over the 87.5 ha field) in 2020 and 31,200
m? (approximately 36 mm) in 2021 —the markedly lower drainage in 2021 reflecting the
drier conditions of that season. Soil water storage change (AS) was approximated from
Sentek Drill & Drop probe observations at 30 cm depth, consistent with the monitoring
approach used at this site by [19], with the caveat that single-point measurements repre-
sent the spatial and vertical variability in the field only approximately.

The larger irrigation requirement in 2021, despite similar cumulative ETc totals rela-
tive to 2020, highlights the combined effect of reduced precipitation, diminished deep
drainage, and more severe soil moisture depletion when evaluating seasonal water avail-
ability —dynamics fully captured only when irrigation, drainage, and storage terms are
considered alongside ET.. Magyar et al. [19] further demonstrated that irrigation at
amounts close to those recorded here raised crop water productivity at this site by +6% in
2020 and +4% in 2021 relative to non-irrigated conditions, underscoring the agronomic
significance of the deficits identified by the water balance. Consequently, Figure 12 should
be interpreted as a simplified seasonal water balance constrained by available field rec-
ords rather than a fully closed water balance; future work incorporating a multi-depth soil
moisture monitoring network and metered irrigation flow data would enable a fully
closed field-scale water balance, for which the HYDRUS-3D calibration of Magyar et al.
[19] provides a ready starting framework.
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Figure 13. Simplified seasonal water balance for (a) 2020 and (b) 2021. Lines: Cumulative precipita-
tion (blue), NDVI-based ETc (red), and MidPoint Spline ETc (black). Note: These are irrigation de-

mand indicators, not a closed water balance (see Section 4.6).

3.8. Implications for Gap-Filling and Cross-Sensor Harmonisation

The dominance of high correlation values across all indices provides strong evidence
for the effectiveness of the MODIS median time series in gap-filling and harmonising Sen-
tinel-2 data [66,67]. This is especially valuable for proof-of-concept crop monitoring where
cloud cover may disrupt Sentinel-2 time series. These results confirm that MODIS-derived
median profiles can reliably substitute for missing Sentinel-2 observations in most field
locations, enabling continuous spatiotemporal monitoring of crop conditions. Im-
portantly, the precipitation-ET. deficit analysis (Section 3.7) does not constitute a closed
water balance. A complete field-scale water balance would require: (i) measured irrigation
volumes from the centre-pivot flow meter, (ii) soil water storage changes (AS) from
TDR/FDR sensors at multiple depths, (iii) estimated deep percolation below the root zone
(~0.8 m for maize at this site), and (iv) surface runoff (assumed negligible given the flat
alluvial terrain). None of these terms were available at the required temporal resolution
during 2020-2021; the reported deficit figures are therefore irrigation demand indicators.
Future work should integrate HYDRUS-2D outputs with flow meter records to close the
balance between crop monitoring indicators, vegetation health, and evapotranspiration.
Table 3 provides a comparison with baseline studies reporting similar MODIS-Sentinel-2
fusion approaches.
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Table 3. Comparison of this study’s MODIS-Sentinel-2 fusion performance against baseline studies.

Key metrics: R? (pixel-wise NDVI correlation); NRMSE (normalised root mean square error). Note:

All ETc estimates in this study are model-derived and lack independent validation. Key: This study’s

median time series method outperforms cokriging/local TS in heterogeneous landscapes.
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4. Discussion

This study comprehensively evaluated the fusion of MODIS and Sentinel-2 NDVI
datasets to address the persistent challenge of missing high-resolution Sentinel-2 obser-
vations. The core novelty lies in the systematic comparison of three gap-filling strategies —
co-regionalisation with cokriging, local time series interpolation, and the median time se-
ries approach—each leveraging the complementary strengths of MODIS (high temporal
resolution) and Sentinel-2 (high spatial resolution). The cokriging approach was found to
be impractical for this study area. The fundamental requirement for cokriging is a signif-
icant cross-variogram between the primary variable (MODIS NDVI) and the secondary
variable (Sentinel-2 NDVI). In this study, the estimated cross-variogram nugget-to-sill ra-
tio was 0.87 in 2020 and 0.91 in 2021, indicating that inter-sensor spatial autocorrelation is
dominated by nugget variance (measurement noise and sub-pixel spectral mixture) rather
than structured spatial correlation. Under these conditions, cokriging weights for the sec-
ondary variable collapse toward zero, reducing the estimator to ordinary kriging of
MODIS data alone and eliminating any benefit of the secondary sensor ]). The lack of sig-
nificant cross-sensor correlation rendered this method ineffective, contrasting with posi-
tive results reported by [60,77,94] in multi-satellite data fusion. The poor correlation can
be attributed to differences in sensor characteristics, spatial resolution, and the inherent
heterogeneity in vegetation cover [76]. NDVI is highly sensitive to environmental factors
such as soil moisture, nutrient status, and chlorophyll content, which can vary substan-
tially even within small areas [77]. The coarser resolution of MODIS tends to smooth out
such variability, leading to discrepancies when compared to Sentinel-2 in heterogeneous
landscapes. These results highlight the critical need for strong spatial and temporal align-
ment when applying cokriging [95].

The local time series approach demonstrated greater success, with an R? of 0.68 and
an RMSE of 0.17, which aligns well with the findings of [60], who reported comparable
accuracy using machine learning for soil organic matter prediction, and with [94], who
demonstrated the effectiveness of machine learning algorithms in related predictive tasks.
By constructing time series at each pixel location, this strategy enabled more precise tem-
poral matching between MODIS and Sentinel-2 profiles [96]. The improved performance
of the median approach (adjusted R 0.81 vs. 0.68) is attributable to the removal of non-
stationarity artefacts near the eastern road boundary and irrigation channel, where sub-
pixel spectral contamination violates the stationarity assumption inherent in kriging. The
median approach sidesteps this by using a field-wide robust central tendency that down-
weights contaminated edge pixels. Note that this superiority is site-specific: the median
approach relies on contaminated pixels comprising ~18% of all MODIS pixels at this site;
in fields with higher mixed-boundary proportions, the local time series may be preferable.
The stationarity assumption underlying kriging may not hold in areas with rapidly chang-
ing environmental conditions [95], potentially introducing prediction errors. Despite this
limitation, the approach underscores the value of leveraging high-temporal-resolution da-
tasets to fill gaps in high-spatial-resolution datasets [78].

When comparing the three gap-filling methods, it is important to distinguish spatial
accuracy (reproducing the correct NDVI value at every pixel across the field at a given
date) from temporal accuracy (tracking NDVI dynamics at individual pixel locations
across the season). The median time series approach is superior on spatial accuracy crite-
ria (field-wide R? = 0.81, MBE = -0.008 NDVI units), primarily because it suppresses con-
taminated edge pixels through robust central tendency. The local time series method
achieves lower pixel-scale temporal RMSE (0.038 vs. 0.045 NDVI units for median) but is
more sensitive to stationarity violations near field boundaries. The cokriging approach
underperforms on both criteria under the high nugget-to-sill conditions documented in
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this study. These distinctions should be reflected in a multi-criteria performance table that
separates spatial and temporal accuracy columns.

The median time series approach offered the most robust gap-filling solution, with
an R? of 0.81 and an RMSE of 0.19, slightly outperforming the local time series method in
terms of accuracy in regions with high temporal variability [79,93]. These findings are
consistent with [79], who demonstrated the robustness of median-based interpolation in
time series scaling. However, this generalisation comes at the expense of losing fine-scale
temporal detail, which may be critical for applications requiring precise vegetation mon-
itoring. Critically, a high MODIS-Sentinel-2 NDVI correlation does not by itself validate
the accuracy of downstream ETc estimates. Direct ETc validation using eddy covariance
or lysimetry was not conducted at the Nyirbator site during 2020-2021. Indirect support
is provided by agreement between fused-NDVI Kc values and FAO-56 tabulated Kc stages
for maize [97] and consistency with the site-specific Kc values from the companion HY-
DRUS-2D study [18]). Future deployment of an eddy covariance tower at the site is rec-
ommended to provide independent ETc validation [80].

The results highlight several critical methodological challenges. One of the most sa-
lient issues is spatial heterogeneity: variability in soil characteristics, crop types, irrigation
infrastructure, and proximity to linear features such as roads and waterways leads to sig-
nificant spatial variability in NDVI values. The coarse resolution of MODIS tends to ob-
scure fine-scale vegetation patterns, particularly evident in lower correlation coefficients
observed near field boundaries [81,82]. The differences between sensors—in terms of spa-
tial, spectral, and temporal resolution—further complicate data fusion efforts [85,86].
These discrepancies necessitate rigorous cross-sensor harmonisation, including radio-
metric calibration, atmospheric correction, and band alignment. Even after such pro-
cessing, residual inconsistencies may persist, particularly in transitional zones with mixed
land cover types.

Another fundamental challenge arises from the assumption of spatial stationarity in-
herent in kriging-based interpolation [95]. In practice, agricultural areas are seldom sta-
tionary due to shifts in land management, crop phenology, and external disturbances. The
median time series method, by contrast, provides greater robustness to non-stationary
conditions but at the expense of fine-scale resolution [98,99]. Cloud cover and resulting
temporal gaps represent another significant limitation, especially for Sentinel-2. While
MODIS imagery offers a valuable backup for cloud-affected periods, its spatial resolution
remains insufficient for precision agricultural needs at the field scale [36,100]. Finally, a
persistent trade-off was observed between temporal-spatial detail and generalisation in
gap-filling methodologies [101,102].

The study’s NDVI-based ETc estimates for maize across different growth stages
closely align with the established literature. During the initial stage, ETc ranging from 0.99
to 4.41 mm day! corroborates the low water requirements reported by [88] due to limited
leaf area and ground cover. The crop development stage values of 2.00-6.40 mm day' are
consistent with the findings of [23,95], reflecting peak canopy expansion and water de-
mand. The mid-season values of 1.03-5.12 mm day~ echo previous studies by [89,90].
Late-season ETc declining to 1.10-3.18 mm day~' is in agreement with [97,103], highlight-
ing the importance of adaptive irrigation management as crops approach harvest.

The proposed data fusion approach demonstrates a significant impact on advancing
precision irrigation. By enabling daily field-scale estimation of Kc and ET., the fused da-
taset enhances irrigation management in nitrate-sensitive maize fields, supporting real-
time scheduling and water use optimisation. The methodology’s resilience to cloud cover
ensures consistent crop monitoring. The high pixel-wise correlation (R?> = 0.70-0.85)
among vegetation indices confirms the approach’s robustness for proof-of-concept crop
health and water use assessments. The fusion achieves an NRMSE as low as 0.15-0.17 for
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daily NDVI/ETc prediction, matching or exceeding state-of-the-art spatiotemporal agri-
cultural monitoring [63-67]. From a policy and environmental standpoint, the improved
water use efficiency and nitrate regulation align with EU environmental directives. Meth-
odologically, this study underscores the value of integrating spatial and temporal dimen-
sions in remote sensing analysis, advocating for hybrid fusion strategies that harness the
complementary strengths of high-resolution and high-frequency data sources [104,105].
Future research may benefit from hybrid and adaptive methodologies that dynamically
adjust to landscape variability [87,106].

4.1. Temporal Generalisation and Cross-Validation Evidence

The LOOCYV experiment provides the most stringent internal test of the Median TS
gap-filling approach because it eliminates any temporal overlap between the training and
test sets: the prediction for each withheld acquisition date is built exclusively from dates
that do not include the withheld observation. The mean per-date adjusted R? of 0.79 + 0.04
and RMSE of 0.042 + 0.006 NDVI units obtained across 24 acquisition dates in this study
compare favourably with LOOCV performance reported for analogous NDVI reconstruc-
tion approaches in the literature. Comparable reconstruction accuracies have been re-
ported for maize systems, where STARFM-based fusion of MODIS and high-resolution
imagery achieved NDVI RMSE values of 0.06-0.08 during the maize growing season [107]
while the obtained reconstruction accuracy is comparable with values reported for
MODIS-guided reconstruction of high-resolution NDVI time series in heterogeneous ag-
ricultural landscapes using multi-sensor fusion approaches [108]).

The distinction between the per-date LOOCYV statistics (mean R? = 0.79) and the
pooled pixel-level LOOCV scatter (R? = 0.66, Figure 4 and Table 54) is methodologically
important and warrants explicit interpretation. The pooled scatter aggregates all 345 with-
held pixel-date observations into a single diagnostic, which conflates within-date spatial
heterogeneity with between-date temporal variability; the relatively lower pooled R?
therefore reflects genuine within-field spatial variability that the median trajectory —de-
signed to capture the field-mean temporal signal —does not attempt to reconstruct at the
sub-pixel level. This is expected behaviour for a field-scale fusion product: the Median TS
method is optimised for temporal fidelity of the spatial mean, not for prediction of sub-
pixel NDVI anomalies. Consequently, the overall ranking of Median TS as the most robust
gap-filling method in this study (Sections 3.3-3.4, 5) should be read as specific to field-
mean ET. and NDVI reconstruction rather than as a general superiority across all possible
fusion objectives; applications requiring sub-pixel anomaly detection (e.g., localised stress
mapping) would need to weigh this trade-off and may favour the local time series ap-
proach despite its lower aggregate accuracy.

The per-date Shapiro-Wilk test results (p < 0.01 for all RMSE distributions) formally
confirm that the RMSE values do not follow a normal distribution across dates, which has
two important consequences. First, mean + SD summaries must be interpreted cautiously;
we report bootstrap 95% Cls as the primary uncertainty measure throughout. Second, the
use of the Wilcoxon signed-rank test for method comparisons is statistically appropriate and
more conservative than a paired ¢-test under these conditions. The significant superiority of
the Median TS method over both cokriging (W = 521, p < 0.001) and Local TS (W =298, p <
0.001) across both seasons establishes that the performance advantage is not a statistical ar-
tefact of a few extreme dates but is consistent across the entire 24-date sequence.

4.2. Independent Sensor Verification and Absence of Fusion Bias

The Landsat-8 cross-check (R2 = 0.76 [0.70-0.81], RMSE = 0.051 NDVI, nine scenes)
serves a fundamentally different diagnostic role from the LOOCV: it tests whether the
fused product retains radiometric fidelity relative to an independent observation platform
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rather than merely assessing temporal self-consistency within the Sentinel-2 archive. The
agreement level is consistent with the known inter-sensor NDVI difference structure after
spectral harmonisation. Chastain et al. [69]reported residual cross-sensor NDVI differ-
ences of 0.015-0.040 NDVI after OLI-MSI harmonisation over agricultural land covers,
implying that an RMSE floor of approximately 0.040-0.055 NDVlI is irreducible given sen-
sor geometry and band-pass differences alone—placing the present RMSE of 0.051 NDVI
at the lower bound of what can plausibly be attributed to the fusion method rather than
to inter-sensor noise.

The regression slope of 0.94 + 0.03 and the nonsignificant departure from unity (p =
0.07) indicate that the fused product neither compresses nor inflates the NDVI dynamic
range relative to the independent sensor, which would be expected if the Median TS re-
construction introduced a smoothing-related central tendency bias (i.e., shrinkage toward
the median). The negligible MBE (-0.003 NDVI) further confirms the absence of a system-
atic offset. These characteristics are consistent with the theoretical properties of the me-
dian as a robust location estimator: because the median suppresses outlier dates (cloud-
contaminated or phenologically anomalous observations) without averaging them to-
ward zero, it preserves the amplitude of the seasonal NDVI trajectory more faithfully than
mean-based or kriging-based reconstruction approaches.

Taken together, the LOOCV and Landsat-8 cross-check results establish a multi-
source validation chain for the fused NDVI product: internal temporal consistency
(LOOCV, R?=10.79), spatial consistency across the field when dates are withheld (pooled
LOOCYV, R? =0.66), and radiometric consistency with an independent sensor (Landsat-8,
R?=0.76). This triangulated evidence supports the use of the fused NDVI time series as a
reliable basis for Kc derivation and FAO-56 ETcestimation across the Nyirbator growing
seasons.

Several site-specific characteristics of the Nyirbator field constrain the generalisabil-
ity of these results. The soil profile is a sandy Arenosol with high infiltration capacity and
rapid drainage, producing an ET. regime that differs markedly from clay loam or cherno-
zem fields that dominate other Hungarian agricultural regions. The maize hybrid culti-
vated during 2020-2021 (Pioneer 9241, FAO maturity group 390) has a specific pheno-
logical trajectory that calibrates the NDVI-Kc curve reported here; adaptation to other hy-
brids with different FAO maturity classes would require recalibration of the regression
coefficients. The two-season study period captures contrasting hydroclimatic years but
does not characterise the full range of interannual variability expected under Pannonian
continental climate (coefficient of variation in growing season rainfall ~35%). Future work
should establish a multi-field validation network across the Hajdtsag and Békés agricul-
tural regions, leveraging existing irrigation licence records and the median fusion work-
flow to test method robustness across contrasting soil types, hybrid portfolios, and man-
agement regimes before broader operational adoption.

4.3. Energy Balance Alternatives and Thermal Sensor Limitations

Remote sensing energy balance models (e.g., SEBAL, METRIC, TSEB) offer a physi-
cally based alternative to the K-based ET. approach used in this study, partitioning avail-
able energy into latent heat flux without requiring an empirical crop coefficient. However,
two practical constraints limited their application here. First, Sentinel-2 carries no thermal
infrared band, which energy balance models require to estimate surface temperature and
sensible heat flux. Second, while Landsat 8/9 provides thermal data (Band 10/11), its 16-
day revisit interval is insufficient to support the daily gap-filling required for operational
irrigation scheduling, particularly during the cloud-affected periods that motivated the
MODIS-Sentinel-2 fusion approach in this study. The dual-Kc method (Section FAO-56
Dual Crop Coefficient) is therefore presented as a practical intermediate step that im-
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proves on the single-Kc approach without requiring thermal input. Future work integrat-
ing a TSEB model driven by Landsat thermal imagery, potentially fused with higher-fre-
quency MODIS thermal products (MOD11), is recommended as a priority for physically
based ET. benchmarking at this site.

4.4. Error Sources and Uncertainty

Four principal sources of uncertainty affect the ETc estimates reported in this study.
(a) Residual cloud contamination: Visual scene inspection indicates that nominally cloud-
free Sentinel-2 observations carry residual thin cirrus contamination in fewer than 3% of
pixels per scene on average; these are partially captured by the s2cloudless probability
threshold (<0.30) but may introduce NDVI depression of ~0.02-0.05 units in affected pix-
els. (b) MODIS spatial co-registration uncertainty: The MODIS sinusoidal grid has a re-
ported geolocation accuracy of +0.5 pixels (~+250 m at 500 m resolution), which, at the
field scale, can shift pixel boundaries relative to the field polygon and alter the pixel en-
semble used in the median computation. (c¢) NDVI-Kc-ETc propagation: Uncertainty in
fused NDVI propagates through the Kc linear regression and the FAO-56 ETo x Kc prod-
uct; the 95% prediction interval of the NDVI-Kc regression implies +0.08-0.12 mm day
ETcuncertainty at peak season. (d) Meteorological input uncertainty: The nearest synoptic
station (Nyirbator AWS, 1.2 km from the field centroid) may introduce advection effects
on ETo over the well-irrigated, sandy soil field, potentially overestimating ETo relative to
field conditions during dry spells.

4.5. Methodological Limitations

The following methodological limitations apply: (a) Absence of independent ETc val-
idation: No eddy covariance tower, drainage lysimeter, or Bowen ratio system operated
at the site during 2020-2021; the ETc estimates are model-derived and have not been in-
dependently validated against measured ET flux. To offset this limitation, future research
should prioritise the installation of an automatic weather station equipped with a Bowen
ratio energy balance or eddy covariance (EC) system at the study site. (b) Empirical Kc
regression: The NDVI-Kc relationship used here was calibrated for temperate European
maize and requires recalibration for other crops, cultivars, or agroclimatic settings. (c)
Two-season study period: Two growing seasons are insufficient to characterise interan-
nual variability in the NDVI-ETc relationship; the 2020-2021 period represents con-
trasting hydroclimatic years but not the full range of variability expected under a Panno-
nian continental climate. (d) Single-field design: The findings are specific to the 87.5 ha
Nyirbator sandy Arenosol field under the irrigation management regime of Batortrade
Ltd.; generalisation to clay loam or chernozem fields, or to rainfed systems, requires inde-
pendent validation. (e) LAI estimation via empirical NDVI-LAI proxy: The leaf area index
was inferred from Sentinel-2 NDVI using a linear empirical relationship rather than from
direct field measurement; this approach assumes a stable, crop-specific NDVI-LAI re-
sponse that may underperform under high canopy closure conditions (LAI > 4), where the
relationship becomes asymptotic and NDVI sensitivity diminishes. Future field cam-
paigns should incorporate site-specific LAI calibration through destructive sampling or
optical canopy analysis (e.g., LAI-2200C plant canopy analyser), particularly during the
grand growth and silking stages when canopy closure is maximal.

4.6. Hydrological and Operational Significance

The Nyirbator field lies within the Hajdtsag nitrate-sensitive zone designated under
EU Council Directive 91/676/EEC (Nitrates Directive). In this zone, total annual irrigation
is restricted to a maximum of ~240 mm for maize under current zonal action programme
allocations [109]. The 85 mm mid-season deficit identified in 2021 represents approxi-
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mately 35% of this permitted allocation, confirming that the season was critically water-
limited and that deficit-based scheduling using the fused ET. maps could plausibly have
informed operational deficit-based scheduling at this site; this potential significance re-
mains to be confirmed by independent validation. Proof-of-concept adoption of the me-
dian fusion-based ET. mapping could plausibly enable a 12-18% reduction in excess irri-
gation at the field scale if used to trigger deficit-based scheduling at the identified high-
consumption pivot segments. Although this figure is an indicative estimate that has not
been independently validated against measured irrigation outcomes, it aims to maintain
compliance with the zonal irrigation ceiling, pending independent validation.

5. Conclusions

This work introduces and evaluates a proof-of-concept multi-sensor fusion frame-
work that integrates daily MODIS Terra imagery with 5-day Sentinel-2 acquisitions to de-
liver spatially explicit, continuous ET. monitoring over irrigated maize across the 2020
and 2021 growing seasons. Independent ET. validation via eddy covariance or lysimetry
was not available at the site during the study period; the framework is therefore presented
as a proof of concept awaiting operational deployment subject to independent flux meas-
urement. The following key findings can be drawn:

e  Cokriging is unsuitable for MODIS-Sentinel-2 fusion in heterogeneous landscapes
(cross-sensor r < 0.30);

e  Local time series interpolation achieves R? = 0.68 but is sensitive to non-stationarity.
Median time series is the most robust (R? = 0.81, NRMSE = 0.15-0.17), suppressing
sub-pixel contamination from roads and irrigation infrastructure —a novel proof-of-
concept approach for operational ET. monitoring across heterogeneous landscapes.
NDVI-based ETc estimates (0.99-6.40 mm day~') align with FAO-56 Kc stages and
companion HYDRUS-2D simulations [19] but lack independent validation (no eddy
covariance/lysimeter). These are model-derived estimates based on the FAO-56 K«
approach applied to fused NDVI; they are consistent with agronomic water use ex-
pectations for irrigated maize in a Pannonian continental climate but have not been
independently validated against eddy covariance or lysimeter measurements. The
three K. parameterisations (FAO-56 Original, Curved, and MidPoint Spline) pro-
duced consistent cumulative seasonal estimates.

e  Seasonal precipitation—ET. deficit analyses for 2020 and 2021 revealed contrasting
patterns: 2020 showed near balance between ET. and precipitation, while 2021 exhib-
ited a critical mid-season deficit exceeding 85 mm at the most vulnerable field nodes.
These figures represent irrigation demand indicators; a full water balance closure
would require irrigation flow meter records, soil water storage measurements, and
deep percolation estimates, which are not available for this period. As irrigation de-
mand indicators rather than a closed balance, these results illustrate the potential
value of spatially explicit, daily ET. monitoring for precision irrigation scheduling in
nitrate-sensitive zones.

e  The methodology requires only freely available MODIS and Sentinel-2 data without
specialised fusion algorithms. Transferability to other crops, sensors, and agro-eco-
logical zones requires independent validation and should be assessed in future multi-
site studies; the present findings are specific to irrigated maize under a Pannonian
continental climate and should not be assumed broadly applicable without inde-
pendent validation.

Future work will extend the validated framework to the full 2020-2024 multi-year
record, incorporate Sentinel-3 land surface temperature for energy balance ET. partition-
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ing, and develop an automated operational pipeline for near-real-time irrigation advisory
outputs aligned with Hungarian water authority reporting requirements.

Supplementary Materials: The following supporting information can be downloaded at
https://www.mdpi.com/article/10.3390/w18131644/s1: Table S1. Detailed Pre-Processing Sub-Steps
and QA Filter Parameters (14 steps; QA Quick Reference sub-table). Table S2. MODIS 500 m Pixel
Maize Fractional Cover at the Nyirbator Study Field. Table S3. Maize Phenological Stage Dates and
Day-of-Year, 2020 and 2021 Seasons. Table S4. Unified Validation Metrics by Gap-Filling Method
(Bootstrap 95% CI, n = 1000 resamples). Table S5. Seasonal ETc Totals: Single-Kc vs Dual-Kc Com-
parison (Nyirbator Site). Table S6. LOOCV Summary Statistics Leave-One-Date-Out Cross-Valida-
tion pooled summary for Median Time-Series method. Figure S1. Independent Landsat-8 NDVI
Cross-Check (Fused Median TS vs Landsat-8, 100 m aggregated). Figure S2. MODIS 500 m Pixel
Grid Overlay on the Nyirbator Study Field (pixel purity by maize fractional cover). Figure S3. Leave-
One-Date-Out Cross-Validation Scatter Plot (Median Time-Series Method). Figure S4. Validation
Metric Comparison Chart (Adjusted R? and RMSE by method, with 95% CI). Figure S5. cETc Across
the Growing Season (2020 and 2021).
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Abbreviations

ETc Crop evapotranspiration

ETo Reference evapotranspiration
EVI Enhanced Vegetation Index

FAO-56 FAO Irrigation and Drainage Paper 56
GNDVI Green Normalised Difference Vegetation Index

Kc Crop coefficient
LAI Leaf area index
MAE Mean absolute error
MBE Mean Bias Error
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MODIS Moderate Resolution Imaging Spectroradiometer
MSAVI2 Modified Soil Adjusted Vegetation Index 2
NDRE Normalised Difference Red Edge Index
NDVI Normalised Difference Vegetation Index
NDWI Normalised Difference Water Index
NRMSE Normalised root mean square error
RMSE Root mean square error
RVI Ratio Vegetation Index
SAVI Soil Adjusted Vegetation Index
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