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SATELLITE DATA RECONSTRUCTION UNDER CLOUD COVER FOR CORN YIELD
FORECASTING VIA MULTIMODAL FUSION

A comprehensive intelligent system for corn yield prediction based on the synergy of a Spatio-Temporal Generative Adversarial
Network (ST-cGAN) and a recurrent CNN-LSTM architecture has been developed and tested. A multimodal fusion of weather-inde-
pendent Sentinel-1 radar data, ERAS5-Land meteorological factors, and historical Sentinel-2 optical observations was applied. The
problem of "biochemical blindness" in radar signals, where radar captures physical plant structure but fails to detect photosynthetic
activity, and cloud cover limitations in optical remote sensing was successfully resolved. To achieve this, an early fusion strategy was
implemented. The ST-cGAN simultaneously processes current SAR data for the structural macro-state, historical optical data for the
last known biochemical baseline, and a 10-day history of meteorological priors to enforce physiological constraints. Consequently, if
radar indicates high biomass but meteorological data reveals severe drought, the neural network mathematically recognizes biological
stress and synthesizes proportionally depressed NDVI and NDRE indices, preventing the hallucination of falsely healthy crops.
Dynamic synthesis of missing NDVI and NDRE vegetation indices was conducted under prolonged continuous cloud cover (up to 21
days), achieving a high structural similarity index (SSIM = 0.89). Temporal discriminators for frame sequence analysis were introdu-
ced into the architecture, improving the edge-preserving index by 18 % and minimizing spatial artifacts at field boundaries. Pixel-le-
vel regression was performed for a 15,000-hectare test area in the Western Forest-Steppe of Ukraine based on reconstructed time se-
ries covering 15 critical phenological stages. It was established that the proposed architecture reduces the root mean square error
(RMSE) to 0.48 t/ha with a coefficient of determination (R?) of 0.90. Statistical analysis proved the significant superiority of the de-
veloped method over industry-standard gap-filling algorithms (e.g., STARFM). A scalable decision-support system for optimizing
harvest logistics and financial planning under any atmospheric conditions was presented. Future research directions involving neural

network knowledge distillation for IoT devices and UAV data integration were outlined.
Keywords: deep learning; artificial intelligence in agriculture; spatiotemporal networks; precision farming; predictive modeling.

Introduction / Bctyn

In the study [12], the authors emphasize that ensuring
food security in the face of global climate variability requi-
res reliable agricultural monitoring, indicating that traditi-
onal yield forecasting methods are gradually being replaced
by Earth remote sensing (ERS) technologies combined with
deep learning algorithms. Furthermore, the research [16]
demonstrates that the analysis of multispectral satellite time
series, such as Sentinel-2, allows for tracking the dynamics
of vegetation indices, specifically the Normalized Differen-
ce Vegetation Index (NDVI) and the Normalized Differen-
ce Red Edge (NDRE), to accurately identify plant responses
to environmental conditions throughout the growing season.

In the paper [19], the authors point out a critical limitati-
on of optical remote sensing, noting its absolute dependen-
ce on atmospheric conditions, where heavy cloud cover du-
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ring the spring and summer leads to significant gaps in the
time series. The study highlights that the absence of data
during highly nonlinear phenological windows-such as the
transition from the vegetative tasseling phase (VT) to the
reproductive silking and grain-filling phases (R1-R3) in
corn-makes continuous monitoring impossible and severely
degrades the predictive power of agronomic models.

To address this limitation, the authors of [18] propose
the use of synthetic aperture radar (SAR) satellites, such as
Sentinel-1, demonstrating that C-band radio waves penetra-
te cloud cover to provide consistent, weather-independent
observations of biomass macrostructure, canopy volume,
and soil moisture. However, this approach presents a funda-
mental "biochemical gap" because radar backscatter prima-
rily interacts with physical structure (stalks and leaves) and
does not contain direct information about plant pho-
tosynthetic activity, nitrogen uptake, or early-stage foliar
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diseases that deplete chlorophyll before structural collapse
occurs.

In recent works [11, 21], the researchers successfully
utilized conditional generative adversarial networks
(cGANS) for the nonlinear image translation of missing op-
tical data directly from SAR observations. Conversely, the
study [22] reveals a fatal flaw in applying these methods to
yield forecasting naively; mapping structural SAR determi-
nistically to biochemical NDVI can result in hallucinated hea-
Ithy crops during periods of severe biological stress (e.g.,
asymptomatic pathogens or flash droughts), where the physical
macrostructure remains intact but chlorophyll is depleted.

Object of research — process of reconstructing gaps in
multispectral satellite time series for continuous agricultural
applications.

Subject of research — deep learning methods and tools
used for multimodal data fusion to synthesize missing in-
formation.

The purpose of the research — develop a comprehensive
multimodal spatiotemporal framework that fuses synthetic
aperture radar, historical optical data, and meteorological
priors to overcome the biological blindness of radar signals,
thereby enabling continuous, gap-free reconstruction of ve-
getation indices for high-precision corn yield forecasting
under persistent atmospheric occlusions.

To achieve this purpose, the following main research
objectives are identified:

e to analyze existing methods, algorithms, and limitations re-
garding missing data reconstruction and crop yield forecas-
ting in remote sensing time series, which will allow for iden-
tifying the fundamental flaws in current deterministic gap-
filling techniques and justifying the necessity of a physics-
aware generative approach;

e to develop the architecture of a multimodal data-fusion fra-
mework that integrates weather-independent synthetic aper-
ture radar (Sentinel-1) backscatter, meteorological priors
(ERAS5-Land), and historical optical states (Sentinel-2), whi-
ch will establish a robust structural foundation for bridging
the "biochemical gap" of radar signals and preventing the hal-
lucination of healthy crops during biological stress events;

e to implement and train the proposed framework, comprising
an ST-cGAN to synthesize missing vegetation indices
(NDVI and NDRE), and a subsequent CNN-LSTM network
to perform pixel-level yield regression, which will enable the
transformation of discontinuous, cloud-obscured satellite
imagery into continuous, weather-independent spatiotempo-
ral features for capturing nonlinear crop dynamics;

o to verify and quantitatively evaluate the structural accuracy
of the synthesized data and the final yield predictions against
standard gap-filling baselines using rigorous spatial block-
cross-validation, which will confirm the model's generaliza-
bility, eliminate the risk of geographic data leakage, and sta-
tistically prove the framework's agronomic superiority over
existing state-of-the-art interpolation models.

Analysis of recent research and publications. The
problem of high-precision monitoring of agricultural land
and yield forecasting is being actively researched. In the
studies [12, 23], the authors demonstrate that deep neural
networks significantly outperform traditional regression
methods by mapping complex nonlinear environmental in-
teractions. Furthermore, in the paper [16], it is emphasized
that the accuracy of these models relies on analyzing con-
tinuous, dense multispectral time series. However, as noted
in [19], achieving this continuity is hindered by cloud co-
ver, which necessitates multimodal data fusion.

To address atmospheric occlusions, in the study [7], the
authors utilize baseline data fusion algorithms, such as the

Spatiotemporal ~Adaptive Reflectance Fusion Model
(STARFM), which nevertheless struggle to extrapolate ab-
rupt phenological changes. As demonstrated in [22], these
linear assumptions break down during rapid-onset drought,
leading to severe underestimations of crop stress. Conseq-
uently, in recent works [2, 5, 8, 11, 21], researchers have
adapted conditional generative adversarial networks
(cGANSs) to mathematically translate radar signals into opti-
cal domains, using weather-independent SAR backscatter
as an auxiliary condition.

Despite these advancements, in the research [21], the
authors highlight structural limitations, noting that treating
image synthesis as an atemporal objective leads to "flicker"
and temporal instability in the reconstructed series. More-
over, as proven in [22], relying purely on structural radar to
generate biochemical indices overlooks physiological
complexity, often synthesizing false healthy signatures.
While the authors of [14] offer continuous daily meteorolo-
gical variables via ERA5-Land datasets, the direct integrati-
on of these priors into generative models remains unresol-
ved. Additionally, as emphasized in [13], evaluating these
models requires strict spatial block-cross-validation to pre-
vent geographic overfitting.

Therefore, bridging the SAR "biochemical gap" by in-
tegrating meteorological priors into the generative process
and subsequently validating these continuous series through
spatiotemporal regression represents the primary scientific
novelty of this study, as such an integrated framework has
not been proposed in the analyzed literature.

Despite the active development of remote sensing data
fusion, the analyzed literature shows a critical lack of solu-
tions capable of preventing these deterministic generative
errors under complex meteorological stresses. None of the
existing studies have proposed a fully integrated framework
that simultaneously fuses SAR backscatter, historical opti-
cal states, and meteorological priors to guide the generative
process. Therefore, there is an urgent need to develop a
physics-aware imputation methodology that overcomes the
"biochemical gap" of radar signals and generates reliable,
gap-free time series for accurate crop yield forecasting,
which constitutes the primary novelty and necessity of this
research.

Materials and methods of research. The study investi-
gated high-precision corn yield forecasting across 15,000
hectares in Ukraine's Western Forest-Steppe (2021-2023)
using a multimodal deep learning framework. The metho-
dology relies on fusing Sentinel-1 radar backscatter, Senti-
nel-2 multispectral imagery, and ERA5-Land meteorologi-
cal priors, validated against ground-truth GPS yield monitor
data. To reconstruct missing optical data and predict final
yields, an integrated Spatio-Temporal Generative Adversa-
rial Network (ST-cGAN) and CNN-LSTM architecture was
employed. Model evaluation utilized strict spatial block-
cross-validation to ensure generalizability and prevent ge-
ographic data leakage.

Research results and their discussion / Pe3yJsibTa-
TU AOCAiAKEeHHs Ta iX 06roBOpeHHs

Proposed framework for reconstructing cloud-free ti-
me series for crop yield forecasting. In this article, a multi-
stage architecture was designed and implemented to bridge
the gap between raw multimodal satellite observations and
quantitative agronomic outcomes. This architectural imple-
mentation consists of: the aggregation and spatiotemporal
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preprocessing of multimodal Sentinel-1, Sentinel-2, and ERAS-
Land data; a generative component (ST-cGAN) to translate
these inputs into synthesized vegetation indices under per-
sistent cloud cover; and a predictive component for the in-
tegration of reconstructed time series into a CNN-LSTM
regression model. The structural schematic and operational
logic of this integrated framework are illustrated in Figure 1.

The dataset generation and input layer is responsible
for aggregating heterogeneous raw data (radar, optical, and
meteorological) and establishing the experimental configu-
ration. Its primary purpose is to enforce strict spatial block-
cross-validation and simulate realistic contiguous cloud
masking to prevent data leakage and ensure a robust, unbi-
ased model evaluation.

1. DATASET GENERATION & INPUTS

Sentinel-1SAR [~ Sentinel-2 Optical — ERA5-Land Meteo |— Spatial B.Iocl.(-Cross-
Validation
&
2. MULTIMODAL DATA PREPROCESSING
SAR Pfoce.ssmg & I 10m Grid Harmonization |16 Cloud Ma.s'kmg Sim &
Filtering Tiling

4

3. GENERATIVE RECONSTRUCTION (ST-cGAN)

P Spatial PatchGAN

Modified U-Net

Fused Input Tensor [
Generator

| Synthesized NDVI/NDRE |

e

» Temporal Discriminator

I

4. YIELD PREDICTION (CNN-LSTM)

15-Step Continuous 2D-CNN: Spatial

| LSTM: Temporal Modeler |—| Regression Head
Time Series Extractor
$
5. RESULTS & EVALUATION
Weathe.r-lndependent Image Reconstruction B vield Accuracy Eval
Yield Maps Eval

Fig. 1. Overall architecture of the proposed two-stage deep learning pipeline, from multimodal data preprocessing to pixel-level yield predic-
tion / 3arasibHa apXiTeKTypa 3alpornoHOBAHOIO JBOCTYIICHEBOrO KOHBEEpa IITMOOKOr0 HABYAHHS: BiJl MTOMEPEAHBOTO OOPOOICHHS MYJTb-
TUMOIAIBHUX JJAHKX JIO MPOrHO3YBAHHSI BUXO/Y Ha PiBHI MKCENiB

The multimodal data preprocessing layer serves to har-
monize the distinct data sources into a unified spatiotempo-
ral grid. Its purpose is to ensure that asynchronous satellite
passes and macro-climate weather priors are geometrically
registered, cleaned of noise, and standardized into uniform
formats for deep learning processing.

The generative reconstruction layer (ST-cGAN) acts as
the core imputation engine. Its purpose is to bridge the "bi-
ochemical gap" of radar data by fusing structural SAR with
meteorological history. This ensures the synthesis of biolo-
gically honest vegetation indices during persistent cloud co-
ver, preventing the model from hallucinating healthy crops
during periods of environmental stress

The crop yield prediction layer (CNN-LSTM) is desig-
ned to translate the gap-free, reconstructed time series into
quantitative harvest forecasts. Its purpose is to extract spati-
al field anomalies and model the sequential, long-term de-
pendencies of the crop's phenological development from
vegetative growth through senescence.

The result and evaluation layer generates the final pi-
xel-level yield forecasts and weather-independent heat-
maps. Its purpose is to output actionable, scientifically vali-
dated agronomic data that can be utilized as a reliable deci-
sion-support tool for precision agriculture regardless of at-
mospheric interference.

Multimodal Data Preprocessing. The successful imple-
mentation of the proposed framework relies on a robust
preprocessing pipeline to ensure the precise calibration and

geometric alignment of heterogeneous data streams. To ac-
hieve this, three distinct data sources were harmonized into
a unified spatiotemporal grid:

1) SAR (Sentinel-1): IW mode, VV and VH polarizations.
Preprocessing included thermal noise removal, radiometric
calibration to backscatter coefficient (6°), and Refined Lee
Filtering (7x7 window) to mitigate speckle noise. Agrono-
mically, VV polarization is highly sensitive to vertical stalk
geometry and soil moisture, while VH polarization effectively
captures volume scattering within the upper corn canopy.

2) Optical (Sentinel-2): Level-2A. To address spectral simpli-
fication, the target variables were expanded to a 2-channel
tensor: NDVI (using NIR and Red) and NDRE (using NIR
and Red-Edge, Band 5). NDRE is specifically utilized be-
cause NDVI is prone to saturation during peak biomass
(the VT phase); Red-Edge bands penetrate deeper into the
canopy and remain sensitive to late-season chlorophyll
degradation.

3) Meteorological Priors (ERAS5-Land): Daily cumulative pre-
cipitation, 2 m mean temperature, and surface solar radiati-
on downwards were extracted from the state-of-the-art re-
analysis dataset [14]. These 9km-resolution variables were
downscaled and resampled to match the 10 m grid, provi-
ding an early-fusion weather context vector for each pixel.
A visual comparison of these harmonized radar and

multispectral inputs across the study area is provided in Fi-
gure 2. Following the harmonization of these data sources,
the preprocessing pipeline established rigorous experimen-
tal conditions for the model. To robustly test the generative
capabilities of the framework, artificial data gaps were not
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introduced as randomly distributed pixels. Instead, occlusi-
ons were applied as historically contiguous temporal blocks
— such as masking an entire field for 21 consecutive days
during the critical silking phase — to accurately simulate the
effects of persistent weather systems. Finally, to prepare the
data for neural network ingestion, the aggregated multidi-
mensional tensors were standardized and tiled into 12,000
blocks of 256x256 pixels.

a) : b) _M

Fig. 2. Visual comparison of Sentinel-1 radar backscatter data (left)
and Sentinel-2 multispectral data (right) for the study area / Bi-
3yalibHe MOPIBHSAHHSI JaHUX PO BiAOHUTTS Bijl 3eMHOI TOBEPXHi,

OTPUMAaHHX 3a JOMOMOror0 pagapa Sentinel-1 (a), Ta MyabTHCTIC-
krpanbHuX ganux Sentinel-2 (b) wis qocmimkyBaHoi TepuTopil

Spatio-Temporal GAN (ST-cGAN) Architecture. To
overcome the limitations of standard generative models and
solve the "asymptomatic pathogen" paradox, where a plant's
physical macrostructure remains intact despite biochemical
failure the basic conditional GAN was upgraded to a fully
spatiotemporal architecture. This configuration consists of
optimized generator and discriminator networks designed to
enforce both physical accuracy and phenological continuity:

o Generator (G): A modified U-Net architecture. Instead of
receiving only current SAR, the input tensor performs an
early fusion of three modalities: SAR, ERAS5, Optical,,.
Early fusion strategies have been shown to maximize the
extraction of complementary features from asynchronous sa-
tellite optical and radar time series [10]. Here, ERAS , provi-
des the 10-day meteorological history (capturing recent dro-
ught or flooding), and Optical, is the last known clear vege-
tation map. This grounds the generation in biological reality
— the meteorological prior indicates a severe 14-day drought,
the U-Net bottleneck learns to suppress the output NDVI,
even if the SAR VV backscatter remains high. The generator
outputs a 2-channel tensor: NDVI,, NDRE,.

o Discriminator (D): A dual-discriminator setup was emplo-
yed to enforce both spatial and temporal realism. A Spatial
PatchGAN (70x70) evaluates high-frequency textures and
field boundaries. Additionally, a Temporal Discriminator
(utilizing 3D convolutional layers) evaluates sequences of
three consecutive dates (1 — 1, ¢, ¢ + 1). It classifies whether
the transition between the generated frame and its adjacent
real frames represents a biologically plausible growth curve,
penalizing phenologically inconsistent "flickering."

Loss Function Formulation. The total objective function
combines adversarial loss, L1 pixel-matching loss, and a
temporal consistency penalty. The temporal loss is defined
mathematically to minimize the difference in temporal gra-
dients between the generated and real sequences:

LTemp(G):Ex,t leG(Xl) _Vlyl‘z} . (1)

Where, Lyenp(G) is the temporal consistency loss functi-
on designed to penalize phenological flickering; E., is the
expected value over the spatial dimension x and time step ¢;
V, is the represents the temporal gradient operator (the mat-
hematical difference between consecutive time steps); Gx
is the generated vegetation image at time step ¢; y; is the real
ground-truth vegetation image at time step #; || ||, denotes
the L2 norm (Euclidean distance).

The total objective is formulated as:

G* =apg minG maxp LcGAN(G;D) + /’LSLLl(G) + /,LTLTemp . (2)

Where, G represents the optimal weights of the Gene-
rator network; arg ming maxp denotes the minimax game
objective (the Generator minimizes the loss while the
Discriminator maximizes it); L.c.(G,D) is the conditional
adversarial loss function; L;,(G) is the L1 pixel-matching
regularization (Mean Absolute Error) ensuring spatial fide-
lity; As is the hyperparameter controlling the weight of the
spatial L1 loss (experimentally set to 50); A7 is the hyperpa-
rameter controlling the weight of the temporal consistency
loss (experimentally set to 10).

Crop Yield Prediction Pipeline (CNN-LSTM). To pre-
dict the final harvest volume, the reconstructed continuous
time series comprising 15 time steps from May to Septem-
ber are fed into a sequential CNN-LSTM.

The spatial feature extraction is performed by a CNN
head consisting of two Conv2D layers (64 and 128 filters,
3x3 kernel) to extract spatial heterogeneity, identifying lo-
calized stress hotspots and micro-relief anomalies. Batch
Normalization and MaxPooling are applied after each con-
volution.

The sequential modeling is handled by an LSTM block,
where the flattened spatial feature maps pass through a 128-
dimensional recurrent layer with a sequence length of 15.
The extraction of long-term temporal dependencies is criti-
cal for modeling phenological phases accurately from satel-
lite image time series [15]. The recurrent layer learns that a
depressed NDVI during July (flowering) carries a higher
weight for yield penalty than the same NDVI value in Sep-
tember (senescence). The effectiveness of extracting tempo-
ral features from asynchronous Sentinel-1 and Sentinel-2
sequences using recurrent layers has been well-documented
in recent multi-source architectures [5].

The network optimization strategy applied a Dropout ra-
te of 0.3 to the fully connected regression head to prevent
overfitting. The model was trained using the Adam optimi-
zer (learning rate = 0.001, batch size = 32) with a Mean
Squared Error (MSE) loss function over 150 epochs, utili-
zing early stopping based on the validation set.

Evaluation of Image Reconstruction. This section pre-
sents the results of an empirical evaluation of the proposed
method. The analysis is divided into two logical stages cor-
responding to the overall structure of the study: a quantitati-
ve assessment of the radar image translation quality, and an
evaluation of the final predictive model compared to traditi-
onal approaches (Ablation Study).

To quantify "hallucinations" at sharp field boundaries —
a common flaw in standard U-Nets that rely heavily on con-
volution padding, we measured the Edge-Preserving Index
(EPI). The integration of the Temporal Discriminator and
historical optical priors improved the EPI by 18 % compa-
red to a baseline spatial-only cGAN. This ensures that field
boundaries, rural roads, and sharp stress hotspots were not
blurred into spatial averages, preserving the pixel-level in-
tegrity required for precision agriculture.
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Furthermore, during a specific simulation involving a
21-day cloud block coinciding with a localized drought pe-
riod, standard interpolation methods predicted a steady gre-
en-up. Conversely, the ST-cGAN, reacting to the high tem-

‘ 3 b
o B\ T

e A

peratures and low precipitation inputs from the ERA5-Land
tensor, successfully synthesized a plateauing and subseq-
uent drop in the NDRE index, closely mirroring the ground-
truth reference data (Figure 3).

Fig. 3. Visualization of multispectral data reconstruction results using the proposed ST-cGAN architecture / Bisyanizarist pe3ynbTaris pe-
KOHCTPYKIIii MyJTbTHCIICKTPATBHUX JAHUX 32 JOMOMOTOI0 3arpornoHoBanol apxitexrypu ST-cGAN: (a) Input cloud-covered optical ima-
ge (Sentinel-2) / Bximre onruuHe 300paxkeHHs 3 xMapHuM okprBoM (Sentinel-2); (b) Input radar backscatter image (Sentinel-1 SAR) /
BXifIHE 300pakeHHs1 pafionokariiHoro Binoutts (Sentinel-1 SAR); (c) Synthesized cloud-free NDVI vegetation map (generator output)
/ cMHTE30BaHa KapTa pociauHHOCTI 3a iHgekcom NDVI 6e3 xmap (BuxinHi mani rereparopa); (d) Reference real cloud-free NDVI map
(Ground Truth) / eranonHa peaibHa KapTa pocauHHOCTI 32 inmekcom NDVI 6e3 xmap (Ground Truth)

This visual and quantitative alignment confirms that the
generative module effectively resolves the structural data
gaps caused by cloud cover, ensuring that the downstream
regression model receives biologically consistent inputs for
accurate yield estimation.

Accuracy of Yield Prediction. The regression accuracy
on the spatially isolated District C testing set served as the
primary validation metric. The proposed pipeline was com-
pared against established baselines to isolate the contributi-
on of the generative fusion step (Table).

Table. Pixel-level Corn Yield Prediction Performance (Spatial
Block-Cross-Validation) / EexkTuBHiCTh IPOrHO3yBaHHS BPO-
JKAMHOCTI KYKYPY/I34 Ha PiBHI MiKCeiB (IIpocTopoBa OJIO0KOBA Iie-
pexpecHa Batijiartisi)

. . RMSE | RMSE
Model Input Time Series (Source) (tha) | (tha)
Random Forest Linear Interpolation 1.35 1.02
3D-CNN STARFM (State-of-the-art) | 0.88 0.70
CNN-LSTM |SAR Only (No Opt/Met data)] 1.10 0.85
ST-cGAN + . Ny
CNN-LSTM Proposed Fusion Pipeline 0.48 0.34

The results indicate that applying a 3D-CNN with tradi-
tional gap-filling (STARFM) results in decreased perfor-
mance (R* = 0.78) during contiguous 3-week cloud simulati-
ons, as the algorithm fails to extrapolate nonlinear crop stress.

The "SAR Only" baseline yielded higher errors (RMSE
= 1.10 t/ha). Error analysis revealed that this model syste-
matically overestimated yield during drought years. The
physical volume of the corn canopy, which drives SAR
backscatter, remained high even as grain filling failed due
to biochemical water stress. The proposed framework, in-
tegrating structural, meteorological, and historical compo-
nents, decreased the RMSE to 0.48 t/ha (R* = 0.90). A pa-
ired t-test confirmed that the performance improvement of
the proposed ST-cGAN framework over the STARFM ba-
seline was statistically significant (p <0.01).

Discussion of research results. In the article [1], gene-
rative frameworks successfully synthesize pseudo-NDVI
under normal conditions but remain limited during abrupt
environmental stress, often producing phenological "flicke-
ring" and biologically impossible biomass fluctuations. Si-

milarly, researchers [4] designed advanced cGANs for clo-
ud removal that treat translation as a static, atemporal task
focused purely on spatial reconstruction. This approach has
limitation for the temporal hysteresis demonstrated by the
article [17] proved that SAR backscatter anomalies lag sig-
nificantly behind optical vegetation index anomalies during
severe droughts because the physical macrostructure of the
crop temporarily remains intact after photosynthetic cessati-
on. Because purely SAR-driven baseline models inherit this
physical lag, they inadvertently overestimate crop health
during critical, early-season stress windows. Resolving this
biochemical gap requires incorporating continuous mete-
orological priors alongside temporal gradient constraints to
prevent phenological artifacts and ensure biological consis-
tency over sequential time steps.

In the article [6], researchers highlight that yield fore-
casting objectives are fundamentally bifurcated by their
operational timelines, where mid-season forecasting is criti-
cal for local agronomic interventions and late-season fore-
casting serves logistical requirements such as optimizing
harvesting schedules, storage, and crop marketing. Further-
more, emphasize the importance of modeling the highly
non-linear, cumulative effects of environmental stress at
different development stages, such as distinguishing the mi-
nor impact of early-stage vegetative drought from the ca-
tastrophic impact of reproductive silking drought. To ad-
dress these operational needs, recent literature calls for yield
models that utilize rigorous spatial block-cross-validation to
prevent geographical overfitting and ensure reliable, acti-
onable predictions across diverse agro-ecological conditions.

In the research [10], the authors analyzed multi-source
early fusion strategies and the integration of meteorological
priors; building upon this approach, our study proves that
conditioning the generative network on precipitation and
temperature history (ERA5-Land) alongside temporal logic
provides a vastly more robust solution for continuous, pi-
xel-level crop yield forecasting under persistent atmosphe-
ric occlusions than traditional methods.

In the papers [13, 15], the authors highlighted the neces-
sity of strict spatial block-cross-validation and the inherent
strengths of temporal neural networks applied to satellite ti-
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me series; corroborating these principles, the application of
such rigorous validation in our framework confirmed that
the obtained R2 of 0.90 was not an artifact of memorized
local geometries but a genuine mapping of spatiotemporal
crop dynamics, further enhanced by our addition of the Red-
Edge band (NDRE) which maintained a linear correlation with
final harvest weights even during late grain-filling stages.

While our framework successfully overcomes temporal
and biochemical gaps, it remains bounded by the native
spatial resolution of its satellite inputs. Contemporary revi-
ews on Sentinel-2 applications in precision agriculture point
out that its 10-meter spatial resolution represents an operati-
onal bottleneck for identifying highly localized, sub-canopy
micro-stressors, such as localized pest damage, early-stage
foliar diseases, or weed patches [20]. At this scale, individ-
ual pixels aggregate highly mixed spectral signatures, me-
aning that localized biotic stress can generally only be de-
tected once macroscopic, canopy-wide damage has already
occurred. Furthermore, comparative assessments between
satellite-based models and Unmanned Aerial Vehicles
(UAVs) show that satellite platforms naturally depict smo-
othed, generalized development trends [3]. This smoothing
is particularly pronounced due to the coarser, native 20-me-
ter resolution of the critical Red-Edge bands on Sentinel-2,
which are required for high-fidelity NDRE calculation.

Thus, based on the discussion of the obtained results, it
is confirmed that conducting this specific research was
highly expedient and necessary, since, although various
approaches to missing data reconstruction have been propo-
sed in the analyzed literature, none of the previous authors
successfully integrated meteorological priors, temporal
discriminators, and multimodal early fusion into a single
generative pipeline capable of overcoming the "biochemical
gap" of radar data in the exact comprehensive and highly
accurate manner as accomplished in this study.

So, based on the results of the work performed, it is pos-
sible to formulate the following scientific novelty and prac-
tical significance of the research results.

Scientific novelty of the obtained research results — met-
hodology for constructing a comprehensive architecture for
spatio-temporal multimodal data integration has been
further developed; unlike existing methods, it integrates
meteorological prior knowledge and temporal discrimina-
tors into the ST-cGAN generative network, thereby forming
a model with physiological constraints that eliminates the
structural and biochemical discrepancies inherent in the
conversion of SAR images to optical ones, which collecti-
vely makes it possible to accurately synthesise stress indi-
cators for agricultural crops under conditions of prolonged
cloud cover, without overestimating their health status.

Practical significance of the research results — can be
applied to the creation of a weather-independent decision-
support framework for agricultural management, providing
agronomists with a reliable tool to generate uninterrupted
mid-season yield heatmaps with high predictive accuracy
(RMSE = 0.48 t/ha) for optimizing harvest logistics, plan-
ning localized interventions, and executing precise financial
forecasting while entirely eliminating the historical depen-
dency on clear-sky satellite observations.

Conclusions / BUCHOBKU

A comprehensive multimodal spatio-temporal model
has been developed spatiotemporal framework that a comp-
rehensive multimodal spatiotemporal framework has been

developed fuses synthetic aperture radar, historical optical
data, and meteorological priors to overcome the biological
blindness of radar signals, thereby enabling continuous,
gap-free reconstruction of vegetation indices for high-preci-
sion corn yield forecasting under persistent atmospheric
occlusions. Based on the results of the research the follo-
wing main conclusions can be drawn.

1. Developed a generative ST-cGAN architecture to re-
construct continuous, cloud-free vegetation indices by con-
ditioning the synthesis process on precipitation and tempe-
rature history (ERAS5-Land) alongside SAR backscatter. This
integration produced biologically accurate NDVI and NDRE
maps (SSIM = 0.89) and eliminated the traditional limitation
of overestimating crop health during drought events.

2. Implemented a sequential CNN-LSTM predictive pipeline
designed to extract complex spatiotemporal features from
the reconstructed 15-step time series. This recurrent archi-
tecture was demonstrated to accurately capture the nonline-
ar dynamics of crop phenology and isolate critical stress
periods throughout the growing season.

3. Achieved predictive superiority through a framework that
reached a pixel-level RMSE of 0.48 t/ha (R*= 0.90) under
strict spatial block-cross-validation. This pipeline de-
monstrated a statistically significant improvement (p <
0.01) over established spatial gap-filling baselines, such as
STARFM, proving its capability to map genuine crop
dynamics without spatial data leakage.

4. Formulated the practical agronomic value of a scientifically
defensible decision-support tool that remains reliable re-
gardless of autumn cloud occlusions. The developed
system allows agricultural management to optimize harvest
logistics, execute variable-rate desiccation, and conduct
precise financial forecasting mid-season.

5. Defined future research perspectives focusing on end-to-
end knowledge distillation to compress the deep learning
architecture for edge deployment on agricultural IoT devi-
ces. Additionally, future work will explore the integration
of high-resolution UAV imagery to enable the precise de-
tection of sub-canopy micro-stressors.
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Hayionanenuii ynisepcumem "Jlvsiscoka nonimexuixa”, m. Jlvgis, Yxpaina

PEKOHCTPYKIIA CYIIYTHHKOBUX JAHUX 3A YMOB XMAPHOCTI I/11 POTHO3YBAHHA
BPOKAUHOCTI KYKYPY /13U 3/IMTTAM MYJIbTUMO/JA/IbHUX 3HIMKIB

Po3pobieHo Ta anpoOOBaHO KOMIUIEKCHY IHTENEKTYyalbHY CHCTEMY IPOrHO3YBaHHS BPOKAWHOCTI KYKypy/I3H, 110 0a3yeThest Ha
CHHEprii MpocTOpOBO-4acoBOi reHepatuBHoO-3MaranbHol Mepexi (ST-cGAN) ta pekypentnoi apxirekrypu CNN-LSTM. 3acrocosa-
HO MYJIbTHMOJAJIbHE MOEIHAHHS TOTOIHO-HE3ANCKHHUX paioioKamiiaux maHux Sentinel-1, mereoposoriuanx uyunHHUKIB ERAS-
Land (cepeanpomo00Ba Temiiepatypa Ta cyMa OIajiiB) Ta iCTOPUYHUX ONTHYHUX CriocTepekens Sentinel-2. Bupimieno mpobiemy "6i-
OXIMIYHOI CTIMOTH" PamioNOKAIIMHIX CHTHAIIB, 32 IKOi pagap Qikcye Gi3uyHy CTPYKTYpy POCIHUH, aje He 3JaTHUN OLIHUTH IXHIO
(hOTOCHHTETHYHY aKTUBHICTh Ta OOMEXKCHHS TPAIHULIHHOIO ONTHYHOIO 30HYBaHHS 3¢MHOI IIOBEPXHi, CIIPUYMHEHHUX YaCTOK XMap-
Hictio. Jlnst poro 3amicts GararogactotHoro SAR-30H1yBaHHs Oy10 32CTOCOBAHO CTPATETII0 PAHHBOIO 3MUTTs JaHuXx. Mepexa ST-
c¢GAN ozanouyacHo 00pobisie motouni SAR-maHi AJsi BU3HAYCHHSI CTPYKTYPHOIO MaKpOCTaHy, iCTOPUYHI ONTHYHI JaHi K OCTaHHI|
JOCTOBipHUIA Gioximiunuii cran Ta 10-IeHHY iCTOPiT0 METEOPOJIOTiYHIX MOKA3HUKIB. BiamoBiaHo, KO pagap (ikcye BUCOKY Oi-
oMmacy, aje MeTeOpOJIOTriuHi JaHi CBiI4aTh MPO MOCYXY, HEHpOMepeka MaTeMaTH4HO PO3Mi3HAE OIONOriUHMI CTPeC i CHHTE3Y€e 3HU-
skei inpexcn NDVI ta NDRE, 3ano6irarouun reHepyBaHHIO XHOHO 3[J0POBHX TMOCIBiB. 3AiCHEHO AMHAMIYHUN CHHTE3 MPOITYIICHIX
Bereraiiiinux ingexciB NDVI ta NDRE 3a ymoB TpuBaiux mepiofiB CyIiibHOi XMapHOCTi (10 21 aHs), IpH bOMY TOCSTHYTO BHCO-
KOI CTPYKTYpHOI momiOHOCTI cuHTe30BaHuX Kapt (ingexc SSIM = 0,89). BBegeHo B apXiTeKTypy Mepexi 4acoBi AUCKPUMIHATOPH
JUISL aHANI3y TIOCIIITOBHOCTEH KapiB, 1110 Ha 18 % mokpaimio iHaeke 30epexkeHHs MeK MOMiB Ta MiHIMI3yBaJIo MOSBY IPOCTOPOBHX
apredakTiB Ha TpaHUILIX yrigs. [IpoBeaeHo mikcenbHY perpecito ais TectoBoi aimsHku miomieto 15 000 ra y 3axignomy Jlicocremy
VkpalHu HA OCHOBI PEKOHCTPYHOBAHMX YACOBHX PSUIiB, SIKi OXOILTIOBAIK 15 KpuTHYHMX (DEHOJOTIYHUX eTAIiB PO3BUTKY KYJIbTYpPH.
BcranoBieHo, 110 3aIpOMOHOBAHA apXiTEKTypa HEHPOHHOI MEPEeXi 3HIKYE CepelHbOKBapaTUUHy MOMIWIKY mporuody (RMSE) no
0,48 T/ra 3a Koedimienta nerepminaii (R%) 0,90. Ha OCHOBi CTATHCTHYHOrO aHAi3y (IAPHHIl /-TECT) JOBEICHO BArOMY IMEPEBATY
PO3pO0IIEHOr0 METOY HaJl FaTy3eBUME alrOpUTMaMHU 3alOBHEHHs MPOIycKiB, 30kpeMa — STARFM, sikuit € HECIpOMOXKHUM aJIeK-
BaTHO MOJICIOBATH HENiHIHHUI CTpec MOCciBiB 0e3 ONTHYHUX JaHuX. [IpefcTaBieHo MaciTaboBaHy CUHCTEMY MiATPUMKH MIPUHHSITTS
pillieHb ISl ONTUMI3AIIT JIOTICTUKY 30MPaHHsT BPOXKAIO Ta TOYHOTO (PiHAHCOBOIO IUIAHYBAHHS POOOTH arporiIIPHEMCTB HE3AICHKHO
Big arMocdepHuX yMoB. OKPECIeHO EePCIeKTUBH MOAANIBIIMX STaIliB JOCII/KEHHS, 1110 MOJIraloTh y JUCTUILLIT 3HaHb Helpomepe-
ki st epudepitinux loT-npuctpoiB Ta inTerparii ganux BITTA.

KitiouoBi ciioBa: riinboke HaBYAHHS HEHPOHHUX MEPEX; HITYYHHUH IHTEIEKT B arpOHOMII; MPOCTOPOBO-4ACOBI MEPEKi; TOUHE
3eMJ1epOOCTBO; MPEAUKTUBHE MOJICITIOBAHHSI.
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