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Abstract.

High-resolution rainfall fields are essential for hydrometeorological applications such as flood forecasting and urban drainage
modelling. In practice, however, observations are often limited to sparse and irregular rain gauge networks, making it difficult to
reconstruct spatial-temporal rainfall structures and maintain temporal continuity. Conventional interpolation-based approaches

5 struggle under these conditions, particularly when observations are highly sparse. This study proposes a data-driven framework,
termed P2I-GAN, to reconstruct rainfall fields directly from irregular point measurements. Inspired by the concept of video
inpainting in computer vision, the method learns spatial-temporal rainfall structures from radar observations and applies this
knowledge to infer rainfall fields from sparse gauge data. This allows spatial organisation of rainfall to be recovered in a tem-
porally consistent manner, even when observations are limited. Evaluation results show that the proposed approach produces

10 realistic rainfall structures while maintaining strong performance in standard statistical metrics, outperforming conventional
interpolation methods and remaining competitive with existing learning-based approaches. The framework provides a practical

pathway for reconstructing high-resolution rainfall fields from sparse observation networks.

1 Introduction

Accurate rainfall information at high spatial and temporal resolutions is essential for a wide range of hydrological applications,
15  including urban stormwater management and flood risk assessment, where the spatial and temporal variability of rainfall has
been shown to strongly influence the performance of subsequent hydrological modelling (Gires et al., 2012; Ochoa-Rodriguez

et al., 2015; Cristiano et al., 2017; McCabe et al., 2017; Zhou et al., 2021).
Ground-based rain gauges have long served as the principal source of rainfall observations for hydrological applications (Sun
et al., 2018). By providing direct, point-scale measurements with high accuracy, rain gauges continue to serve as the standard
20 reference for validating hydrological models and assessing the accuracy of remote-sensing precipitation products (He et al.,
2013; Maggioni et al., 2016). However, operational rain gauge network generally provides insufficient spatial coverage to well
represent given rainfall system (Quirmbach and Schultz, 2002; Ochoa-Rodriguez et al., 2015). In addition, as highlighted by
Ochoa-Rodriguez et al. (2015), establishing and maintaining dense rain gauge networks across large areas is logistically and

financially challenging, particularly for areas with complex topography (Zeng et al., 2018). As a result, their lack of spatial
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25 representativeness could affect the performance of operational hydrological applications (Gires et al., 2012; Ochoa-Rodriguez
etal., 2015).

To address the limitation of rain gauge measurements, spatial interpolation techniques have been widely employed to esti-
mate rainfall at ungauged locations and to reconstruct spatially continuous rainfall fields (Grimes and Pardo-Igizquiza, 2010;
Ly etal., 2013). Among the available methods, geostatistical approaches —most notably Kriging and its variants— have achieved

30 broad application due to their capacity to explicitly incorporate spatial correlation structures and to provide a theoretical frame-
work for quantifying interpolation uncertainty (Matheron, 1971). Despite their well-established theoretical basis and extensive
use in hydrometeorological studies, these techniques tend to produce relatively smooth representations of rainfall variability,
face challenges in incorporating temporal continuity, and remain highly sensitive to the spatial distributions of rain gauge ob-
servations (Ochoa-Rodriguez et al., 2019). Moreover, their underlying assumptions of spatial stationarity and normality are

35 inconsistent with the complex, non-stationary nature of real-world precipitation fields (Lebrenz and Bardossy, 2019).

A specific way to address the aforementioned limitations is to incorporate additional data sources that provide complemen-
tary spatial information. In contrast to point-scale rain gauges, weather radars are capable of providing spatially and temporally
(nearly) continuous observations of precipitation across extensive areas (Sokol et al., 2021). Their utilisation within hydrolog-
ical applications has increased markedly in recent years, particularly in applications such as flood forecasting, rainfall-runoff

40 modeling, and urban stormwater management (Thorndahl et al., 2017; Shehu and Haberlandt, 2021; Haensler and Weiler,
2022). However, radar-derived estimates are inherently indirect and remain affected by a variety of error sources (van de Beek
et al., 2016; Ochoa-Rodriguez et al., 2019). These errors may introduce inconsistencies and hinder the operational use of radar
products in hydrological modeling (Shehu and Haberlandt, 2021; Haensler and Weiler, 2022).

To take advantage of the complementary skills of radar and gauge data, data merging (or gauge-based adjustment) techniques

45 have been increasingly utilised to estimate spatially distributed rainfall fields (Hu et al., 2019; Ochoa-Rodriguez et al., 2019).
These approaches statistically model the differences between radar and gauge measurements, accounting for their spatial
associations, and have been implemented through several geostatistical formulations (Ahmed and de Marsily, 1987; Hudson
and Wackernagel, 1994; Matheron, 1973; Myers, 1982; Odeh et al., 1995). Among these, Co-Kriging (CoK), Kriging with
External Drift (KED), and Kriging with Radar-based Error Correction (KRE) are the most commonly used.

50 Despite their advances, the performance of such approaches remains highly influenced by the density of the rain gauge
network and by the level of consistency between radar-derived and collocated gauge estimates (Goudenhoofdt and Delobbe,
2009; Hu et al., 2019; Ochoa-Rodriguez et al., 2019). In addition, incorporating temporal modeling within such statistical
frameworks could be computationally expensive, making real-time implementation challenging (Nag et al., 2023). As a result,
these approaches typically neglect explicitly incorporating temporal continuity and may produce abruptly varying outputs

55 between successive time steps.

In recent years, a range of ML (Machine Learning) and DL (Deep Learning) based methods have been proposed for rainfall-
field reconstruction. These approaches can be broadly grouped into three categories according to their primary objectives.

The first group focuses on spatial and/or temporal interpolation using neural-network-based models, including regression-

based approaches, DeepKriging, and graph-based methods. These models have demonstrated strong capability in capturing
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60 complex spatial dependencies beyond traditional interpolation techniques (Kopczewska, 2022; Zhang et al., 2018; Chen et al.,
2024; Nwaila et al., 2024; Sun et al., 2024; Tavassoli et al., 2022; Nag et al., 2023; Chen et al., 2022; Appleby et al., 2020; Wu
et al., 2020). However, most studies primarily evaluate point-wise prediction accuracy, with limited assessment of their ability
to reconstruct spatially and temporally continuous rainfall fields.

The second group comprises learning-based radar—gauge merging methods, which aim to improve rainfall estimation by

65 incorporating radar observations as additional spatial information (Chiang et al., 2007; Chen et al., 2019; Sarafian et al.,
2025). While effective, these approaches require access to radar data during operation, introducing additional operational
constraints and differing from the objective of this study, which focuses on reconstructing rainfall fields directly from sparse
gauge observations.

The third group includes stochastic downscaling and super-resolution approaches, which aim to enhance the spatial resolu-

70 tion of rainfall fields by recovering fine-scale structures (Ferraris et al., 2003; Rodriguez-Iturbe et al., 1987; Bell, 1987; Perica
and Foufoula-Georgiou, 1996; Rebora et al., 2006; Geiss and Hardin, 2020; Shi et al., 2024). However, these methods typically
assume spatially continuous input fields and are therefore not directly applicable to reconstruction from sparse point-based
observations.

Alternatively, the rainfall reconstruction problem can be viewed from a different perspective. From a computer vision stand-

75 point, spatial-temporal rainfall interpolation can be formulated as an image (or video) inpainting task, where rainfall values
at gauge locations correspond to observed pixels, and the remaining regions are treated as missing areas to be reconstructed.
Recent advances in image and video inpainting have demonstrated strong capability in recovering missing spatial-temporal
structures from partially observed image sequences (Quan et al., 2024; Elharrouss et al., 2025). However, a key difference
lies in the degree of data availability. In typical inpainting applications, a substantial proportion of pixels (e.g., 50-60%) are

80 known (Xiang et al., 2023), whereas rain gauge observations are extremely sparse and irregular, often representing less than
1% of the spatial domain. Such extreme sparsity poses significant challenges for directly applying existing inpainting models,
as it limits their ability to learn and recover meaningful spatial-temporal structures.

To address this gap, this study proposes a generative spatial-temporal interpolation framework, P2I-GAN, to reconstruct
spatially and temporally continuous rainfall fields directly from sparse rain gauge observations. The framework learns spa-

85 tial-temporal structural information from historical radar data and applies it to improve rainfall reconstruction under severe
data sparsity. Its performance is evaluated against classical interpolation methods and radar—gauge merging approaches under
both radar-based and gauge-only settings.

The remainder of this paper is structured as follows. Section 2 describes the rainfall datasets and their preparation for model
training and validation. Section 3 presents the proposed framework, including its architecture and learning objectives. Section 4
90 outlines the experimental setup and evaluation procedures. Section 5 discusses the results, organised according to two practical

usage scenarios. Finally, Sect. 6 summarises the main findings and outlines directions for future work.
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2 Data and preparation
2.1 Rainfall datasets

The study domain is a 128 x 128 km? square region centred on Birmingham, UK (Fig. 1). The region is characterised by diverse
95 precipitation patterns typical of mid-latitude climates, making it suitable for evaluating rainfall reconstruction methods under
varying conditions.

Two complementary precipitation datasets are used in this study. These include:

— High-resolution C-band radar composites from the UK Met Office Nimrod system (Golding, 1998): The Nimrod radar
dataset provides spatially distributed rainfall estimates at 1-km spatial resolution and 5-min temporal resolution across
100 the UK (Yu et al., 2020). For this study, radar fields corresponding to the selected 128 x 128 km? domain are extracted

to represent spatial-temporal rainfall structures at high resolution.

— Rain gauge measurements from the Environment Agency (EA): Rain gauge observations from 99 EA stations within
the study domain are used (see both blue and red markers in Fig. 1). The original measurements are in time-of-tips and
are further discretised into 5-min resolution to be consistent with the radar data. The spatial distribution of the gauges

105 corresponds to an average density of approximately one station per 13 x 13 km?, which is a widely-seen gauge network

density across UK.

Both datasets have been widely used in hydrometeorological studies (Kidd et al., 2012; Yu et al., 2020; King et al., 2021;
McClean et al., 2020).

2.2 Data preparation

110 Radar data are organised into sequences to capture the temporal evolution of rainfall fields. Each sequence consists of 16 con-
secutive frames (corresponding to 80 minutes). To ensure that the training samples contain meaningful precipitation structures,
only sequences satisfying the following criteria are retained: (i) at least one pixel exceeds 2.5 mm h~!, and (ii) at least one
frame contains more than 20% wet (non-zero) pixels.

A total of 3,885 sequences from 2016 to 2020 are used for training, with an additional 971 sequences from the same period

115 reserved for validation. For testing, 20 representative storm events from 2021 to 2022 (Table 1) are selected, each comprising
100-300 frames. These events span a range of precipitation conditions and are selected to ensure that the test set covers different
seasons, rainfall types, and intensity levels.

The 99 rain gauge stations within the study domain are partitioned into two groups. A subset of 79 gauges is used as input
locations, while the remaining 20 gauges are held out for independent evaluation. Due to gauge data availability, only the 10

120 storm events in 2021 are used for testing, although the radar-based event set includes 20 events from 2021 to 2022.
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Figure 1. Study area and rain gauge distribution. Blue triangles mark the gauges used for training, red squares indicate those used for

validation, and the shaded region shows the radar coverage. The British National Grid (BNG) coordinate system is used here.
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Table 1. Selected storm events for result verification and summary statistics from MIDAS rain gauges (RG) and Nimrod radar (RD). RG

statistics are calculated from 99 gauge locations, whereas RD statistics are calculated over the full radar field (16,384 pixels). For the 2021

events (Events 1-10), both RG and RD statistics are available; for the 2022 events (Events 11-20), only RD statistics are available.

Summary statistics (mm h™hH

Event Start time End time Duration Max. Mean
(hours) RG RD RG RD
1 2021-01-1522:00  2021-01-16 18:00 20 16.8 48.0 0.313 0.424
2 2021-03-09 22:00  2021-03-11 00:00 26 17.4 13.8  0.220 0.285
3 2021-05-03 08:00  2021-05-04 05:00 21 47.3 45.8  0.722  0.642
4 2021-05-08 01:00  2021-05-08 21:00 20 13.4 21.2 0.878 0.670
5 2021-05-20 09:00  2021-05-22 02:00 41 21.0 32.7 0.368 0.386
6 2021-05-23 11:00  2021-05-24 07:00 20 34.8 43.6 0.325 0.288
7 2021-07-05 17:00  2021-07-06 13:00 20 22.6 85.4 0.530 0.432
8 2021-10-02 05:00  2021-10-03 02:00 21 13.0 234 0377 0.334
9 2021-10-31 03:00  2021-11-01 07:00 28 89.5 94.0 0.627 0.526
10 2021-12-07 08:00  2021-12-08 05:00 21 39.2 29.7  0.293 0.355
11 2022-01-08 04:00  2022-01-08 22:00 18 N/A 312 N/A 0.221
12 2022-03-16 11:00  2022-03-17 05:00 18 N/A 16.7 N/A  0.603
13 2022-04-12 06:00  2022-04-12 19:00 13 N/A 1194 N/A 0337
14 2022-05-11 02:00  2022-05-11 20:00 18 N/A 85.4 N/A 0417
15 2022-05-1520:00  2022-05-16 11:00 15 N/A 89.6 N/A  0.287
16 2022-06-18 15:00  2022-06-19 06:00 15 N/A 554  N/A  0.459
17 2022-08-25 05:00  2022-08-25 19:00 14 N/A 45.8 N/A  0.232
18 2022-09-30 09:00  2022-10-01 03:00 18 N/A 312 N/A 0474
19 2022-10-31 18:00  2022-11-01 12:00 18 N/A 776 N/A  0.580
20 2022-11-23 03:00  2022-11-23 19:00 16 N/A 85.4 N/A  0.506
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3 Methodology

This section presents the proposed framework for reconstructing high-resolution spatial-temporal rainfall fields from point
observations. Before introducing the methodology, a key assumption must be clarified. In this study, we assume that histori-
cal radar observations contain structural information that is representative of the underlying spatial-temporal relationships in
125 rainfall fields. Based on this assumption, the proposed network learns these structural features from radar data first and applies

them to reconstruct rainfall fields from co-located gauge records. Therefore, during model training, only radar data is involved.
3.1 Problem formulation and the proposed framework

Let R C R? be a rectangular gridded domain of size H x W, and let {x,, })_; C R denote coordinates of the irregular spatial

locations where point measurements are available. Each location x,, provides a scalar rainfall value y; ,, € R at each time step

130 te{1,...,T} over the time period of interest. As illustrated in Figure 2, these observations are placed at their collocated

grid locations to form partially observed rainfall fields, where only pixels associated with point observation sites contain valid

values and all other pixels remain masked. Note that, during model training, the difference in point and pixel (areal-averaged)
measurements is neglected and will be discussed in Sect. 5.

Let Y;,, € RT*HXW denote the collection of all available rainfall observations over time and space, embedded into a grid

135 of size T'x H x W with missing values at unobserved pixels. Given these sparse and irregularly located measurements, the

objective is to learn a mapping, enabling reconstructing a sequence of rainfall images from limited known observations:

(Forea) = %) g

where Ypred € RTXH*W represents an estimate of the reconstructed rainfall fields; and f(-) denotes the mapping to be learned.

A spatial-temporal reconstruction framework is proposed here to progressively transform sparsely distributed gauge obser-

140 vations into continuous rainfall fields. As illustrated in Figure 3, the pipeline (from left to right) begins with an IDW-based

Interpolator that receives the spatially-spare inputs Y;,, and produces a ’coarse’ estimate of the target rainfall fields Yidw.

This estimate is then refined by a U-Net-based Generator, which enhances fine-scale spatial structure and incorporates an

orography-aware module that yields the reconstructed field Yp,,ved. Finally, a pair of Discriminators is employed to ensure the
preservation of spatial features and temporal consistency across the reconstructed sequence.

145 In the following sections, we first explain three key components of the proposed framework, namely, Interpolator, Generator

and Discriminators. We then detail the design of the loss function for model training.
3.2 Interpolator: IDW-based interpolation with temporal modulation

The Interpolator component is designed to address the practical setting in which rain gauge observations are spatially sparse
and irregular. While the gauge density in this study (approximately one observation per 13 x 13 grid cells) is representative of

150 typical operational networks, it corresponds to an extremely sparse sampling condition from an image inpainting perspective,
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Figure 2. Tllustration of the problem setup and sparse rainfall observations. Point measurements at irregular gauge locations (n =1,...,N)

across multiple time steps (¢ = 1,...,T"). The objective is to reconstruct a spatially and temporally continuous rainfall field from these limited

observations.
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Figure 3. Overall architecture of the proposed spatial-temporal rainfall reconstruction framework. Sparse gauge observations are first trans-
formed into coarse rainfall fields through an IDW-based interpolator with temporal modulation. The preliminary fields are then refined by a
U-Net generator that enhances multi-scale spatial structures. Finally, spatial and temporal discriminators jointly improve structural realism
and temporal consistency in the reconstructed rainfall sequences. The P2I-GAN+ model incorporates a modulation process at each upsam-

pling layer to account for orographic effects.

where only a very small fraction of pixels are observed. Under such conditions, standard convolutional layers struggle to extract
meaningful spatial features due to the limited availability of local information. In addition, gauge measurements often exhibit
strong temporal variability, leading to large frame-to-frame fluctuations that can hinder the learning of temporally coherent

representations.



https://doi.org/10.5194/egusphere-2026-2406
Preprint. Discussion started: 23 July 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

155 To address these challenges, we involve two modules in this component:

1. Gating-based temporal modulation, which adaptively re-weights gauge observations across adjacent time steps, al-

lowing the model to form a more stable temporal representation prior to spatial reconstruction;

2. Inverse distance weighting (IDW) interpolation, which generates an initial coarse rainfall field from sparse gauge

inputs, providing improved spatial context for the downstream generator.

160 This component produces an intermediate gridded rainfall field Yigw € RTXHXW from the sparse gauge observations. For
each time step ¢ (time index omitted in the notation below), the interpolated value at a given grid cell x, € R is computed as:
T ) = 0l (LY @
Y1 Wn (%) o —xa|
Here, p controls the distance-decay rate, and p = 2.0 (a commonly used default value in IDW) is adopted in all experiments.
Together, these two modules produce a sequence of preliminary rainfall fields Yigw With improved spatial coverage and

165 temporal consistency, which serves as the input to the subsequent generator network.
3.3 Generator: U-Net generator with orography-aware enhancement

To further refine the preliminary IDW fields }A’idw , a U-Net-based architecture is utilised to reconstruct spatial-temporal rain-
fall structures across multiple scales. The U-Net adopts a coarse-to-fine (or, in ML jargon, downsampling-upsample) design in
which broad storm features are first captured at lower resolutions and subsequently enhanced with finer details during upsam-

170 pling. At each level, residual blocks composed of two 3 x 3 convolutional layers, following the design in Lim et al. (2017), are
used to enhance local feature extraction and support stable model training. Skip connections (see the dashed line arrows in Fig-
ure 3) link the encoder and decoder stages together, enabling the direct transfer of spatial information and thereby facilitating
the preservation of fine-scale features throughout reconstruction. Together, these multi-scale mechanisms enhance the model’s
ability to infer rainfall structures from sparse observations.

175 Although the U-Net architecture effectively refines fine-scale spatial patterns, it does not inherently account for topography-
driven rainfall variability. In many regions, radar-derived rainfall estimates exhibit systematic orographic signatures, including
windward enhancement, uplift-induced intensification, and lee-side rain shadowing (KITCHEN et al., 1994; Harrison et al.,
2000; Houze, 2012; Roe, 2005; Smith, 2006). These processes arise from interactions between prevailing airflow and complex
topography, and they introduce spatial patterns that are not explicitly represented by a standard convolutional architecture.

180 To incorporate these effects within the reconstruction process, we further integrate an orography-aware modulation into
each upsampling layer of the generator (see the Noise module in the Upsample block in Figure 3). This modulation perturbs
the intermediate feature maps using learnable spatial fields that encode topographic influences. Specifically, each feature map
is modulated by (i) a spatially-varying scaling factor that amplifies (or suppresses) network responses depending on local
topographic characteristics, and (ii) an additive offset that introduces systematic topographic-related variations. Together, this

185 modulation allows the network to adjust reconstructed rainfall patterns in a way consistent with known orographic processes,

thereby improving the physical realism of the generated fields.
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3.4 Discriminators: Spatial-temporal discriminator

To ensure that the reconstructed rainfall fields Ypred effectively resemble the observed spatial-temporal structure, we introduce
a dual-path discriminator. As illustrated in Figure 3, the Discriminator separates its assessment into two pathways, focusing

190 on spatial and temporal aspects of rainfall structure, respectively. Two separate outputs are then combined to form a unified
discriminator score, enabling the adversarial loss to spontaneously enforce spatial and temporal consistency.

The spatial pathway adopts a PatchGAN-style design (Isola et al., 2017), treating the input sequence as a multi-channel
tensor. A series of Conv2D layers with LeakyReLU activations (see the D2 Block) progressively downsample (or upscale) the
input while increasing the number of feature channels. This pathway is responsible for identifying spatial structure deficiencies

195 in the generated fields, such as unrealistic smoothness, missing convective cores, or distorted rainfall patterns that pixel-level
losses typically fail to detect.

The temporal pathway complements this by examining the short-term evolution of rainfall. Using Conv3D layers (the D3
Block), it examines cross-time dependencies directly, enabling the model to detect issues such as flickering between frames,
abrupt intensity changes, or physically implausible motion. These temporal artifacts are common failure modes when recon-

200 structing rainfall sequences from sparse observations, and the temporal discriminator is specifically designed to detect them.

To stabilise training, spectral normalisation is applied to all convolutional layers in both pathways (Miyato et al., 2018b).
By constraining the Lipschitz constant of each layer, spectral normalisation prevents the discriminator from becoming overly
dominant, mitigates mode collapse, and leads to more stable gradients, which is particularly important for Conv3D layers since
they typically have higher parameter complexity.

205 These two pathways produce logits Dqpagiar and Diemporal, respectively. Because the temporal pathway outputs an additional
temporal dimension, its logits are averaged over time to match the spatial pathway. A softmax-normalised fusion mechanism
then combines these two ouptuts using learnable weights g and 34, which adaptively determine the level of importance
to assign to each structure. Finally, the fused logits Dyugpu is used in the adversarial loss, aiming to enforce both spatial and

temporal consistency during rainfall reconstruction.
210 3.5 Loss function design

In this work, a multi-objective loss framework is utilised to jointly optimise pixel-level reconstruction accuracy, spatial struc-

tural consistency, temporal coherence, and adversarial discrimination, as defined below:

LG = ‘Crec + apmﬁpm + atcﬁlc + O‘advﬁadvy (3)

which is a weighted sum of four loss components corresponding to reconstruction (L), probability matching (L), tempo-
215 ral consistency (L), and adversarial learning (L,qy), respectively, where apm, e, and a,qy, are weighting coefficients. The

definition of each loss component is detailed in the following sections.

10
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3.5.1 Reconstruction loss

The reconstruction loss L. measures the pixel-wise discrepancy between the predicted and reference precipitation fields
across all time steps. To mitigate the underestimation bias commonly observed in regression-based precipitation generation,

220 we apply an exponential weighting curve to emphasise high-intensity rainfall regions:

e 1 .
Lree = f tzzl W ;“’(ans (p)) ‘Y;ared (P) —Yops (P) 5 4)

where the weight function w(-) is defined as:

ae’ +c, T < Tmax,

w(x) = (5)
aeP®mex e x> Toas,

with a = 0.50, b = 5.14, ¢ = 0.12, and z,ax = 0.70. These constants were chosen by fitting an exponential weighting curve to

225 the empirical distribution of training data, while x,,,x Was introduced as an upper bound to prevent excessive overweighting

of rare extreme values.
3.5.2 Temporal consistency loss

To align the short-term evolution of generated rainfall with that of the observed sequence, we introduce a KL (Kullback-
Leibler) based regularisation term that compares normalized temporal differences (Kullback and Leibler, 1951). Specifically,

230 given the temporal gradient AY =Y}, — Y;, we compute softmax-normalised distributions and penalise their divergence:

L =KL (softmax (AYp,,Ed/T) Hsoftmax (AYUbS/'r)) (6)

where 7 is a hyperparameter controlling distribution sharpness. This encourages the generator to replicate realistic temporal

variation patterns, such as growth, decay, and displacement, without enforcing explicit temporal smoothing.
3.5.3 Probability-matching loss

235 The concept of probability matching was first introduced by Ebert (2001), aiming to preserve the spatial pattern of the ensemble
mean while adjusting precipitation intensities to better match the ensemble distribution. More recently, Cao et al. (2025)
reformulated this idea as a differentiable loss function by introducing a probability-matching (PM) term and combining it with
the conventional mean squared error loss, i.e., £ = Lysg + wLpwy.

In this study, we further modify the PM term to compare only values above the 99th percentile to focus specifically on the

240 upper tail of the rainfall distribution. The resulting loss is defined as:

11
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N,
L Qa/o09) (992

EPm = ﬁ Z (Zprad,i - Zobs,i) ’ (@)
9 =1

Here, zéi%)yi and zégf 1 denote the sorted predicted and observed rainfall values retained above the 99th percentile, IV, is the

number of retained upper-tail samples.
3.5.4 Adversarial loss

245 A hinge-based adversarial loss is incorporated to enforce spatial structural consistency and physically plausible temporal dy-
namics (Miyato et al., 2018a). The discriminator first produces two logits: Dypyia €valuating spatial structure, and Diemporar

evaluating short-term evolution, respectively These are then combined through softmax-normalised aggregation weights:

D() = Wy Dspa[ial(') +ws chmporal(') ®

where wy and w3 are softmax-normalized aggregation weights.

250 The generator’s adversarial objective is then:

»Cadv = _EYPNd [D( pTed)]' (9)

The discriminator is optimized with the hinge formulation:

Lp=E [max(()7 1—D(Yops)) + max(0,1+ D(?},red))] (10)

This softmax-fused scheme adaptively balances spatial and temporal discrimination, enabling the generator to produce rain-

255 fall fields that maintain both spatial structural consistency and temporally coherent evolution.

4 Experimental setting
4.1 Overview

The experimental design comprises two stages, each targeting a different aspect of model performance.
Stage 1 aims to assess the intrinsic capability of the models to reconstruct spatial-temporal rainfall fields from point obser-
260 vations under controlled conditions. In this setting, only Nimrod radar data are used, thereby avoiding discrepancies between
radar and rain gauge measurements. Specifically, radar rainfall values at gauge locations are sampled at each time step and
treated as known inputs, from which the full radar fields are interpolated. Classical interpolation methods (e.g. Ordinary Krig-
ing and Radial Basis Function), DL-based interpolation approaches (DeepKriging and Spatio-Temporal DeepKriging), and the
proposed models (P2I-GAN and P2I-GAN+) are compared here under the same settings.

12



https://doi.org/10.5194/egusphere-2026-2406
Preprint. Discussion started: 23 July 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

265 Stage 2 aims to evaluate model performance under realistic operational conditions, where only rain gauge observations are
available as inputs for our model. In this setting, two categories of methods are compared. In the first category, DL-based models
(DeepKriging, Spatio-Temporal DeepKriging, P2I-GAN, and P2I-GAN+) trained using historical radar data are utilised, and
only point rain gauge observations at the 79 training stations are used to reconstruct rainfall field. In the second category,
radar—gauge merging approaches (Kriging with External Drift and Kriging with Radar Estimates, also known as conditional

270 merging) are utilised. These methods use both radar data and point gauge observations at the 79 training stations as inputs. The
reconstructed rainfall fields are then evaluated against observations from 20 independent validation gauges that are not used as
inputs.

In both stages, two versions of the proposed model are assessed: P2I-GAN, which reconstructs rainfall fields without topo-
graphic modulation, and P2I-GAN+, which incorporates the proposed orography-aware enhancement.

275 This experimental design enables the evaluation of (1) the reconstruction capability of the models to be assessed under
controlled conditions, and (2) their robustness to be evaluated under sparse, gauge-only input scenarios. In particular, it allows
us to examine whether spatial-temporal information learned from radar data can improve rainfall reconstruction when only rain
gauge observations are available, which typically exhibit stronger variability and more extreme intensities than radar-derived
fields.

280 Table 2 further summarises the experimental design, including the methods, input and output data, and evaluation datasets

for each stage.
4.2 Reference methods

Here, we provide a brief explanation of each reference method used to compare with our proposed models. These methods are
included to ensure a comprehensive evaluation.

285 For spatial interpolation, two classical methods, Radial Basis Function (RBF) (HARDY, 1971) and Ordinary Kriging
(OK) (Matheron, 1971), are selected as baseline approaches, representing contrasting approaches to modelling spatial de-
pendence, with and without an explicit covariance structure.

For radar-gauge merging, Kriging with External Drift (KED) (Hudson and Wackernagel, 1994) and Kriging with Radar
Estimates (KRE) (Ehret et al., 2008) are adopted, as they are among the most widely used methods that incorporate radar

290 rainfall as auxiliary spatial information to improve rainfall field estimation from rain gauge observations (Ochoa-Rodriguez
et al., 2019). Although the proposed framework does not require radar inputs during inference, including KED and KRE
enables comparison with methods that explicitly combine radar and gauge information.

For deep-learning-based interpolation, DeepKriging (DK) (Chen et al., 2022) and its spatio-temporal extension STDK (Nag
et al., 2023) are included as representative nonlinear models for reconstructing rainfall fields from irregular observations.

295 The definition of each reference method used in this study is given below.
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Table 2. Summary of evaluation design for the two experimental stages. Referring to Fig. 1, 79 rain gauges (blue triangles) are used as

training locations in both Stage 1 and Stage 2. In Stage 2, 20 rain gauges (red squares) are selected for validation.

Stage Description Methods Input Output Evaluated data
OK
Spatial-temporal interpolation RBF Radar-derived rainfall values Nimrod data (20 events);
S | capability evaluated under DK sampled at training gauge Reconstructed all pixels except training
tage
controlled conditions using STDK locations (79 stations per time rainfall field gauge locations in each
radar-sampled gauge locations. PIL.GAN step) frame
P2I-GAN+
Radar-gauge merging methods ~ KED Full radar rainfall field + gauge Merged rainfall 20 validation gauges per
using radar as second input. KRE observations at training locations  field time step across 20 events
Stage 2 Gauge-only reconstruction DK . o 20 validation gauges per
. Gauge observations at training .
under sparse observations STDK ) ) ) Reconstructed  time step across 20 events;
. . locations (79 stations per time . .
using the same model trained P2I-GAN ) rainfall field radar used for visual
. step .
in Stage 1. PAL-GAN+ comparison

4.2.1 Ordinary Kriging (OK)

Ordinary Kriging (OK) (Matheron, 1971) estimates rainfall at an unknown location as a weighted linear combination of ob-

served values under the assumption of an unknown but locally constant mean:

N N

g(so) =Y Niylsi), D Ni=1, an

i=1 i=1
300 where §(s) is the target location, y(s;) is the observed rainfall at location s;, and \; are the kriging weights. These weights
are obtained by minimising the estimation variance subject to the unbiasedness constraint, based on a fitted variogram model

that characterises the 2,,4-order spatial dependence of the rainfall field as a function of separation distance.
4.2.2 Radial Basis Function (RBF)

Radial Basis Function (RBF) (HARDY, 1971) interpolation reconstructs the rainfall field as a weighted sum of radial kernels

305 centred at the observation locations:

14
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N
G(s0) =D _wid(lls —si)), (12)
=1

where w; are interpolation coefficients, and ¢(-) is a radial basis function. In this study, a thin-plate spline kernel is adopted:

o(r) = r*log(r). (13)

where r = ||sg — s;|| denotes the Euclidean distance between the prediction location and the observation location.
310 4.2.3 Kriging with External Drift (KED)

Kriging with External Drift (KED) (Hudson and Wackernagel, 1994) incorporates radar rainfall as an auxiliary variable to
guide the spatial interpolation of rain gauge observations. The rainfall field is modelled as the sum of a deterministic drift term

related to radar rainfall and a spatially correlated residual term:

y(s)=m(s)+e(s),  mis) = fo+AiR(s), (14)

315 where R(s) denotes the radar rainfall estimate at location s, 3y and 3; are drift coefficients, and £(s) is a zero-mean residual
random field. Rain gauge observations y(s;) are treated as the primary data to be interpolated, while the radar field provides
auxiliary information through the drift term.

The rainfall at an unobserved location s is then estimated using a kriging estimator:

N
§(s0) =Y _Niy(si), (15)
i=1

320 where the weights \; are determined by solving the kriging system under the constraint that the estimator is unbiased with
respect to the external drift. In this way, the radar field guides the large-scale spatial structure of the interpolation, while the

gauge observations ensure local consistency.
4.2.4 Kriging with Radar Estimates (KRE)

Kriging with Radar Estimates (KRE) (Ehret et al., 2008) combines a smooth gauge-based interpolation with a radar-derived

325 correction field to recover spatial detail resolved by the radar data. The merged estimate is given by

9(s) = Gox(s) + [R(s) — Rok(s)], (16)

where Gok (s) is the ordinary kriging interpolation of rain gauge observations, R(s) is the original radar rainfall field, and

Rox(s) is the ordinary kriging interpolation of radar values sampled at the gauge locations. The term R(s)— Rok (s) represents

15
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a radar-derived correction field, which is added to the gauge-based estimate to reintroduce spatial variability resolved by the
330 radar observations.
This formulation follows the principle of conditional merging, in which the gauge interpolation preserves the point observations

while the radar-derived correction term restores spatial patterns unresolved by the sparse gauge network.
4.2.5 DeepKriging (DK)

DeepKriging (DK) (Chen et al., 2022) reformulates spatial interpolation as a regression problem in which spatial dependence
335 isrepresented through a set of basis functions rather than an explicit covariance model. In this framework, rainfall observations
at gauge locations are modelled as a function of spatial coordinates encoded via basis expansions.
Following Chen et al. (2022), the positional encoding is constructed using multi-resolution compactly supported radial basis
functions, which are then used as inputs to a multilayer perceptron (MLP) to predict rainfall values. The basis functions are
defined as

340 ¢j(s) = o([ls —u;ll/9), a7

where u; denotes the j-th knot location and 6 is a scale parameter. Let r = ||s — u;| /6. The compactly supported Wendland

basis function is given by

_ »\6(95,-2
b(r) = (1—r)%(35r2+18r+3)/3, rel0,1], .

0, otherwise.

4.2.6 Spatio-temporal DeepKriging (STDK)

345 Spatio-temporal DeepKriging (STDK) (Nag et al., 2023) extends DK by incorporating both spatial and temporal information
through basis expansions. Rainfall values are predicted using a neural network that takes spatial and temporal encodings as

inputs:

§(s.1) = fo(x(.8),0 (5).6 (1)) 19)

where ¢*)(s) and ¢*)(t) denote the spatial and temporal basis expansions, respectively, and x(s, ¢) represents additional

350 input features (e.g. gauge observations). The spatial component follows the multi-resolution Wendland basis construction,

while the temporal component is represented using radial basis functions over time. This formulation enables the model to
capture joint spatio-temporal dependence without specifying a parametric covariance model.

It is worth noting that the original network architectures of DK and STDK are preserved in this study. However, the positional

encoding is modified to ensure computational feasibility for high-resolution grids. In addition, rain gauge observations are

16
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355 incorporated as inputs to enable point-to-field reconstruction, and the training loss is computed over the spatial field rather
than only at gauge locations. To ensure a fair comparison, DK and STDK are trained using the same loss functions as P2I-
GAN, excluding the adversarial components. Therefore, the performance differences primarily reflect differences in model
architecture rather than loss formulation or data usage. The impact from the above changes in DK and STDK is explained in
the Supplement S1, and we demonstrate that our modifications can improve both the efficiency and quality of DK and STDK

360 in generating rain fields.
4.3 Evaluation metrics

The evaluation metrics are grouped according to the aspects of model performance they assess. The first group consists of

continuous metrics that quantify the agreement between reconstructed and reference rainfall fields. These include image-based

measures commonly used in computer vision, as well as statistical metrics such as the Perkins Skill Score (PSS) and Nash-

365 Sutcliffe Efficiency (NSE). Together, these metrics evaluate numerical accuracy, distributional consistency, and the ability of
the models to reproduce spatial rainfall structures.

The second group consists of categorical, threshold-based skill scores, including the Probability of Detection (POD), False

Alarm Ratio (FAR), Critical Success Index (CSI), and Heidke Skill Score (HSS), evaluated at multiple rainfall thresholds.

In addition, the Fraction Skill Score (FSS) is computed over different spatial neighbourhood scales to assess scale-dependent

370 performance. These metrics are particularly relevant for hydrometeorological applications, where accurate detection of rainfall

occurrence and exceedance at different intensity levels is crucial.
4.3.1 Continuous indices

Reconstruction performance is evaluated using continuous metrics that quantify differences between reconstructed and refer-

ence rainfall fields in terms of magnitude, variance, and distribution. Measures used include:

375 — Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) measure the average magnitude of pixel-wise errors:
1 & . 1 R

where Yy1,4(7) and Y (i) denote the observed and reconstructed rainfall values at grid cell 4, respectively.

— Nash-Sutcliffe Efficiency (NSE) Nash and Sutcliffe (1970) evaluates predictive skill relative to the variability of the

observations:

380 NSE=1-— —— ; 2D
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where Y, is the mean of the observed rainfall field. A value closer to 1 indicates better agreement, while values below

0 indicate performance worse than using the observed mean.

— Perkins Skill Score (PSS, see Perkins et al. (2007)) is used to assess distributional similarity. For each time step ¢, it is
defined as

n

385 Spss(t) = Zmin(zpmd,i(t) Zobs,i(1)), (22)
=1

where Z,ed i (t) and Zos i (t) denote the relative frequencies of predicted and observed rainfall values in the ¢-th bin,

respectively. The PSS measures the overlap between the two distributions, with a value of 1 indicating identical distribu-

tions.
4.3.2 Categorical indices
390 Following Shi et al. (2017), the performance is converted into binary events based on a given threshold Ry, such that rainfall

values exceeding the threshold are considered as rainfall occurrences. This yields four outcomes: hits (H), misses (M), false

alarms (F), and correct negatives (C). Based on these outcomes, a series of categorical measures are computed. These include:

H F
POP= g PR E @y
H
CSl=——— 24
H+M+F’ (24)
2H-C—M-F)

395 HSS =

(H+M)(M+C)+(H+ F)(F10) 25)

These metrics evaluate the ability of the models to detect rainfall occurrence and intensity exceedance at different thresholds.
However, they are sensitive to spatial displacement errors, as small location shifts can lead to missed or falsely detected events.
To account for spatial displacement, the Fraction Skill Score (FSS) is included, which compares fractional rainfall coverage

within neighbourhood windows of radius r (Roberts and Lean, 2008):

r\2
400 FSS(r)=1-— % (26)

where f, and f, denote the fractions of observed and predicted rainfall occurrences within each neighbourhood window,
respectively. The summations are taken over all grid cells in the domain. FSS evaluates spatial agreement across scales and is
less sensitive to small spatial displacements.

All categorical metrics are computed for rainfall thresholds Ry, € {0.5, 2.0, 4.0, 8.0} mmh~1.
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Table 3. Training Configuration and Model Parameters

Parameter Value

Inputsize H x W xT'x C 128 x 128 x 16 x 1
Optimizer Adam (81 =0, B2 = 0.99)
Learning rate 1x 1074

Learning rate decay 0.99995

Batch size 12

Total training iterations 2 x 10°

Warm-up and steady phases 2x10%,5 x 104
Adversarial loss weight avgy 0.01

KL divergence loss weight ayc 0.05
Probability-matching loss weight cxpm 10.0

Training epochs 600

405 4.4 Model training setup

All experiments are conducted using input tensors of size 128 x 128 x 16 x 1, corresponding to the spatial, temporal, and
channel dimensions. Model training is implemented in PyTorch using the Adam optimizer with 1 = 0 and B2 = 0.99. The
initial learning rate is set to 1 x 10~* and decays exponentially with a factor of 0.99995. The batch size is 12.
Training is conducted for 600 epochs, comprising an initial warm-up phase of 2 x 10* iterations followed by a steady training
410 phase. All experiments are performed on a workstation equipped with an NVIDIA RTX 3080 GPU. A summary of the training
configuration is provided in Table 3.
All rainfall values are expressed in mm h~!. To reduce skewness and stabilise training, a logarithmic transformation is

applied to the raw rainfall intensity R:

log,(R/0.036
X = ogyo(12/ ) x 3, 27
0.0625
415 where X denotes the transformed rainfall intensity. This transformation compresses high-intensity values while enhancing
variability at lower intensities, resulting in a distribution that is closer to Gaussian. The transformed values are subsequently

clipped and linearly normalised to the range [0, 1] for model training.

5 Results & Discussion

The performance of the proposed framework is evaluated under two complementary settings, corresponding to controlled and
420 operational scenarios. Stage 1 examines the ability of the models to reconstruct spatial-temporal rainfall fields from sparse
observations using radar-derived data, providing a controlled benchmark for interpolation performance. Stage 2 evaluates

model performance under more realistic conditions, where only rain gauge observations are available as inputs.
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It should be noted that several training and implementation adjustments were made to DK and STDK to ensure a fairer
comparison with the proposed framework, including modifications to the input conditioning and loss formulation. These details
425 are provided in Sect. S1 of the Supplement. In addition, further event-based visual examples are included in Sect. S2 of the

Supplement to show representative results beyond the cases presented in this study.
5.1 Stage 1: Assessing interpolation using radar measurements only

In the first evaluation stage, we assess the interpolation skill of the proposed P2I-GAN and P2I-GAN+ using only radar mea-
surements, focusing purely on models’ spatial-temporal reconstruction capability. That is, radar data collocated at gauge loca-
430 tions are used to reconstruct the complete radar images, which are then evaluated using the observed radar data. Comparisons

are made against classical interpolation methods (OK, RBF) and deep-learning baselines (DK, STDK).
5.1.1 Continuous metrics

Table 4 summarises the results of the continuous measures for all interpolation methods. As seen, the proposed P2I-GAN and
P2I-GAN+ achieve the most favorable performance across all four metrics. P2I-GAN+ obtains the best MAE (0.173) and PSS
435 (0.768), while P2I-GAN results in the lowest RMSE (0.585) and the highest SSIM (0.632). The difference between these two
P2I-GAN variants is small. Compared with the best baseline results, the proposed models reduce MAE from 0.195 to 0.173—
0.174 (corresponding to an improvement of about 10.8—11.3%) and increase SSIM from 0.563 to 0.631-0.632 (corresponding
to an improvement of about 12.1-12.3%).
A direct comparison between predicted and the observed rainfall estimates (see Fig. 5) show substantial dispersion across all
440 methods, particularly at higher rainfall intensities. P2I-GAN+ and P2I-GAN achieve the highest R? values (0.493 and 0.495,
respectively), while retaining slopes comparable to RBF. Although RBF gives a slightly higher slope (0.538), its much lower
R? (0.248) indicates larger scatter and lower robustness. By contrast, DK and STDK show both lower slopes and lower R?
values, indicating weaker performance in reproducing the observed rainfall distribution. Nevertheless, all methods remain well
below the 1:1 line at higher intensities, indicating systematic underestimation of heavy rainfall, likely because sparse samples
445  at gauge locations cannot fully capture localized convective cores.
Figure 4 further confirms the advantage of the proposed models in terms of both NSE level and event-to-event stability
across the 20 test events. P2I-GAN and P2I-GAN+ perform higher central tendency, with median NSE values around 0.6,
and their mean values are also consistently higher than those of the benchmark methods. By comparison, DK and STDK have
substantially lower medians, with distributions concentrated around 0.3, suggesting limited reconstruction skill in many events.
450 RBF shows a wider spread, implying larger event-dependent variability, while OK achieves comparatively competitive NSE
values but still remains below the proposed models in terms of central performance. This suggests that the performance gains

of P2I-GAN and P2I-GAN+ are consistently observed across different rainfall events.
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455

Table 4. Summary of Stage 1 (interpolation) verification results. Performance metrics were computed using radar gridded data. Lower MAE

and RMSE indicate smaller errors, while higher PSS indicate higher distribution similarity (Boldface = best, underline = second best).

MODELS MAE | RMSE | PSS?T
(mmh~!) (mmh~1) ()

OK 0.195 0.641 0.619
RBF 0.220 0.923 0.756
DK 0.259 0.834 0.586
STDK 0.261 0.777 0.645
P2I-GAN 0.174 0.585 0.754
P2I-GAN+ 0.173 0.587 0.768

10 NSE Comparison (20 Rain Events)

SRTTLL

0.0

o

NSE
FS

-0.2 N v v v . .
P2I-GAN+ P2I-GAN DK STDK OK RBF
Methods

Figure 4. Comparison of NSE values for 20 rainfall events across different reconstruction methods.
5.1.2 Categorical Metrics

Table 5 summarises POD, FAR, CSI, and HSS scores across four rainfall thresholds. As seen, for all cases, P2I-GAN variants
achieve either the best or the second best performance. It is particularly evident in CSI and HSS at moderate and heavy

rainfall thresholds. P2I-GAN+ constantly show slight improvements over P2I-GAN at 2.0-8.0 mmh~". This demonstrates

P2I-GAN+ P2I-GAN DK STDK oK RBF
32 32 32 32 32 32
R?=0.493 R?=0.495 R?=0.290 R?=0.232 R?=0.417 R?=0.248
281 slope=0.535 281 slope=0525 281 slope=0.486 281 slope=0.344 281 slope=0.429 281 slope=0.538
24 24 24 g 24 24 244 %,
g 20 20 20 20
£
Eie 16 164, 16
-
T 12 12 12 12
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44 4 4 a4
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Figure 5. Scatter plots between predicted and true rainfall intensities across different interpolation models.
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that the orography-aware modulation provides a measurable, though limited, benefit in the interpolation-only setting. At the
highest threshold (8.0 mmh~1!), P2I-GAN+ achieves the best CSI and HSS values, reaching 0.137 and 0.241, respectively,
corresponding to improvements by about 16.1% and 15.3% over RBF (the best-performing class interpolation method).

460 The Fractions Skill Score (see Table 6) shows that P2I-GAN and P2I-GAN+ consistently outperform all reference methods
across all rainfall thresholds and all scales. The difference in performance becomes more evident at higher rainfall thresholds,
where accurate reconstruction of spatial structure is more challenging. In particular, both proposed models retain the highest
FSS values at thresholds of 4.0 and 8.0 mmh~! across all spatial scales. By contrast, DK and especially STDK show a marked
decline as the threshold exceeds 4.0 mmh ™!, where the substantially low scores indicate their poor ability to preserve spatial

465 structure of heavy rainfall.

Table 5. Categorical verification scores across four rainfall thresholds (0.5, 2.0, 4.0, 8.0 mmh ') for Stage 1 (Radar-only interpolation).

Boldface = best, underline = second best.

MODELS >0.5mmh™! >20mmh™! >40mmh~! >80mmh~!

POD FAR CSI HSS POD FAR CSI HSS POD FAR CSI HSS POD FAR CSI HSS

OK 0.755 0.161 0.659 0.738 0.447 0.258 0.387 0.540 0.258 0.326 0.230 0.370 0.105 0.465 0.096 0.175
RBF 0.786 0.198 0.658 0.734 0.555 0.379 0.414 0.565 0.380 0.571 0.252 0.398 0.206 0.785 0.118 0.209
DK 0.823 0.257 0.640 0.712 0.559 0.460 0.379 0.524 0.318 0.711 0.178 0.296 0.125 0.884 0.064 0.119

STDK 0.826 0.296 0.613 0.682 0.441 0.465 0.319 0.458 0.122 0.770 0.086 0.154 0.014 0.965 0.010 0.019
P2I-GAN  0.828 0.173 0.706 0.777 0.575 0.260 0.478 0.630 0.372 0.393 0.299 0.457 0.157 0.497 0.136 0.239

P2I-GAN+ 0.823 0.163 0.709 0.780 0.582 0.263 0.482 0.634 0.385 0.410 0.304 0.462 0.164 0.541 0.137 0.241

Table 6. FSS Scores at Multiple Rainfall Thresholds and Spatial Scales. Neighborhood spatial sizes are expressed in kilometers. Higher

values indicate better spatial structure prediction. Boldface = best, underline = second best.

THRESHOLDS >0.5mmh~! >20mmh~! >40mmh~! >8.0mmh~!

MODELS 1x1 2x2  4x4  8x8 1x1 2x2  4x4 8x8 1x1 2x2  4x4 8x8 1x1 2x2  4x4  8x8
OK 0.795 0.829 0.860 0.896 0.558 0.617 0.673 0.740 0.373 0.447 0.521 0.610 0.176 0.233 0.297 0.376
RBF 0.794 0.829 0.861 0.898 0.586 0.642 0.696 0.763 0.403 0.467 0.532 0.615 0.210 0.258 0.309 0.374
DK 0.781 0.814 0.843 0.877 0.549 0.604 0.658 0.725 0.303 0.353 0.408 0.485 0.120 0.148 0.180 0.227
STDK 0.760 0.788 0.814 0.847 0.483 0.529 0.576 0.639 0.159 0.190 0.226 0.284 0.020 0.026 0.034 0.050
P2I-GAN 0.828 0.869 0.903 0.937 0.647 0.720 0.783 0.851 0.461 0.549 0.635 0.735 0.240 0.314 0.398 0.504

P2I-GAN+ 0.830 0.872 0.906 0.939 0.650 0.723 0.786 0.853 0.466 0.554 0.640 0.739 0.242 0.316 0.401 0.509
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5.1.3 Visual Comparison

We further conduct visual inspection by comparing reconstructed rainfall fields from two selected events representing different

storm types (see Figure 6: the top panel is a summer event, while the bottom a winter event). In the summer case, both P2I-

GAN+ and P2I-GAN can better recover the rainfall structure across scales. In particular, the observed fine details are preserved

470 by both P2I-GAN+ and P2I-GAN. Both DK and STDK can capture the broad rainfall pattern but without much details. In

addition, both DK and STDK evidently show artificial artifacts, with enhanced values repeatedly appearing in similar regions
rather than varying with the event structure.

In the winter case, temporal discontinuity becomes evident in those fields generated from the OK and RBF. Abrupt variations

in spatial patterns can be clearly identified as time changes. Compared to them, both P2I-GAN+ and P2I-GAN demonstrate a

475 much better ability to maintain temporal coherency of rainfall fields across time. It is also evident that STDK tends to generate

overly smooth rainfall fields, largely underestimating high-intensity rainfall values. Additional event-based visual results from

2021-2022 are presented in Sect. S2.1 of the Supplement.
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5.2 Stage 2: Real-world gauge-derived reconstruction

In the second evaluation stage, we evaluate the proposed framework under a realistic operational scenario in which only rain-

480 gauge observations are provided as inputs, while radar fields are used for visual comparison and those gauge observations at
locations not used for model training are used for metric calculation.

Comparisons are made against geostatistical merging methods (KED, KRE) and deep-learning baselines (DK, STDK).

Notably, only KED and KRE explicitly use both radar and gauge data during calculation. All other methods —including ours—

use only gauge measurements as input, providing a fair test of each method’s ability to extrapolate from point observations.
485 5.2.1 Continuous metrics

Table 7 summarises the results of continuous measures. P2I-GAN and P2I-GAN+ achieve the lowest MAE and RMSE, with
P2I-GAN yielding the best overall accuracy (MAE = 0.279; RMSE = 0.934). These results are consistent with the interpolation-
only evaluation (Stage 1), suggesting that the proposed architecture generalises well even when applied to the more variable
gauge input. In contrast, the highest PSS is obtained by KRE (0.552), followed by KED (0.529), indicating that the current

490 model remains slightly weaker in reproducing the rainfall distribution than merging methods that directly incorporate radar
data. However, when compared with Table 4, the gap relative to the radar-based evaluation remains evident. This discrepancy
likely arises from the scale mismatch between gauges and radar: gauges measure rainfall at a point, whereas radar pixels
represent area-averaged values over roughly 1 km? (Wilson and Brandes, 1979; Gires et al., 2014). As shown in Table 1, RD
exceeds RG in some 2021 events, likely due to sampling limitations of the gauge network, since rain gauges do not always

495 capture the cores of rain cells. Together with the intrinsic scale mismatch between point measurements and area-averaged
radar pixels, this contributes to the discrepancies in gauge—radar comparison. In addition, although rainfall statistics generally
exhibit stronger variability and more pronounced extremes at point scale, localised intense cores may also be captured within a
radar pixel but missed by the rain gauge network, as gauges do not necessarily sample these small-scale extremes (Wilson and
Brandes, 1979; Moreau et al., 2009; Gires et al., 2014).

Table 7. Summary of Stage 2 (gauge-based and merging) verification results. Performance metrics were computed using independent gauges
not used for model training or data merging. Lower MAE and RMSE indicate smaller errors, while higher PSS indicate higher distribution

similarity (Boldface = best, underline = second best).

MODELS MAE | RMSE| PSS1
(mmh~!)  (mmh=YH (-

KED 0.304 0.987 0.529
KRE 0.327 1.014 0.552
DK 0311 1.016 0.302
STDK 0.355 1.120 0.376
P2I-GAN 0.279 0.934 0.484
P2I-GAN+ 0281 0970 0483
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500 Figure 7 further compares the rainfall-intensity distributions in Stage 1 and Stage 2. In Stage 1, RBF and DK follow the
observed distribution more closely at the highest intensities, whereas most other methods show a clearer decay in the tail,
indicating underestimation of extreme rainfall. This pattern may appear inconsistent with the PSS results in Table 4, where
P2I-GAN and RBF show stronger overall distributional performance. A likely reason is that PSS is dominated by the bulk
of the distribution and is therefore less sensitive to tail behaviour at rare extreme values. At the same time, Figures 6 and 10

505 show consistent artificial artifacts across different frames for DK and STDK, suggesting that these models partly maintain
the overall distribution by repeatedly introducing similar artificial patterns in each frame. This implies that, although their
overall distributions may appear reasonable, their accuracy in representing extreme rainfall remains limited. In Stage 2, the
distributional behaviour changes. KRE and KED shows a slightly better representation of the high-intensity tail, while P2I-
GAN retains relatively better performance in the extreme range than most other methods. The advantage of DK becomes less

510 evident in this stage, and STDK shows a rapid decay at higher rainfall intensities, indicating much weaker representation of
extremes.

Figure 8 compares the NSE distributions of different methods across the 10 selected rainfall events. Compared with Fig. 4, all
DL-based methods show a certain degree of performance degradation. Among these methods, KED achieves the strongest over-
all performance, with a median NSE value of approximately 0.48, while KRE follows closely with a median NSE value around

515 0.40. For the proposed DL-based methods, P2I-GAN and P2I-GAN+ show median NSE values around 0.40 with relatively
narrow interquartile ranges. This indicates that their outputs remain close to the merging-based methods while maintaining
more stable event-to-event performance. These results demonstrate the practical potential of the proposed models, especially
in situations where real-time radar observations are unavailable. By contrast, DK and STDK produce lower central NSE values,

particularly STDK, whose distribution is concentrated at lower scores, suggesting weaker reconstruction skill for these selected

520 events.
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Figure 7. Probability distributions of rainfall intensity for the ground truth (Obs) and the reconstructed fields obtained by different models.
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Figure 8. Comparison of NSE values for 10 rainfall events across different reconstruction methods.

The scatter plots in Fig. 9 show substantial dispersion and systematic underestimation across all merging models, consistent

with the behaviour already seen in Fig. 5. Among the methods under comparison, P2I-GAN achieves the highest R? (0.518),
followed closely by P2I-GAN+ (0.509), indicating that the proposed models retain the strongest consistency in the merging
setting. In contrast, STDK yields the steepest fitted slope (0.576), followed by KRE (0.558) and KED (0.546), suggesting a

525 relatively stronger response to increasing observed rainfall intensity. KED and KRE also outperform DK and STDK in terms
of R?, showing that these merging methods provide a more balanced relationship between spread and trend than the other
traditional baselines. This behaviour is also broadly consistent with Fig. 7, where KED and KRE better preserve the rainfall
distribution. Overall, the results indicate that KED and KRE still perform better in terms of distributional preservation and
overall merging stability, while the deep learning-based methods show comparable potential in terms of event-wise consistency,

530 as reflected by their higher R? values.
5.2.2 Categorical Metrics

Table 8 summarizes POD, FAR, CSI, and HSS for the real-world gauge-derived reconstruction setting (Stage 2). At lower
thresholds, KED attains the strongest overall performance, achieving the best CSI and HSS at 0.5 and 2.0 mmh~!. STDK

3 P2I-GAN+ P2I-GAN DK STDK KRE

R?=0.509
slope=0.499 28

KED

R:=0.518
slope=0.527

R:=0.428 R?=0.383
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Figure 9. Scatter plots between predicted and observed rainfall for different merging models.
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Table 8. Categorical verification scores across four rainfall thresholds (0.5, 2.0, 4.0, 8.0 mmh ™) for Stage 2 (gauge-derived reconstruction).

Boldface = best, underline = second best.

MODELS >0.5mmh™?! >20mmh™! >40mmh~! >80mmh™?!

POD FAR CSI HSS POD FAR CSI HSS POD FAR CSI HSS POD FAR CSI HSS

KED 0.712 0.292 0.550 0.630 0.585 0.309 0.464 0.612 0.322 0.430 0.259 0.404 0.194 0.636 0.145 0.251
KRE 0.677 0.318 0.514 0.592 0.594 0.365 0.443 0.590 0.360 0.491 0.267 0.413 0.231 0.598 0.172 0.292
DK 0.584 0.211 0.505 0.598 0.539 0.322 0.429 0.577 0.363 0.525 0.259 0.401 0.140 0.704 0.105 0.188

STDK 0.634 0.272 0.512 0.597 0.623 0.458 0.408 0.549 0.410 0.645 0.235 0.368 0.102 0.873 0.060 0.111
P2I-GAN  0.589 0.199 0.514 0.607 0.535 0.285 0.441 0.590 0.377 0.369 0.309 0.465 0.177 0.554 0.145 0.253
P2I-GAN+ 0.559 0.185 0.496 0.592 0.502 0.266 0.425 0.575 0.350 0.365 0.291 0.444 0.177 0.441 0.156 0.268

yields the highest POD at 2.0 and 4.0 mmh~!, indicating stronger hit rates, but this advantage is accompanied by much higher

535 FAR and weaker overall CSI and HSS. At 4.0 mmh~!, P2I-GAN becomes the best-performing method in terms of CSI and
HSS, suggesting that it is more effective for moderate rainfall events. At the highest threshold of 8.0 mmh~?, however, KRE
achieves the best performance, while P2I-GAN+ provides the lowest FAR and the second-best CSI and HSS. Overall, KED and
KRE still perform better in terms of overall categorical skill and stability across thresholds, whereas the deep learning-based
methods show competitive or even superior potential for moderate to intense events.

540 The benefit of the orography-aware modulation becomes clearer at the highest threshold. At 8 mmh~!, P2I-GAN+ improves
FAR from 0.554 to 0.441, CSI from 0.145 to 0.156, and HSS from 0.253 to 0.268 relative to P2I-GAN, corresponding to a
markedly lower false alarm rate and gains of about 7.6% and 5.9% in CSI and HSS, respectively. This suggests that, although
the advantage of P2I-GAN+ is limited at lower rainfall thresholds, it contributes more clearly to the detection of intense rainfall

events.
545 5.2.3 Visual Comparison

Here we compare the reconstructed fields from six selected methods for representative summer and winter events. As seen in
Fig. 10, the radar reference and gauge inputs are not always consistent in either spatial coverage or rainfall intensity at a given
time. In this setting, the gauge maps are mainly used to show the sparse input observations, whereas the radar fields serve as a
visual reference for the realism of the reconstructed rainfall patterns.

550 For both events, P2I-GAN+ and KRE produce comparatively more realistic visual structures. DK and STDK again show
persistent artificial artifacts across frames, consistent with the behaviour already noted in Stage 1. DK can recover the broad
rainfall structure, whereas STDK produces smoother fields. KED yields relatively blurred patterns overall. By contrast, the
advantage of P2I-GAN becomes more evident in the case, where the observations are sparse and fragmented, and yet the

model maintains relatively stable generation with temporal continuity. Overall, P2I-GAN, using only gauge observations as
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555 input, produces rainfall fields with visual realism comparable to KRE while retaining more stable temporal evolution, especially
in the convective event with limited observations. More event-based visual comparisons can be found in Sect. S2.2 of the

Supplement.
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Figure 10. Reconstruction examples for summer and winter rainfall events (selected manually according to their occurrence times), compar-

ing outputs from multiple radar-gauge merging methods over time.
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6 Conclusions

This study presents P2I-GAN, a deep generative framework that reformulates rainfall interpolation as a video-inpainting prob-

560 lem, enabling the reconstruction of spatial-temporal rainfall fields from highly sparse and irregular rain-gauge observations.
By integrating an IDW-based initialisation, a U-Net generator, and dual spatial-temporal discriminators, the model learns rain-
fall evolution patterns purely from historical radar imagery and applies them to gauge-only inputs. A variant of the model,
P2I-GAN-+, further incorporates orographic modulation to account for topographic-induced rainfall variability.

Through extensive experiments, including both interpolation-only and real-world gauge-driven reconstruction settings, we

565 demonstrate that the proposed models consistently outperform classical interpolation methods and provide competitive results
as established radar—gauge merging techniques. Improvements are evident in pixel-wise accuracy, spatial structural similarity,
categorical skill scores, and visual consistency. Notably, the model achieves these gains without requiring radar fields at in-
ference, demonstrating that spatial-temporal representations learned from radar can generalise effectively to gauge data. This
capability is particularly valuable for operational hydrology, where radar may be unavailable, or too expensive to deploy.

570 Despite these strengths, limitations remain. The model exhibits mild smoothing and underestimation of extreme intensities,
reflecting challenges inherent to sparse inputs and highly skewed rainfall distributions. Future work will explore enhanced
decoder architectures, such as cascade modulation, multi-threshold edge conditioning, and multifractal-based constraints, to
better capture sharp gradients and localised extremes. Overall, the proposed framework provides a practical and scalable solu-
tion for generating high-resolution rainfall fields from sparse observations, with strong potential for real-time flood forecasting,

575 urban hydrology, and applications in data-scarce regions. Validation of the retrieved rainfall fields can also be updated in future
work. It could incorporate multifractal analysis to better check if the expected scale invariant features and variability across

scales are indeed properly simulated, as well as hydrological validation, to confirm water amount distribution at ground level.

Code and data availability. The code used to train the models, perform rainfall field reconstruction, compute evaluation metrics, and produce

the figures and tables in this manuscript is archived at https://doi.org/10.5281/zenodo.19503192(Wang et al., 2026). This release corresponds

580 to the version of the P2I-GAN benchmark framework used for the experiments presented in this study. All scripts are implemented in Python

and include model training, inference, interpolation, merging, verification, and visualization components required to reproduce the reported
results.

The rainfall datasets used in this study are available at https://doi.org/10.5281/zenodo.17181918 (Lin et al., 2025), which provides 5-min

gauge records, including 5-min EA-ST rainfall observations for 2021. The EA-ST dataset in the Zenodo record has been reformatted into

585 CSV (Comma-Separated Values) files. The NIMROD radar data used in this study were produced by the Met Office NIMROD system and

were accessed via the Centre for Environmental Data Analysis (CEDA) Archive under the Met Office weather-data access route. Access to

these radar data requires user registration with CEDA and approval under the relevant access conditions.
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