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School of Software, Henan University, Kaifeng 475004, China

Abstract

Radar-based precipitation nowcasting must preserve the location, intensity, and spatial organization of rapidly
evolving precipitation while maintaining skill at operationally relevant thresholds. This study introduces
Precip-UNetGAN, a 0-30 min radar nowcasting framework designed to reduce smoothing of localized
high-intensity echoes and the mismatch between pixel-wise training objectives and event-based verification
metrics. The generator combines a UNet encoder—decoder with multi-scale spatial attention, while adversarial
learning constrains the spatial realism of predicted precipitation structures. A metric-oriented objective
combines reflectivity-weighted mean squared error with a time-weighted differentiable critical success index
(Soft-CSI). On the Royal Netherlands Meteorological Institute dataset, Precip-UNetGAN achieved the highest
critical success index and Heidke skill score among the evaluated baselines at thresholds of 0.5, 2, 5, and 10 mm
h(*{-1}), with the clearest gains for moderate-to-heavy precipitation. Experiments on the Shanghai radar dataset
reproduced the same overall ranking after dataset-specific training, indicating cross-dataset reproducibility while
confirming the need for local calibration. Overall, combining scale-aware feature selection with
threshold-oriented optimization improves the retention of intense precipitation structures and balances detection

against false alarms, providing a practical basis for further development of short-term radar nowcasting.
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1. Introduction

Precipitation nowcasting supports flash-flood warning, urban drainage management, aviation operations, and

short-fuse severe-weather alerts. The central scientific and operational difficulty is not simply to extrapolate

radar echoes, but to represent the coupled displacement, deformation, growth, and decay of precipitation

systems over short lead times. This difficulty is particularly acute for localized convective cells, whose

high-reflectivity cores occupy a small fraction of the radar domain but dominate hydrometeorological impacts.

Optical-flow and advection-based methods represent translation efficiently, yet their underlying persistence

assumptions limit their ability to describe rapid intensification, splitting, merging, and dissipation (Germann and

Zawadzki 2002; Sakaino 2013; Sun et al. 2014; Woo and Wong 2014).

Deep-learning models can learn nonlinear mappings from recent radar sequences to future precipitation fields,

but three limitations remain important for atmospheric applications. First, pixel-wise losses tend to favor the

dominant no-rain and weak-rain pixels, producing smooth forecasts and underestimating compact high-intensity

echoes. Second, precipitation systems span multiple spatial scales: broad stratiform regions, embedded

convective cores, and narrow boundaries must be represented simultaneously. Third, minimizing mean error

does not necessarily improve event-based scores used in warning operations, including the critical success index

(CSI), which measures the overlap of forecast and observed events; probability of detection (POD), which

measures the fraction of observed events that are detected; precision, which measures the fraction of forecast

events that are observed; and the Heidke skill score (HSS), which measures categorical forecast skill relative to
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random agreement. Consequently, a model may produce visually plausible fields while still missing threshold

exceedances that matter for warnings, or it may increase detection at the cost of excessive false alarms.

This study therefore examines whether scale-aware spatial attention, adversarial structural constraints, and direct

optimization of differentiable event scores can jointly improve the representation of precipitation intensity and

morphology. Precip-UNetGAN uses a UNet generator to retain fine and coarse spatial information, a multi-scale

attention module to emphasize spatially sparse precipitation structures, and a discriminator to discourage

unrealistic smoothing. Its loss function gives greater weight to moderate and heavy precipitation in reflectivity

space and directly optimizes a time-weighted Soft-CSI across multiple rain-rate thresholds. The analysis focuses

not only on aggregate performance, but also on how forecast skill changes with precipitation intensity and lead

time, what type of error is reduced, and whether the behavior transfers between the Netherlands and Shanghai

radar datasets.

1. The study formulates radar nowcasting as a joint problem of preserving multi-scale precipitation structure and

detecting threshold exceedances, rather than as pixel-wise image reconstruction alone.

2. A reflectivity-weighted reconstruction loss and a time-weighted Soft-CSI objective are introduced to counter

class imbalance and align training with operational verification at 0.5, 2, 5, and 10 mm/h.

3. Experiments are interpreted by precipitation intensity, lead time, error type, and region, allowing the physical

and operational implications—and the limits of transferability—to be assessed.

2. Related Work

Radar-based precipitation nowcasting has gradually evolved from motion-based extrapolation to data-driven

spatiotemporal prediction. Optical-flow and advection-based methods efficiently describe the displacement of

existing radar echoes, but their persistence assumptions limit their ability to represent precipitation growth,
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decay, splitting, and merging (Germann and Zawadzki 2002; Sakaino 2013; Sun et al. 2014; Woo and Wong

2014). Deep-learning methods attempt to overcome these limitations by learning nonlinear mappings from

recent radar observations to future precipitation fields.

Recurrent spatiotemporal models form an important class of deep-learning nowcasting methods. ConvLSTM

introduced convolutional state transitions to jointly represent spatial and temporal dependencies (Shi et al. 2015),

while TrajGRU, PredRNN, and Memory-in-Memory further improved nonlinear motion modeling and temporal

memory (Shi et al. 2017; Wang et al. 2019, 2023a). Recent studies have incorporated attention, multi-scale

processing, and lightweight recurrent units to improve local feature retention and computational efficiency (Liu

et al. 2025; Wang et al. 2025; Cheng et al. 2025; Wu et al. 2025). Nevertheless, recurrent forecasts often become

progressively smoother with increasing lead time, resulting in the attenuation of localized high-intensity echoes.

Convolutional encoder—decoder models provide an alternative approach to preserving precipitation structures at

multiple spatial resolutions. UNet-based architectures use hierarchical feature extraction and skip connections to

combine broad precipitation organization with local spatial detail (Ronneberger et al. 2015). RainNet,

Broad-UNet, and SmaAt-UNet have demonstrated the effectiveness of fully convolutional, multi-scale, and

attention-based designs for radar nowcasting (Ayzel et al. 2020; Fernandez and Mehrkanoon 2021; Trebing et al.

2021). However, multi-scale feature extraction alone does not resolve the strong imbalance between widespread

weak precipitation and spatially sparse intense echoes. When conventional pixel-wise losses dominate training,

predicted fields may still exhibit weakened precipitation cores and blurred boundaries.

Generative adversarial learning has therefore been introduced to reduce the excessive smoothing associated with

deterministic regression. By constraining generated fields to resemble the spatial distribution of observations,

GAN-based methods can improve the continuity and sharpness of predicted radar echoes (Goodfellow et al.
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2014; Isola et al. 2017; Ravuri et al. 2021; Wang et al. 2023b). Attention- and transformer-based models,

including Rainformer and AA-TransUNet, further enhance global dependency modeling, while NowcastNet,

SFTFormer, and MDTNet incorporate physical evolution information or frequency-domain representations (Bai

et al. 2022; Yang and Mehrkanoon 2022; Zhang et al. 2023; Xu et al. 2024; Zhao et al. 2024). However, visually

realistic or structurally sharp forecasts do not necessarily achieve accurate intensity calibration or improved

threshold-based verification scores.

Despite these advances, three related challenges remain. First, rare moderate-to-heavy precipitation pixels are

easily suppressed by the dominant no-rain and weak-rain background. Second, precipitation systems contain

broad rain areas, compact convective cores, and sharp boundaries that must be represented at different spatial

scales. Third, commonly used pixel-wise objectives are not directly aligned with categorical verification metrics

such as the critical success index, probability of detection, precision, and Heidke skill score. Precip-UNetGAN

addresses these challenges by combining multi-scale spatial attention, adversarial structural constraints,

reflectivity-weighted reconstruction, and differentiable metric-oriented optimization. Its performance is

evaluated across precipitation intensity, forecast lead time, error trade-offs, and two regional radar datasets.

3. Model

In this section, a precipitation field denotes a two-dimensional grid of radar-derived surface rain rate. Rain rate

is denoted by R or r and is expressed in millimetres per hour (mm/h). A forecast lead time is the elapsed time

between the latest input observation and the predicted field; the model uses 12 input fields separated by 5 min

and predicts six fields at lead times of 5, 10, 15, 20, 25, and 30 min. The generator G maps the historical

sequence to the forecast sequence, whereas the discriminator D returns the probability that an input field is

observational rather than generated.
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Precip-UNetGAN maps 12 consecutive radar-derived precipitation fields to six forecasts at 5-min intervals. The

framework contains a UNet generator, multi-scale spatial attention, and a convolutional discriminator (Fig. 1).

The generator represents the evolving precipitation field at several spatial scales; attention increases the

contribution of spatially sparse but meteorologically important echo regions; and adversarial training penalizes

structurally implausible outputs. The joint objective combines intensity-sensitive reconstruction and

threshold-based event detection. Detailed architectural specifications are provided in Supplementary Figs. S1—

S3 and Supplementary Table S3, while the main scientific role of each component is summarized below.

The model is designed around three forecast-error mechanisms. Multi-scale attention addresses the coexistence

of broad precipitation shields and compact convective cores. The discriminator addresses the tendency of

regression models to average uncertain futures and blur echo boundaries. The dBZ-weighted and Soft-CSI terms

address the under-representation of rare intense pixels and the mismatch between continuous reconstruction

error and categorical warning metrics. The method remains data-driven and does not explicitly solve

atmospheric governing equations; therefore, “physical plausibility” in this study refers to consistency with

observed radar morphology and intensity distributions rather than explicit dynamical conservation.

3.1 Multi-Scale Attention-Guided Generative Adversarial Extrapolation Network

Radar-based precipitation nowcasting requires the simultaneous representation of broad precipitation systems,

compact convective cores, and sharp echo boundaries. These structures occur at different spatial scales and evolve

differently with forecast lead time. Pixel-wise regression models often average over uncertain future states, which

can attenuate high-intensity echoes and blur precipitation boundaries. To reduce these errors, the proposed

multi-scale attention-guided generative adversarial network combines a UNet generator, a multi-scale spatial

attention module, and a convolutional discriminator.
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Let X € RN(T_inxHxW) denote the historical precipitation sequence, where T in = 12 is the number of input

times and H and W are the grid height and width, respectively. The generator G maps X to the predicted sequence

7= G

where Y € RMNT_outxHxW) contains T out = 6 forecast fields at lead times of 5, 10, 15, 20, 25, and 30 min. The

corresponding observed sequence is denoted by Y.

Feal data

Input data

—b Generator — 1 s e e el |

+ Generatered data G_lo=s

Fig. 1 Overview of Precip-UNetGAN. Twelve historical precipitation fields are used to predict six future fields

at 5-30 min lead times, with adversarial training providing a structural constraint.

The generator follows a UNet encoder-decoder structure. The encoder progressively reduces spatial resolution

while extracting precipitation features at increasingly broad spatial scales. The decoder restores the original grid

resolution and combines deep features with encoder features through skip connections. This design allows

large-scale precipitation organization to be represented together with local gradients and compact echo structures.

To increase the contribution of spatially sparse but meteorologically important precipitation regions, a multi-scale

spatial attention module is applied to intermediate generator features. Let U € RNCxH_sxW_s) denote an input

feature map at a given network resolution, where C is the number of feature channels and H s and W_s are the
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corresponding spatial dimensions. Channel-wise average pooling and channel-wise maximum pooling are first

applied to U, producing two spatial descriptors:

U avg = AvgPool c(U)(2)

U_max = MaxPool c(U)(3)

S=[U avg; U max](4)

where AvgPool ¢ and MaxPool c denote pooling along the channel dimension, and [U_avg ; U max] denotes

concatenation along the channel dimension.

The spatial descriptor S is then processed by three convolution branches with kernel sizes 3 x 3,5 x 5, and 7 x 7.

Their outputs are denoted by F, , where k € {1, 2, 3} identifies the spatial scale:

Fy = o(BN(Conv_k(S)))(5)

o =2 pef]  NLO< o <1, YN, 0 =1(6)

N exp(wp)’

A= 0 - Fy (7)

U=UQ A(8)

Here, N = 3 is the number of convolution branches, i is the summation index, and exp(-) denotes the exponential
function. The fused spatial attention map is denoted by A. The attention-enhanced feature map U is obtained by
element-wise multiplication, where O denotes the Hadamard product. Through this operation, the network can
increase the influence of compact heavy-precipitation cores and strong spatial gradients without discarding the
broader precipitation background. The attention module therefore addresses the coexistence of precipitation

structures at different spatial scales rather than merely increasing network complexity.



160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

176

177

178

179

A convolutional discriminator D is introduced to reduce the excessive smoothing commonly produced by
regression-only training. The discriminator receives either an observed precipitation field Y or a generated field Y

and returns the probability that the input originates from the observational distribution:

D(Y) €10, 1](9)

D(Y) € [0, 1](10)

Values close to 1 indicate that the discriminator considers the input observational, whereas values close to 0
indicate that it considers the field generated. During training, the discriminator is optimized to distinguish
observed and generated fields, while the generator is optimized to produce forecasts that are difficult to
distinguish from observations. The adversarial constraint complements the intensity-based reconstruction losses

by penalizing unrealistic spatial discontinuities, diffuse boundaries, and implausible echo textures.

The scientific roles of the three components are distinct. The UNet architecture retains information across coarse
and fine spatial resolutions; the multi-scale attention module emphasizes sparse precipitation structures whose
contribution may otherwise be suppressed by the dominant weak-rain background; and the discriminator
discourages spatial smoothing caused by averaging uncertain future states. The framework remains data-driven
and does not explicitly represent atmospheric dynamics or microphysical processes. Consequently, improved
structural realism refers to closer agreement with observed precipitation morphology and intensity organization,

rather than explicit physical conservation or causal representation of storm development.

3.2. dBZ-Weighted Mean Squared Error Loss (DBL)

The conventional mean squared error (MSE), defined as the mean of squared differences between predicted and
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observed values, is easily dominated by the large proportion of no-rain and weak-precipitation pixels. To
increase sensitivity to different precipitation intensities, this study introduces the dBZ-weighted MSE loss
(DBL). Here, R denotes surface rain rate in mm /h, which represents the depth of liquid precipitation that would
accumulate in one hour if the instantaneous rate remained constant. Z denotes the radar reflectivity factor in
mm® /m3, a quantity proportional to the sixth moment of the hydrometeor diameter distribution under
Rayleigh-scattering assumptions. Radar reflectivity is reported on the logarithmic decibel scale dBZ, defined
relative to 1 mm®m?; larger dBZ values generally indicate stronger radar echoes. The empirical Marshall—

Palmer Z-R relation uses the positive coefficients a and b to convert R to Z.

With a denoting the multiplicative coefficient and b the exponent in the empirical Z-R relation, the reflectivity
factor is calculated as:

Z=aR® (11)
For the Marshall-Palmer relation used here, a = 200 and b = 1.6. These coefficients provide a common
conversion for stratiform rain, although their optimal values can vary with precipitation type, drop-size

distribution, and region.

Subsequently, the reflectivity factor is converted into the dBZ representation through a logarithmic

transformation, which can be written as:

The logarithmic reflectivity value dBZ is then obtained from Z, where log10(-) denotes the base-10 logarithm:

dBZ=10log,,(Z) (12)

By substituting Equation (11) into Equation (12), the complete mapping from mm /h to dBZ can be obtained as:

Substituting a = 200 and b = 1.6 into the preceding two equations gives the direct mapping from rain rate R to

dBZ:
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dBZ=10log,,(200-R"*)=10log, ,(200)+16log ,(R) (13)

After the mapping from mm/h to dBZ is completed, the error term is weighted according to the intensity interval
to which the ground-truth dBZ value belongs. Specifically, the dBZ range is divided into several intervals, and
adjustable weights W1, W2, W3, and W4 are assigned to different intervals, thereby constructing the weighted

MSE loss as follows:

Let Z denote the observed (ground-truth) reflectivity in dBZ and let Z denote the predicted reflectivity in dBZ.
Let W(Z) be a dimensionless piecewise weight determined by the observed intensity interval, E[-] the mean over
the samples and pixels included in the loss, and %w-pmsethe resulting weighted reconstruction loss. It is
defined as:

Pow-mse=E[W(2)(Z-2)*] (14)

The weighting function uses four positive dimensionless coefficients W1, W2, W3, and W4. Larger coefficients

assign a greater training contribution to rarer, stronger echoes.

The four reflectivity intervals are separated at 25, 40, and 60 dBZ. With Z representing the observed reflectivity,

the weighting function is:

W1, Z<25dBZ,

W2, 25dBZ <£Z7Z <40dBZ, (15)
W3, 40dBZ <Z < 60dBZ,

W4, Z = 60dBZ.

W(Z) =

3.3. Time-Weighted Soft-CSI Loss

The critical success index (CSI) is a dimensionless categorical verification score that measures the overlap

between forecast and observed precipitation events while penalizing both false alarms and misses. Conventional

CSI uses a hard rain-rate threshold and is non-differentiable. The proposed time-weighted Soft-CSI replaces the

hard event indicator with a differentiable approximation and assigns explicit weights to forecast lead times.
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Let Yt denote the predicted rain-rate field and Yt the observed rain-rate field at forecast time index t, both in

mm/h. Let 0 be a rain-rate threshold in mm/h, o(x) = s ! the Sigmoid function, and t > 0 a temperature

exp(=x))

. . . Y. . . o
parameter with the same unit as rain rate so that ——is dimensionless. The soft forecast-event indicator p,gand
T 0

soft observed-event indicator g , take values in [0, 1] and approximate whether the corresponding field exceeds

P =0 (@)( 16)

8o~ O (YtT_e)(”)

A smaller t produces a sharper transition that more closely approximates hard thresholding, whereas a larger ©

produces a smoother transition.

Using p,, and g, define the soft true-positive amount TP;q soft false-positive amount FP;g and soft
false-negative amount FN, . TP represents forecast-observation agreement above the threshold, FP represents
forecast exceedance without observed exceedance, and FN represents observed exceedance without forecast

exceedance. E[-] denotes averaging over the batch and spatial dimensions:

TP =E [p, 20| (18)
FP=E [p, - (1-g,0)|(19)
FNo=E [(1-p )2, |(20)

where E[.] denotes the averaging operation over both the batch dimension and the spatial dimensions, that is,

the mean value over all pixel locations of all samples in a batch, which can be expressed as:

For an arbitrary field f, let B be the batch size, H and W the grid height and width in pixels, b the sample index,

and i1 and j the row and column indices. The value at location (i, j) of sample b is fb,i,j. The averaging operator
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is:
1
E[ :m&?:l i j\zl f,1j(21)
This normalization makes TP, FP, and FN comparable across batches and grid sizes.

Based on the above definitions, the differentiable Soft-CSI metric can be further formulated as:

Let € > 0 be a small dimensionless numerical constant that prevents division by zero. The differentiable

Soft-CSI at time t and threshold 6 is:

B TP g
507 TP, g +FP g +FN gt

CSI (22)

The resulting Soft-CSI is dimensionless and approaches the conventional CSI as the soft indicators approach

binary values.

Let T denote the number of forecast times, t € {1, ..., T} the forecast-time index, and a > 0 a dimensionless
exponent controlling how strongly later lead times are emphasized. The normalized temporal weight

assigned to time t is denoted by w:

t(l

l¢T
72k K

(23)

W=
In this study o = 0.5. The denominator normalizes the weights so that their mean over the T forecast times
equals 1, preventing a change in the overall loss magnitude.

Let ® denote the set of rain-rate thresholds and |®] its number of elements.

With ® = {0.5, 2, 5, 10} mm /h, the time-weighted Soft-CSI loss Zrw_soncsil 1s the average of 1 —
CSl;y over all forecast times and thresholds:

1
Lrw-softcSI= Tel Yo Yoo Wi (1-CSIi)(24)

Let Zsdenote the total generator objective, %rw-soricsithe dBZ-weighted reconstruction loss, #rw-soncsi the

time-weighted event loss, and & GAN the adversarial generator loss supplied by the discriminator. The
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dimensionless coefficients Apws Acgiand A,q, control the relative contributions of these three terms. The total

objective is:

L= ow Low-mse st Zrw-soricsi rady ZGan(25)

3.4. Training Procedure

During the training stage, the maximum number of epochs was set to 200, the batch size was set to 8, and the

Adam optimizer was employed for parameter updating. The model was trained end-to-end under a generative

adversarial learning framework, in which the parameters of the generator and discriminator were updated

alternately. The generator takes historical radar echo sequences as input and outputs precipitation forecasts for

multiple future time steps. The discriminator takes both real echoes and generated echoes as input and

determines their authenticity, thereby providing adversarial constraint signals to the generator. During training,

the parameters of the generator were first fixed while the discriminator was updated to improve its ability to

distinguish real samples from generated ones. Subsequently, the discriminator parameters were fixed, and the

generator was updated by minimizing the generator loss so that the forecasting quality could be progressively

improved through the adversarial game.

The training objective of the generator consists of multiple loss terms, including the dBZ-weighted mean

squared error loss, the time-weighted Soft-CSI loss and the adversarial loss. Among them, the time-weighted

Soft-CSI loss directly optimizes event-level forecasting performance by using a Sigmoid-based soft-threshold

approximation. The threshold set was defined as ® = {0.5, 2, 5, 10}, and the exponent parameter for temporal

weighting was set to o = 0.5 to balance the relative importance of different forecast lead times. The temperature

parameter T = 0.5 was used to control the smoothness of the soft-threshold transition. The dBZ-weighted mean

squared error loss maps the precipitation rate into the dBZ space through the Z-R relationship and applies
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piecewise weights W1-W4 to strengthen the constraints on moderate-to-heavy precipitation regions. These loss

terms are linearly combined through weighting coefficients so as to achieve a balance among numerical

accuracy, spatial structure, and event-level forecasting performance. Overall, through the joint optimization of

multiple loss terms and the adversarial training mechanism, the model is able to learn the spatiotemporal

evolution patterns of radar echoes and generate precipitation forecasts that perform favorably in terms of

intensity distribution, spatial structure, and operational evaluation metrics.For the rare r > 10 mm/h experiment,

Precip-UNetGAN was trained separately using a stronger dBZ-weighting configuration to increase the

contribution of high-intensity precipitation pixels. The corresponding weighting coefficients are provided in

Supplementary Table S2.

4. Experiments

4.1. Datasets

The primary dataset was obtained from the Royal Netherlands Meteorological Institute (KNMI) and follows the

data configuration used by Trebing et al. (2021). Here, a 5-min precipitation accumulation is the liquid-water

depth accumulated during the preceding 5 min, expressed in millimetres (mm). It contains 5-min radar-derived

precipitation accumulations over the Netherlands and surrounding areas from 2016-2019. The composite is

based on two C-band Doppler radars, where C-band denotes microwave wavelengths of approximately 4-8 cm,

at De Bilt and Den Helder and is gauge-adjusted. Each original grid contains 765 % 700 pixels at 1-km spacing;

pixel values represent precipitation accumulated during the preceding 5 min in units of 0.01 mm. Thus, the

model predicts radar-derived surface precipitation estimates rather than raw reflectivity volumes.

Images were screened for invalid regions, center-cropped to 288 x 288 pixels, and normalized for model

training. Each sample contains 12 input fields (60 min of history) and six target fields (30 min of forecast) at
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5-min intervals. Data from 2016-2018 were used for training (314,940 images), and 2019 was held out for

testing (105,003 images). The temporal split prevents individual storm sequences from appearing in both

training and test data.

Transferability was evaluated with a Shanghai radar dataset previously used by Wang et al. (2025). The domain

covers 501 km x 501 km around Shanghai and contains more localized and intense short-duration precipitation

than the KNMI dataset. The fields were resampled to 288 x 288 pixels and divided into 4,795 training, 792

validation, and 1,048 test sequences. Because spatial resolution, temporal resolution, radar characteristics, and

precipitation climatology differ between the two datasets, this experiment evaluates cross-dataset reproducibility

after dataset-specific training rather than zero-shot transferability.

The KNMI data are publicly available through the KNMI open-data platform under the stated data license.

Access to the Shanghai dataset is governed by the Shanghai Central Meteorological Observatory and the

conditions described in the original dataset publication.

4.2. Evaluation Metrics and Threshold Definitions

Forecast verification was performed at rain-rate thresholds r of 0.5, 2, 5 and 10 mm/h, where r denotes

radar-derived surface precipitation rate. At a selected threshold, each grid cell is classified as an event when r is

greater than or equal to the threshold. TP is the number of hits (forecast event and observed event), FN the

number of misses (no forecast event but an observed event), FP the number of false alarms (forecast event but

no observed event), and TN the number of correct negatives (neither forecast nor observed event). All four

quantities are non-negative counts. The critical success index (CSI), probability of detection (POD), precision,

and Heidke skill score (HSS) are dimensionless. CSI measures event-area overlap, POD measures the detected
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fraction of observed events, precision measures the observed fraction of forecast events, and HSS measures

categorical skill after removing agreement expected by chance.

Using the above contingency-table counts, the categorical metrics are defined below. Larger CSI, POD,
precision, and HSS generally indicate better performance, although POD and precision should be interpreted

together because increased forecast area can raise POD while reducing precision.

CSI is the ratio of hits to the union of forecast and observed events:

CSI= P 26
_TP+FP+FN( )

HSS compares the number of correct categorical forecasts with the number expected from random agreement:

2(TP-TN-FP-FN)

HSS= (TP+FN)(FN+TN)+(TP+FP)(FP+TN)

@7

POD is the fraction of observed events that are successfully detected:

POD=

28
TP+FN (28)

Precision is the fraction of forecast events that are observed:

Precision= 29
TP+FP( )
The structural similarity index measure (SSIM) is a dimensionless image-comparison metric that evaluates
agreement in mean intensity, contrast, and local spatial structure. Let ¥ denote the continuous predicted
precipitation field and Y the corresponding observed field. Let i Y and p_Y be their mean values, o Y2 and

6_Y? their variances, and 6_Y'Y their covariance. C1 and C2 are small positive stabilization constants with units

chosen to match the squared field values. SSIM is calculated as:

T v CHeuytC(2ogy+Cr)
SSIM(Y.Y) <u%+uzy+cl>(c%+ozv+cz)‘3o)

SSIM is typically bounded above by 1, with 1 indicating identical fields. In this study it complements the
threshold-based categorical metrics by assessing the preservation of precipitation morphology and intensity

organization.
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4.3. Forecast Skill across Intensity, Lead Time, and Region

Tables 1-4 summarize the mean categorical scores on the KNMI test set. The results at 0.5, 2, and 5 mm/h use

the standard dBZ-weighting configuration, whereas the r > 10 mm/h results are obtained from a separately

trained configuration with stronger weighting of high-intensity echoes, as detailed in Supplementary Table S2.

Table 1

Average values of different evaluation metrics for different models on the KNMI dataset averaged over the six

5-min lead times for r > 0.5 mm/h. CSI, POD, HSS, and precision are dimensionless; higher values are better.

Algorithm CSIt POD?® HSS? Precision?
Precip-UNetGAN 0. 721 0. 851 0.720 0. 840
SmatUnet 0. 687 0. 869 0. 695 0. 764
Predrnn 0. 605 0. 692 0.629 0.822
ConvLstm 0.617 0.921 0.617 0. 650
Unet 0.637 0. 868 0.636 0.753
Table 2

Average values of different evaluation metrics for different models on the KNMI dataset averaged over the six



362 5-min lead times for r > 2 mm/h. CSI, POD, HSS, and precision are dimensionless; higher values are better.

Algorithm CSIt POD? HSS? Precision?
Precip-UNetGAN 0.515 0. 701 0.633 0. 780
SmatUnet 0. 481 0. 592 0. 605 0. 708
Predrnn 0.413 0. 508 0.534 0.675
ConvLstm 0. 453 0.601 0. 569 0. 632
Unet 0.419 0.635 0.541 0.674
363 Table 3

364 Average values of different evaluation metrics for different models on the KNMI dataset averaged over the six

365 5-min lead times for r > 5 mm/h. CSI, POD, HSS, and precision are dimensionless; higher values are better.

Algorithm CSIt POD?® HSS? Precision?
Precip-UNetGAN 0. 296 0.575 0.441 0. 655
SmatUnet 0.275 0.327 0.413 0.619
Predrnn 0. 266 0.339 0.401 0. 544
ConvLstm 0. 246 0.293 0.371 0. 597
Unet 0. 266 0. 381 0. 404 0.598
366
367
368
369 Table 4

370  Average values of different evaluation metrics for different models on the KNMI dataset averaged over the six
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5-min lead times for r > 10 mm/h. CSI, POD, HSS, and precision are dimensionless; higher values are better.

Algorithm CSIt POD? HSS? Precision?
Precip-UNetGAN 0. 162 0. 219 0. 268 0.461
SmatUnet 0. 157 0. 195 0. 260 0. 427
Predrnn 0.112 0. 142 0. 187 0. 383
ConvLstm 0. 088 0. 102 0. 147 0. 469
Unet 0. 140 0. 209 0. 237 0. 420
Table 5

Proportions of precipitation samples under different thresholds

r>=0.5 mm/h r>=2mm/h r >=5mm/h r>=10 mm/h

36.24% 10.62% 1.84% 0.27%

Tables 1-4 present the average CSI, POD, HSS, and Precision values of Precip-UNetGAN and the comparison

models under four precipitation thresholds. Overall, Precip-UNetGAN achieves the best or near-best

comprehensive performance across different threshold conditions, indicating that the proposed method has

strong adaptability under precipitation scenarios of varying intensities. To further provide an intuitive illustration

of the performance variation of different models as the forecast lead time increases, the changing curves of CSI,

POD, HSS, Precision, and SSIM over six time steps are also presented in Figures 5-9.

Table 5 represents fraction of KNMI pixels meeting or exceeding each rain-rate threshold. The strong decrease

with threshold quantifies the class imbalance faced during training.

Across the KNMI thresholds, Precip-UNetGAN produced the highest CSI and HSS and maintained a more

balanced relationship between POD and precision than the comparison models. At 0.5 mm/h, ConvLSTM
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obtained a higher POD but substantially lower precision, indicating that its greater detection rate was

accompanied by more false alarms. The proposed model therefore improved event overlap not by maximizing

detection alone, but by retaining precipitation objects while limiting spurious expansion. The advantage

persisted at 2 and 5 mm/h, where compact high-intensity regions are increasingly sparse and conventional

pixel-wise training is more prone to attenuation.

At 10 mm/h, all models showed a marked reduction in CSI and HSS. This decline is consistent with both sample

rarity and the limited predictability of rapidly evolving convective cores. Precip-UNetGAN remained best in

CSI, HSS, and POD, but the absolute scores indicate that the model should not be interpreted as resolving

convective initiation or decay reliably. Rather, the principal benefit is improved short-term persistence of

already observed intense structures. This distinction is important for operational use: the method can support

warning continuity, but it does not replace process-aware diagnosis or numerical guidance for newly developing

convection.

The lead-time curves in Figs. 5-9 show that skill decreases for every model as forecast uncertainty accumulates.

Precip-UNetGAN generally degrades more slowly, especially at the 0.5-5 mm/h thresholds. The simultaneous

retention of CSI, precision, and SSIM suggests that the improvement is associated with better preservation of

object location and boundary structure rather than indiscriminate enlargement of rainy areas. At the highest

threshold, model differences narrow by the final forecast times, indicating that loss reweighting cannot fully

compensate for uncertainty in convective growth and decay.

Table 6



405 Average values of different evaluation metrics for different models on the Shanghai dataset averaged over the

406 six 5-min lead times for r > 0.5mm/h. CSI, POD, HSS, and precision are dimensionless; higher values are better.

Algorithm CSIt POD? HSS? Precisiont
Precip-UNetGAN 0.738 0.905 0.403 0.842
SmatUnet 0.708 0.872 0.390 0.801
Predrnn 0.722 0.889 0.396 0.828
ConvLstm 0.723 0.893 0.397 0.812
Unet 0.731 0.901 0.401 0.835
407 Table 7
408 Average values of different evaluation metrics for different models on the Shanghai dataset averaged over the
409 six 5-min lead times for r > 2 mm/h. CSI, POD, HSS, and precision are dimensionless; higher values are better.
Algorithm CSIt POD?® HSS? Precision?
Precip-UNetGAN 0. 652 0.879 0.378 0.793
SmatUnet 0.623 0.814 0. 365 0.751
Predrnn 0. 641 0. 855 0.372 0.774
ConvLstm 0. 640 0. 853 0.371 0. 768
Unet 0. 643 0. 858 0.374 0. 768
410
411
412
413 Table 8
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Average values of different evaluation metrics for different models on the Shanghai dataset averaged over the

six 5-min lead times for r > 5 mm/h. CSI, POD, HSS, and precision are dimensionless; higher values are better.

Algorithm (OGN} POD? HSS1 Precision?
Precip-UNetGAN 0. 497 0.575 0. 443 0. 662
SmatUnet 0. 468 0. 540 0. 298 0. 608
Predrnn 0. 485 0. 591 0. 308 0. 626
ConvLstm 0.472 0. 554 0.301 0.618
Unet 0.484 0. 581 0. 304 0.632
Table 9

Average values of different evaluation metrics for different models on the Shanghai dataset averaged over the

six 5-min lead times for r > 10 mm/h. CSI, POD, HSS, and precision are dimensionless; higher values are better.

Algorithm CSIt POD?® HSS? Precision?
Precip-UNetGAN 0.292 0.576 0. 207 0. 468
SmatUnet 0.283 0. 540 0. 201 0. 441
Predrnn 0. 288 0. 564 0. 205 0. 452
ConvLstm 0.276 0. 551 0.198 0. 446
Unet 0.277 0. 553 0.195 0. 454

On the Shanghai dataset (Tables 6-9), Precip-UNetGAN again achieved the highest CSI at all thresholds and

retained favorable POD and precision. The consistency of the ranking across a maritime mid-latitude radar

domain and a more convectively active East Asian domain suggests that the combination of multi-scale attention

and metric-oriented optimization is robust to different precipitation distributions.However, because the model



423

424

425

426
427

428
429

430
431

432
433

was trained separately on the Shanghai dataset, these experiments demonstrate cross-dataset reproducibility after

dataset-specific training rather than direct portability. Operational transfer to a new radar network would still

require quality control, unit harmonization, threshold calibration, and local validation.
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Figures 5-8 clarify the error trade-offs behind the mean scores. The proposed model does not uniformly

maximize POD; instead, it generally improves CSI and HSS while keeping precision high. This behavior is

meteorologically useful because excessive areal growth of predicted echoes can inflate detection but produce

false alarms over adjacent catchments or urban areas. The metric-oriented objective therefore appears to

improve the spatial agreement of threshold exceedances rather than simply increasing forecast intensity

everywhere.

The comparison also reveals different failure modes. ConvLSTM tends toward high detection at low thresholds

but weaker precision, consistent with broader predicted rain areas. UNet and PredRNN lose skill more rapidly

for moderate and heavy precipitation, consistent with smoothing or attenuation of compact cores. SmaAt-UNet

remains competitive for weak precipitation but shows less benefit as the threshold increases. These patterns

support the interpretation that multi-scale attention is most useful when intense echoes occupy a small area

within a larger weak-precipitation background.

SSIM (Fig. 9) provides complementary evidence: higher structural similarity indicates that improvements in

categorical scores are accompanied by better preservation of precipitation morphology. Nevertheless, SSIM

does not measure displacement error or hydrological impact directly, and visually sharper GAN output is not

necessarily more quantitatively calibrated. The categorical and structural scores should therefore be considered
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jointly.Taken together, the results indicate that Precip-UNetGAN primarily reduces three errors over the 0-30

min window: attenuation of moderate-to-heavy echo cores, loss of object boundaries, and mismatch between

detected and observed threshold-exceedance areas. The experiments do not establish improved representation of

unobserved convective initiation, and they do not demonstrate dynamical causality. These limits motivate the

discussion in Sect. 5.

4.4. Ablation Study

onsort oa1]

—— BuserWi-G DL sart Cs1) Y
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Fig. 10. The change process of CSI, HSS, POD, and Precision over 6 time steps.

The ablation experiment isolates the contribution of the model components at r > 0.5 mm/h (Fig. 10). Adding

dBZ-weighted reconstruction produces the largest broad improvement, consistent with the severe pixel

imbalance documented in Table 5. Soft-CSI further improves event-overlap measures by penalizing misses and

false alarms in a form aligned with operational verification. Multi-scale attention and adversarial learning

contribute mainly to structural retention and boundary clarity. The fact that the highest POD is not always

obtained by the full model is not a deficiency by itself: POD can be increased by predicting excessively large

rain areas. The higher CSI and precision of the complete model indicate a more favorable balance between

missed events and false alarms. A limitation of the current ablation is that it is reported for one threshold;

threshold-specific ablations would strengthen attribution of the heavy-rain improvements.
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4.5. Case-Based Interpretation of Spatial Errors

Figure 11 compares a representative sequence in terms of four physically relevant forecast attributes:

displacement of the precipitation area, retention of peak intensity, continuity of echo boundaries, and generation

of spurious cells. Precip-UNetGAN retains a more coherent precipitation object and sharper gradients than the

deterministic baselines. PredRNN and UNet show stronger smoothing at the object edge and greater attenuation

of local maxima. SmaAt-UNet retains weak-precipitation texture but introduces more small-scale noise, while

ConvLSTM tends to broaden the rainy area. These visual differences are consistent with the POD—precision

trade-offs in the quantitative results. Because one case cannot establish general behavior, the figure is used only

to illustrate the error mechanisms suggested by the aggregate scores, not as independent evidence of superiority.

5. Discussion

The experiments show that the largest practical gain of Precip-UNetGAN occurs when precipitation occupies a

small fraction of the domain and forecast quality depends on retaining compact structures. This behavior is

consistent with the scale separation of precipitation fields: broad weak-rain regions are comparatively easy to

reconstruct, whereas embedded convective cores and sharp gradients are vulnerable to averaging by pixel-wise

losses. Multi-scale attention increases the influence of these sparse structures, while dBZ weighting counteracts

their low frequency in the training distribution. Soft-CSI then aligns the optimization with the areal overlap of

threshold exceedances. The combined effect explains why CSI and precision improve together in many

experiments, rather than through an indiscriminate increase in POD.

The atmospheric interpretation should nevertheless remain limited. The model learns statistical evolution from

radar histories and does not explicitly represent moisture convergence, instability, cold-pool dynamics, or

microphysical processes. Improved morphology therefore indicates better reproduction of observed echo
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evolution, not discovery of a new physical mechanism. The rapid decline at 10 mm/h and at later lead times also

shows that the method remains constrained by the intrinsic unpredictability of convective growth and decay.

Incorporating environmental fields from numerical weather prediction, satellite observations, lightning, or

radar-derived motion and growth diagnostics may help distinguish advection from genuine development.

Transferability has two components.The similar ranking on the KNMI and Shanghai datasets supports

methodological reproducibility across contrasting precipitation regimes after dataset-specific training. Direct

operational transfer, however, is affected by radar wavelength, calibration, clutter filtering, spatial and temporal

resolution, Z-R conversion, terrain blockage, and local rain-rate climatology. The present results therefore

justify retraining and local calibration rather than universal deployment without adaptation. Future work should

include leave-one-region-out tests, zero-shot or few-shot adaptation, reliability analysis, object-based

verification, and evaluation on independent severe-weather seasons.

For operational nowcasting, the model’s balanced CSI, POD, and precision is more informative than visual

sharpness alone. A useful deployment would provide deterministic fields together with uncertainty estimates and

quality flags, particularly because adversarial models may generate plausible-looking but poorly calibrated

details. Computational cost and training stability must also be compared with the latency constraints of warning

systems. These considerations define the main path from the present methodological study toward a robust

meteorological application.

6. Conclusions

This study evaluated whether scale-aware representation and metric-oriented optimization can improve 0-30

min radar precipitation nowcasting. Three conclusions emerge. First, Precip-UNetGAN consistently improved

CSI and HSS across 0.5-10 mm/h thresholds on the KNMI dataset, with the clearest relative gains for

moderate-to-heavy precipitation. Second, the joint behavior of CSI, precision, POD, and SSIM indicates that the
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improvement is associated with better retention of compact precipitation structures and boundaries, rather than

simple expansion of predicted rain areas. Third, the same overall ranking was reproduced on the Shanghai

dataset after dataset-specific training, supporting cross-dataset reproducibility while also showing that local

calibration remains necessary.

The principal take-home message is that precipitation nowcasting benefits when the training objective reflects

both the multi-scale organization of radar echoes and the categorical thresholds used in warning practice. The

model is most appropriately viewed as an improved short-term extrapolation tool for observed precipitation

systems, not as a solution to convective initiation or a physically explicit atmospheric model. Future

development should extend evaluation beyond 30 min, quantify uncertainty and calibration, use object-based

and hydrological verification, test direct transfer across radar networks, and incorporate environmental

predictors that describe precipitation growth and decay. These steps are necessary before the method can be

considered for real-time operational deployment.
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