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Abstract. Radar mosaic data represent a critical and widely
utilized resource in weather forecasting. Nevertheless, the
frequent occurrence of regional radar echo gaps, caused by
factors including radar hardware malfunctions, data delivery
delays, and software processing errors — each contributing
to substantial spatial uncertainty in the missing areas — sig-
nificantly constrains its quantitative application. To address
this issue, we propose BiConvLSTM-UNet, a sequence re-
construction model designed to restore missing radar echoes.
The model operates without relying on a missing-value mask
during both training and inference, learning the inherent spa-
tiotemporal variation patterns of radar echoes to reconstruct
complete sequences. A post-processing procedure is imple-
mented to minimize the impact of reconstruction on areas
without missing data. Furthermore, multiple missing scenar-
ios are synthetically generated to improve the model’s ro-
bustness and repair performance across diverse missing-data
conditions. Comparative assessments against traditional and
other deep learning approaches demonstrate the superior in-
painting performance of the proposed BiConvLSTM-UNet
across multiple missing-data scenarios. The method intro-
duces minimal artifact to non-missing regions, and subse-
quent post-processing further diminishes reconstruction er-
rors. Moreover, the model sustains consistent performance
across varying missing data lengths and continuity patterns,
indicating robust generalization capabilities. Consequently,
the BiConvLSTM-UNet is more adept at addressing the in-

tricate and varied scenarios of incomplete radar mosaic data
encountered in practical applications.

1 Introduction

Weather radar, as a meteorological detection equipment with
excellent technical performance, plays an important role in
key areas such as early warning and forecasting of severe
convective weather (Esbri et al., 2023; Yao et al., 2026), dis-
aster prevention and mitigation (Forcadell et al., 2024), avia-
tion safety assurance and artificial weather modification op-
erations (Fabry, 2015; Liu et al., 2024). However, the detec-
tion range of a single radar is limited (effective radius of
about 200-300km), and there are terrain obstructions and
blind spots, making it difficult to meet the needs of continu-
ous monitoring of large-scale weather systems. To this end,
radar mosaic data generated by integrating observation data
from multiple radars through network fusion technology has
broken through the limitation of the detection range of a sin-
gle radar and can effectively support large-scale tracking and
early warning of severe weather (Saltikoff et al., 2019). How-
ever, radar hardware failure, file arrival delays, program ex-
ecution errors and other reasons often lead to regional data
loss in radar mosaic data, which seriously limits its quantita-
tive application (Li et al., 2025; Yin et al., 2022; Zhao et al.,
2025).
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To address the issue of missing radar data, researchers
have explored a variety of approaches. Zhang et al. (2013)
exploited the insensitivity of the total differential phase
(®pp) of dual-polarization radar to partial beam blocking
(PBB) (Gou and Chen, 2021). Based on the Kpp—Z power-
law relationship, they dynamically estimated the beam block-
ing fraction (BBF) through integration along the radar beam,
thereby enabling quantitative correction of blockage effects
caused by terrain, buildings, and vegetation, as well as re-
flectivity reconstruction. In addition, optical flow methods
(Peng et al., 2025; Bechini and Chandrasekar, 2017; Yin
et al., 2021), grounded in the temporal advection assump-
tion, estimate the motion field of radar echoes and extrap-
olate observed information into missing regions to recover
incomplete radar data. This approach can effectively pre-
serve echo structures and temporal consistency when radar
echo evolution is relatively smooth and missing regions are
spatially continuous. However, under conditions of rapidly
developing strong convection or large-scale continuous data
gaps, the advection assumption tends to break down, lead-
ing to limited reconstruction accuracy. Gao et al. (2021) pro-
posed a deep neural network, CNN-BiConvLSTM, which
integrates convolutional neural networks (CNN) with bidi-
rectional convolutional long short-term memory (BiConvL-
STM). By adopting a random masking strategy during train-
ing, the model can adapt to various missing patterns and re-
construct radar image sequences for missing region recovery.
Gong et al. (2023) introduced a UNet-based model (DSA-
UNet) that combines dilated convolution with a self-attention
mechanism to improve the completion of missing weather
radar data. Experimental results demonstrate superior per-
formance in reconstructing extreme reflectivity values and
local-scale radar echoes. Compared with traditional statis-
tical methods and deep learning models such as UNet++
GAN (Geiss and Hardin, 2021), this approach reduces pre-
diction bias and enhances reconstruction accuracy. Further-
more, Zhang et al. (2025) proposed an Integrated Restora-
tion Diffusion Model (CIDM), which leverages prior infor-
mation from known regions as guidance to achieve weather
radar data reconstruction under multiple missing scenarios.
The method demonstrates significant accuracy improvements
in extreme missing conditions, effectively alleviates over-
smoothing, and does not require complex data preprocessing.

Although existing methods have made certain progress
in the reconstruction of missing radar echoes, they still
have limitations (Meuer et al., 2025; He et al.,2025; Liu
et al.,, 2023). On one hand, approaches based on physi-
cal constraints or temporal advection assumptions have lim-
ited adaptability to complex nonlinear evolution and multi-
pattern missing fields. On the other hand, deep learning
methods, while possessing strong modeling capabilities,
largely rely on known missing masks, which are difficult to
obtain in practical radar mosaic data, especially when the
spatial distribution of missing regions is highly uncertain.
This restricts their generalization and application in opera-
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tional meteorological services. Therefore, achieving robust
reconstruction of missing radar echoes without relying on ex-
plicit prior conditions remains a problem that urgently needs
to be addressed.

To overcome the limitations of current radar echo recon-
struction techniques, which in practical scenarios often de-
pend on missing-data masks and exhibit limited adaptabil-
ity to diverse and complex missing patterns, this study in-
troduces a reconstruction method that operates without ex-
plicit missing-data priors, building upon the technical ideas
of CNN-BiConvLSTM and CIDM. Namely, a BiConvL-
STM unit (Gao et al., 2021; Chang and Luo, 2019; Liu
et al., 2017) is incorporated within an encoder-decoder ar-
chitecture to form a BiConvLSTM-UNet network, which fa-
cilitates bidirectional temporal modeling of radar echo se-
quences and thus comprehensively captures their spatiotem-
poral evolution and structural features. Specifically, a loss
function tailored for multiple missing data patterns, which in-
tegrates diverse missingness constraints during model train-
ing to improve the robustness of reconstructions under var-
ious missing conditions. During both training and infer-
ence, the model operates without relying on missing masks,
autonomously reconstructing incomplete regions through
learned spatiotemporal dynamics of radar echoes. Moreover,
as the model conducts holistic reconstruction of radar echo
sequences, a post-processing strategy is implemented at the
output stage to refine the reconstruction results and minimize
extraneous perturbations to the original, non-missing obser-
vations.

The organization of this paper is as follows: Sect. 2
describes the data sources, preprocessing procedures, and
dataset construction; Sect. 3 details the model architecture,
loss function, evaluation metrics, and post-processing ap-
proach; Sect. 4 presents the experimental results and corre-
sponding evaluations; and Sect. 5 concludes with a summary
of the findings, along with a discussion of the study’s limita-
tions and outstanding issues.

2 Data processing
2.1 Data source

The radar reflectivity data used in this study were obtained
from composite reflectivity mosaic products (MCR) gener-
ated by the operational Severe Weather Automatic Nowcast-
ing (SWAN) system operated by the Hubei Meteorological
Observatory. These radar mosaic products are derived from
nine S-band weather radars deployed across Hubei Province,
with a spatial resolution of 1km and a temporal resolution
of 6 min. The dataset encompasses radar observations from
March to September in both 2022 and 2023, covering two
successive years and capturing the evolutionary features of
radar echoes associated with distinct weather systems during
the principal rainy season in Hubei Province, amounting to
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a total of 102720 frames. To enable efficient model train-
ing, a 400 km x 400 km study area was delineated, centered
on Wuhan City, Hubei Province (28.72-32.72°N, 112.42-
116.42°E). This region features dense and spatially over-
lapping radar coverage, rendering occurring echo absence
highly improbable — thereby minimizing the confounding ef-
fect of systematic data missingness. The geographic extent of
the study area and a representative example of radar mosaic
reflectivity data are presented in Fig. 1.

2.2 Data preprocessing

To establish a valid dataset, the following data preprocessing
steps were performed:

First, numerical processing was applied to the radar re-
flectivity data. This study only focuses on significant precip-
itation, hail, and other meteorological echoes (with a range
of 10 to 75dBZ) that are of concern in meteorological ser-
vices. Values below 10 dBZ were set to 0 dBZ, and values ex-
ceeding 75 dBZ were truncated to 75 dBZ. The lower thresh-
old is selected to exclude weak or non-precipitating echoes,
thereby enhancing the model’s focus on meteorologically
significant signals, whereas the upper threshold encompasses
virtually all intense convective echoes. This procedure pro-
vides a consistent data range for subsequent min—max nor-
malization.

Second, appropriate training data were selected. As this
study focuses on reconstructing radar echo sequences to fill
data gaps, the choice of radar data and sequence length sub-
stantially influences experimental outcomes. To prioritize the
restoration of missing radar echoes, datasets containing sig-
nificant echo signals were emphasized. Frames devoid of
radar echoes or with minimal coverage — specifically, those
in which echo grid points constituted less than 5 % of the to-
tal grid — were excluded. Additionally, small isolated echoes
and noise, defined as contiguous echo regions comprising
fewer than 20 grid points, were set to 0 dBZ. Furthermore,
from a temporal modeling standpoint, it is essential to de-
termine a suitable number of consecutive frames per sample
to effectively utilize the dynamic evolution of radar echoes
for plausible reconstruction of missing areas. To reconcile
practical constraints with model training efficiency, three se-
quence lengths — 5, 15, and 30 frames per sample — were
evaluated.

For 5-frame sequences, despite the advantages of higher
training efficiency and a larger dataset size, the limited infor-
mation content within each individual sample increases the
difficulty of reconstruction learning in the presence of miss-
ing data. However, for 30-frame sequences, although they en-
capsulate substantial temporal dynamics in radar echoes, the
considerable data volume per sample presents considerable
challenges to training efficiency, dataset scalability, and hard-
ware constraints. Ultimately, a sequence length of 15 frames
per sample was identified as optimal, achieving a balance be-
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tween informational richness, computational efficiency, and
hardware limitations.

Following the aforementioned data preprocessing, the fi-
nal raw dataset comprised 60 615 frames of radar reflectivity
data. A subset of 32 115 frames, spanning March to Septem-
ber 2023, served as the training set for model development.
For the purpose of guiding learning rate adjustments, imple-
menting early stopping, and selecting optimal model weights
during training, 12990 frames from March to May 2022
were allocated as the validation set. An independent valida-
tion set of 4755 frames from September 2022 was utilized to
assess the model’s proficiency in reconstructing missing re-
gions and to optimize hyperparameters, including loss func-
tion weights. Finally, 10755 frames from June to August
2022 were designated as the test set for the subsequent quan-
titative evaluation of experimental results.

2.3 Constructing the loss dataset

The radar mosaic data are generated by integrating observa-
tions from multiple weather radars situated at distinct geo-
graphical locations at approximately the same time. In the
event of system failure, data delay, or data loss affecting any
of these radars, the corresponding coverage area will exhibit
missing data. To accurately simulate such data loss scenarios,
a masking procedure was designed in this study. Specifically,
each frame of radar reflectivity data was partitioned into five
sectors: upper-left, lower-left, upper-right, lower-right, and
central, with each sector spanning a 200 x 200 grid. Upon
selection of a sector for masking, a subregion of dimensions
100 x 100, 150 x 150, or 200 x 200 grid points was defined
within it, and all radar reflectivity values inside this subre-
gion were set to 0 dBZ (Fig. 2).

It is important to note that during the construction of the
loss dataset, both the selection of the loss region and the di-
mensions of the loss subregion were randomized for each
radar echo sample; however, within individual samples, these
parameters remained consistent. When employing subregion
sizes of 100 x 100 or 150 x 150, all frames from the same
sample utilized identical dimensions, while the precise lo-
cation of the subregion was still randomized, as illustrated
in Fig. 2. This methodology was implemented to thoroughly
simulate a wide range of missing-data conditions. Further-
more, to simulate unforeseen circumstances, 1-3 frames per
sample were randomly subjected to data loss, ensuring that
the model could robustly reconstruct missing regions regard-
less of which frames were affected and whether the losses
occurred consecutively. Using this approach, a correspond-
ing loss dataset was constructed to serve as a foundational
resource for subsequent model training.
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Figure 1. Study area (left) and an example of radar mosaic reflectivity (right).
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Figure 2. Schematic diagram of random selection of missing intervals (150 x 150 and 100 x 100, respectively).

3 Model and methods

3.1 Research question

In operational practice, radar mosaic data can suffer from
localized gaps in observation within their nominal coverage
areas, owing to issues such as radar hardware malfunctions
and delays in data transmission. These gaps typically mani-
fest as spatially contiguous regions and persist across succes-
sive time steps, significantly compromising the spatiotem-
poral continuity of radar echo evolution. Consequently, the
accuracy of subsequent quantitative precipitation estimation
and nowcasting of severe convective weather events is ad-
versely impacted. As illustrated in Fig. 3, while the complete
radar observations (Fig. 3c) show full coverage, the mosaic
from the preceding time step (Fig. 3b) exhibits a distinct ab-
sence of radar echo in the lower-left sector. In contrast, the
mosaic from two-time steps earlier (Fig. 3a) covers an even
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more limited area, with extensive data loss evident in both
the upper-left and lower-left regions.

From a temporal modeling standpoint, this study regards
the problem of restoring missing radar echoes as a sequence
reconstruction task. The complete radar echo sequence is de-
fined as:

Y:{Y’—T-i-lv'--sYt—l,Yz},Y,eRHXW 0

where R denotes the complete dataset, while H and W rep-
resent the spatial dimensions of the radar mosaics, both set
to 400 grid points in this study.

In contrast to conventional restoration techniques that de-
pend on explicit missing masks to guide the reconstruction
process, the present study does not presuppose knowledge
of the spatial locations of missing regions during training,
inference, or post-processing. Instead, the recovery of miss-
ing radar echoes is consistently framed as a sequence re-
construction task. It is important to emphasize that the post-
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Figure 3. Schematic diagram of radar echo missing in consecutive radar mosaic frames.

processing procedure does not entail additional reconstruc-
tion; rather, it serves to constrain and refine the model’s out-
put, minimizing potential artifacts in non-missing areas. By
learning both the temporal dynamics and spatial structure of
radar echo sequences, the model reconstructs the degraded
sequence X, thereby restoring missing regions through an
implicit modeling approach. The target output of the model
is defined as:

Yierqtu=f (Xt—TH:t) 2

Here, f(-) represents the sequence reconstruction model,
Y denotes the reconstruction result, and X denotes the radar
echo sequence in which some frames have missing data.

The proposed problem formulation enables the reconstruc-
tion of missing radar echoes by incorporating constraints
such as overall sequence consistency, and, without requiring
prior annotations of the missing areas, establishes a founda-
tion for subsequent model design and application in complex
missing-data environments.

3.2 BiConvLSTM-UNet model

In response to the aforementioned research problem,
we present a sequence reconstruction model — termed
BiConvLSTM-UNet (the detailed architecture is shown in
Fig. 8) — designed for the restoration of missing data in radar
echo sequences. The model accepts a corrupted radar echo
sequence (X) as input and reconstructs the data by jointly
capturing spatiotemporal evolution patterns and structural
features inherent in radar echoes, thereby recovering miss-
ing information. Although the model’s output spans the en-
tire spatial domain, its optimization objective focuses not on
reconstructing non-missing regions, but on inferring missing
content under constraints that enforce overall sequence con-
sistency.

As illustrated in Fig. 4, the BiConvLSTM-UNet model
employs a U-Net architecture comprising three principal
components: an encoder, a bottleneck, and a decoder. The
encoder incorporates three cascaded depthwise separable
convolution modules (IR-Blocks). To preserve local spatial
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structures during initial feature extraction, the first layer
omits downsampling. Subsequent IR-Blocks progressively
reduce spatial resolution by setting the stride of the depth-
wise convolution to 2, thereby expanding the effective recep-
tive field and increasing channel dimensionality. This process
facilitates the construction of hierarchical spatial feature rep-
resentations, establishing a robust foundation for sequence
reconstruction. The bottleneck processes high-level features
from the final IR-Block of the encoder, further refining them
through an additional IR-Block. A BiConvLSTM module is
then applied to perform bidirectional temporal modeling on
the feature sequence. By concatenating forward and back-
ward outputs along the feature dimension, the model inte-
grates contextual information, capturing the dynamic evo-
lution of radar echoes across the sequence and improving
the representation of temporal continuity and evolutionary
trends.

The decoder utilizes an upsampling module based on
depthwise separable convolution and PixelShuffle (Qin et al.,
2020), referred to as the PS-Block. This module first recon-
structs spatial resolution through pixel rearrangement, fol-
lowed by reorganization of the upsampled features across
both spatial and channel dimensions via depthwise separa-
ble convolution (Howard et al., 2017). Skip connections are
then employed to integrate corresponding encoder-derived
features, with subsequent refinement through IR-Blocks to
combine high-level semantics and low-level spatial details.
This procedure is iteratively applied to progressively restore
spatial resolution. Finally, an output normalization module
(P_C2D) employs pointwise convolution to project the de-
coded features, while the ReLLU1 activation constrains out-
puts to the interval [0, 1], ensuring numerical validity and
physical interpretability of the reconstructed radar echo se-
quences. The formulation of ReL U1 is given as follows:

f(x) = min(max(0, x), 1) 3

In the absence of prior knowledge regarding missing re-
gions, the BiConvLSTM-UNet model achieves end-to-end
reconstruction of incomplete radar echo sequences by jointly

Atmos. Meas. Tech., 19, 6341-6356, 2026
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Figure 4. Structure diagram of the BiConvLSTM-UNet model.

Table 1. The relationship between pixel weights and radar echo in-
tensity.

Zy(dBzZ) =10 =20 =30 =40 =50 =>70

w 1 2 3 5 10 15

modeling temporal and spatial correlations, thereby enabling
spatiotemporally consistent radar echo reconstruction.

3.3 Loss function

In this study, the model training employs a hybrid loss func-
tion combining weighted L1 loss and Multi-Scale Struc-
tural Similarity (MS-SSIM) loss, which jointly constrains the
reconstruction of radar echo sequences by enforcing both
pixel-wise accuracy and structural fidelity. The weighted
L1 loss is specifically utilized to ensure that reconstructed
radar reflectivity values closely approximate the ground truth
at the pixel level. To enhance the model’s attention to regions
of intense radar echoes, a pixel-wise weighting scheme (w)
is adopted, where the weight increases proportionally with
the echo intensity — i.e., stronger reflectivity factors (Zy) are
assigned larger weights (Table 1). These weight values, de-
termined empirically, aim to capture the relative significance
of varying echo intensities in the reconstruction task, rather
than representing rigorously optimized parameters.
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The weighted L1 loss is defined as:

1 Y .
EWleﬁ;wi)Yi_Yi “4)

where N represents the total number of pixels in the se-
quence, Y; denotes the ground-truth value of the ith pixel
in the complete radar echo sequence, Y; is the reconstructed
value of the ith pixel in the reconstructed radar echo se-
quence, and W; is the weight assigned to the ith pixel. As the
weighted L1 loss is computed across the entire radar echo
sequence during training, pixels in non-missing regions are
continuously engaged in the supervision process with non-
zero weights, thereby imposing effective constraints on the
model outputs. Consequently, without the introduction of an
explicit mask, the model is capable of both minimizing un-
necessary alterations in non-missing regions and directing its
focus toward learning the reconstruction of pixels in missing
regions.

The MS-SSIM loss enforces constraints on reconstructed
radar echoes from a multi-scale structural perspective,
thereby ensuring consistency in both global morphology and
local textural details. This loss function effectively captures
the spatial continuity and hierarchical characteristics inher-
ent in radar echo structures. The MS-SSIM loss is formulated
as follows:

1 & .
Lus s =1 ;MS—SSIM (Yj, Yj) (5)
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where T represents the total number of frames in a radar echo
sequence, Y; corresponds to the ground-truth radar echo data
of the jth frame, and Y ; denotes the reconstructed radar echo
data of the jth frame.

In summary, the combined loss function is defined as:

L=7MLwr1+ rLMs-ssSIM (6)

where A1 and A, represent the weighting coefficients for the
weighted L1 loss and the MS-SSIM loss, respectively. These
two loss components operate in a complementary manner,
with the weighted L1 loss managing pixel-level accuracy and
the MS-SSIM loss enforcing structural consistency across
multiple scales (Zhao et al., 2016). The integration of both
terms ensures that the reconstruction of missing regions in
radar echo data maintains high numerical precision as well
as spatially coherent structural integrity.

3.4 Training configuration

The experimental setup utilized a Python 3.10 environment
with the PyTorch 2.6.0 framework and CUDA 12.4. Model
training was carried out on two NVIDIA A100 GPUs with a
batch size of 2, over a maximum of 200 epochs. Optimiza-
tion was performed using the Adam optimizer with an initial
learning rate of 1 x 1074,

During the training process, a learning rate scheduling
strategy was implemented, wherein the Structural Similar-
ity Index (SSIM) metric, evaluated on the full validation se-
quence, served as the reference. The learning rate was halved
whenever the improvement in validation SSIM failed to ex-
ceed a threshold of 1 x 10™# relative to the historical opti-
mum for five consecutive epochs, with a minimum learning
rate constraint set at 1 x 107°.

To mitigate overfitting and enhance training efficiency, an
early stopping criterion was implemented. Specifically, train-
ing was halted if the SSIM on the validation set exhibited no
substantial improvement — defined as an increase greater than
1 x 10~* —for a patience threshold of 10 consecutive epochs,
or if the learning rate had decayed to its predefined minimum
(1 x 1079). Early stopping was, however, disabled during the
initial 30-epoch warm-up phase.

The training employs a combined loss function incorpo-
rating weighted L1 and MS-SSIM, which constrains the re-
constructed outputs of the model in terms of both pixel-
wise accuracy and structural fidelity. The loss weights (1]
and X,) were optimized through a grid search over a prede-
fined range. The final configuration, with A1 = 3 and A = 3,
achieves an optimal trade-off between training stability and
reconstruction quality.

3.5 Evaluation indicators

1. PSNR (Peak Signal-to-Noise Ratio): Used to quan-
tify pixel-level discrepancies between reconstructed and
complete radar echo data, with higher values signify-
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ing superior numerical reconstruction fidelity. It is cal-
culated as follows:

)

(MAX)?2
PSNR = 10 . loglo

MSE
where MAX denotes the maximum radar reflectivity

factor (set to 75dBZ in this study and normalized to
unity), and MSE represents the mean squared error.

. SSIM (Structural Similarity Index): Quantifies the

morphological consistency between reconstructed and
ground-truth radar echoes from the perspectives of
structure, texture, and contrast. Values range from —1
to 1, with 1 indicating perfect structural similarity. It is
defined as:

(2upny +C1) (205, +C2)
(Mé‘i‘ﬂ% +C1) (03 +o§+cz)

where py and py denote the local means of the recon-
structed and ground-truth radar echoes, respectively; aé

SSIM(Y,Y) = (®)

and a)% represent their respective variances; oy, is their
covariance; and C; and C;, are small constants intro-
duced to stabilize the denominator when both numera-
tor and denominator approach zero.

. POD (Probability of Detection): Measures the propor-

tion of observed strong radar echo events that are cor-
rectly reconstructed by the model. A higher POD value
indicates a lower miss rate. It is defined as:

TP

POD= ———
TP +FN

9

. FAR (False Alarm Ratio): Quantifies the fraction of re-

constructed strong echo regions that are not verified by
observations. A lower FAR indicates greater specificity
in detecting actual strong echoes, reflecting fewer false
alarms. It is calculated as:

FP

FAR= ————
TP +FP

(10)

. CSI (Critical Success Index): Evaluates the overall ac-

curacy of strong echo reconstruction by jointly account-
ing for hits, misses, and false alarms. Values range
from O to 1, with higher values indicating greater spatial
agreement between reconstructed and observed strong
echo regions. It is defined as:

B TP
" TP+FN+FP

where TP (True Positives) denotes pixels where strong
echoes are both observed and correctly reconstructed;
FN (False Negatives) denotes pixels where strong
echoes are observed but missed in reconstruction;
and FP (False Positives) denotes pixels where strong
echoes are absent in observations but erroneously re-
constructed.

CSI (11)
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3.6 Post-processing

Since the BiConvLSTM-UNet model reconstructs the en-
tire radar echo sequence — including both missing and non-
missing regions — its reconstruction may inadvertently al-
ter originally observed (i.e., non-missing) echo structures.
To mitigate this undesirable propagation of reconstruction
artifacts into reliable observational data, a targeted post-
processing step is applied at the model output stage. Specif-
ically, it selectively preserves the original non-missing echo
values from the input (lossy) radar data while replacing only
the missing regions with the model’s predictions. This strat-
egy ensures fidelity to observed evidence in intact areas,
minimizes spurious modifications outside missing zones,
and thereby enhances the physical plausibility and spatial
consistency of the final reconstructed sequence. The post-
processing operation is formulated as:

if X(i,j)=0and ¥(, ) #0,
otherwise

Y, j)

YPOUG, jy =400
X, J)

12)

where YPOS(i, j) denotes the final post-processed radar echo
value at pixel (i, j); X (i, j) denotes the corresponding value
from the input (lossy) radar echo data; Y, J) denotes the
model’s reconstructed radar echo value at the same loca-
tion; and (i, j) indexes the spatial coordinates in the two-
dimensional radar echo grid.

4 Experimental Evaluation
4.1 Ablation Experiments

This study addresses missing radar echo regions through
sequence-level reconstruction. To systematically isolate and
evaluate the contributions of the BiConvLSTM module and
the composite loss function to reconstruction performance,
we conduct controlled ablation experiments (Table 2). All
ablated variants retain the identical backbone architecture,
data split (training/validation/test), optimization configura-
tion (optimizer, learning rate schedule, batch size), and in-
ference protocol — ensuring that observed performance dif-
ferences arise solely from the targeted component mod-
ifications. Specifically, Scheme 4 substitutes the bidirec-
tional ConvLSTM with a unidirectional ConvLSTM to as-
sess the impact of temporal context integration in both for-
ward and backward directions; Schemes 2 and 3, respectively
remove the weighted L1 term and the MS-SSIM term from
the loss function, enabling quantitative attribution of each
loss component’s role in preserving radar echo morphology
and dynamic coherence; Scheme 5 substitutes the weighted
L1 term with the standard L1 term to evaluate the impact of
weighting on model performance.

Quantitative evaluation of reconstruction performance
within missing radar echo regions is conducted at three re-
flectivity thresholds: 20, 30, and 40dBZ — corresponding
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to light, moderate, and strong precipitation regimes, respec-
tively. Pixel-level fidelity is assessed using PSNR and SSIM,
computed exclusively over masked missing regions to isolate
reconstruction accuracy and structural preservation (Zhang
et al., 2026). Event-based detection capability is evaluated
using CSI, POD, and FAR, all calculated on binary masks
derived from the missing-region reconstructions and ground-
truth observations — thereby quantifying the model’s ability
to correctly recover echo presence/absence across different
intensity levels (Zhao et al., 2024). For all metrics: 1 denotes
higher-is-better; | denotes lower-is-better.

As shown in Table 2, Scheme 1 achieves either the best
or second-best performance across most evaluation metrics,
demonstrating that the BiConvLSTM architecture and the
adopted loss function jointly contribute to effective recon-
struction of missing radar echo regions. A direct compari-
son between Scheme 1 (with BiConvLSTM) and Scheme 4
(without BiConvLSTM) reveals consistent improvements in
both CSI and POD, particularly for strong echoes (> 30
and >40dBZ). These gains indicate that bidirectional tem-
poral modeling enables more comprehensive utilization of
contextual information from both preceding and succeeding
frames — thereby enhancing the fidelity and physical plausi-
bility of reconstructed radar echo structures.

From the perspective of the loss function, removing the
MS-SSIM loss (Scheme 3) leads to substantial declines in
both PSNR and SSIM - dropping from 25.608 to 24.445
and from 0.765 to 0.741, respectively — demonstrating that
this term is essential for preserving spatial structural fi-
delity in reconstructed missing regions. Moreover, for strong
radar echoes (> 40dBZ), Scheme 3 exhibits marked perfor-
mance degradation relative to the full model (Scheme 1),
with CSI and POD falling to 0.078 and 0.090, respectively.
This underscores that accurate recovery of intense radar echo
structures critically relies on explicit structural regulariza-
tion; in its absence, morphological coherence deteriorates
significantly. In contrast, eliminating the weighted L1 loss
(Scheme 2) yields only marginal reductions in PSNR and
SSIM. Nevertheless, a direct comparison between Scheme 1
and Scheme 2 reveals a consistent weakening in echo in-
tensity preservation across all intensity thresholds, accompa-
nied by measurable declines in both CSI and POD. These re-
sults indicate that the weighted L1 loss effectively constrains
pixel-wise intensity deviation, mitigates over-smoothing of
radar echo amplitudes, and thereby enhances quantitative and
perceptual reconstruction quality in missing regions. Com-
pared with Scheme 5, Scheme 1 yields consistently higher
PSNR and SSIM values, demonstrating that the incorpora-
tion of weighted loss enhances overall reconstruction fidelity.
Specifically, at the reflectivity threshold of 40 dBZ, the CSI
increases from 0.163 to 0.192, and the POD rises from 0.215
t0 0.359, indicating that the weighted loss function prioritizes
high-reflectivity regions, thereby improving the model’s ca-
pability to accurately reconstruct intense convective echoes.
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Table 2. Results of ablation experiments. Optimal values for each evaluation metric are highlighted in bold.

Module Scheme
BiConvLSTM v v v X v
MS-SSIM Loss v v X v v
Weighted L1 Loss v X v v X
L1 Loss X X X X v
Threshold  Metrics 1 2 3 4 5
PSNR% 25.608 25.600 24.445 24.627 25.287
SSIM4 0.765 0.769 0.741 0.734 0.761
>20dBZ CSIt 0.523 0.503 0.485 0.451 0.506
POD% 0.627 0.584 0.722 0.540 0.624
FAR| 0.267 0.222 0.381 0.190 0.254
>30dBZ CSIt 0.379 0.350 0.375 0.318 0.381
POD? 0.547 0.449 0.579 0.398 0.520
FAR| 0.315 0.285 0.348 0.241 0.278
>40dBZ CSIt 0.192 0.136 0.078 0.118 0.163
POD% 0.359 0.175 0.090 0.149 0.215
FAR| 0.430 0.327 0.243 0.282 0.300

It should be noted that, across all echo intensity thresholds,
Scheme 1 achieves relatively high CSI and POD values — but
at the cost of a moderately elevated FAR. This trade-off sug-
gests that the scheme prioritizes recall-oriented reconstruc-
tion: by recovering plausible echo signals in missing regions,
it effectively reduces missed detections; however, this sensi-
tivity also leads to an increased incidence of false alarms.

The ablation study demonstrates that the BiConvLSTM
module significantly improves temporal modeling capability;
meanwhile, the MS-SSIM loss and weighted L1 loss serve
complementary functions — MS-SSIM enforces structural
consistency, whereas the weighted L1 loss preserves echo in-
tensity fidelity — thereby jointly enhancing the model’s per-
formance in reconstructing missing radar echo regions.

4.2 Comparative experiments

To further verify the BiConvLSTM-UNet model’s capability
in reconstructing missing radar echo regions, we conducted
a comparative evaluation against other advanced deep learn-
ing approaches — specifically ConvLSTM (Shi et al., 2015)
and DSA-UNet (Gong et al., 2023) — as well as a classical
motion-based method, optical flow (Ayzel et al., 2019). All
models are trained and evaluated under identical experimen-
tal conditions — including the same dataset, preprocessing
procedure, and evaluation metrics — to ensure methodolog-
ical fairness and result comparability.

As can be seen in Table 3, the ConvLSTM model achieves
the lowest FAR across all reflectivity thresholds — demon-
strating its superior capability in false alarm suppression. Its
PSNR, SSIM, and CSI scores rank immediately below those
of BiConvLSTM-UNet, with negligible inter-metric dispar-
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ity, indicating robust and balanced performance in missing
radar echo reconstruction. However, qualitative analysis in
Fig. 5 reveals a consistent limitation: ConvLSTM struggles
to reconstruct sharp, spatially coherent boundaries in missing
echo regions, resulting in locally unsmooth structural transi-
tions and diminished spatial continuity.

DSA-UNet achieved high POD values across all mod-
els, reflecting its strong capability in proactively recovering
valid radar echoes. Qualitative analysis in the example results
(Fig. 5) further demonstrates that, relative to BiConvLSTM-
UNet, DSA-UNet delivers more complete and spatially co-
herent reconstruction in partially missing echo regions —
yielding visually plausible outputs. However, boundary re-
construction remains a limitation: DSA-UNet tends to pro-
duce over-smoothed transitions and loss of fine-scale echo
morphology, particularly at region edges. Its relatively high
FAR further suggests a tendency toward echo overestimation
under ambiguous or low-signal conditions. In contrast, the
optical flow method better preserves the spatial morphology
and structural integrity of radar echo boundaries in recon-
structed regions, resulting in subjectively realistic visual out-
puts. Yet, as a purely motion-based extrapolation technique,
it inherently assumes echo translation and approximate in-
tensity conservation — assumptions that fail to account for
physical processes such as echo genesis, dissipation, or in-
tensity modulation during temporal evolution. Consequently,
optical flow consistently underperforms on quantitative met-
rics — including PSNR, SSIM, and CSI — with degradation
most severe in rapidly evolving convective systems where
non-translational dynamics dominate.

Quantitative evaluation and qualitative analysis jointly
demonstrate that BiConvLSTM-UNet achieves superior
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Table 3. Comparative performance evaluation of different models. Optimal values for each evaluation metric are highlighted in bold.

Threshold Metrics

Model

BiConvLSTM-Unet

ConvLSTM  DSA-Unet Optical Flow

PSNR% 25.608 24.638 24.464 23.707
SSIM1t 0.765 0.747 0.738 0.688
>20dBZ CSIt 0.523 0.418 0.416 0.442
POD1 0.627 0.432 0.532 0.561
FAR| 0.267 0.044 0.218 0.379
>30dBZ CSIt 0.379 0.317 0.263 0.297
POD% 0.547 0.339 0.389 0.403
FAR| 0.315 0.086 0.297 0.503
>40dBZ CSIt 0.192 0.148 0.110 0.142
POD% 0.359 0.160 0.178 0.201
FAR| 0.430 0.093 0.282 0.599
T Original Image _ Loss Image  BiConvLSTM-Unet _ ConvLSTM DSA-Unet  Optical Flow Method |
I Case 1
I Frame 7
I
|
|
I Frame 10
|
|
|
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I
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Figure 5. Comparison of radar echo restoration results of various models in different cases.

overall performance across key metrics — including PSNR,
SSIM, CSI, and POD - and exhibits enhanced fidelity in
reconstructing the structural boundaries of missing radar
echo regions. However, its elevated FAR reveals a consistent
tendency toward echo overestimation, particularly in low-
reflectivity or spatially ambiguous areas.
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4.3 Analysis of the impact of non-missing regions

BiConvLSTM-UNet performs holistic reconstruction of
missing radar echo sequences — a strategy that, while ef-
fective for gap filling, may inadvertently perturb pixel val-
ues in non-missing regions. To quantify this side effect
and rigorously assess the efficacy of post-processing in pre-
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Table 4. Evaluation of post-processing effects in non-missing re-
gions of radar echo data.

RMSE MAE BCD

Reconstruction results 0.704 0.260 6.41
Post-processing results 0.266 0.013  6.32

serving structural consistency within observed (i.e., non-
missing) echo regions, we restrict analysis exclusively to
frames containing missing data. Within these frames, we
conduct a pixel-wise comparative evaluation between the
raw model outputs and the corresponding post-processed re-
sults — specifically within the non-missing regions (Table 4).
Root Mean Square Error (RMSE) and Mean Absolute Error
(MAE) serve as complementary metrics: RMSE emphasizes
sensitivity to localized outliers and large-magnitude devia-
tions, thereby highlighting instances of severe inconsistency;
MAE provides a robust measure of average deviation across
all non-missing pixels, reflecting global fidelity and stability
(Chai and Draxler, 2014). The definitions are as follows:

A 22
oM (Y — Vi
RMSE = LM M’ B) (13)
Zi,j iJ
M s y..._)ﬂ,.’4
MAE:ZZ,] 1,J| 2% IJ} (14)

Zi,jMi»j

Here, Y; ; denotes the observed radar echo intensity
(in dBZ), y;, j represents the model-predicted echo value — ei-
ther from raw reconstruction or post-processed output — and
the binary mask (M; ;) indicates data availability: M; ; =1
for non-missing (observed) regions and M; ; = 0 for missing
regions.

Furthermore, to quantitatively assess the effect of the post-
processing procedure on boundary continuity within missing
regions, this study introduces the Boundary Continuity Dif-
ference (BCD) metric. BCD quantifies the local reflectivity
intensity consistency across the boundary of a missing re-
gion; specifically, it is computed over a symmetric boundary
band — centered on the missing-region boundary and extend-
ing 5 pixels inward and outward, respectively. It is defined as
follows:

1
BCD = 37 int0) — Louc () (15)

Here, Iin and I, denote the reflectivity values within the
inner and outer boundary zones of the missing region, respec-
tively, and N represents the total number of pixels along the
boundary included in the computation. A lower BCD value
indicates a smaller reflectivity difference across the bound-
ary, implying better boundary continuity and stronger spatial
coherence.

The results in Table 4 show that, the model’s holistic re-
construction yields RMSE and MAE values of 0.704 and
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Figure 6. Comparative analysis of post-processing effects on non-
missing regions of radar echo data.

0.260, respectively, within non-missing regions — indicating
unintended distortion of valid radar echo data. Upon inte-
grating the proposed post-processing strategy, these metrics
decline substantially to 0.266 (RMSE) and 0.013 (MAE),
reflecting a marked reduction in spurious modifications
to non-missing regions. Concurrently, the BCD value de-
creases from 6.41 in reconstruction results to 6.32 after post-
processing, demonstrating that the proposed strategy pre-
serves boundary continuity and does not degrade the smooth-
ness of intensity transitions along the boundaries of missing
regions.

Crucially, this improvement is achieved without compro-
mising reconstruction accuracy in missing regions. Collec-
tively, these results indicate that the post-processing strategy
maintains structural fidelity in observed regions without de-
grading reconstruction accuracy in missing regions, thereby
enhancing the overall quality of the restored radar mosaic
data. Figure 6 compares the non-missing regions of radar
echo data before and after post-processing.

4.4 Model generalization ability test

To evaluate model generalization under variations in missing
length and temporal continuity, we designed a controlled ex-
perimental protocol comprising distinct training and testing
regimes. During training, missing patterns were sampled at
random across 1-3 frames — thereby jointly simulating both
isolated (non-contiguous) and brief contiguous gaps. During
testing, two targeted scenarios were introduced: (i) random 4-
frame missing (preserving temporal dispersion) and (ii) con-
secutive 4-frame missing (enforcing maximal temporal con-
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tinuity) — to systematically probe reconstruction robustness
under extended gap duration and heightened structural dis-
continuity. Critically, the 1-3 frame missing patterns used in
this evaluation were freshly regenerated — decoupled from
those employed in ablation and comparative experiments —
to ensure independent assessment and mitigate confounding
bias in generalization performance.

As presented in Table 5, extending the random missing
length from 1-3 frames to 4 frames induces only marginal
declines in PSNR and SSIM for the BiConvLSTM-UNet
model, confirming its robustness to modest increases in miss-
ing duration. In contrast, CSI and POD exhibit more pro-
nounced degradation — particularly under intense radar echo
thresholds (> 30 and >40dBZ) — while FAR remains sta-
ble or even decreases across several thresholds. This pattern
suggests that the model preserves detection specificity un-
der extended random gaps, albeit with reduced sensitivity to
strong echoes. Under consecutive 4-frame missing, however,
all metrics — PSNR, SSIM, CSI, and POD - show consis-
tent and statistically meaningful deterioration across reflec-
tivity thresholds, indicating that uninterrupted temporal con-
text loss fundamentally impairs the model’s capacity to re-
cover spatiotemporal coherence in radar echo fields. Notably,
FAR continues to decrease, reflecting a conservative recon-
struction bias: the model increasingly favors omission over
false activation when deprived of contiguous temporal cues —
a behavior that trades recall for precision under severe struc-
tural uncertainty.

As shown in Fig. 7, the BiConvLSTM-UNet model main-
tains robust reconstruction performance across varying miss-
ing patterns — specifically, under both extended missing
length and reduced temporal continuity — indicating sub-
stantive generalization capability. Nevertheless, performance
degrades systematically with increasing missing intensity:
under random 4-frame missing, metrics decline modestly;
under consecutive 4-frame missing, however, all evaluation
metrics (PSNR, SSIM, CSI, POD) exhibit pronounced and
consistent deterioration. This graded, interpretable degrada-
tion — monotonic with respect to missing severity and qual-
itatively aligned with the underlying spatiotemporal model-
ing assumptions — further validates the model’s behavior as
physically plausible and methodologically sound.

5 Summary and Discussion

Partial radar echo missing — frequently observed in opera-
tional weather radar mosaics — represents a fundamental lim-
itation to their reliability and quantitative utility in real-time
forecasting and warning systems. Conventional restoration
methods, whether rooted in radar meteorological physics or
statistical interpolation, exhibit diminished effectiveness un-
der dynamically complex weather conditions and struggles
to characterize the nonlinear spatiotemporal evolution inher-
ent to convective precipitation echoes. Classical optical flow
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approaches reconstruct missing data by estimating echo mo-
tion fields; however, they critically depend on the brightness
constancy and small-motion continuity assumptions — con-
ditions routinely violated during rapid storm development,
merging, or abrupt intensity changes — leading to significant
instability and reconstruction artifacts. In recent years, deep
learning methods have been increasingly adopted for radar
missing-data reconstruction; however, prevailing approaches
typically require explicit missing masks as auxiliary inputs
and exhibit strong sensitivity to missing pattern configu-
rations — resulting in limited robustness when confronted
with unseen, irregular, or structurally heterogeneous missing
scenarios. To address these constraints, this study proposes
BiConvLSTM-UNet: a sequence-to-sequence reconstruction
model grounded in an end-to-end, mask-free paradigm. Built
upon a U-Net backbone, the architecture incorporates bidi-
rectional ConvLSTM units at the bottleneck layer to explic-
itly model temporal dependencies across feature sequences.
By intrinsically encoding the spatiotemporal continuity and
dynamic evolution priors of radar echo sequences — without
reliance on external mask supervision — the model achieves
implicit identification and physically consistent reconstruc-
tion of missing regions.

An experimental dataset was constructed under multi-
ple missing-data configurations to enable systematic model
training and comprehensive performance evaluation. Quan-
titative results demonstrate that BiConvLSTM-UNet con-
sistently outperforms both the conventional optical flow
method and representative deep learning models — includ-
ing ConvLSTM and DSA-UNet — across four key metrics:
PSNR, SSIM, CSI, and POD. Case studies further reveal
that BiConvLSTM-UNet robustly preserves boundary sharp-
ness and spatial continuity in reconstructed radar echo re-
gions, accurately recovering dominant morphological struc-
tures without requiring explicit missingness masks. As illus-
trated in Fig. 9, the echoes reconstructed by BiConvLSTM-
UNet exhibit significant spatial-temporal continuity — espe-
cially when aligned with adjacent time frames — and maintain
key structural features such as the position, range, and rela-
tive intensity of the strong convective core. Although there
are minor discrepancies in reproducing extreme reflectivity
intensities and the transition of echo boundaries, the overall
fidelity and physical rationality of the reconstruction indicate
a promising application prospect. Notably, while model per-
formance gradually degrades with increasing echo missing-
ness, it retains measurable adaptability; however, intensity
overestimation emerges in certain high-missingness scenar-
ios. This suggests that pixel-level intensity fidelity and false
alarm suppression remain critical avenues for future refine-
ment. Although the pixel-wise loss function employed in this
study improves overall reconstruction accuracy, it may inad-
vertently smooth local high-gradient convective structures —
particularly within intense radar echo regions. Consequently,
preserving peak reflectivity values and resolving fine-scale,
high-intensity echo features remains a critical objective for
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Table 5. Model generalization performance on radar echo missing regions.

6353

Threshold  Metrics Option
Random 1-3 Frames  Sequential 1-3 Frames Random 4 Frames Sequential 4 Frames
PSNR*t 25.991 25475 25.485 24.353
SSIM? 0.751 0.744 0.734 0.728
>20dBZ CSIt 0.505 0.421 0.482 0.385
POD% 0.602 0.499 0.573 0.447
FAR| 0.253 0.206 0.240 0.214
>30dBZ CSIt 0.361 0.300 0.303 0.252
POD% 0.516 0.424 0.444 0.354
FAR| 0.295 0.273 0.315 0.285
>40dBZ CSIt 0.161 0.124 0.112 0.105
POD% 0.304 0.198 0.230 0.169
FAR| 0.394 0.318 0.322 0.309
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Figure 7. Example diagram for testing the generalization ability of the BiConvLSTM-UNet model.

future model refinement, encompassing advances in network
architecture, loss function formulation, and post-processing
methodology.

Furthermore, to rigorously assess the model’s cross-
seasonal generalization capability, the trained model was

https://doi.org/10.5194/amt-19-6341-2026

evaluated on radar reflectivity data acquired during the non-
rainy season (January—February and October—December) in
2023. Results demonstrate that the model maintains moder-
ate reconstruction performance under non-rainy conditions,
achieving PSNR and SSIM values of 25.838 and 0.749, re-
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Figure 8. Schematic diagram of BiConvLSTM-UNet model structure and parameters.
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Figure 9. The restoration results of real radar echo missing data by the BiConvLSTM-UNet model.
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spectively. At reflectivity thresholds of 20, 30, and 40 dBZ,
the corresponding evaluation metrics are as follows: CSI =
0.516, 0.320, 0.132; POD = 0.610, 0.471, 0.289; FAR =
0.239, 0.309, 0.401. Performance degrades systematically
with increasing threshold — CSI and POD decrease mono-
tonically, while FAR increases — reflecting reduced sensitiv-
ity to high-intensity echo structures. This degradation is pri-
marily attributable to distributional shift between the rainy-
season training data and the non-rainy-season test data, par-
ticularly in terms of echo frequency, spatial sparsity, and in-
tensity characteristics. Specifically, strong echo events occur
less frequently and exhibit greater spatial dispersion during
the non-rainy season, limiting the model’s capacity to gen-
eralize to such structures under out-of-distribution seasonal
conditions. To enhance robustness across seasons and ex-
treme weather events, future work will focus on expanding
the training dataset with diverse seasonal samples, incorpo-
rating complementary meteorological variables (e.g., verti-
cal wind shear, CAPE), and developing data augmentation
strategies tailored to intense convective echoes.

Overall, this study demonstrates the feasibility and effec-
tiveness of reconstructing radar missing regions through spa-
tiotemporal sequence modeling — without requiring explicit
missing masks — thereby establishing a novel technical path-
way to reduce model reliance on prior knowledge of miss-
ing patterns and improve reconstruction robustness across di-
verse missing scenarios. It is important to clarify that this
study does not aim to establish mask-free methods as in-
herently superior to mask-based approaches; rather, it seeks
to investigate the feasibility of achieving high-fidelity radar
echo reconstruction using solely the intrinsic spatiotempo-
ral structure of echo sequences — without requiring explicit
missing-value masks. Future work will conduct systematic
comparisons against state-of-the-art mask-based methods to
rigorously characterize the relative strengths, limitations,
and operational trade-offs of both paradigms across diverse
missingness patterns (e.g., random, structured, and extreme
sparse regimes).

Notably, mask-free training introduces nontrivial chal-
lenges in both convergence stability and hyperparameter sen-
sitivity. Future work should therefore focus on two comple-
mentary directions: first, refining model architecture (e.g.,
via attention-gated feature modulation) to enhance fidelity in
missing-region reconstruction; second, designing loss formu-
lations that mitigate the dominance of non-missing pixels —
without resorting to binary masks — such as by incorporat-
ing spatially adaptive weighting or uncertainty-guided pixel
selection.
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