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Highlights


What are the main findings?




	
The proposed TPDTC-Net-DRA architecture demonstrates superior performance in intense precipitation nowcasting. The integration of dynamic region modules and weight control modules within the encoder overcomes the spatial feature extraction limitations of prior methods by focusing on precipitation regions.



	
The novel dynamic region attention (DRA) mechanism effectively enhances model accuracy. By dynamically guiding the model’s attention computation to precipitation regions, the DRA mechanism successfully reduces computational redundancy over non-informative regions.








What are the implication of the main findings?




	
TPDTC-Net-DRA provides a new architectural paradigm for meteorological forecasting models and offers a design framework for addressing similar spatiotemporal prediction challenges. Explicitly incorporating dynamic region focus and adaptive weight control within the encoder is a practical strategy for enhancing spatial feature extraction in nowcasting tasks.



	
The DRA mechanism exhibits strong generalizability and portability. The DRA mechanism is not architecture-specific. Its ability to be seamlessly integrated into other encoder–decoder models suggests it can serve as a plug-and-play module to boost the performance of a wide range of spatiotemporal prediction tasks beyond precipitation nowcasting.









Abstract


Heavy precipitation events are characterized by sudden onset, limited spatiotemporal scales, rapid evolution, and high disaster potential, posing long-standing challenges in weather forecasting. With the development of deep learning, an increasing number of researchers have leveraged its powerful feature representation and non-linear modeling capabilities to address the challenge of precipitation nowcasting. Despite recent advances in deep learning for precipitation nowcasting, most existing methods do not explicitly separate precipitation from non-precipitation regions. This often leads to the extraction of redundant or irrelevant features, thereby causing models to learn misleading patterns and ultimately reducing their predictive capability for heavy precipitation events. To address this issue, we propose a novel dynamic region attention (DRA) mechanism, and an improved model TPDTC-Net-DRA, based on our previously introduced TPDTC-Net. The proposed TPDTC-Net-DRA applies the DRA mechanism and incorporates its two key components: a dynamic region module and a weight control module. The dynamic region module generates a mask matrix that is applied to the feature maps, guiding the attention mechanism to focus only on precipitation areas. Meanwhile, the weight control module produces a location-sensitive weight matrix to direct the model’s attention toward regions with intense precipitation. Extensive experiments demonstrate that TPDTC-Net-DRA achieves superior performance for heavy precipitation, outperforming current state-of-the-art methods, and indicate that the proposed DRA mechanism exhibits strong generalization ability across diverse model architectures.
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1. Introduction


Heavy precipitation is typically defined as a precipitation event with an amount of ≥10 mm within 1 h [1,2]. Characterized by rapid onset and dissipation, high spatial locality, and significant destructive potential, this phenomenon represents a major meteorological hazard affecting most regions. Accurate nowcasting of heavy precipitation is critically important for agricultural production [3,4,5], urban drainage systems [6,7,8], transportation networks [9,10,11], etc., causing substantial socioeconomic impacts. However, nowcasting and early warning for heavy precipitation events remain significant challenges for operational meteorological services [12].



Precipitation nowcasting can be primarily categorized into two groups: traditional methods and deep learning-based methods. Traditional methods mainly include numerical weather prediction (NWP) [13] and radar echo extrapolation [14]. NWP employs numerical calculations based on the atmospheric state under specified initial and boundary conditions to forecast weather evolution processes within a specified future time frame [15]. NWP has a robust theoretical foundation, enabling the prediction of future weather conditions through model simulations without relying solely on direct observational data. Currently, numerous national and regional meteorological services operate NWP systems, such as China’s global/regional assimilation and prediction system (GRAPES) [16] and the United States’ weather research and forecasting model (WRF) [17]. However, NWP still faces significant challenges. Firstly, numerical models require substantial computational resources, and the computational load increases dramatically as spatial resolution increases [18]. Secondly, NWP exhibits high sensitivity to initial conditions, particularly for short-term forecasts. Errors in the initial field amplify rapidly, degrading forecast accuracy [19,20]. Furthermore, accurately capturing complex meteorological processes, such as severe convective weather and atmospheric instabilities, remains a challenge within NWP frameworks.



Radar echo extrapolation forecasts future echoes using historical radar data to improve short-term prediction precision. Current methods include three primary techniques: cross-correlation method, monomer centroid method and optical flow method [21,22]. Optical flow methods, the most widely applied approach, originate from computer vision. They estimate motion vectors between consecutive radar frames by analyzing pixel-level temporal variations and inter-frame correlations [23]. Nevertheless, these conventional radar echo extrapolation approaches suffer from severe limitations: predictive skill decays rapidly with longer lead times, overall extrapolation capability is limited, and predicted fields progressively exhibit distortion effects. Consequently, the discrepancy between the predicted and actual precipitation patterns is amplified, making it difficult to satisfy the precision requirements of precipitation nowcasting [24].



Unlike physics-based numerical weather prediction models, deep learning provides a data-driven approach. With its powerful nonlinear fitting capability, it learns underlying physical patterns from massive historical observations, enabling efficient inference of short-term precipitation distributions and demonstrating significant application potential [3,25]. By training on historical radar echo sequences, deep learning models learn spatiotemporal features inherent in echo evolution, generating predictions within shorter time frames [26].



Although deep learning-based methods have significantly promoted heavy precipitation nowcasting, existing approaches often inadequately distinguish precipitation regions from non-precipitation areas during data processing. This leads to the neural network being disturbed by redundant information from irrelevant regions, thereby affecting the prediction effect. Simultaneously, insufficient focus on high-intensity precipitation regions further diminishes the capability for nowcasting heavy precipitation.



To address these issues, this paper proposes a novel dynamic region attention (DRA) mechanism, and temporal predictor and dynamic Transformer-CNN network with DRA (TPDTC-Net-DRA), a deep learning framework for heavy precipitation nowcasting based on our previously introduced temporal predictor and dynamic Transformer–CNN network (TPDTC-Net) [27]. The method incorporates the DRA mechanism and utilizes its two synergistic modules: the dynamic region module (DRM) calculates a mask matrix to selectively weight feature maps, concentrating attention on precipitation-active regions; the weight control module (WCM) generates location-specific weights to amplify focus on high-intensity precipitation regions. The proposed architecture significantly enhances the accuracy of prediction for heavy precipitation scenarios. The major contributions of this work are as follows.



	
This paper proposes TPDTC-Net-DRA, an encoder–temporal predictor–decoder architecture that incorporates dynamic region modules and weight control modules within the encoder. This design overcomes the spatial feature extraction limitations of existing methods by focusing on precipitation regions, thereby substantially improving intense precipitation nowcasting performance.



	
A dynamic region attention, i.e., DRA mechanism is proposed, which enables the model to focus on precipitation areas during attention computation, effectively reducing redundant operations over non-informative regions and improving prediction accuracy. The proposed DRA mechanism is not only applicable to our proposed TPDTC-Net-DRA, but can also be seamlessly integrated into other encoder–decoder architectures.



	
Comprehensive experiments on the standard benchmark dataset demonstrate that TPDTC-Net-DRA outperforms state-of-the-art methods in heavy precipitation nowcasting, with its dynamic region attention mechanism significantly improving nowcasting accuracy.







2. Related Work


2.1. Deep Learning-Based Precipitation Nowcasting


Precipitation nowcasting can be regarded as a radar-echo sequence forecasting task. From a learning perspective, it is a subtask of spatiotemporal sequence prediction (or more broadly, image sequence prediction) [28]. Current deep learning-based models for precipitation nowcasting mainly fall into three categories: convolutional neural network (CNN) architectures represented by UNet [29], recurrent neural network (RNN) architectures represented by convolutional long short-term memory (ConvLSTM) [30], and self-attention-based architectures represented by Transformer models.



UNet has been increasingly adopted for precipitation nowcasting in recent years. This is mainly due to its architectural simplicity, low computational overhead, ease of deployment, and strong ability to preserve spatial resolution compared with many other CNNs. Agrawal et al. [31] introduced UNet into precipitation nowcasting by categorizing precipitation intensity into three classes, enabling probabilistic precipitation forecasts over the continental United States. Building upon UNet, Song et al. [32] incorporated the squeeze-and-excitation (SE) module [33] to enhance the inter-channel feature representation, proposing the SE-ResUNet model (integrating ResNet, squeeze-and-excitation, and an attention mechanism), which has been deployed in operational meteorological services in the Haidian district meteorological bureau of Beijing. Convolution is inherently tailored to capture local spatial dependencies within images, but it is ill-equipped to model temporal evolution. Even when extended to three dimensions, e.g., the spatiotemporal convolutional sequence-to-sequence network (STConvS2S) [34], it still struggles to fully represent the intricate and non-stationary spatiotemporal dynamics of precipitation. This limitation has motivated a shift toward unified learning frameworks that more tightly couple spatial and temporal modeling, thereby continuously advancing both forecast accuracy and operational utility in precipitation nowcasting.



In contrast to convolutional neural networks, which are well suited for extracting spatial features, recurrent neural networks (RNNs) exhibit strong capabilities for modeling sequential data [35]. Building upon the classical LSTM network [36], Shi et al. [30] integrated convolutional operations to propose ConvLSTM, which was applied to precipitation nowcasting over the Hong Kong region. To further enhance the model’s capability in capturing dynamic spatial changes, they later introduced a trajectory-based gating mechanism, leading to the development of the trajectory gated recurrent unit (TrajGRU) [37], which enables the model to learn patterns of spatial displacement. Wang et al. [38] extended ConvLSTM and proposed a predictive recurrent neural network (PredRNN), which incorporates a spatiotemporal memory mechanism that can be passed across layers, effectively overcoming the temporal independence limitation of memory cells in traditional ConvLSTM architectures. This design significantly improves the model’s ability to capture complex spatiotemporal dependencies. Inspired by the classical time series modeling approach autoregressive integrated moving average (ARIMA), Wang et al. further proposed the memory in memory (MIM) model [39], which introduces both non-stationary and stationary memory units into the PredRNN framework. Additionally, a diagonal differencing tensor flow mechanism was designed to model non-stationary spatiotemporal dynamics, enhancing the model’s ability to learn temporal trends within sequences. Wu et al. [40] found that simultaneously capturing both the transient fluctuations and the evolving trend of motion is crucial for improving a model’s ability to predict spatiotemporal changes. Building on this, they proposed the MotionRNN model, which integrates a MotionGRU module across network layers. Combined with a momentum decay strategy, this approach enables joint modeling of transient memory and trend memory, thereby further improving its ability to characterize complex spatiotemporal evolution.



Transformer [41] and its spatiotemporal extensions, which leverage the strong ability of the self-attention mechanism to model long-range dependencies, have demonstrated superior performance in handling complex nonlinear dynamics and long temporal sequences. Consequently, they have emerged as a key research focus in precipitation nowcasting. Bai et al. [42] proposed a novel nowcasting framework called Rainformer, which enhances prediction accuracy by combining window-based multi-head self-attention with gated fusion units. Park et al. [43] proposed Nowformer, a Transformer-based nowcasting model for short-term precipitation forecasting, which fuses large-kernel global convolutions with local dynamic modeling to accurately capture the spatial trajectory and lifecycle characteristics of precipitation, thereby enhancing the model’s perception of the short-term evolution of precipitation. Zhang et al. [44] proposed NowcastNet, which unifies physical evolution mechanisms with conditional learning into a single end-to-end neural network framework. This model effectively mitigates common challenges in extreme precipitation forecasting, such as blurriness and positional biases, while providing fine-grained representations of varying precipitation intensities. Gao et al. [45] introduced Earthformer, a model designed for forecasting tasks related to the Earth system. It incorporates a cuboid attention mechanism that restricts self-attention computation to local cuboidal regions, reducing complexity while enabling cross-region communication via global tokens. This design further enhances the model’s ability to capture global spatiotemporal dependencies.




2.2. Heavy Precipitation Nowcasting


In the field of precipitation forecasting, most existing deep learning-based studies focus on predicting low- to moderate-intensity precipitation, while forecasting performance for heavy precipitation (i.e., precipitation intensity greater than 10 mm/h) often fails to meet practical requirements [46]. Such forecasting biases may lead to delayed or incorrect warnings for disasters triggered by extreme precipitation, thereby resulting in significant casualties and economic losses. Therefore, the term heavy used in this study is defined by an absolute quantitative threshold, representing a predefined boundary. Specifically, precipitation events with an intensity greater than 10 mm/h are defined as heavy precipitation.



Nowcasting systems analyze the characteristics, intensity, and dynamic changes of radar echoes to identify and predict the initiation, development, and movement of precipitation at varying intensities, thereby providing accurate precipitation forecasts. For example, Ji et al. [47] proposed the convolutional LSTM GAN (CLGAN) network, which combines the advantage of GAN model sensitivity to component weights with the powerful spatiotemporal feature extraction capabilities of U-Nets and ConvLSTM models to accurately capture heavy precipitation events. Wang et al. [48] introduced a novel heavy precipitation nowcasting model based on an innovative task-segmented architecture, namely, TS-RainGAN. This model incorporates two key modules for heavy precipitation prediction: first, the mask prediction network (MaskPredNet) predicts the spatial coverage of different precipitation categories, providing boundary identification for precipitation of varying intensities; then, the mask-to-intensity translation generative adversarial network (IntensityGAN) uses the generated precipitation coverage to predict precipitation intensity. Another study utilized self-organizing map (SOM) and k-means algorithms to cluster precipitation types (e.g., low-intensity and high-intensity categories) and trained a prediction model based on the clustering results, significantly enhancing the forecasting performance for high-intensity precipitation [49]. Tan et al. [50] proposed a multi-scale feature fusion (MFF) module that employs a discrete probability mechanism to reduce uncertainty and prediction errors, enabling it to forecast heavy precipitation even at longer lead times.



Recent studies have demonstrated that attention mechanisms can significantly improve heavy precipitation forecasting performance [51]. Bai et al. [42] enhanced their model by incorporating a self-attention mechanism to capture global features, which directs the attention features more toward regions with exceptionally high values and small spatial extents associated with intense precipitation, thereby effectively overcoming the locality of convolutional operations. Li et al. [52] integrated Transformer with a causal attention mechanism and proposed the diffusion transformer with causal attention (DTCA), which establishes spatiotemporal queries between conditional information (cause) and predicted outcomes (effect). This design allows the model to effectively capture long-range dependencies, ensuring that predictions maintain strong causality with input conditions across extended temporal and spatial scales. This method increased the critical success index (CSI) for heavy precipitation prediction by approximately 15% and 8%, respectively. Wen et al. [53] introduced a novel quantitative precipitation estimation (QPE) model that incorporates the convolutional block attention module (CBAM) to guide the model to focus on individual cells most likely to produce heavy precipitation. The model achieved CSI and HSS scores of 0.6769 and 0.7910, respectively. Zhang et al. [54] combined CNNs, a bidirectional long short-term memory (BiLSTM) system, and an attention mechanism to propose the CNN-BiLSTM-AM model, which predicts severe convective weather using ERA5 hourly data and observations. The model achieved an RMSE of only 11.11 mm, indicating a significant error reduction compared to conventional nowcasting models. Additionally, it attained a notable correlation coefficient of nearly 97%, reflecting a strong agreement between predicted and observed precipitation.



Similarly, early precipitation-masked attention approaches obtain relatively static or coarse precipitation masks from consecutive radar frames. For instance, GA-SmaAt-GNet [55] and CLGAN [47] exploit the advantages of adversarial learning for binary precipitation prediction and incorporate convolutional block attention modules (CBAM) to emphasize relevant features generated by preceding convolutional layers. NowcastNet [44] enhances the representation of precipitation primarily by increasing the sampling probability of precipitation samples within a batch, rather than applying pixel level weighting. Some studies have also leveraged generic saliency gating mechanisms to achieve heavy precipitation prediction. Wu et al. proposed GA-LSTM [56], which introduces an LSTM-Atten module to selectively extract and weight historical states with respect to the current input, with attention unfolding along the temporal dimension. Liu et al. proposed a multi-scale gated temporal spatial attention network (MGTSA-Net) [57], which computes attention weights by modeling correlations across features at different scales. In most of these methods, the enhancement of heavy precipitation information is either indirect or limited, or lacks explicit spatial focusing constraints on heavy precipitation regions. To address this limitation, we propose a dynamic region attention mechanism. On the one hand, the dynamic region module flexibly extracts multi-scale information from precipitation features by dividing the data into four branches; on the other hand, a weight control module is introduced to impose stronger constraints and reinforcement on key regions, thereby encouraging the network to focus on heavy precipitation more directly and stably.





3. Materials and Methods


3.1. Overall Structure Diagram


The proposed TPDTC-Net-DRA method is an enhanced version built upon our previously developed TPDTC-Net [27]. Its overall framework is illustrated in Figure 1. Similarly to its predecessor, the network retains an encoder–time predictor–decoder structure. The key distinction lies in the composition of each encoder block: TPDTC-Net-DRA integrates several DRA modules, a multiplicative convolution module, and an adaptive dynamic weighting module (DWM). Specifically, the DRA module is designed to address computational redundancy in TPDTC-Net caused by interference from precipitation-free regions. This module dynamically directs the network’s focus toward regions with higher precipitation intensity, thereby improving both the accuracy and efficiency of precipitation forecasts, while significantly enhancing the predictive performance of the model for heavy precipitation events.




3.2. Dynamic Region Attention Mechanism


The multi-scale self-attention module in the original TPDTC-Net architecture, while effectively capturing global dependencies through its large receptive field, uniformly processes all feature map regions without adaptive feature selection during information extraction. Although this approach successfully models global relationships, it demonstrates limited effectiveness for precipitation systems characterized by high spatiotemporal heterogeneity. Within a single feature map, meteorological processes typically involve coexisting precipitation-free regions, light precipitation regions, and intense precipitation regions. As demonstrated in Figure 2 illustrates the actual rainfall conditions. To enhance predictive accuracy for high-impact precipitation events, the network should prioritize feature extraction from critical regions (e.g., the black-bounded areas), thereby improving nowcasting accuracy for heavy precipitation scenarios.



Figure 3 schematically illustrates the dynamic region attention mechanism proposed in this work. The left depicts conventional attention mechanisms that compute pairwise attention values exhaustively across all pixels within the input tensor. While this approach captures global dependencies, it inevitably incurs significant computation on processing non-precipitation regions, resulting in substantial redundancy. The right illustrates our novel dynamic region attention mechanism. This mechanism employs a dynamic region module to generate a mask matrix that is element-wise multiplied with the input feature map. This operation restricts attention computation exclusively to precipitation-containing regions, thereby eliminating computations over non-precipitation regions. Crucially, a weight control module adaptively re-calibrates regional attention weights based on the intensity of precipitation. In the figure, darker colors indicate higher weights assigned to the corresponding regions, guiding the network to focus more on these regions to improve the prediction accuracy of high-intensity precipitation.



The DRA module proposed in this paper is based on the multi-scale self-attention module in TPDTC-Net, which is further extended by adding the DRM and the WCM, and the structure is shown in Figure 4. The DRM controls the focus of the attention mechanism by generating a mask matrix to ensure that the network can focus on the precipitation region. The WCM automatically adjusts the weights of each region, enabling the model to focus more on the regions with strong precipitation while capturing both global and local features. Specifically, the DRA module divides the feature maps of the three scales into three branches: one without any processing, one for generating the weight matrix, and one for generating the mask matrix. In the leftmost branch, the feature map is input to the weight control module to get the specific weight of each point. In the rightmost branch, the feature map is first fed into the dynamic region module to generate a base mask matrix. This matrix reflects the level of importance of each region. To ensure that the values of the mask matrix are within a reasonable range, it is compressed to the interval [0, 1] using a Sigmoid activation function, yielding matrix Z. Subsequently, the mean value M of the base mask matrix is computed, which serves as a global reference for this matrix. Each element in Z is then compared against M. If the value of a point in Z is less than M, the precipitation at that location is considered to be low and not enough to attract the attention of the network. Therefore, the value of the corresponding location in Z is set to 0, effectively excluding that region from attention computation and suppressing the network’s focus there. Finally, the outputs from all three branches are integrated by element-wise multiplication. This operation weights the original feature map according to the refined mask matrix Z and the weight matrix, producing a weighted dynamic region feature map. Attention computation is then performed specifically on this weighted feature map. The mathematical formulation of DRA module is as follows:


   [  X 1  ,  X 2  ,  X 3  ]  = L N  ( Down  ( X )  )   



(1)






   A i  = Sigmoid  ( DRM  (  X i  )  )  ,  1 ≤ i ≤ 3  



(2)






   M i  = Average  (  A i  )  ,  1 ≤ i ≤ 3  



(3)






   Z i  = Where  (  Z i  <  M i  , 0 ,  Z i  )  ,  1 ≤ i ≤ 3  



(4)






   W i  = WCM  (  X i  )  ,  1 ≤ i ≤ 3  



(5)






   Out i  =  X i  ×  Z i  ×  W i  ,  1 ≤ i ≤ 3  



(6)




where X denotes the input of the model. Down represents the downsampling layer. LN indicates the layer normalization module.   A i   corresponds to the base mask matrix.   Z i   signifies the mask matrix.   M i   denotes the mean value of the base mask matrix. The where operator determines whether attention computation is applied at each spatial position, and the implementation code of this hard threshold is provided in Appendix A.   W i   represents the weight matrix.   O u  t i    indicates the final weighted dynamic regional feature map. Sigmoid is an activation function, while Average is an operation for calculating the mean.




3.3. Dynamic Region Module


The detailed architecture of the DRM is illustrated in Figure 5. Given precipitation feature maps as input, a channel split operation first divides the data along the channel dimension into four parallel branches, each processing distinct feature information. This branched architecture enables flexible extraction of multi-scale information from precipitation features while adapting to spatial variations in precipitation distribution. Within each split branch, multi-scale max pooling is applied with downsampling ratios of   2 ×   for   I n  p 2   ,   4 ×   for   I n  p 3   , and   8 ×   for   I n  p 4   . Given   I n  p 1    with dimensions   H × W  , the pooled dimensions become   I n  p 2  :   H 2   ×   W 2    ,   I n  p 3  :   H 4   ×   W 4    , and   I n  p 4  :   H 8   ×   W 8    . This multi-scale extraction mechanism enhances the perception of precipitation variations at different resolutions, thereby improving the identification of key learning regions. Subsequently, a separable depthwise convolution is applied to each pooled branch for feature extraction. This operation processes channel features independently, reducing computational load and parameter count while maintaining the feature extraction capability. The processed feature maps are then upsampled to the original spatial resolution   H × W   via interpolation, enabling cross-scale feature alignment and fusion. Features extracted from different scales are concatenated to integrate multi-scale information. The concatenated feature map preserves both local details and global patterns, ensuring comprehensive coverage of precipitation regions in the generated mask matrix. Finally, the concatenated output is processed through convolutional consolidation to generate a unified multi-scale regional mask matrix.



The specific equations for this module are as follows:


   [ I n  p 1  , I n  p 2  , I n  p 3  , I n  p 4  ]  = Split  ( I n p )   



(7)






  I n  p i  = DWConv  Pooling  I n  p i  ,   1  2 i      ,  1 ≤ i ≤ 4  



(8)






  Out = Concat  Conv  Interpolation ( I n  p i  )   ,  1 ≤ i ≤ 4  



(9)






  Mask = GELU ( Out ) × I n p  



(10)




where Inp denotes the module input; Split refers to the channel-wise split operation; DWConv stands for depthwise separable convolution; Pooling indicates max pooling; Interpolation denotes the upsampling operation; Concat represents the concatenation step; and Mask is the final output mask matrix.




3.4. Weight Control Module


In addition to the DRM, we propose the WCM to further enhance the network’s sensitivity to high-intensity precipitation regions. This module dynamically adjusts the weights assigned to different precipitation regions, ensuring the model allocates greater attention to heavy precipitation regions during processing, thereby improving prediction accuracy.



Specifically, the WCM automatically adjusts the weights for each region based on the precipitation intensity within the input data. For regions with higher precipitation intensity, the weights are dynamically increased, forcing the network to concentrate its attention on these areas and further improving prediction precision for heavy precipitation events. Conversely, regions with light precipitation are assigned suppressed weights to prevent the network from overemphasizing less critical parts.



A schematic diagram of the WCM is shown in Figure 6. When processing the input precipitation feature map, the module first calculates the squared difference between each pixel and the mean value of its respective channel (along the height h and width w dimensions). This step aims to quantify the deviation of each pixel from the channel mean, thereby identifying regions exhibiting significant variation within the feature map, which typically correspond to heavy precipitation or other salient features. Subsequently, for each channel, the sum of squared differences across its spatial dimensions (i.e., height and width) is computed. This yields the total squared difference per channel, reflecting the overall variation within that channel. The resulting matrix y is then passed through a Sigmoid activation function, normalizing each value to the range [0, 1]. This ensures the generated weight values are smooth and stable. These weights are applied during the feature map weighting process. The regions corresponding to heavy precipitation receive higher weights, while the regions with less precipitation receive lower weights.



By dynamically generating attention weights based on local variations within the input feature map, the WCM enables the neural network to prioritize regions of heavy precipitation while suppressing attention to regions with lighter precipitation. This enhancement effectively reduces interference from non-precipitating or low-precipitation areas, thus improving the model’s prediction accuracy in regions experiencing heavy precipitation.




3.5. Loss Function


Considering the characteristics of the dataset (as shown in Table 1), this paper adopts a weighted loss function with balanced mean squared error (BMSE). Here, the traditional mean squared error (MSE) serves as the baseline loss function, defined as follows:


  M S E =   1  F × H × W     ∑  f = 1  F   ∑  h = 1  H   ∑  w = 1  W     pred  f , h , w   −  label  f , h , w    2   



(11)




where F denotes the total number of image frames, and H and W represent the height and width of the image, respectively.   pred  f , h , w    and   label  f , h , w    correspond to the predicted value and observed value at the position   ( f , h , w )  .



As shown in Table 1, the distribution of precipitation intensity in the dataset exhibits significant imbalance. To address this issue, a weighted loss function is adopted in this study. The weights dynamically adapt based on precipitation intensity, defined as follows:


  ω =      1 ,     x < 2       2 ,     2 ≤ x < 5       5 ,     5 ≤ x < 10       10 ,     10 ≤ x < 30       30 ,     x ≥ 30       



(12)




where x represents the cumulative precipitation. The BMSE can be calculated as follows:


     B M S E =         1  F × H × W      ∑  f = 1  F     ∑  h = 1  H     ∑  w = 1  W    ω  f , h , w      pred  f , h , w   −  label  f , h , w    2      



(13)




where   ω  f , h , w    denotes the weight assigned to the pixel at position   ( h , w )   in frame f. To guarantee fair comparisons across all experiments, BMSE is uniformly adopted as the loss function for all subsequent models.





4. Results


4.1. Datasets


The precipitation data used in this paper for model training and validation were provided by the Royal Netherlands Meteorological Institute (KNMI). These data cover precipitation images collected at 5 min intervals over the Netherlands and its surrounding areas from 2016 to 2019. We selected images where at least 50% of the pixels contained precipitation to prevent the network from exhibiting bias toward predictions of zero values. Additionally, the precipitation images were cropped to a uniform size of   288 × 288   pixels to reduce computational demands during training. In the precipitation map, each pixel corresponds to a 1 km2 area and represents the accumulated precipitation over the most recent 5 min; the precipitation amount is stored as an integer in units of 0.01 mm. The selected training and validation sets include 5734 sequences, with 80% randomly chosen as the training set and the remaining sequences used as the validation set. The test set contains 1557 sequences. Each sequence consists of 18 image frames.The experiment took 9 frames as input, representing the precipitation pattern over the previous 45 min, and predicted precipitation for the subsequent 45 min.



To normalize the data, the values in both the training and test sets were divided by the maximum value observed in the training set. The calculation is as follows, where x represents the original data and max is the highest value among all data:


   x normalized  =   x max    



(14)








4.2. Implementation Details


The proposed TPDTC-Net-DRA model processes a 9-channel input and generates a 9-channel output. Both the encoder and decoder employ a three-level hierarchical architecture, containing 5, 6, and 6 DRA layers at each level, respectively. At the end of each level of the encoder, downsampling operations are performed to progressively increase the dimensions of the feature maps. The temporal predictor integrates 6 layers of Fourier self-attention blocks.



The hardware environment for the experiments in this study was a high-performance server equipped with Intel(R) Xeon(R) Gold 6430 CPU, 120 GB of memory, and an NVIDIA RTX 4090 GPU. The software environment included the Ubuntu 20.04 operating system, with CUDA 12.1, Python 3.10, and PyTorch 2.1.0 installed. During model training, the optimizer was Adam, with an initial learning rate of 0.0002, and the learning rate decayed to 0.9 of its previous value every 4 epochs. The batch size was set to 2 for the KNMI dataset.




4.3. Evaluation Metrics


This experiment employed four metrics to quantitatively evaluate the performance of the precipitation nowcasting network: the critical success index (CSI), the Heidke skill score (HSS), BMSE, and the balanced mean absolute error (BMAE).



4.3.1. CSI


CSI measures the ratio of correctly predicted events (e.g., precipitation) to the total number of predicted events and the total number of actual events, while also accounting for the impact of false alarms. It is used to assess the ability of a forecasting system to capture specific weather events (e.g., the occurrence of precipitation). The formula is as follows:


  CSI =    T P   T P + F P + F N     



(15)







In this formula, TP represents the number of grid points where both observed and predicted precipitation exceed the threshold. FP represents the number of grid points where observed precipitation is below the threshold but predicted precipitation exceeds it. FN represents the number of grid points where observed precipitation exceeds the threshold but predicted precipitation does not.




4.3.2. HSS


HSS is an indicator for evaluating forecast skill. It considers both correct and incorrect predictions and is typically used to assess whether a forecasting system performs better than a random forecast. Unlike CSI, HSS incorporates a baseline for random forecasts during calculation, i.e., it compares actual forecasts with purely random forecasts. The formula is as follows:


     HSS =         2 ( T P · T N − F P · F N )   ( T P + F N ) ( T N + F P ) + ( T P + F P ) ( T N + F N )       



(16)




where TN represents the number of grid points where both observed and predicted precipitation are below the threshold.




4.3.3. BMSE


BMSE is used to evaluate the error between predicted and true values. The specific formula is as follows:


  BMSE =   1 n    ∑  i = 1  n   w i    (  y i  −   y ^  i  )  2   



(17)




where n is the total number of samples,   w i   is the weight corresponding to each pixel,   | |   represents the absolute value operation,   y i   is the predicted value, and    y ^  i   is the true value.




4.3.4. BMAE


BMAE is an evaluation metric used to assess the predictive performance of regression models. It is a weighted version of the mean absolute error (MAE), which balances the influence of different samples on model predictions by assigning different weights to the errors of individual samples. The formula is as follows:


  BMAE =   1 n    ∑  i = 1  n   w i   |  y i  −   y ^  i  |   



(18)









4.4. Comparison with State-of-the-Art Methods


Table 2 provides a quantitative comparison of prediction results across different models. In this paper, the model output 5 min accumulated precipitation. For evaluation, the accumulated amounts were converted into an equivalent hourly precipitation intensity r (mm/h) using a unified physical conversion. Heavy precipitation was defined as   r ≥ 10   mm/h. The results demonstrate that TPDTC-Net-DRA outperformes the previous TPDTC-Net model on the two key evaluation metrics, CSI and HSS, achieving notable improvements. This advantage is attributed to the dynamic region attention method proposed in this paper. This method enables the network to focus more effectively on precipitation regions, extract richer precipitation features, and better capture the interactions between precipitation events.



As shown in Table 2, it can be observed that TPDTC-Net-DRA achieves significant performance improvements across all thresholds. The enhanced prediction capability for light precipitation is primarily attributed to the powerful multi-scale feature extraction capability of TPDTC-Net, which enables effective capture of precipitation patterns at various spatial scales. The introduction of the DRA mechanism further enhances the model’s ability to suppress interference from redundant information and focus on key features within precipitation regions, thereby avoiding excessive computation in irrelevant regions. By strengthening the network’s focus on precipitation-related regions, it becomes more capable of accurately extracting global multi-scale features associated with precipitation, which substantially improves its prediction performance under light precipitation scenarios. Moreover, light precipitation is generally characterized by relatively stable and uniform distributions, making it inherently more predictable. As a result, by concentrating on critical regions, the network’s predictive accuracy is significantly enhanced.



The improvement in the prediction capability of TPDTC-Net-DRA under heavy precipitation scenarios stems primarily from the focusing and weighting within the dynamic region attention mechanism. By generating a mask matrix, the DRA mechanism ensures that the attention process is constrained to precipitation regions, effectively avoiding unnecessary computations in non-precipitation regions and allowing the model to concentrate on the most critical areas. During this process, the multi-scale self-attention feature extraction module in TPDTC-Net can capture richer and more fine-grained precipitation features within these targeted regions, thereby enhancing the model’s sensitivity to precipitation variations. Moreover, the introduction of the weight control module further amplifies the model’s focus on heavy precipitation regions. Higher weights assigned to heavy precipitation regions ensure their dominant importance in both feature extraction and prediction processes. This dynamic weighting directs the self-attention mechanism to accurately model relationships within heavy precipitation regions, ultimately improving prediction accuracy in such challenging scenarios.



The occurrence of heavy precipitation is typically influenced by multiple factors and is characterized by abrupt and nonlinear changes, which makes it difficult for existing methods to capture its dynamic variations effectively. Despite the high complexity and uncertainty associated with heavy precipitation scenarios, which pose significant challenges for prediction, TPDTC-Net-DRA achieves substantial performance improvements under such extreme weather conditions, outperforming all baseline methods and highlighting its effectiveness and potential. Figure 7 provides a visual comparison of prediction results between TPDTC-Net-DRA and other models on the KNMI dataset. The results indicate that TPDTC-Net-DRA exhibits superior predictive capability for heavy precipitation events, especially in later forecast frames, compared to TPDTC-Net. In particular, TPDTC-Net-DRA more accurately captures the intensity variations during heavy precipitation events, making the predictions more consistent with the ground truth. Additionally, TPDTC-Net-DRA demonstrates superior coverage of precipitation regions. It not only accurately forecasts regions of heavy precipitation but also effectively models moderate to light precipitation in central regions. This leads to a significant reduction in the discrepancy between the predicted results and the actual observations. Compared to the other models, TPDTC-Net-DRA captures precipitation distribution and intensity better, enabling the network to effectively learn regional precipitation characteristics. This capability is especially valuable under complex meteorological conditions, where the model exhibits enhanced prediction accuracy.



In summary, TPDTC-Net-DRA significantly enhances the model’s performance by introducing the DRA mechanism. This approach enables the model to demonstrate enhanced predictive capabilities under varying intensities of precipitation, achieving notable progress in both light and heavy precipitation scenarios. For light precipitation, the dynamic attention mechanism helps the network focus on the precipitation regions, thereby improving prediction accuracy. In heavy precipitation scenarios, the combination with the weight control module allows the model to assign higher weights to regions with intense precipitation, further enhancing its ability to predict high-intensity precipitation.




4.5. Plug-and-Play Dynamic Region Attention Mechanism


This subsection designed experiments to validate the effectiveness of the DRA mechanism proposed in this work, especially under heavy precipitation conditions. The experiments investigated whether integrating the DRA mechanism generally enhances model performance and boosts the prediction accuracy of diverse model architectures when applied to other fundamental feature extraction methods (e.g., convolutional operations, self-attention).



In particular, this subsection applied the DRA mechanism to three typical model architectures: Unet, Rainformer, and LPT-QPN [58]. These models utilize different feature extraction methods: Unet employs traditional convolutional operations for feature extraction; Rainformer uses Swin Transformer operations to extract both global and local features of images; and LPT-QPN [58] uses multi-head square attention for feature extraction. The experiments focused on comparing the performance of these different models in the precipitation nowcasting task, exploring whether the DRA mechanism can universally improve model performance across various feature extraction methods, and further enhance the prediction capability for areas with higher precipitation intensity. Table 3 presents the quantitative evaluation results of all models on the KNMI dataset. The models Unet-D, Rainformer-D, and LPT-QPN-D represent the three models incorporated with the DRA mechanism.



Through the comparison between Unet and Unet-D in Table 3, it is evident that adding the DRA mechanism improves the prediction performance of Unet. However, the improvements are more pronounced for high-intensity precipitation than for low-intensity events. This differential improvement primarily stems from two perspectives. Firstly, the DRA mechanism enhances focus on precipitation regions but fails to account for the inherent constraints of convolutional operations. Convolutional layers have limited receptive fields, which are specialized for local feature extraction but fundamentally restrict their ability to capture global dependencies. When the DRA suppresses non-precipitation or light-precipitation regions, the overall features learned through convolution may be adversely affected, thereby limiting significant improvement in predicting low-intensity precipitation. Secondly, Unet-D demonstrates substantial improvement in high precipitation regions. By aggregating features with higher weights in these regions, the DRA mechanism enhances convolutional feature extraction. High precipitation regions typically exhibit more complex and interdependent spatial structure, and the introduction of the DRA mechanism effectively improves the sensitivity of convolutional operations to these regions, thereby enhancing the prediction accuracy for high-intensity precipitation.



By comparing the results of Rainformer and Rainformer-D in Table 3, a similar trend can be observed. After incorporating the DRA mechanism, the performance shows significant improvement in precipitation prediction when r ≥ 2 mm/h, yielding improvements of 2.71%, 9.87%, 24.46%, and 24.64%, respectively. The greater enhancement in the prediction ability for heavy precipitation compared to light precipitation primarily stems from Rainformer’s Swin Transformer backbone. Although Swin Transformer, compared to traditional convolution methods, has a larger receptive field and can capture more extensive spatial dependencies through self-attention, its original block-wise computation principle still appears small in scale for precipitation nowcasting tasks. The DRA mechanism effectively highlights high-intensity precipitation regions within each block, intensifying attention to these critical areas and substantially boosting heavy precipitation prediction capability. The improvement in light precipitation prediction is also greater for Rainformer-D than Unet-D because the Swin Transformer’s sliding window mechanism, unlike convolutional operations, facilitates effective information exchange between blocks. This cross-block interaction strengthens regional relationships, mitigating the limitations of block-based processing in capturing global features.



The comparison results between LPT-QPN and LPT-QPN-D in Table 3 lead to similar conclusions. After adding the DRA mechanism, the performance in heavy precipitation prediction with r ≥ 10 mm/h improves by 2.25%, 7.99%, and 22.06%, respectively, but no improvement has been observed in the prediction for light precipitation. The improvement can be attributed to the fact that LPT-QPN [58] uses a multi-head square attention operation for feature extraction. After the introduction of the DRA mechanism, the weights in the heavy precipitation regions are increased, directing attention toward high-intensity features and effectively boosting prediction capability.



Figure 8 shows the visualization results of the models mentioned above. It can be observed that after adding the DRA mechanism, the network’s prediction ability for heavy precipitation is significantly improved. For instance, UNet-D generates sharper delineation and improved positional accuracy of heavy precipitation regions compared to UNet (as seen in the upper-right corner of the prediction image). Rainformer-D and LPT-QPN-D also achieve more accurate predictions.



To more intuitively demonstrate the effectiveness of the DRA mechanism proposed in this paper, Figure 9 shows the feature maps generated by different feature extraction methods. In the input data, the two regions marked by red and black boxes represent two heavy precipitation areas. By comparing the highlighted regions in the feature maps on the right, it is evident that after adding the DRA mechanism, each feature extraction method shows more noticeable attention to the heavy precipitation regions in the feature maps through the focusing and weighting operations, extracting richer features of heavy precipitation.




4.6. Validation of Weight Control Module


In the previous subsection, the effectiveness of the DRA mechanism proposed in this paper was validated. To further validate the idea of adding weights to the feature maps, this subsection designed the TPDTC-Net-DRA-W (abbreviated as TPDTC-Net-W) model for comparison experiments. In TPDTC-Net-W, the WCM is not employed. Instead, after dividing the dynamic region attentions, the attention values are directly computed.



Table 4 presents the quantitative evaluation results of TPDTC-Net-W. It can be observed that compared to TPDTC-Net-DRA, TPDTC-Net-W exhibits a significant decline in prediction capability under heavy precipitation conditions. This is primarily because, after the feature maps are covered by the mask matrix, only the feature data of precipitation regions are retained, without further enhancing the attention to these areas. Without dynamically adjusting the weights of heavy precipitation regions through the weight control module, the network becomes inadequate in feature extraction for these regions. Heavy precipitation regions typically exhibit highly nonlinear and complex spatial variations. Therefore, merely covering the features of precipitation regions with a mask matrix without strengthening the focus on these critical areas results in insufficient sensitivity of the network in capturing heavy precipitation features. Additionally, heavy precipitation itself, as a meteorological phenomenon characterized by suddenness, rapid changes, and high uncertainty, poses significant challenges for prediction. Without proper weight guidance, the model tends to overlook detailed information in these important regions, which not only reduces prediction accuracy but also makes heavy precipitation forecasting more difficult. Thus, the performance decline of TPDTC-Net-W under heavy precipitation scenarios further demonstrates the critical role of the weight control module in helping the model focus on key precipitation regions and improving prediction accuracy.



However, the results in Table 4 also show that the prediction capability of TPDTC-Net-W under weak precipitation conditions declines only slightly compared to TPDTC-Net-DRA. This is because weak precipitation regions have lower precipitation intensity and more uniform distribution, so even without the assistance of the weight control module, the model can still capture precipitation features and make predictions relatively accurately. In weak precipitation regions, the variations in precipitation are more gradual, and the precipitation amounts are smaller, making features easier to extract. Moreover, weak precipitation regions typically do not exhibit complex local variations, allowing the network to perform reasonably well without relying on dynamic weight adjustments. Figure 10 shows the visualization results of the comparative experiments, from which it can be observed that TPDTC-Net-W’s prediction capability for heavy precipitation is inferior to that of TPDTC-Net and TPDTC-Net-DRA.





5. Discussion


5.1. The Analysis of Data Preprocessing


Considering the model’s computational cost and convergence efficiency, data preprocessing was applied in this study. As mentioned in Section 4.1, we applied a filtering criterion requiring that at least 50% of pixels in the training samples contain precipitation on the KNMI dataset. This operation indeed alters the natural ratio between precipitation and non-precipitation cases and may affect the model’s adaptability to real operational scenarios dominated by non-precipitation or weak-precipitation conditions. However, the primary motivation for this filtering strategy was to ensure that, under limited computational resources, the model could effectively learn the evolution characteristics of precipitation systems, while avoiding convergence difficulties or an excessive bias toward predicting no precipitation in extremely imbalanced datasets, and at the same time accelerating model convergence. The current experimental results were obtained based on samples with relatively high precipitation coverage. In future work, we will further explore the use of mutual information based reweighting (MIR) [59], sample weighting based on mean accumulated volatility (MAV) [60], or deep generative models (DGMs) [44] to learn the underlying probability distribution of the data and to investigate the effectiveness of the proposed model under scenarios dominated by no-precipitation or weak-precipitation.




5.2. The Applicability of DRA Mechanism


As shown in Section 4.5, the experiments effectively demonstrated the effectiveness and generalizability of the DRA mechanism proposed in this paper. This approach not only enhances the prediction performance of the previously proposed TPDTC-Net but can also be combined with other feature extraction methods to improve the model’s capability for heavy precipitation.



It should be noted that in the ablation experiments in Section 5.2, we deliberately selected representative non-autoregressive backbone networks that already incorporate attention mechanisms. This decision was made to isolate and evaluate the independent contribution of DRA in regional modeling and feature re-calibration. By validating the effectiveness of DRA under relatively strong baseline conditions, we avoid attributing performance gains merely to the introduction of attention mechanisms, thereby enabling a more objective assessment of DRA.



Although the current study primarily considers the application of DRA to non-autoregressive networks, it is worth noting that DRA is composed of a Dynamic Region Module (DRM) and a Weight Control Module (WCM), and operates on intermediate feature tensors through spatial mask and weight generation for point-wise feature modulation and re-calibration. This process takes place in the feature space and is independent of whether the features are produced by convolutional networks, Transformers, or recurrent units. Future work will systematically extend DRA to purely recurrent networks to evaluate its effectiveness and generalization capability in autoregressive temporal modeling.




5.3. Error Decomposition: The Temporal Extent of DRA Improvement


In this paper, we conducted a segmented statistical analysis of CSI at 5 min intervals under different precipitation intensity thresholds, with particular emphasis on heavy precipitation (  r ≥ 10   mm/h) on the KNMI dataset.



As shown in the Figure 11, the model exhibits relatively stable performance under the overall precipitation forecasting condition (  r ≥ 0.5   mm/h) on the test set. Under heavy precipitation conditions (  r ≥ 10   mm/h), the model achieves strong predictive performance, particularly within a lead-time window of approximately 5–25 min. Although the gains brought by the additional attention mechanism gradually diminish at longer lead times (roughly beyond T + 25), our method still substantially outperforms the baseline approaches [27]. For the more extreme threshold (  r ≥ 30   mm/h), the effectiveness is mainly concentrated within the short-term forecasting window of approximately 5–25 min, while at longer lead times (around after T + 30), the additional gains brought by attention gradually diminish, this may be related to the greater scarcity of extreme precipitation samples and the accumulated uncertainty resulting from the increased forecast lead time.




5.4. Statistical Significance: Bootstrap Confidence Intervals for CSI/HSS Differences


In this paper, we employed a bootstrap procedure   ( s a m p l e S i z e = 1557 ,   ( B = 10 , 000 ) )   to compute the 95% confidence intervals for the CSI/HSS differences as shown in Table 5, and conducted a detailed analysis across different precipitation intensity thresholds on the KNMI dataset.



Under the overall precipitation condition (  r ≥ 0.5   mm/h), HSS in the original paper did not exhibit a clear improvement, and the corresponding 95% confidence interval of the difference is entirely negative and does not include positive gains. In contrast, under moderate to heavy precipitation thresholds (  r ≥ 2 , 5 , 10   mm/h), both CSI and HSS differences show positive mean values, with 95% confidence intervals that do not include zero, indicating statistically significant performance improvements. For extreme heavy precipitation (  r ≥ 30   mm/h), the HSS result is only second-best, and its 95% confidence interval covers zero, suggesting that the observed performance difference at this threshold may be attributable to sampling noise rather than a stable and statistically significant improvement. This behavior is consistent with the limited number of extreme precipitation samples and the accumulation of predictive uncertainty at longer lead times. From this perspective, the advantages of our method are mainly manifested in the precipitation intensity range of   r ≥   2, 5, 10 mm/h.





6. Conclusions


This paper presents a novel plug-and-play DRA mechanism, and a precipitation nowcasting method TPDTC-Net-DRA, which integrates the DRA mechanism into our previously introduced spatiotemporal feature decoupling network TPDTC-Net to enhance nowcasting performance, especially under heavy precipitation conditions. The DRA mechanism introduces two new key modules, the DRM and the WCM. The DRA employs a DRM to generate a mask matrix that constrains attention computation to precipitation regions. Additionally, the WCM generates a weight matrix to guide the neural network to focus more on high precipitation regions. Experimental results demonstrate that the DRA mechanism effectively guides TPDTC-Net-DRA and other architectures (e.g., UNet, Rainformer, LPT-QPN) to focus on heavy precipitation regions, significantly enhancing their nowcasting performance, particularly for heavy precipitation events. Deployment requires real-time radar quality control and human-in-the-loop interpretation before civil protection actions.



Despite the significant advancements achieved by the DRA mechanism and TPDTC-Net-DRA, there are still several issues that need to be addressed in future research. Firstly, our results are primarily validated on the KNMI dataset, and cross-region/cross-dataset generalization still requires further empirical assessment. In future work, we will prioritize experiments on at least one additional public radar dataset. Secondly, the current design of the loss function has limitations, leading to overly smooth predicted results. To address this issue, future research will focus on improving the loss function to generate clearer and more detailed nowcasting results. Additionally, we plan to explore the possibility of integrating generative models, such as diffusion models. Furthermore, while improving the accuracy and reliability of precipitation nowcasting, quantifying its associated uncertainty will also be a crucial part of our future work. Finally, the construction of DRA relies primarily on instantaneous radar reflectivity fields, and the characterization of the environmental physical information of precipitation systems (e.g., convective available potential energy (CAPE) and wind shear) remains relatively limited. As a result, there is still room for further improvement in learning the underlying physical mechanisms. Future work will extend the mask generation mechanism of DRA from a multi-source meteorological data fusion perspective to obtain dynamic masks with stronger physical constraints and improved robustness.
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Figure 1. The TPDTC-Net-DRA consists of three core modules: an encoder, a temporal predictor, and a decoder. The encoder is designed to capture the spatial features of precipitation; the temporal predictor is used to extract temporal information from the feature maps; and the decoder, through skip connections, integrates the features output by the encoder and the temporal predictor to achieve the reconstruction and generation of prediction results. C × W × H denotes the size of the convolutional kernel (matrix), and ×N indicates that one encoder contains N DRA modules. 
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Figure 2. Actual rainfall typically comprises regions of no precipitation, light precipitation, and heavy precipitation concurrently. In the above figure, the red-bounded areas show negligible precipitation activities, whereas the black-bounded areas experience intense precipitation. 
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Figure 3. The figure above presents a comparison between the traditional attention mechanism (left) and the dynamic region attention mechanism (right). While the traditional attention spans the entire domain, the dynamic version focuses only on precipitation regions, assigning high weights to areas of intense rainfall during the attention computation. 
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Figure 4. Schematic structure of the Dynamic Region Attention Module. Mean denotes the mean value of the base mask matrix. 
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Figure 5. Schematic structure of the dynamic area module. The input image is processed by the DRM to generate a regional mask matrix that integrates multi-scale information and comprehensively covers all precipitation areas. 
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Figure 6. Schematic structure of the weight control module. 
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Figure 7. Visual Comparison of TPDTC-Net-DRA and State-of-the-Art Methods. A precipitation sequence is composed of nine consecutive frames captured at 5 min intervals; darker shades in the images denote higher precipitation rates. T represents the current moment. The time from T-40 to T corresponds to the previous nine frames of images, while the time from T + 5 to T + 45 corresponds to the predicted images of the subsequent nine frames. 






Figure 7. Visual Comparison of TPDTC-Net-DRA and State-of-the-Art Methods. A precipitation sequence is composed of nine consecutive frames captured at 5 min intervals; darker shades in the images denote higher precipitation rates. T represents the current moment. The time from T-40 to T corresponds to the previous nine frames of images, while the time from T + 5 to T + 45 corresponds to the predicted images of the subsequent nine frames.



[image: Remotesensing 18 00490 g007]







[image: Remotesensing 18 00490 g008] 





Figure 8. Visualization After Adding Dynamic Region Attention Mechanism. A precipitation sequence is composed of nine consecutive frames captured at 5 min intervals; darker shades in the images denote higher precipitation rates. 
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Figure 9. Feature visualization comparison across three different extraction strategies. The leftmost panel shows the input data, in which the two regions marked by red and black boxes indicate intense precipitation areas. The two rightmost columns correspond to the input, with the first column displaying feature maps obtained by the existing extraction method and the second column showing the maps after the dynamic attention mechanism is added. 
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Figure 10. Visualization of TPDTC-Net-W Results. A precipitation sequence is composed of nine consecutive frames captured at 5 min intervals; darker shades in the images denote higher precipitation rates. 
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Figure 11. CSI vs. lead time (5 min steps) for precipitation. Similarly, for the sake of easier comparison, the results with   r ≥ 10   mm/h will be multiplied by 10, and the results with   r ≥ 30   mm/h will be multiplied by 100. 
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Table 1. Probability distribution table for precipitation in the dataset.
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	Precipitation (mm/h)
	Proportions (%)





	  x <   2
	90.01



	2   ≤ x <   5
	8.27



	5   ≤ x <   10
	1.45



	10   ≤ x <   30
	0.25



	30   ≤ x  
	0.01










 





Table 2. Quantitative Comparison Results of TPDTC-Net-DRA on the KNMI Dataset.
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Model

	
CSI↑

	
HSS↑

	
BMSE↓

	
BMAE↓




	
   r ≥ 0 . 5   

	
   r ≥ 2   

	
   r ≥ 5   

	
   r ≥ 10   

	
   r ≥ 30   

	
   r ≥ 0 . 5   

	
   r ≥ 2   

	
   r ≥ 5   

	
   r ≥ 10   

	
   r ≥ 30   




	
PredRNN

	
0.6646

	
0.3886

	
0.1544

	
0.4474

	
0.4599

	
0.3319

	
0.2345

	
0.1058

	
0.3350

	
0.3712

	
16.4596

	
1.2044




	
MotionRNN

	
0.6664

	
0.3912

	
0.1599

	
0.4840

	
0.3256

	
0.3365

	
0.2366

	
0.1099

	
0.3636

	
0.2780

	
16.7407

	
1.2033




	
Unet

	
0.6623

	
0.3821

	
0.1454

	
0.4482

	
0.3651

	
0.3318

	
0.2316

	
0.1002

	
0.3323

	
0.2884

	
15.5620

	
1.2102




	
Rainformer

	
0.6725

	
0.3878

	
0.1469

	
0.3639

	
0.2354

	
0.3414

	
0.2350

	
0.1010

	
0.2757

	
0.1853

	
16.6020

	
1.1834




	
LPT-QPN

	
0.6740

	
0.4021

	
0.1661

	
0.5189

	
0.3585

	
0.3413

	
0.2437

	
0.1145

	
0.3896

	
0.2817

	
16.0481

	
1.1829




	
Simvp

	
0.6786

	
0.4024

	
0.1652

	
0.5056

	
0.3386

	
0.3451

	
0.2442

	
0.1138

	
0.3795

	
0.2653

	
16.9332

	
1.1779




	
TPDTC-Net

	
0.6828

	
0.4097

	
0.1737

	
0.5726

	
0.4667

	
0.3478

	
0.2484

	
0.1194

	
0.4261

	
0.3608

	
15.4787

	
1.1535




	
TPDTC-Net-DRA

	
0.6835

	
0.4132

	
0.1808

	
0.5859

	
0.4697

	
0.3466

	
0.2502

	
0.1249

	
0.4400

	
0.3662

	
15.8310

	
1.1712








The best results are shown in bold, and the second-best results are underlined. “  r ≥ t  ” means the nowcasting skill score at threshold  τ  mm/h. The range for CSI and HSS is [0, 1], with higher values being better, whereas the range for BMSE and BMAE is [0, +∞], with lower values being preferable. ↑ indicates that the higher the value, the better; ↓ indicates that the lower the value, the better.













 





Table 3. Quantitative Comparison Results on the KNMI Dataset After Adding the DRA module.
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Model

	
CSI↑

	
HSS↑

	
BMSE↓

	
BMAE↓




	
   r ≥ 0 . 5   

	
   r ≥ 2   

	
   r ≥ 5   

	
   r ≥ 10   

	
   r ≥ 30   

	
   r ≥ 0 . 5   

	
   r ≥ 2   

	
   r ≥ 5   

	
   r ≥ 10   

	
   r ≥ 30   




	
Unet

	
0.6623

	
0.3821

	
0.1454

	
0.4482

	
0.3651

	
0.3318

	
0.2316

	
0.1002

	
0.3323

	
0.2884

	
15.5620

	
1.2102




	
Unet-D

	
0.6678

	
0.3822

	
0.1452

	
0.4745

	
0.4011

	
0.3376

	
0.2324

	
0.0997

	
0.3512

	
0.3090

	
15.7090

	
1.1771




	
Rainformer

	
0.6725

	
0.3878

	
0.1469

	
0.3639

	
0.2354

	
0.3414

	
0.2350

	
0.1010

	
0.2757

	
0.1853

	
16.6020

	
1.1834




	
Rainformer-D

	
0.6722

	
0.3983

	
0.1614

	
0.4529

	
0.2934

	
0.3410

	
0.2424

	
0.1112

	
0.3373

	
0.2265

	
16.2507

	
1.1767




	
LPT-QPN

	
0.6740

	
0.4021

	
0.1661

	
0.5189

	
0.3585

	
0.3413

	
0.2437

	
0.1145

	
0.3896

	
0.2817

	
16.0481

	
1.1829




	
LPT-QPN-D

	
0.6732

	
0.4012

	
0.1698

	
0.5604

	
0.4376

	
0.3408

	
0.2433

	
0.1175

	
0.4206

	
0.3451

	
16.3924

	
1.2045








Models are compared pairwise, with better results highlighted in bold. ↑ indicates that the higher the value, the better; ↓ indicates that the lower the value, the better.













 





Table 4. The comparative experiment table of TPDTC-Net-DRA on the KNMI dataset.
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Model

	
CSI↑

	
HSS↑

	
BMSE↓

	
BMAE↓




	
   r ≥ 0 . 5   

	
   r ≥ 2   

	
   r ≥ 5   

	
   r ≥ 10   

	
   r ≥ 30   

	
   r ≥ 0 . 5   

	
   r ≥ 2   

	
   r ≥ 5   

	
   r ≥ 10   

	
   r ≥ 30   




	
TPDTC-Net-W

	
0.6837

	
0.4128

	
0.1723

	
0.5142

	
0.4154

	
0.3465

	
0.2501

	
0.1186

	
0.3822

	
0.3207

	
15.6789

	
1.1506




	
TPDTC-Net

	
0.6828

	
0.4097

	
0.1737

	
0.5726

	
0.4667

	
0.3478

	
0.2484

	
0.1194

	
0.4261

	
0.3608

	
15.4787

	
1.1535




	
TPDTC-Net-DRA

	
0.6835

	
0.4132

	
0.1808

	
0.5859

	
0.4697

	
0.3466

	
0.2502

	
0.1249

	
0.4400

	
0.3662

	
15.8310

	
1.1712








The best results are shown in bold, and the second-best results are underlined. “  r ≥ t  ” means the nowcasting skill score at threshold  τ  mm/h. The range for CSI and HSS is [0, 1], with higher values being better; whereas the range for BMSE and BMAE is [0, +∞], with lower values being preferable. ↑ indicates that the higher the value, the better; ↓ indicates that the lower the value, the better.













 





Table 5. Confidence intervals of the CSI and HSS under different precipitation intensity thresholds.
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Precipitation

	
CSI

	
HSS




	
ci_low

	
ci_high

	
ci_low

	
ci_high






	
   r ≥ 0.5   

	
0.0000

	
0.0014

	
−0.0017

	
−0.0008




	
   r ≥ 2   

	
0.0021

	
0.0048

	
0.0009

	
0.0027




	
   r ≥ 5   

	
0.0054

	
0.0087

	
0.0043

	
0.0066




	
   r ≥ 10   

	
0.0018

	
0.0252

	
0.0052

	
0.0229




	
   r ≥ 30   

	
−0.0245

	
0.0316

	
−0.0155

	
0.0277
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