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Abstract


Convolution-based recurrent neural networks and convolutional neural networks have been used extensively in spatiotemporal prediction. However, these methods tend to concentrate on fixed-scale spatiotemporal state transitions and disregard the complexity of spatiotemporal motion. Through statistical analysis, we found that the distribution of the spatiotemporal sequence and the variety of spatiotemporal motion state transitions exhibit some regularity. In light of these statistics and observations, we propose the Multi-scale Spatiotemporal Neural Network (MSSTNet), an end-to-end neural network based on 3D convolution. It can be separated into three major child modules: a distribution feature extraction module, a multi-scale motion state capture module, and a feature decoding module. Furthermore, the MSST unit is designed to model multi-scale spatial and temporal information in the multi-scale motion state capture module. We first conduct the experiments on the MovingMNIST dataset, which is the most commonly used dataset in the field of spatiotemporal prediction, MSSTNet can achieve state-of-the-art results for this dataset, and ablation experiments demonstrate that the MSST unit has positive significance for spatiotemporal prediction. In addition, this paper applies the model to valuable precipitation nowcasting, due to efficiently capturing the multi-scale information of distribution and motion, the new MSSTNet model can predict the real-world radar echo more accurately.
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1. Introduction


For some complex dynamic spatiotemporal systems, we are unable to fully understand their intrinsic mechanisms, so it is difficult to construct accurate numerical prediction models for them. Researchers have been concentrating more on constructing suitable deep neural networks to forecast the future spatiotemporal state as big data and deep learning technologies continue to advance [1]. Numerous deep-learning-based spatiotemporal prediction efforts have been made in recent years. Typical applications include precipitation nowcasting [2,3,4], sea temperature prediction [5,6], and El Niño Southern Oscillation (ENSO) forecasting [7,8]. Convolution-based recurrent neural networks [9] occupy the prime position in spatiotemporal prediction, for instance, ConvLSTM [10], TrajGRU [11], and PredRNN++ [12]. These models construct convolution-based recurrent neural networks by combining convolutional structures with recurrent neural networks. However, these models access past spatiotemporal information using fixed-scale spatiotemporal memory units, which do not directly acquire connections between long-term and short-term spatiotemporal properties and may overlook the availability features of historical spatiotemporal information. Several researchers have designed convolution-only spatiotemporal prediction models, which typically only utilize 2D convolution [13,14], where the information of the time dimension is merged into the channel dimension to represent the time dimension’s spatiotemporal dependency. However, the effectiveness of modeling may be greatly diminished when the spatiotemporal states change quickly due to the lack of characterization of spatiotemporal connections at various scales.



In Figure 1, the horizontal axis denotes the radar echo intensity (dBZ) and the vertical axis denotes the proportion of a certain echo’s intensity value and the distribution changes in a collection of typical spatiotemporal moving radar echo images at the fourth hour of 0.5, 1, 1.5, and 2 are shown. The echo value corresponding to the gradient augmentation and gradient weakening of the echo value distribution curve is comparable, and it is discovered that, with time, the echo value distribution of the radar echo images exhibits some regularity. Future spatiotemporal prediction may benefit if the historical spatiotemporal distribution data can be completely exploited. In addition, the model is inspired by MotionRNN’s concept of breaking down motion into trend motion and instantaneous motion [15]. As shown in Figure 1, curve ➀ describes the state of clouds with a huge physical space span during Doppler weather radar scanning, which this paper describes as a relatively large-scale spatial motion state. Curve ➁ describes the motion state of clouds with a small physical space span during Doppler weather radar scanning, which is described in this paper as a relatively tiny spatial scale motion state. It has been noted that the direction of a large-scale cloud cluster’s movement in an echo image typically correlates to the long-term movement trend and that this shift is frequently gradual and continuous. The instantaneous motion is equivalent to the violent and unstable creation and dissipation of and changes in tiny-scale clouds. To take into account changes in spatiotemporal motion states at multiple time scales and spatial scales, the model should dynamically construct multi-scale spatiotemporal motion states.



By investigating the distribution and motion of spatiotemporal sequences, we propose a 3D convolution-based end-to-end neural network termed the Multi-scale Spatiotemporal Neural Network (MSSTNet). The backbone of the neural network can be divided into three modules: the feature decoding module, the multi-scale motion state capture module, and the distribution feature extraction module. Specifically, motivated by the promising performance of U-net [16] in the field of medical segmentation, in order to more efficiently implement the spatiotemporal distribution information in future image production, the model integrates the distribution feature extraction network at the input and the feature decoding network at the output by skipping connections. The multi-scale motion state capture module’s core MSST unit dynamically extracts motion characteristics at multiple time scales and spatial scales using 3D separation convolution [17,18]. After combining distribution information features and motion features, the distribution feature extraction module completes the spatial and temporal prediction. In this paper, the spatiotemporal prediction performance of MSSTNet is verified on the artificial MovingMNIST dataset and the radar echo dataset. The results show that MSSTNet achieves the optimal effect in several evaluation indices. The contributions of this paper are summarized as follows:




	
A novel multi-scale spatiotemporal prediction neural network is proposed. Spatiotemporal prediction in synthetic datasets, radar echoes, and visualization of radar echo prediction;



	
A multi-scale spatiotemporal feature extraction unit is proposed. This unit completes the unified modeling of the multiple temporal and spatial scales in the neural network’s deep layers, which is necessary for capturing complicated spatiotemporal motion, particularly the state of clouds in motion. The ablation experiment further demonstrates the viability and efficiency of the neural network’s design;



	
The quantitative and qualitative analyses are compared with the model proposed in this paper. Comparative experiments are expected to compare the earlier convolution-based recurrent neural networks and convolutional neural networks in order to judge the dependability of the model developed in this research. The results demonstrated that the proposed model performs competitively on the two datasets.








The remainder of this paper is organized as follows: Section 2 outlines previous benchmarking methods for this field. The model presented in this research is introduced in Section 3. The comparative findings and analyses for the two datasets are presented in Section 4. This paper’s general strategy and experimental findings are discussed in Section 5. The conclusion is provided in Section 6.




2. Related Works


Consider a dynamic system that generates T measurements at predetermined times. Each measurement can be correlated spatially to   T × H × W   size grid data, denoted as    X t  ⊆  X  T × H × W    . The purpose of spatiotemporal prediction is to generate sequence images    X  t + 1   ,  X  t + 2   …  X  t + k     of the most probable future time period from sequence images    X  t − j + 1   ,  X  t − j   …  X t    of the historical time period, as shown in Equation (1) [10]:


    X ¯   t + 1   …   X ¯   t + k   =   arg max    X  t + 1   …  X  t + k       p   X  t + 1   …  X  t + k   ∣  X  t − j + 1   ,  X  t − j   …  X t    



(1)







Currently, convolution-based recurrent neural networks and convolutional neural networks are the most widely used models for spatiotemporal prediction. The convolution-based recurrent neural network technique, as illustrated in the left part of Figure 2, typically uses LSTM as the core, with the input   X t  , the hidden unit   h  t − 1   , and the memory unit   c  t − 1    from the prior moment generating the output   X  t + 1    at the next moment. The efficiency of the overall model prediction process is determined by the input and output sequence length. Combining this fixed-order structure with convolution can effectively express spatiotemporal information since it has sufficient timing on its own. ConvLSTM [10], the first recurrent neural network based on convolutions, uses a convolution structure in place of LSTM’s fully connected structure to capture temporal and spatial information. Since the convolutional recursive structure in the model of ConvLSTM is position invariant, a trajectory GRU (TrajGRU) model was proposed [11], which can actively learn the position change structure of repeated connections. According to PredRNN [19], the memory state of spatiotemporal prediction learning should be remembered simultaneously in a single memory pool rather than being restricted to each LSTM unit as it currently is. As a result, a novel spatiotemporal LSTM (ST-LSTM) unit was developed, which can extract and recall both spatial and temporal information at the same time. Since then, a new phase of development for the convolution-based recurrent neural network has begun. To address the issue that gradient disappearance is likely to occur during the training of the PredRNN model, PredRNN++ [12] proposes to combine the Gradient Highway Unit (GHU) structure and the Causal LSTM structure connection. The spatiotemporal sequence information is made up of stationary and non-stationary information, according to MIM [20] analysis. Deep learning networks are excellent at predicting stationary data, but struggle to do so with non-stationary data due to their irregular nature. Afterward, MIM structures are stacked to mine high-order, non-stationary information. It is notable that deterministic terms, time-variable polynomials, and zero-mean random terms could all be used to deconstruct non-stationary information. E3D-LSTM [21] combines 3D convolution [22] and RNN to predict spatiotemporal sequences. SA-convlstm [23] was used to discover that the short-term local spatial information can only be effectively used by existing model methods, and the self-attention memory (SAM) was proposed based on the self-attention mechanism, which nested the current structure with SAM to obtain long-term global spatial information. CrevNet [24] uses reversible neural networks based on 3D convolution to encode and decode the input, with PredRNN serving as the prediction unit for spatiotemporal prediction. PredRNNv2 [25] asserts that a pair of memory units in PredRNN is redundant, proposes a memory decoupling loss function, and proposes a reverse sampling strategy to force the model to perform long-term spatiotemporal learning from the context framework. Movement in the real world may be separated into two types of movement: motion trends and transitory variations in space and time, which is something that MotionRNN takes into consideration [15]. On this basis, the modeling of motion trends and transient change using the MotionRNN model is presented. The aforementioned models, which are built on the convolution-based recurrent neural network, can only predict data once every time and cannot be trained and forecasted in parallel. As the duration of the prediction sequence increases, the total forecast impact will deviate due to the mistake in each individual prediction. However, past spatiotemporal information cannot be used to make predictions straight; rather, it can only be transformed into spatiotemporal properties that have a significant impact on future predictions by passing data between fixed-scale memory units at various times.



Spatiotemporal sequence modeling is a method based on pure convolution with a U-net structure as a benchmark. The U-net structure is presented first in the field of medical image segmentation [16,26,27]. Due to its great extensibility, researchers in the field of spatiotemporal prediction have found several ways to improve the U-net structure’s capacity for extracting spatial information. Meanwhile, information about the time dimension is integrated into the channel dimension to determine the dependent relationship of the time dimension. As shown on the right of Figure 2, the input of the method is the historical spatiotemporal sequence   X  t − T : 0   , where T represents the length of the input sequence, and the output is the predicted spatiotemporal sequence    X ¯   1 :  T ¯    , where   T ¯   represents the length of the output sequence. SE-ResUnet [28] develops a nowcasting model that is completely based on convolutional neural networks, outperforming the standard model’s performance at the time-convolution-based recurrent neural networks by combining the benefits of U-net, Squeeze-and-Excitation, and residual networks. Due to the use of separable convolution and the addition of an attention mechanism to the U-net, SmaAT-UNet [29] uses just a fourth of the trainable parameters and achieves prediction performance that is on par with other test models. SimVP [30] suggested a convolution-only neural network model that was both straightforward and effective. Spatiotemporal information could be adequately modeled using the Inception module and group convolution, and state-of-the-art (SOTA) results have been produced on several datasets. The end-to-end structure of a convolutional spatiotemporal prediction network, in contrast to the stacked structure of a convolution-based recurrent neural network, is better able to extract spatiotemporal distribution information and spatiotemporal motion information at all moments, preventing information loss throughout continuous transmission. However, at the moment, these models frequently disregard the precise modeling of the temporal dimension and instead concentrate on the feature modeling of the spatial dimension, potentially missing the spatiotemporal information at various time scales.



Inspired by the construction model of SimVP, this paper constructs an end-to-end spatiotemporal prediction network based on 3D convolution. In contrast to other predictive learning techniques, the proposed model utilizes 3D separated convolution to describe complicated spatiotemporal motion states at various time scales and spatial scales and dynamically develops the relationship between the spatial and temporal dimensions. The method proposed in this paper effectively enhances the capabilities of pure convolution-based spatiotemporal sequence modeling methods to represent temporal dimension information by absorbing their advantages.




3. Method


The model’s construction concepts and techniques will be thoroughly explained in this section. We will first go over the general organization of MSSTNet and the method used to transmit the model’s spatial-temporal series data. Following that, the MSST unit, an important module for multi-scale temporal and spatial information modeling, is presented.



As shown in Figure 3, the overall model architecture proposed in this paper is expanded on the basis of the U-net structure, taking advantage of its solid performance in the field of spatiotemporal prediction. The structure of MSSTNet consists of an encoder and a decoder, just like the U-net structure. The distribution feature extraction module (a) and the motion feature extraction module (b) make up the encoder. To create the target sequence picture after decoding, the feature decoding module (c) integrates the features retrieved from (a) and (b).



Distribution feature extraction module (a): Each unit of the module is composed of two 3DConv-block layers and a downsampling layer, a wider receptive field, and enhanced nonlinearity through stacking the unit twice, allowing for more accurate modeling of the spatiotemporal distribution properties of sequence images. Specifically, to extract the input sequence features, each unit utilizes two 3D convolution kernels of size (3, 3, 3). Through skip connection, the extracted features are applied to the feature decoding module, and the step size of 3D convolution is set to 2 for the downsampling operation. The architecture of module (a) is described in Table 1.



The dimensions of the input features are   C , T , H , W  , and the hidden layer features’ dimensions following two feature extraction units are    C ¯  , T ,  H 4  ,  W 4   , where C and   C ¯   represent the input and output channel dimensions, which are determined by the number of input image channels and the number of manually set output channels, respectively. It should be made clear that when designing the model, the padding operation is used to guarantee that the sequence length T of the input and output is constant. The spatial resolution of the input is represented by H and W, whereas the spatial resolution of the output feature is represented by   H 4   and   W 4  . The feature extraction module’s formula is written in Equation (2) as follows:


         X  c o n v 3 d   = 2 ×  G r o u p N o r m  C o n v 3 d   X  i n p u t                X  d o w n s a m p l i n g   = D o w n S a m p l i n g   X  c o n v 3 d              X  o u t p u t   = 2 ×  X  d o w n s a m p l i n g       



(2)







Multi-scale motion state capture module (b): Multi-scale spatiotemporal (MSST) units are designed to capture multi-scale spatiotemporal motion states in this module. As illustrated in Figure 4, the MSST unit constructs spatial units of two scales and temporal units of three scales to dynamically establish the spatiotemporal dependency of the input sequence by varying the size and distribution of the convolution kernel of 3D convolution. In order to extract spatial feature information at various scales, the convolution kernel size is separated into (1, 3, 3) and (1, 11, 11). To extract temporal feature information at different scales, the convolution kernel size is divided into (3, 1, 1), (5, 1, 1), and (7, 1, 1). The architecture of module (b) is described in Table 2.



The structure of this unit can be described using the following Equation (3):


         M  c o n v 3 d   = G r o u p N o r m  c o n v 3 d   M  i n p u t               M 1  = G r o u p N o r m  c o n v 3  d  3 , 3 , 3     M  c o n v 3 d               M 2  = G r o u p N o r m  c o n v 3  d  5 , 3 , 3     M  c o n v 3 d               M 3  = G r o u p N o r m  c o n v 3  d  7 , 3 , 3     M  c o n v 3 d               M 4  = G r o u p N o r m  c o n v 3  d  3 , 11 , 11     M  c o n v 3 d               M  o u t   =  M 1  +  M 2  +  M 3  +  M 4      



(3)







Furthermore, 2N MSST units make up the module for extracting motion features. The input and output feature dimensions of the left N units are    C ¯  , T ,  H 4  ,  W 4   , whereas the input and output dimensions of the right N units are   2 ×  C ¯  , T ,  H 4  ,  W 4    and    C ¯  , T ,  H 4  ,  W 4   , respectively. This module’s formula is expressed as Equation (4):


   Y  o u t p u t   = 2 N × M S S T   Y  i n p u t     



(4)







Feature decoding module (c): For the purpose of generating future spatiotemporal sequence images, this module merges the output features of modules (a) and (b). An upsampling layer, two 3DConv-block layers, and a unit of the feature decoding module make up each unit. The architecture of module (a) is described in Table 3.



When the unit is stacked twice, the associated module’s upsampling is performed twice (a). The dimensions of the input features are   2 ×  C ¯  , T ,  H 4  ,  W 4   , while    C ¯  , T ,  H 4  ,  W 4    are the dimensions of the output features. The formula of this module is shown in Equation (5):


         Z  u p s a m p l i n g   = U p S a m p l i n g   Z  i n p u t              Z  c o n v 3 d   = 2 ×  G r o u p N o r m  c o n v 3 d   X  c o n v 3 d   +  Z  u p s a m p l i n g                Z  o u t p u t   = 2 ×  Z  c o n v 3 d       



(5)







In general, through the structure of the encoder and decoder, MSSTNet unifies the three modules into a model, and the core MSST unit separates 3D convolution to describe the deep features of spatiotemporal sequences at multiple scales.




4. Experiments


In this section, the performance of MSSTNet is evaluated quantitatively and qualitatively using two datasets, MovingMNIST and Radar Echo. The statistical table of the two datasets is shown in Table 4, including the number of training samples   N  t r a i n   , the number of test samples   N  t e s t   , the input dimensions   C , T , H , W  , and the output dimensions   C ,  T ¯  , H , W  , where C represents the number of channels of the input data, T and   T ¯   represent the sequence lengths of the input and predicted data, H represents the length of the input sequence, and W represents the width of the input sequence. At the same time, we performed an interpretable analysis on our model and ablation experiments using MovingMNIST, the most used dataset in spatiotemporal prediction.



Implementation details: Our method is trained with the MSE loss, the batch size is set to 16, the ADAM optimizer [31] is used, and all data are normalized to [0, 1]. Moreover, when applied to the MovingMNIST dataset, the model had eight MSST unit layers, 0.01 was set as the starting learning rate, and training was stopped after 2000 epochs. The RadarEcho dataset had two MSST unit layers, and the initial learning rate was set at 0.001. The training was stopped after 20 epochs. All methods are executed on a single NVIDIA 3090 GPU using Pytorch.



4.1. Experiments on MovingMNIST


The MovingMNIST dataset is the most commonly used public dataset for spatiotemporal prediction. In this dataset, the initial positions and initial speeds of the handwritten digits sampled by static MNIST are random. After colliding, they will rebound off the edge of the image. The dataset requires the model to extrapolate from the digital movement trajectory of historical sequence frames to predict future frames. Two factors contribute to the difficulty of prediction: the potential movement trend of various numbers and the phenomenon of moving numbers overlapping. This experiment uses the SimVP [30] dataset configuration to provide a truly fair comparison, and all performance measurements for the earlier advanced approaches utilize the best metrics described in the original publications to prevent findings from being impacted by the reproduction process.



4.1.1. Evaluation Index


Two indices are used to evaluate the performance of different models: Mean Squared Error (MSE) and Structural Similarity Index Measure (SSIM) [32]. MSE can be calculated as:


  MSE =     ∑  i = 1  n      x i  −  y i   2   n  ,  



(6)




where n represents the number of image pixels,   x i   represents the true value, and   y i   is the predicted value. Lower values of MSE indicate smaller differences between the predicted frames and the ground truth. The calculation of SSIM is as follows:


  SSIM  x , y  =    2  μ x   μ y  +  c 1    2  σ  x y   +  c 2       μ  x  2  +  μ  y  2  +  c 1     σ  x  2  +  σ  y  2  +  c 2     ,  



(7)




where x is the real value, y is the predicted value,   μ x   is the average of x,   μ y   is the average of y,   σ  x  2   is the variance of x,   σ  y  2   is the variance of y, and   σ  x y    is the covariance of x and y.    c 1  =    k 1  L  2    and    c 2  =    k 2  L  2    are the constants used to maintain stability:    k 1  = 0.01  ,    k 2  = 0.03  . L is the dynamic range of pixel values. The value of SSIM ranges from −1 to 1, and it can evaluate the brightness, contrast, and structural quality of the generated frames. It is equal to 1 when two images are perfectly duplicated. Meanwhile, the Mean Absolute Error (MAE) was also used as the evaluation index in the ablation experiment, and its formula was as follows:


  MAE =    ∑  i = 1  n    x i  −  y i    n  ,  



(8)




where n represents the number of image pixels,   x i   represents the true value, and   y i   is the predicted value.




4.1.2. Experimental Results and Analysis


First, a quantitative analysis of MSSTNet was performed as shown in Table 5. The model presented in this paper outperformed CrevNet by   3 %   in terms of the MSE index (MSE decreased from 22.3 to 21.4). The MSE was enhanced by almost   55 %   as compared to the convolution-based recurrent neural network series model (MSE decreased from 48.4 to 21.4). The experimental results demonstrate that the proposed MSSTNet is able to predict future sequence images in the MovingMNIST dataset more accurately.



Figure 5 shows the three stages that digit 1 and digit 9 go through. Upon input, the two digits’ states overlap to separation, and their future motion states are separated to overlap and finally to separation. The future mobile digital state can also be clearly and precisely predicted by MSSTNet in this type of complicated motion. The visualization results demonstrate that MSSTNet is capable of simulating the spatiotemporal sequence picture distribution as well as the changing trend of both long-term and short-term motions.




4.1.3. Ablation Experiments


An ablation experiment refers to understanding the effect of a component on the overall system by studying the performance of a component removed from the AI system. In this subsection, ablation experiments are performed for each module of MSSTNet in order to verify the rationality of the network structure. Each comparison method was trained uniformly for 50 epochs, and the performance of each method was evaluated by MSE, MAE, and SSIM indicators, as shown in Table 6.



The comparison of Methods 1 and 2 demonstrates the significance of multi-scale spatial modeling, while Methods 3 and 4 demonstrate the advantages of multi-scale temporal modeling. The number of 3D convolutions performed before downsampling should be taken into account when designing a spatiotemporal distribution feature extraction network. While the typical U-net network performs two convolution operations, SimVP [30] performs just one. They are both 2D convolutions. The comparison of Methods 2 and 3 for 3D convolution demonstrates that 3D convolution performs better after two iterations. In Method 5, the 3D convolution of MSST units was replaced by a separate convolution, and the optimal result was obtained. Ablation experiments show that multi-scale temporal modeling and multi-scale geographical modeling greatly enhance the prediction outcomes as compared to fixed-scale motion state modeling, demonstrating the validity and effectiveness of the overall architecture of MSSTNet.





4.2. Experiments on Radar Echo


Nowcasting precipitation has historically been a crucial topic of study for meteorologists. The main aim of research in this area is to generate high-resolution rainfall intensity forecasts in local areas within a relatively short time frame (0–6 h) in the future. Nowcasting precipitation demands a higher temporal and geographical precision than traditional weather prediction techniques such as numerical weather prediction (NWP) [34]. Precipitation forecasting is therefore quite difficult [35,36]. The dynamics suggested in the space-time domain can be taught to predict the path of clouds in the near future based on past observations of weather radar echoes. Radar echo intensity and precipitation intensity may be converted using the Z–R relationship to estimate short-term precipitation in the future.



The data utilized in this experiment are the basic reflectance products of a dual-polarization Doppler weather radar and are recorded every 6 min. The radar echo image has a resolution of   480 × 480  , which corresponds to a 1 km spatial resolution. It should be mentioned that throughout the experiment, the image’s resolution will be compressed to   128 × 128   in order to lower the requirements for GPU Memory. The pixel value of radar echo image ranges from 0 to 70, representing the physical meaning of radar echo intensity from 0 dBZ to 70 dBZ. A single radar echo image was quality-controlled to form a total of 25,500 continuous image sequences, and 10 input images and 10 output images from the previous and following hours’ worth of weather are included in each image sequence. Finally, the constructed dataset is then split into a training set and a test set, each involving 23,000 and 2500 continuous radar echo sequences.



4.2.1. Evaluation Index


In this experiment, SSIM was used as the evaluation index for the generated image’s sharpness, while MSE was used to measure the overall prediction effect. If the radar echo strength is higher than 30 dBZ at the same time, precipitation or severe convective weather may develop. The CSI score and HSS score are used from a meteorological perspective in radar echo regions bigger than 30 dBZ, which are of positive relevance for precise rainfall forecasts. These two indices are defined as follows:


    CSI    =   T P   T P + F P + F N        HSS    =   2 ×  F N × T N − F N × F P     T P + F N  ×  F P + F N  +  T P + F P  ×  F P + T N    ,     



(9)




where the pixel values of real sequence images and forecasted sequence images over 30 dBZ were set to 1, while the pixel values of less than 30 dBZ were assigned to 0 in order to compute the CSI and HSS scores. False Positives (  F P  ) are the number of pixels with a forecast image of 1 and a real image of 0, respectively. True Positives (  T P  ) are the number of pixels where the forecast image is 1 and the real image is 1. False Negative (  F N  ) denotes the number of pixels where the actual picture is 1 and the forecasted image is 0. True Negative (  T N  ) denotes the number of pixels where the actual image is zero and the forecasted image is zero.




4.2.2. Experimental Results and Analysis


The proposed model is compared with four previous models that have achieved promising performance for radar echo prediction: PredRNN++ [12], MIM [20], PredRNNv2 [25], and MotionRNN [15]. SimVP [30] is also utilized in the experiment to forecast radar echo, owing to its excellent performance in other spatiotemporal prediction tasks. In order to fairly compare the performance of the model, the settings and training methods of the comparison experiment were set according to the parameters described in the paper. We provide the quantitative results of MSSTNet on the radar echo dataset in Table 7. The 4 evaluation indices indicate the average evaluation indices for forecasting the following 10 images.



The results demonstrated that MSSTNet outperforms the other models’ average predictions for 10 radar echo images in terms of MSE, CSI, and HSS indices. The lower the value of MSE, the better the overall prediction effect of the model. Moreover, MSSTNet performs exceptionally well in CSI and HSS scores, which are more significant in precipitation forecasting, demonstrating that this model is more reliable in identifying the regions where future rainfall is likely to occur.



The performance of several models on the multiple indices during radar echo prediction is shown in Figure 6. The MSE value was determined using the actual radar echo map and the expected radar echo map at each moment. The chart shows that MSSTNet, when compared to other benchmark models, has had a superior prediction impact since the second time. It also offers several benefits over the most sophisticated benchmark models, MotionRNN and SimVP.



Figure 6 also shows the results of several benchmark models using the SSIM index, which measures how closely each frame matches the actual radar echo picture in terms of image structure. Other models’ findings, with the exception of the MIM model, are quite close to each frame, and MSSTNet also produces good prediction results. Furthermore, CSI and HSS indices are also the two indices that precipitation nowcasting researchers are most focused on. It can be shown that MSSTNet performs better at 0.5 h and 1 h than other benchmark models, which suggests that as time goes on, MSSTNet becomes more accurate in predicting where rain will fall.



Figure 7 provides a quantitative comparison of the CSI index situations of radar echo intensity that are more likely to experience severe convective weather. The figure shows that the MSSTNet proposed in this paper has certain benefits over the previous state-of-the-art methods in forecasting the CSI score of the next 60 min, regardless of whether the radar echo intensity technique threshold is set at 35 dBZ and 40 dBZ. The MSSTNet model has much greater prediction accuracy than other models at 30 min, especially when the radar echo intensity threshold is 40 dBZ.



Figure 8 presents the radar frames predicted by different methods. A sequence is taken from the test set, and the grayscale map is then translated into RGB space using different pixel values. The red areas correspond to regions with echo values of more than 40 dBZ, which may cause severe weather. It can be observed that although the advanced MotionRNN method and PredRNN++ method based on the convolution-based recurrent neural network can estimate the approximate position of the region with a high echo value, the image is fuzzy and inaccurate. Similarly, the high-value echo area cannot be accurately predicted using the MIM or PredRNNv2 methods. In comparison to such methods, MSSTNet forecasts the red high dBZ area with greater precision and accuracy and performs better when forecasting the general movement trend and distribution condition of radar echo.






5. Discussion


In this study, we propose a novel spatiotemporal prediction model. On the one hand, from the perspective of statistics and observation, we find that the spatial pixel distribution of spatiotemporal movement has a certain regularity based on the statistics and analysis of typical spatiotemporal movement radar echo data. Therefore, the “Distribution feature extraction module” is constructed to extract shallow spatiotemporal features. In the meantime, it was thought that, according to MotionRNN’s [15] theory of spatiotemporal motion decomposition, spatiotemporal motion may be made up of trend motion and instantaneous motion at multiple scales. To simulate spatiotemporal motion at various temporal scales and spatial scales, a “Multi-scale motion state capture module” was created. On the other hand, from the perspective of the development of deep learning in the field of spatiotemporal prediction, the current methods may be broadly classified into convolution-based recurrent neural networks and convolutional neural networks. Both methods perform well when it comes to spatiotemporal prediction. In recent years, numerous works have examined the use of convolution-based recurrent neural networks to carry out spatiotemporal prediction, yielding numerous notable results. It is challenging to capture long-term dependency in spatiotemporal data because such deep neural networks are trapped by gradient disappearance and error accumulation, and past spatiotemporal state variables are transferred forward by memory units of fixed scale. We see the promise of pure convolutional networks in the field of spatiotemporal prediction in the most recent study, where SimVP, based on a pure convolutional structure, achieves SOTA results on numerous public datasets [30]. The pure convolution depth prediction model performs better in terms of preventing gradient disappearance and cumulative mistakes because of its end-to-end structure. However, the majority of the earlier spatiotemporal prediction models based on convolution are based on two-dimensional convolution, which often integrates the temporal dimension data into the channel dimension and does not specifically model the temporal dimension. The deep prediction network with a pure convolutional structure is the basis in this study. To make up for the absence of fine modeling of the temporal dimension in earlier structures, 3D convolution is applied, based on statistical analysis and observation of spatiotemporal data. Specifically, to extract shallow spatiotemporal features, the distribution feature extraction module of our proposed method makes use of 3D convolution. A number of convolutions of various sizes were employed in the multi-scale motion state capture module of the model to capture spatiotemporal motion at multiple temporal scales and spatial scales. It accomplishes independent precise modeling of time on the one hand and unified modeling of spatiotemporal motion at various scales on the other.



In the experiments using the MovingMNIST dataset, compared with the two-dimensional convolution structure of SimVP, the MSSTNet using 3D convolution achieves better performance in the exact same dataset, demonstrating the significance and usefulness of the more accurate representation of the temporal dimension. Despite using 3D convolution for feature extraction, the MSE of MSSTNet on the MovingMNIST dataset is improved by   55 %   when compared to E3D-LSTM [21]. This suggests that for a dataset with relatively simple spatial and temporal distribution, a pure 3D convolution depth prediction network with a structure comparable to U-net [16] can outperform a recurrent neural network using 3D convolution. The multi-scale spatiotemporal motion modeling that has been suggested performs well in the MovingMNIST dataset ablation experiment, as shown in Table 6. Multi-scale spatial modeling is used in Method 2 to lower the MSE index from 57.1 to 47.2 in comparison to Method 1’s fixed convolution spatial modeling. In the meantime, Method 4’s MSE is lowered from 44.2 to 42.6 based on Method 3, demonstrating the value and necessity of multi-scale spatiotemporal modeling. Real weather radar echoes have more complicated spatiotemporal distribution variations and spatiotemporal motion states compared to artificial datasets because clouds are produced and evaporate. In the experiment using the radar echo dataset, MSSTNet performs better than other models because it gives greater weight to the CSI and HSS score in forecasting rainfall in the meteorological sector. According to Figure 6, which compare the performance for each frame, MSSTNet outperforms other models in terms of performance decay as the prediction time increases. This further demonstrates the need for a precise time-dimensional representation of the pure convolution structure.



However, there are still issues with the spatiotemporal prediction problem. First of all, the SSIM score in Table 7 and the frame-by-frame SSIM score in Figure 6 indicate that, with the exception of the MIM model, the current model is unable to significantly improve the results and that it is still challenging to make accurate predictions of structural similarity in complex spatiotemporal dynamic motion. The distinct forecast image can assist in weather prediction more accurately. The formulation of the forecast picture and other image characteristics can be specifically investigated from the standpoint of digital images in a future study. Second, none of the models are accurate enough to forecast high echo values (the red region) in the final radar echo visualization in Figure 8, which might cause errors in forecasting where rainfall would occur. Future model creation may employ a particular design to direct the model’s attention toward areas with high echo values. Finally, it is challenging to precisely identify the change rules by deep learning since image-based spatiotemporal prediction is too straightforward for sophisticated spatiotemporal dynamic systems. Radar echo images could not be the only observation used in the future to aid prediction. Currently, some studies have performed radar echo prediction from this perspective with several input variables and have generated superior prediction results [37].




6. Conclusions


This paper has proposed a multi-scale spatiotemporal prediction network (MSSTNet), which enhances the modeling capability of the spatiotemporal prediction model with a pure convolution structure in the temporal dimension, based on statistical and observed spatiotemporal distribution and spatiotemporal motion characteristics. Specifically, this paper divides the construction of MSSTNet into three modules: a spatiotemporal distribution feature extraction module that generates the future sequence images to fully use the historical sequence images information; a multi-scale motion capture module that captures the long- and short-range-dependent relationships of temporal and spatial input sequences to capture complex, time-varying, and spatiotemporal motion; and a module that combines spatiotemporal distribution features and movement features into a decoding module to generate future images. We have performed experiments on the MovingMNIST dataset, which outperforms previous state-of-the-art methods in terms of the MSE and SSIM indices. Ablation experiments on this dataset have also been performed to demonstrate the effectiveness of the MSST unit design. As an important application in the field of spatiotemporal prediction, experiments on the Radar Echo dataset have been performed, and the results have demonstrated that our method is superior to previous methods in terms of MSE, CSI, and HSS, and is more precise in predicting areas where severe convective weather is more likely to occur.
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Figure 1. The changes in distribution characteristics and motion state of radar echo images. 
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Figure 2. Left: convolution-based recurrent neural networks. Right: convolutional neural networks. 
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Figure 3. MSSTNet network structure. The input sequence frames are sent into (a) shallow distribution feature extraction module for shallow feature extraction. After shallow feature extraction, the features will enter (b) deep motion feature extraction module for spatial-temporal motion feature extraction. Finally, deep motion feature and shallow distribution feature are sent to (c) decoding network module to generate predicted sequence frames. 
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Figure 4. The MSST unit’s internal structure. 
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Figure 5. Visualization of the MovingMNIST dataset. 
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Figure 6. Compare the index of each frame in the Radar Echo dataset. 
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Figure 7. Quantitative comparison of multiple CSI indicators. 
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Figure 8. Visualization of radar echo image prediction. 
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Table 1. Architecture of 3D convolution in module (a).






Table 1. Architecture of 3D convolution in module (a).





	Module
	Layer
	Kernel
	Stride
	Padding





	3DConv-block
	Conv3d-1/2
	(3, 3, 3)
	(1, 1, 1)
	(1, 1, 1)



	DownSampling
	Conv3d-3
	(3, 3, 3)
	(1, 2, 2)
	(1, 1, 1)










 





Table 2. Architecture of 3D convolution in module (b).






Table 2. Architecture of 3D convolution in module (b).





	
Module

	
Layer

	
Kernel

	
Stride

	
Padding






	
MSST-block

	
Conv3d-1

	
(1, 1, 1)

	
(1, 1, 1)

	
(0, 0, 0)




	
Conv3d-2/3/4

	
(1, 3, 3)

	
(1, 1, 1)

	
(0, 1, 1)




	
Conv3d-5

	
(1, 11, 11)

	
(1, 1, 1)

	
(0, 5, 5)




	
Conv3d-7

	
(3, 1, 1)

	
(1, 1, 1)

	
(1, 0, 0)




	
Conv3d-8

	
(5, 1, 1)

	
(1, 1, 1)

	
(2, 0, 0)




	
Conv3d-9

	
(7, 1, 1)

	
(1, 1, 1)

	
(3, 0, 0)











 





Table 3. Architecture of 3D convolution in module (c).
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	Module
	Layer
	Kernel
	Stride
	Padding





	UpSampling
	ConvTranspose3d-1
	(3, 3, 3)
	(1, 2, 2)
	(1, 1, 1)



	3DConv-block
	Conv3d-1/2
	(3, 3, 3)
	(1, 1, 1)
	(1, 1, 1)










 





Table 4. Dataset statistics.
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	Ntrain
	Ntest
	    C , T , H , W    
	    C ,  T ¯  , H , W    





	MovingMNIST
	10,000
	10,000
	(1, 10, 64, 64)
	(1, 10, 64, 64)



	Radar echo
	23,000
	2500
	(1, 10, 128, 128)
	(1, 10, 128, 128)










 





Table 5. Comparison of evaluation indices of various methods in MovingMNIST. ↓ (or ↑) means lower (or higher) is better. The optimal results are marked by bold.
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	Method
	Conference
	MSE    ↓   
	SSIM    ↑   





	ConvLSTM [10]
	NIPS2015
	103.3
	0.707



	PredRNN [19]
	NIPS2017
	56.8
	0.867



	PredRNNv2 [25]
	PAMI2022
	48.4
	0.891



	PredRNN++ [12]
	ICML2018
	46.5
	0.898



	MIM [20]
	CVPR2019
	44.2
	0.910



	E3D-LSTM [21]
	ICLR2018
	41.3
	0.920



	PhyDNet [33]
	CVPR2020
	24.4
	0.947



	CrevNet [24]
	ICLR2020
	22.3
	0.949



	SimVP [30]
	CVPR2022
	23.8
	0.948



	MSSTNet
	−
	21.4
	0.953










 





Table 6. The ablation experiment results of MSSTNet’s different modeling training for 50 epochs.
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Module

	

	
Method 1

	
Method 2

	
Method 3

	
Method 4

	
Method 5






	
(a)

	
   1 × c o n v 3 d   

	
√

	
√

	
-

	
-

	
-




	
   2 × c o n v 3 d   

	
-

	
-

	
√

	
√

	
√




	
(b)

	
   3 , 3 , 3   

	
√

	
√

	
√

	
√

	
√




	
   5 , 3 , 3   

	
-

	
-

	
-

	
√

	
√




	
   7 , 3 , 3   

	
-

	
-

	
-

	
√

	
√




	
   3 , 11 , 11   

	
-

	
√

	
√

	
√

	
√




	
split   c o n v 3 d  

	
-

	
-

	
-

	
-

	
√




	
Index

	
MSE   ↓  

	
57.1

	
47.2

	
44.2

	
42.6

	
42.4




	
MAE   ↓  

	
141.9

	
120.7

	
115.4

	
111.6

	
111.2




	
SSIM   ↑  

	
0.858

	
0.888

	
0.895

	
0.900

	
0.901











 





Table 7. Performance comparison results of the models in Radar Echo.
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	Method
	MSE (↓)
	SSIM (↑)
	CSI (↑)
	HSS (↑)





	PredRNN++
	48.8
	0.760
	0.393
	0.502



	MIM
	47.6
	0.780
	0.408
	0.512



	PredRNNv2
	57.7
	0.763
	0.328
	0.430



	MotionRNN
	45.5
	0.768
	0.430
	0.540



	SimVP
	46.2
	0.762
	0.410
	0.533



	MSSTNet
	45.2
	0.767
	0.442
	0.553
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