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Abstract

:

Traffic flow forecasting, as one of the important components of intelligent transport systems (ITS), plays an indispensable role in a wide range of applications such as traffic management and city planning. However, complex spatial dependencies and dynamic changes in temporal patterns exist between different routes, and obtaining as many spatial-temporal features and dependencies as possible from node data has been a challenging task in traffic flow prediction. Current approaches typically use independent modules to treat temporal and spatial correlations separately without synchronously capturing such spatial-temporal correlations, or focus only on local spatial-temporal dependencies, thereby ignoring the implied long-term spatial-temporal periodicity. With this in mind, this paper proposes a long-term spatial-temporal graph convolutional fusion network (LSTFGCN) for traffic flow prediction modeling. First, we designed a synchronous spatial-temporal feature capture module, which can fruitfully extract the complex local spatial-temporal dependence of nodes. Second, we designed an ordinary differential equation graph convolution (ODEGCN) to capture more long-term spatial-temporal dependence using the spatial-temporal graph convolution of ordinary differential equation. At the same time, by integrating in parallel the ODEGCN, the spatial-temporal graph convolution attention module (GCAM), and the gated convolution module, we can effectively make the model learn more long short-term spatial-temporal dependencies in the processing of spatial-temporal sequences.Our experimental results on multiple public traffic datasets show that our method consistently obtained the optimal performance compared to the other baselines.
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1. Introduction


Because traffic flow forecasting has wide-ranging applications in people’s everyday lives, the task of predicting traffic data has been studied extensively by researchers. The ability to accurately predict traffic flow data has the potential to significantly improve the efficiency and safety of people’s traffic journeys, particularly on high-traffic, high-speed freeways, where congestion can severely affect their efficiency; accurate prediction of traffic flow can provide the basis for accurate vehicle scheduling and bus system optimization, which can help alleviate urban traffic congestion and improve urban traffic efficiency, and is crucial to promoting the coordinated development of smart transportation and smart city. Based on accurate traffic flow prediction results, traffic police departments can conduct timely traffic dredging to alleviate the congestion caused by excessive traffic.



With the continued development of deep learning in recent years, the graph neural network (GNN) is being widely used in traffic flow prediction. The GNN is applied to obtain the spatial correlation of traffic networks, whereas the time-series module is used to capture temporal correlation, and graph convolution and temporal convolution were introduced into the model methods and were shown to be effective for spatial-temporal feature extraction. While considerable progress has been made in the incorporation of graph structures into spatial-temporal data prediction models, these models still suffer from a number of shortcomings:




	
In earlier studies such as DCRNN [1], STGCN [2] and ASTGCN [3], two independent components were used to capture the temporal and spatial dependencies seperately. In these approaches, only spatial dependencies and temporal correlations are captured directly, without considering both temporal and spatial interaction dependencies, and these complex local spatial-temporal correlations can be captured simultaneously and would be highly effective for spatial-temporal data prediction as adopted by STSGCN [4], as this modeling approach reveals the fundamental way in which spatial-temporal network data can be generated.



	
Existing studies of spatial-temporal data prediction fail to capture dependencies between local and global correlations simultaneously. RNN/LSTM-based models such as DCRNN and STGCN are time-consuming because the models are relatively complex and do not parallelize the processing task well, and may fade away or explode when capturing remote sequences [5]. The CNN-based approach requires layers to achieve global correlation of long sequences, and STGCN and GraphWaveNet [6] can lose local information if the rate of expansion is increased. STSGCN proposes a new localized spatio-temporal subgraph that synchronously captures local correlations and is only designed locally, ignoring the global information. The situation of learning only local noise is more severe in the presence of missing data.



	
The traffic flow of a spatial node is not only correlated with the previous time step of the current node, but with the entire history of traffic flow, and this correlation does not become weaker with longer time intervals; in the long run each node’s traffic flow has its own similar temporal “pattern”. As demonstrated in Figure 1a, in an urban transport network, node 1 denotes the station, where the traffic flow during a grand festival such as the Chinese New Year is very variable compared to the previous days, node 3 denotes the school, where the traffic flow on the opening day is quite dissimilar from the summer and winter holidays, and the other nodes often vary greatly in this time “pattern” because of their different locations. Traffic flows in public transport networks are constantly changing dynamically. For many areas of the public transport network, traffic flow at one point in time is closely linked to its historical traffic flow data, which makes long-term traffic flow prediction difficult. As demonstrated in Figure 1b, the color shades of the solid lines between nodes represent the spatial correlation between different roads, while the color shades of the dashed lines represent the temporal influence of historical traffic flow data on the current time point. By learning the short-term and long-term periodicity of historical time series of spatial nodes, the algorithm can better improve the accuracy of traffic flow prediction.








To figure out these challenges, in this paper, we propose a novel deep learning model called long short-term fusion spatial-temporal graph convolutional network (LSTFGCN). The temporal correlation of the traffic in the temporal dimension is first extracted using temporal convolution (TCN). Additionally, in the ordinary differential equations graph convolution (ODEGCN), the wider acceptance domain allows it to capture more dependent features in longer time steps, and the gated convolution is then used to improve the extraction for long term features. The local spatial-temporal convolution attention module is then established to synchronously obtain the local spatial-temporal correlations, and local spatial-temporal features are strengthened using the Convolution Block Attention Module (CBAM) [7]. In conclusion, merging features extracted from different spatial-temporal convolution modules and the gated convolution module can capture more hidden spatial-temporal dependencies in the traffic. LSTFGCN is also capable of using different modules to extract long- and short-term characteristics of a node separately and merge them appropriately to improve the performance of traffic flow forecasting.



We have evaluated LSTFGCN on four public transportation network datasets. The results demonstrate that LSTFGCN can obtain excellent performance. The key contributions of this article are as follows:




	
We propose a novel ordinary differential equation graph convolution, which uses the global acceptance domain of a wider graph convolution to learn historical spatial-temporal characteristics by entering historical traffic data of current time step and current time step.



	
We propose a novel spatial-temporal graph convolution attention module that can serially generate attentional feature map information in both the channel and spatial dimensions while simultaneously capturing local spatial-temporal correlations, which may be multiplied with previous feature maps for adaptive correction of the features.



	
We propose an efficient framework for capturing both local and global spatial-temporal correlations, and further extract long-range spatial-temporal dependencies by combining a gated extended convolution module with GCAM and ODEGCN in parallel to fuse the long short-term spatial-temporal features of nodes.



	
We evaluated our proposed model on four datasets and processed extensive comparison experiments and compared the prediction results with recent model results, demonstrating that the model in this paper achieved better results.









2. Related Work


2.1. Spatial-Temporal Forecasting


Spatial-temporal forecasting plays an important role in many fields of application. In order to more effectively fuse spatial dependencies, recent studies have introduced graph convolutional networks (GCNs) for learning traffic networks. DCRNN models spatial information using bidirectional random wander on the traffic map and captures the temporal dynamics via a gated traffic unit (GRU). Transformers such as those of Wang [8] and Park et al. [9] make use of the spatial and temporal attention modules in the transformer for spatial-temporal modeling. This outperforms LSTM for training, but predictions are still incremental because of its autoregressive structure. STGCN and GraphWaveNet employ graph convolution over the spatial domain as well as one-dimensional convolution along the time axis. These relate to graph and time series information, respectively. STSGCN attempts to fuse spatial-temporal blocks together using a local spatial-temporal convolution graph module, ignoring global interactions.




2.2. Graph Convolutional Network


Graph convolutional networks are used extensively for many graph-based tasks such as classification and clustering [10], of which there are two types. The first is spectral methods, which consider graph convolution locality via spectral analysis, e.g., by finding the corresponding Fourier basis for expanding the convolution in the spectral domain into the graph [11], which was later optimized by Defferrard, Bresson and Vandergheynst [12] using a Chebyshev polynomial approximation in order to implement the eigenvalue decomposition. GCN [13] is representative of work that has built typical baselines in a large number of tasks. A second approach is to use a typical convolution to promote spatial neighborhoods. Spatial methods perform convolutional filtering directly on graph nodes and their neighbors. The heart of this type of method is thus the selection of the neighborhood of nodes. Li et al. [2] introduced graph convolution into the task of recognizing human actions. A number of partitioning strategies have been proposed to partition the neighborhood of each node into different subsets and to guarantee an equal number of subsets for each node. Typical works include GAT [14], which introduces an attention mechanism into the domain of graphs, and GraphSAGE [15], which generates embeddings of nodes through local feature sampling and aggregation.




2.3. Attention Mechanism


Attention mechanisms have been used extensively in recent years in a variety of tasks such as natural language processing, image captioning, and speech recognition. The purpose of the attention mechanism is to select from among all of the inputs information that is relatively critical for the task at hand. Xu et al. [16] proposed two attentional mechanisms in a picture description task and used visualization methods to visualize the effects of attentional mechanisms. In order to classify the nodes of the graph, the self-attentive layer of GAT processes the graph structure data via neural networks and achieves state-of-the-art results. Liang et al. [17] proposed a multi-layer attention network for time series prediction that adaptively adjusts the correlation between the time series of multiple geo sensors. However, it is time-consuming in practice because an independent model needs to be trained for each time series [3]. CBAM is a simple and efficient attention module for convolutional neural networks. It is capable of generating attention feature maps in two dimensions of the channel and feature space, and making adaptive corrections to the original features. Because CBAM is a general purpose end-to-end module, it can be seamlessly integrated into a convolutional layer and can be trained end-to-end with the base convolutional layer.




2.4. Neural Ordinary Differential Equations


The current work typically uses shallow graph convolutional networks and temporal extraction modules to model spatial-temporal dependencies, respectively. Such models, however, have limited representational capabilities: Shallow convolution is unable to capture spatial correlations at a distance, while a larger number of layers can lead to performance degradation in practice [18]. General GNNs have been shown to suffer from problems of over-smoothing. On the basis of earlier work [19,20], Chen et al. [21] proposed a new family of continuous time models, called neural ODEs, which can be interpreted as continuous equivalents of residual networks [22]. The basic neural ODE formulation is given below:


    d h ( t )   d t   =  f θ   ( h  ( t )  , t )  ,     h  (  t 0  )  =  h 0  ,  



(1)




where   f θ   denotes being parameterized as a neural network. The hidden state   h ( t )   is defined at any time and can be computed at any desired time using the ODE solver as follows:


   h 0  , … ,  h T  = O D E S o l v e  (  f θ  ,  h 0  ,  (  t 0  , … ,  t T  )  )  ,  



(2)




where T indicates the number of time steps. By using the adjoint method [21], the gradients  θ  can be computed memory-efficiently during back propagation.



Recent work [23,24,25,26,27] attempted to analyze this framework theoretically, so as to overcome the instability problem and to improve memory efficiency. Researchers are applying the neural ordinary differential equations to many other fields.





3. Preliminaries


Definition 1. 

Spatial network G. We use   G = ( V , E , A )   to denote the spatial network, where    V  = N   is the set of vertexes, N denotes the number of vertices, E denotes the set of edges, and A is the adjacency matrix of the network G. The spatial network G denotes the relationship of nodes in spatial dimensions and the network structure does not change with time.





Definition 2. 

The graph signal matrix    X G  ( t )   ∈  R  N × C    , where C is the number of attribute features and t is the    t  th   moment. This graph signal matrix denotes the observed values of the spatial network G at time. The purpose of traffic prediction is to learn the function f from the previous T traffic speed observation and to predict the traffic speed of the next   T ′   from the N-related sensors on the road network.


    [ G ,  X G  ( t − T + 1 )   , … ,  X G  ( t )   ]   → f   [  X G  ( t + 1 )   , … ,  X G  ( t +  T ′  )   ]    








where T is the length of the historical spatial-temporal network sequence and   T ′   denotes the length of the target spatial-temporal network sequence to be predicted.






4. Model


We show the framework of long short-term fusion spatial-temporal graph convolutional networks in Figure 2. The model is composed of (1) an input layer, (2) a stacked long short-term fusion spatial-temporal graph convolutional network layer (LSTFGCNL), and (3) a layer of output data. The input layer is one fully-connected layer and the output layer is two fully-connected layers, followed by one activation layer such as ReLU [28]. Each LSTFGCNL consists of multiple spatial-temporally parallel graph convolution attention modules, a graph convolution module for ordinary differential equations, and a gated extended convolution module (gated CNN), which contains two parallel extended convolution blocks in two dimensions.



4.1. Localized Spatial-Temporal Graph Construction


As in STSGCN, we constructed a similar model to directly capture each node’s influence on its spatial-temporally adjacent nodes, which are the local node spatial connectivity and temporal correlation between adjacent time steps. In order to achieve synchronous capture of the local time and spatial correlation of the nodes, all nodes must be connected to themselves at adjacent time steps. With each node self-connected at the previous time and at the following time, the result is a local spatial-temporal plot, which directly captures the correlation between each node and its spatial-temporal neighbors.



  A ∈  R  N × N     denotes the adjacency matrix of the spatial graph, and N denotes the number of nodes.    A ′  ∈  R  3 N × 3 N     denotes the adjacency matrix of the local spatial-temporal graph built on three continuous time steps. For the node i of   A i   in the spatial graph, its new index in the local spatial-temporal graph is calculated by   ( t − 1 ) N + i  , where t refers to the number of time steps in the local spatial-temporal graph. If two nodes are connected to each other in this localized spatial-temporal graph, in this case, the corresponding value in the adjacency matrix is set to 1, and in the absence of connectivity, the value is set to 0. The adjacency matrix of the local space-time graph can be expressed as follows:


   A  i , j  ′  =      1 , i f    v i     a n d     v j     a r e   c o n n e c t e d       0 , o t h e r w i s e      ,  



(3)




where   v i   is node i in the local spatial-temporal graph. The adjacency matrix   A ′   contains   3 N   nodes. Figure 3 shows the adjacency matrix of the localized spatial-temporal graph. The adjacency matrix   A ′   is composed of nine small matrices. The three matrices on the diagonal respectively denote the adjacency matrix   A  t − 1    at   t − 1   time and the adjacency matrix   A t   and   A  t + 1    at t time and   t + 1   time. The   A  S C    matrix on both sides of the diagonal denotes the connectivity between each node and itself in adjacent time slices (unit matrix, namely connectivity is 1). The   A  S C    matrix circled in red in the first row and second column of   A ′   in Figure 3 denotes the connectivity of the current node between time step 1 and time step 2 as 1, and the remaining two matrices in the lower left corner and upper right corner are set as 0.




4.2. Spatial-Temporal Graph Convolution Attention Module


The spatial-temporal graph convolution attention module (GCAM) consists of a set of graph convolution and convolutional block attention modules (CBAMs). The graph convolution operation aggregates the features of each node with its neighboring nodes, while the CBAM can make adaptive corrections to the obtained node features. The constructed local spatial-temporal graph is used as the input of GCAM, so that each node can aggregate its own features and those of neighboring nodes at adjacent time steps to achieve the effect of simultaneous extraction of short-term local spatial-temporal features of each node. We also added self-connection at each node of the local spatial-temporal graph, which allows the graph convolution operation to take into account its own characteristics when aggregating features from neighbor nodes. The stacking of multiple graph convolution operations to expand the aggregation region and the increase in the domain of acceptance of graph convolution operations helps to capture local spatial-temporal correlations. A clustering function is a linear combination with weights equal to node weights and edges between adjacent nodes. We then use a fully-connected layer with a chosen GLU [29] activation function, and this graph convolution operation can be formulated as follows:


   h  ( l )   =  (  A ′   h  ( l − 1 )    W 1  +  b 1  )  ⊗ σ  (  A ′   h  ( l − 1 )    W 2  +  b 2  )  ,  



(4)




where    A ′  ∈  R  3 N × 3 N     denotes the adjacency matrix of the local spatio-temporal graph.    h  ( l − 1 )   ∈  R  3 N × C     denotes the input to the convolution of the graph of the l layer; when   l = 0  , it denotes the initial input.    W 1  ∈  R  C ×  C ′     ,    W 2  ∈  R  C ×  C ′     ,    b 1  ∈  R  C ′    ,    b 2  ∈  R  C ′     are learnable parameters, C denotes the number of attribute features, and   C ′   denotes the number of features output from the first fully connected layer. ⊗ denotes an element-wise product, and   σ ( · )   denotes a sigmoid function.



Then, a new aggregation layer (AGG) was designed to filter the useless information. For GCAM with l layers of graph convolution operations, the output of each graph convolution operation will be fed to the aggregation layer. The aggregation layer will compress all of the outputs in the graph convolution layer. The aggregation operation has two steps: aggregating and cropping.



	
Aggregating operation: We chose maximum pooling as the aggregation operation. This algorithm applies a maximum element-wise operation to the output of all graph convolutions in GCAM. The maximal aggregation operation may be expressed as:


   h  a g g   = max  (  h  ( 1 )   ,  h  ( 2 )   , … ,  h  ( l )   )  ∈  R  3 N × C   ,  



(5)




where   h  ( l )    denotes the output of the l layer graph convolution, and   h  a g g    denotes the output of the aggregating operation.



	
Cropping operation: The cropping operation consists of removing redundant features from the previous and next time slices from the aggregate results and retaining only features from nodes in the intermediate moments. The reason for this is that the graph convolution operation has already aggregated the information from the previous and next time steps, and cropping two time steps will not result in the loss of important information and each node contains a local spatial-temporal correlation. By stacking multiple GCAMs and retaining the characteristics of all adjacent time-steps, a large amount of redundant information will reside in the model, thereby affecting the prediction effect. The cropping operation is demonstrated in Figure 4, showing cropping of the features of the previous time step   t − 1   and the next time step   t + 1   and keeping the features of the intermediate time step t.






After cropping, the features obtained are input to the CBAM, which can serially generate two sets of attentional feature map information in the two dimensions of channel and space, and then the two sets of feature map information are multiplied with the previous input features for adaptive correction of the features in order to produce the final feature map.



In the first stage, the attention feature map of the channel is generated. This operation can be expressed as follows:


   h c  = σ  (  W 1   (  W 0   ( A v g P o o l  (  h  a g g   )  )  )  +  W 1  (   W 0   ( M a x P o o l  (  h  a g g   )  )  ∈  R  C × 1 × 1   ,  



(6)




where    W 0  ∈  R  C / r × C    ,    W 1  ∈  R  C / r × C     are learnable parameters, and r is the shrinkage rate.   A v g P o o l ( · )   denotes average pooling, and   M a x P o o l ( · )   denotes maximum pooling.



Then, a spatial attention feature map is generated. The input graph is stitched together along the channel with features that are pooled equally and features that are pooled maximally, and convolved by a standard circle base layer to generate a two-dimensional spatial attention graph. This operation can be expressed as follows:


   h s  = σ  (  f  7 × 7    (  [ A v g P o o l  (  h  a g g   )  ; M a x P o o l  (  h  a g g   )  ]  )  )  ∈  R  N × T   ,  



(7)




where    f  7 × 7    ( · )    denotes a convolution operation with a convolution kernel size of   7 × 7  .



Finally, the computed spatial feature maps and channel attention maps are used to correct the original input feature maps, and the computation is expressed as follows:


   Y  g c a m   =  h  a g g   ⊗  h c  ⊗  h s  ,  



(8)




where ⊗ denotes multiplication by bit, when multiplying by bit.




4.3. ODE Spatial-Temporal Graph Convolution Module


We use the ordinary differential equation graph convolution module to extract the long-term spatial-temporal features. Spatial features are first extracted by temporal convolution network (TCN) and spatial features are extracted by graph convolution of ODEs, then by a mix hop layer to prevent the appearance of model over-smoothing [18], and finally by normalization using an activation sigmoid function.



To improve the ability to extract long-term time features, the ODEGCN module uses one-dimensional extended time convolution to extract long-term time features. We first extract temporal features by temporal convolution, and then extract local spatial features by ODESolver. The TCN operation is formulated as follows:


   h  t c n  t  = σ  ( Θ ∗  h  t c n   t − 1   )  ,  



(9)




where  Θ  is the learnable parameter of the convolution filter, and   h  t c n   t − 1    denotes the input to the TCN of the t time step; when   t = 0  , it denotes the initial input.



Based on previous work, we use the method of convolution of ordinary differential equation maps derived from ST-ODE [18] to extract spatial features:


   h  o d e    ( t )  = O D E S o l v e  (   d h ( t )   d t   ,  h  t c n  l  , t )  ,  



(10)







After ODESolver processing, we chose to use a mix hop layer [30] to select a portion of the input information to be fused with the processed features in order to prevent over-smoothing. There are two stages in the mix hop layer: propagation of information and selection of information, and the structure is shown in Figure 5. The propagation of information is formulated as:


   h  p r o p  t  = α   h  o d e    ( t )   +  ( 1 − α )   A ˜   h  p r o p   t − 1   ,  



(11)




where  α  is a hyperparameter that controls the ratio of the root node’s initial states retained.   h  p r o p   t − 1    denotes the input to the mix hop layer, when   t = 0  ,    h  p r o p  0  =  h  o d e    ( 0 )   .    A ˜  =    D ˜    − 1    ( A + E )   ,     D ˜  ii  = 1 +  ∑  j     A ij   , A denotes an adjacency matrix.



The information selection operation can be expressed as follows:


   h  m h   =  ∑  t = 0  T    h  p r o p  t   W t   ,  



(12)




where the parameter matrix   W t   acts as a feature selector that controls the information flowing from each node to the next node, and   W t   is the learnable parameter matrix.



The sigmoid activation function is used to normalize the output of the mix hop layer to give the final output, which is expressed computationally as:


   Y  o d e g c n   = σ  (  h  m h   )  ,  



(13)








4.4. Gated Convolution Model


It is very important to account for the remote temporal correlation of the nodes themselves, and, in order to strengthen the ODEGCN’s ability to extract long spatial-temporal features from the nodes, we parallelize the gated convolution with ODEGCN in order to improve the ability of ODEGCN to extract the long-term spatial and temporal dependence of nodes. In contrast to previous work by GraphWaveNet and STGCN, we introduce the inflation convolution with a large expansion velocity. In view of the total amount of input data   X ∈  R  T × N × C ×  C ′     , its form is:


   Y  g a t e d   = ϕ  (  Θ 1  ∗ X + a )  ⊙ σ  (  Θ 2  ∗ X + b )  ,  



(14)




where   ϕ ( · )   denotes a tanh function and ⊙ denotes a Hadamar product.   Θ 1   and   Θ 2   are two independent two-dimensional convolution operations with an expansion rate of 2. It can enlarge the acceptance domain along the time axis and enhance the performance of the model to extract sequence correlation.




4.5. Loss Function


Since Huber loss is less sensitive to outliers and has better robustness, we chose Huber loss as a loss function.


  L  ( Y ,  Y ^  )  =       1 2    ( Y −  Y ^  )  2  ,   Y −  Y ^    ≤ δ       δ   Y −  Y ^    −  1 2   δ 2  , o t h e r w i s e      ,  



(15)




where Y denotes the real value,   Y ^   denotes the predicted value of the model, and  δ  is the threshold parameter that controls the loss range of square error.





5. Experiments


In this study, we validated the performance of LSTFGCN on four datasets of public transport networks, namely PEMS03, PEMS04, PEMS07, and PEMS08, released by Caltrans Performance Measurement System (pms) [31], California. The four datasets, from four different collections of high speed roads, were aggregated into five-minute time steps, i.e., 288 time steps within a day’s traffic flow. For each dataset, the spatial adjacency network was constructed from the true distance-based road network. We used a Z-score to normalize the data inputs. Details are given in Table 1.



5.1. Experiment Settings


For a fair comparison with previous baseline experiments, we divided all datasets into training sets, verification sets and test sets, with a ratio of 6:2:2, respectively. To predict the next hour of data, we used an hour of historical data, which involves the use of 12 consecutive time steps in the past in order to predict 12 consecutive time steps in the future. We computed LSTFGCN over ten times in each publicly available dataset.



Our implementation of the LSTFGCN model made use of pytorch. Hyperparameters are driven by model performance on the validation dataset. On these four datasets, the best model consists of four LSTFGCNLs, each of which contains three graph convolution operations with 64 filters. The retention rate of the original information in the mix hop layer in ODEGCN is 5%.




5.2. Evaluation Functions


To assess the predictive effect of the model, we used three evaluation indicators that are commonly used in reference articles, including mean absolute error (MAE), root mean square error (RMSE), and mean absolute percentage error (MAPE). The formula is given below:




	
Mean Absolute Error (MAE):


  M A E =  1 T   ∑  i = 0  T     Y i  −   Y ^  i     



(16)




where   Y i   denotes the real value at the i-th time step, and    Y ^  i   denotes the predicted value of the model at the i-th time step.



	
Root Mean Squared Error (RMSE):


  R M S E =    1 T   ∑  i = 0  T       Y i  −   Y ^  i     2     



(17)







	
Mean Absolute Percentage Error (MAPE):


  M A P E =  1 T   ∑  i = 0  T      Y i  −   Y ^  i    Y i     



(18)













5.3. Study of the Layers of LSTFGCNL


In order to further examine the effect of the number of LSTFGCNL layers on the experimental results, and achieve the best prediction accuracy of the model, we tested 1~5 layers of LSTFGCNL on the PEMS04 and PEMS08 datasets, by selecting the best value of layer depth, and the experimental results are plotted in Figure 6a,b on the two datasets.



As can be seen in Figure 6, all three evaluation metrics on both datasets were optimal when the number of LSTFGCNL layers was four. When the number of LSTFGCNL layers was less than four, the fewer the layers, the worse the model effect, probably because the model failed to fully learn the long short-term spatial-temporal dependencies of nodes due to the small number of layers, which affected the final prediction results. When the number of LSTFGCNL layers was greater than five, the model was overfitted because the deep learning network was too deep, which led to poor final results.




5.4. Convergence Analysis


In order to explore the convergence process of LSTFGCN, we plotted Figure 7a,b representing the training process on the PEMS04 and PEMS08 datasets, respectively. The x-axis in the figure represents the number of training epochs and the y-axis represents the loss value. The figure shows two curves of training loss and validation loss in the training process of the model. It can be seen from the figure that LSTFGCN converged quickly at the beginning and became stable after more than 20 epochs. In the subsequent training, both training loss and validation loss only continued to decrease slightly until the final convergence. In the process of convergence, the two curves were smooth and there were almost no ups and downs, indicating that the model parameters were continuously and stably optimized in the training process.




5.5. Performance Comparison


	
FC-LSTM [32]: Long short term memory network (LSTM) is a type of circular neural network that is completely connected to an LSTM hidden unit.



	
DCRNN [1]: The cyclic diffusion convolution neural network, which embeds graph convolution into cyclic encoder–decoder units.



	
STGCN [2]: Spatial-temporal graph convolution network, integrating graph convolution into one-dimensional convolution units.



	
ASTGCN(r) [3]: Attention-based spatial-temporal graph convolution network, which introduces spatial and temporal attentional mechanisms into the model. In order to maintain a fair comparison, only the most recent component of the modeling periodicity is used.



	
GraphWaveNet [6]: GraphWaveNet is a framework that combines adaptive adjacency matrices with one-dimensional extended convolution.



	
STSGCN [4]: Spatial-temporal synchronous graph convolutional network, which utilizes a local spatial-temporal subgraph module to synchronously capture local spatial-temporal correlativity of node.



	
STFGNN [5]: Spatial-temporal fusion graph neural network, which uses the DTW algorithm to construct data-driven graphs to effectively capture hidden spatial dependencies.






The comparison between the various models is shown in Table 2. We can see that our LSTFGCN outperformed the base model on every dataset. Followed by metrics from the previous baseline (STSGCN) takes, Table 2 compares the performance of the LSTFGCN model and the other predicted models 60 min ahead on the PEMS03, PEMS04, PEMS07 and PEMS08 datasets.



LSTM only considers temporal dependence and cannot exploit the spatial dependence of spatial-temporal networks. DCRNN, STGCN, ASTGCN(r) and our LSTFGCN all use spatial information effectively, and have better performance than time series prediction methods. Other methods extract long-term spatial-temporal correlations by sharing a module at different time periods, thus ignoring the heterogeneity of spatial-temporal network data. GraphWaveNet has poor performance because it cannot superimpose its spatial-temporal layers, resulting in a relatively small acceptance domain. Our method constructs a local spatial-temporal subgraph for each node, fully considers the local spatial-temporal correlation using the superimposed spatial-temporal convolution module, and captures more long-term dependencies in the long receptive field of the graph convolution using the combination of ODEGCN and a gated convolution module, whereas STSGCN only extracts local spatial-temporal dependencies, so the experimental results of our method outperformed STSGCN, which is more obvious in datasets with more spatial nodes and time steps.



According to Table 3, compared with STSGCN, our LSTFGCN performed well on both PEMS04 and PEMS08. On the PEMS04 dataset, the MAE and RMSE of LSTFGCN increased by 5.48% and 5.65%, respectively, on Horizon 3, and 8.45% and 7.94%, respectively, on Horizon 6 compared to STSGCN; they increased 14.50% and 13.55%, respectively, on Horizon 12. On the PEMS08 dataset, the MAE and RMSE of LSTFGCN increased by 9.64% and 7.59%, respectively, on Horizon 3 and 11.08% and 8.47%, respectively, on Horizon 6, compared with STSGCN. There was an increase 14.65% and 10.97%, respectively, on Horizon 12. It can be seen from the experimental results that LSTFGCN improved more significantly compared to STSGCN with the longer time step of prediction. Our model has obtained satisfactory results in extracting the long-term spatial-temporal dependence of nodes in both datasets, which proves the competitive advantage of LSTFGCN in long-term prediction.




5.6. Ablation Experiments


To verify the effectiveness of different parts of LSTFGCN, we performed ablation experiments on the PEMS04 and PEMS08 datasets. NCBAM, NODE and NGATED denote the CBAM, ODEGCN and gated convolution modules that remove LTSTFGCN, respectively.



Figure 8 shows the measurements of MAE, RMSE and MAPE on three different variant models. After comparison and evaluation with the experimental results of the original model, the following conclusions can be drawn:




	
CBAM can carry out adaptive correction to the local spatial-temporal feature map, assign a higher weight to important node information through effective learning, and extract more complex hidden local spatial-temporal dependences.



	
The ODEGCN module significantly improves the extraction of long-term spatial-temporal dependence of the model, and obtains more hidden information from longer time series, thus making the model achieve the optimal average prediction results in the end.



	
The gated convolution module effectively enhances the ability of ODEGCN to learn the long-term spatial-temporal dependence of nodes, thereby improving the overall performance of the model.










6. Case Study


We compared the Horizon 12 prediction results of STSGCN and LSTFGCN with the actual values of the two datasets, and the end results are demonstrated in Figure 9 and Figure 10. We randomly selected four time step segments from the full time step prediction data of both datasets to compare with the STSGCN prediction results. It can clearly be seen that our model prediction curves fit the true values better and are closer to the true values. In some areas with large fluctuations in traffic flow (e.g., the part framed by the dashed red rectangle), the prediction curves of STSGCN also have large fluctuations and deviate from the true values, while the prediction curves of our model are basically stable at the middle of the fluctuations of the true values, with relatively smooth changes, which match the fluctuation trend of the true values and thus achieve better prediction results.



In Table 2, we compare the average of the three evaluation functions of LSTFGCN with the other baseline models, and demonstrate from the data that the overall prediction of our model is better than the other baseline models. In Table 3, we further perform a comparison of the prediction results of LSTFGCN and STSGCN on Horizon 3, Horizon 6 and Horizon 12, and from the data in the table, we can see that our model outperformed STSGCN in each time step comparison, and the longer the prediction time step, the larger the improvement compared to STSGCN, and the more significant the improvement is, which may be due to the fact that ODEGCN and gated convolution effectively improve the long-term prediction ability of the model. Therefore, it can be concluded that LSTFGCN is closer to the true value compared to STSGCN.




7. Conclusions


In this paper, we propose a new convolutional model of long short-term fusion spatial-temporal graphs for traffic flow forecasting. Our model constructs a local spatial-temporal graph convolution attention module, which effectively synchronously captures the local spatial-temporal dependence of nodes, and the combination of ODEGCN and gated convolution captures more long-term spatial-temporal dependent hidden features of nodes. Then, the fusion module is used to fuse these layers, which can simultaneously learn the long and short-term spatial-temporal dependence features of nodes. Extensive experiments on four real datasets showed that the proposed model outperforms existing models. In addition, an ablation experiment verified the effectiveness of the combination of ODEGCN and gated convolution for the long-term spatial-temporal dependent capture of nodes. However, LSTFGCN designs complex components and superimposes more layers to obtain richer traffic flow features, which incurs additional computational cost and operation time. We plan to redesign a graph convolution construction method for synchronous acquisition of spatial-temporal features, streamline components of different modules to reduce computational overhead, and improve the prediction performance of the model through innovative design integration of the obtained features.
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Figure 1. (a) Urban transport network, where the red points identified as 1 to 5 denote traffic sensors with varying periodicity of sensor time patterns at different locations. (b) Traffic signal tensor map from time t − 1 to t + l + 1, where the traffic flow at the current time step of a node is correlated not only with the previous time step, but also with all historical traffic flows. 
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Figure 2. General framework of LSTFGCN. 
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Figure 3. Constructed local spatial-temporal graph. 
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Figure 4. Cropping operation of   h  a g g   . 
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Figure 5. Mix hop layer. 
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Figure 6. Loss variation rates for different LSTFGCNL layers on two datasets: (a) experiment loss change rate of different LSTFGCNL layers on PEMS04 dataset; (b) experimental loss change rate corresponding to different LSTFGCNL layers on PEMS08 dataset. 
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Figure 7. Training and validation error convergence curves on two datasets: (a) training and validation error convergence curves on the PEMS04 dataset; (b) training and validation error convergence curves on the PEMS08 dataset. 






Figure 7. Training and validation error convergence curves on two datasets: (a) training and validation error convergence curves on the PEMS04 dataset; (b) training and validation error convergence curves on the PEMS08 dataset.



[image: Electronics 12 00238 g007]







[image: Electronics 12 00238 g008 550] 





Figure 8. The experimental results of different variant models: (a) all three evaluation metrics of the variant model on PEMS04; (b) all three evaluation metrics of the variant model on PEMS08. 






Figure 8. The experimental results of different variant models: (a) all three evaluation metrics of the variant model on PEMS04; (b) all three evaluation metrics of the variant model on PEMS08.



[image: Electronics 12 00238 g008]







[image: Electronics 12 00238 g009 550] 





Figure 9. Comparison of prediction results of LSTFGCN and STSGCN in four random test cases ahead of Horizon 12 on PEMS04 dataset. 
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Figure 10. Comparison of prediction results of LSTFGCN and STSGCN in four random test cases ahead of Horizon 12 on PEMS08 dataset. 
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Table 1. Datasets description.
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	Datasets
	Nodes
	Edges
	Time Steps
	Time Range





	PEMS03
	358
	547
	26,208
	9/1/2018–11/30/2018



	PEMS04
	307
	340
	16,992
	1/1/201–2/28/2018



	PEMS07
	883
	866
	28,224
	5/1/2017–8/31/2017



	PEMS08
	170
	295
	17,856
	7/1/2016–8/31/2016
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Table 2. Performance comparison of LSTFGCN and baseline models on PEMS03, PEMS04, PEMS07 and PEMS08 datasets.
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Datasets

	
Metric

	
FC-LSTM

	
DCRNN

	
STGCN

	
ASTGCN(r)

	
Graph WaveNet

	
STSGCN

	
STFGNN

	
LSTFGCN






	
PEMS03

	
MAE

	
21.33 ± 0.24

	
18.18 ± 0.15

	
17.49 ± 0.46

	
17.69 ± 1.43

	
19.85 ± 0.03

	
17.48 ± 0.15

	
16.77 ± 0.09

	
16.47 ± 0.05




	
MAPE (%)

	
23.33 ± 4.23

	
18.91 ± 0.82

	
17.15 ± 0.45

	
19.40 ± 2.24

	
19.31 ± 0.49

	
16.78 ± 0.20

	
16.30 ± 0.09

	
15.51 ± 0.10




	
RMSE

	
35.11 ± 0.50

	
30.31 ± 0.25

	
30.12 ± 0.70

	
29.66 ± 1.68

	
32.94 ± 0.18

	
29.21 ± 0.56

	
28.34 ± 0.46

	
27.83 ± 0.34




	
PEMS04

	
MAE

	
27.14 ± 0.20

	
24.70 ± 0.22

	
22.70 ± 0.64

	
22.93 ± 1.29

	
25.45 ± 0.03

	
21.19 ± 0.10

	
19.83 ± 0.06

	
19.71 ± 0.07




	
MAPE (%)

	
18.20 ± 0.40

	
17.12 ± 0.37

	
14.59 ± 0.21

	
16.56 ± 1.36

	
17.29 ± 0.24

	
13.90 ± 0.05

	
13.02 ± 0.05

	
13.01 ± 0.03




	
RMSE

	
41.59 ± 0.21

	
38.12 ± 0.26

	
35.55 ± 0.75

	
35.22 ± 1.90

	
39.70 ± 0.04

	
33.65 ± 0.20

	
31.88 ± 0.14

	
31.39 ± 0.20




	
PEMS07

	
MAE

	
29.98 ± 0.42

	
25.30 ± 0.52

	
25.38 ± 0.49

	
28.05 ± 2.34

	
26.85 ± 0.05

	
24.26 ± 0.14

	
22.07 ± 0.11

	
21.39 ± 0.18




	
MAPE (%)

	
13.20 ± 0.53

	
11.66 ± 0.33

	
11.08 ± 0.18

	
13.92 ± 1.65

	
12.12 ± 0.41

	
10.21 ± 1.65

	
9.21 ± 0.07

	
9.06 ± 0.09




	
RMSE

	
45.94 ± 0.57

	
8.58 ± 0.70

	
38.78 ± 0.58

	
42.57 ± 3.31

	
42.78 ± 0.07

	
39.03 ± 0.27

	
35.80 ± 0.18

	
34.86 ± 0.15




	
PEMS08

	
MAE

	
22.20 ± 0.18

	
17.86 ± 0.03

	
18.02 ± 0.14

	
18.61 ± 0.40

	
19.13 ± 0.08

	
17.13 ± 0.09

	
16.64 ± 0.09

	
16.03 ± 0.02




	
MAPE (%)

	
14.20 ± 0.59

	
11.45 ± 0.03

	
11.40 ± 0.10

	
13.08 ± 1.00

	
12.68 ± 0.57

	
10.96 ± 0.07

	
10.60 ± 0.06

	
10.15 ± 0.01




	
RMSE

	
34.06 ± 0.32

	
27.83 ± 0.05

	
27.83 ± 0.20

	
28.16 ± 0.48

	
1.05 ± 0.07

	
26.80 ± 0.18

	
26.22 ± 0.15

	
25.18 ± 0.05
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Table 3. Comparison of prediction results of LSTFGCN and STSGCN on Horizon 3, Horizon 6 and Horizon 12.
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Method

	
PEMS04




	
Horizon 3

	
Horizon 6

	
Horizon 12




	
MAE

	
MAPE (%)

	
RMSE

	
MAE

	
MAPE (%)

	
RMSE

	
MAE

	
MAPE (%)

	
RMSE






	
STSGCN

	
19.8

	
13.41

	
31.58

	
21.3

	
14.27

	
33.83

	
24.47

	
16.27

	
38.46




	
LSTFGCN

	
18.77

	
12.45

	
29.89

	
19.64

	
13.05

	
31.34

	
21.37

	
14.23

	
33.87




	
Method

	
PEMS08




	
Horizon 3

	
Horizon 6

	
Horizon 12




	
MAE

	
MAPE (%)

	
RMSE

	
MAE

	
MAPE (%)

	
RMSE

	
MAE

	
MAPE (%)

	
RMSE




	
STSGCN

	
16.59

	
10.98

	
25.37

	
17.74

	
11.56

	
27.27

	
20.11

	
13.04

	
30.64




	
LSTFGCN

	
15.13

	
9.65

	
23.58

	
15.97

	
10.15

	
25.14

	
17.54

	
11.69

	
27.61
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