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Abstract: Recently, the importance of data analysis has increased significantly due to the rapid data increase. In particular, vehicle communication data, considered a significant challenge in Intelligent Transportation Systems (ITS), has spatiotemporal characteristics and many missing values. High missing values in data lead to the decreased predictive performance of models. Existing missing value imputation models ignore the topology of transportation networks due to the structural connection of road networks, although physical distances are close in spatiotemporal image data. Additionally, the learning process of missing value imputation models requires complete data, but there are limitations in securing complete vehicle communication data. This study proposes a missing value imputation model based on adversarial autoencoder using spatiotemporal feature extraction to address these issues. The proposed method replaces missing values by reflecting spatiotemporal characteristics of transportation data using temporal convolution and spatial convolution. Experimental results show that the proposed model has the lowest error rate of 5.92%, demonstrating excellent predictive accuracy. Through this, it is possible to solve the data sparsity problem and improve traffic safety by showing superior predictive performance.
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1  Introduction

A lot of data is being generated due to the internet of things and sensors, the increase in tracking and collection of customer data by enterprises, the increase in unstructured data caused by the spread of social network services, the development of storage media technology and the fall in prices. Currently, there is active research on big data, Artificial Intelligence (AI), machine learning, and deep learning, in which data plays a key role among the representative technologies of the 4th industrial revolution [1–3]. In such studies, the performance of the model is determined by the quantity and quality of the data, but the quantitative aspect of the data is being resolved, but the quality of the data is inferior because there are many cases where values are missing or strange values are stored for a series of reasons (e.g., malfunction of equipment, refusal to respond to surveys, etc.) in the collection process in reality. This leads to difficulties in data analysis, an unbalanced data structure, and a decrease in the predictive performance of the model [4,5]. Therefore, research through the application of algorithms and statistical methods to impute missing values is actively underway. There are statistical methods that remove missing values or impute them with mean, median, and mode, and alternative methods that utilize k-recent neighbor search, a machine learning algorithm. In the case of these methods, however, if the proportion of data including missing values is small compared to the size of the entire data, which will affect statistical analysis results and algorithm performance degradation. In addition, the reliability of the imputed value is low because the imputation is made without considering the characteristics or variance of the data, and the correlation between the attributes and the attributes. If there are many missing values, when statistical methods are used, the data are generalized, which adversely affects the performance of the model. Therefore, research on missing value imputation based on deep learning has been actively conducted in recent years. Deep learning-based learning methods include supervised learning and unsupervised learning. However, there is a disadvantage that it is difficult to use a supervised learning model that requires correct answer data to impute data with missing. Therefore, we use the missing imputation method based on unsupervised learning. Existing unsupervised learning-based methods include Graph Imputation Neural Network (GINN) [6], Generative Adversarial Imputation Nets (GAIN) [7], and Multiple Imputation using Denoising Auto encoders (MIDA) [8].

Spinelli et al. [6] proposed data missing imputation using an adversarial trained graph convolution network. This encodes the similarity between the two patterns through each edge of the graph. The auto encoder model is used through the encoded graph to impute the data missing from the data set. In addition, Wasserstein metrics is used to improve training speed and performance. Yoon et al. [7] proposed a method of replacing missing data based on Generative Adversarial Network (GAN), a model mainly used for data generation. The generator observes the construction of the actual data vector and outputs the completed vector with the missing components imputed. In addition, the discriminator uses the hint vector reflecting a mask vector as an input value to generate the imputed vector as a meaningful value. Gondara et al. [8] proposed MIDA to minimize missing data bias. This is a multiple imputation model based on the denoising auto encoders model. Also, various data types and missing patterns, missing distributions, and ratios can be processed.

In this study, we conduct a study on the imputation of traffic missing data, which is a serious task in the Intelligent Transportation System (ITS) [9]. Therefore, the above research method cannot be regarded as a suitable model because it does not take into account the temporal and spatial characteristics of traffic data. Traffic data show high randomness and uncertainty as it is influenced by road users’ usage patterns, movement habits, environmental factors, accidents and others. In many cases, the collected data is lost due to various factors, failing to reflect actual traffic conditions. Traffic data on U.S. highways show a loss rate of approximately 15%, traffic data collected from ITS in Beijing, China shows a loss rate of 10%, while in the case of PeMS provided by caltrans, more than 5% of data appears to be lost [9]. To solve this problem, this study proposes an adversarial autoencoder-based missing value imputation model using spatiotemporal feature extraction. In order to learn temporal features, a temporal feature map is extracted through the Gated Recurrent Units (GRU) layer using 1d convolution, and a spatial feature map is extracted through the Graph Convolution Network (GCN) layer to learn spatial features. Adversarial Auto Encoder (AAE) is constructed through the combination of each layer. We train the missing data through AAE and proceed with imputation.

The study is structured as follows: Chapter 2 describes research related to missing data imputation methodology and graph data learning based on graph convolution network. Chapter 3 describes methods for data collection and analysis, data preprocessing, and model design for missing imputation of traffic data. Chapter 4 describes the experimental method and results for evaluating the model performance. Chapter 5 provides the conclusion of this study.

2  Related Work

2.1 Missing Data Imputation Methodology

There are three statistical criteria for data missing. We need to know the types of missing data because different approaches are required depending on the type. Missing data include missing Completely At Random (MCAR), Missing At Random (MAR), Missing At Not Random (MNAR) [10]. Fig. 1 shows the types of data missing. In Fig. 1, MCAR means a case where missing from data variables is not correlated with another variable. This is the case with the highest level of randomness and no correlation between variables. It is also the type of missing that is the background of the missing value imputation study. Next, MAR represents an intermediate level of randomness. This is a case in which missing data is correlated with a specific variable, but does not affect the outcome of that variable. For example, men are less likely to fill out a depression questionnaire, which is not correlated with the degree of depression. Finally, MNAR is a missing type with the lowest randomness, meaning that a specific variable affects the result of values in other variables. For example, traffic jams are likely to occur due to bad weather. It is a case in which MCAR is the background for the study on missing value imputation, and in this study, the missing data for the type of missing is also imputed.
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Figure 1: Types of data missing

Methods of missing imputation include statistical methods, machine learning algorithms, and deep learning-based missing imputation methods. Statistical methods include mean, median, and mode, but if there are many missing data, the values will be biased. There is a k-NN (k-Nearest Neighborhood) method, which is a machine learning algorithm [11]. This sets k points and imputes missing values by numerically calculating the distance between points through Euclidean. Despite its advantage of being able to impute all missing values in a variety of ways by running the function only once, no new values are created, but missing values are filled with existing values. In addition, there is a disadvantage that only continuous data can be used and it cannot be used for factor type variables. In this case, the missing imputation of Multivariate Imputation by Chained Equations (MICE) method can be used [12]. This creates a model with the mice function and completes the data with the complete function. Expectation Maximization (EM) and multiple imputation calculates Maximum Likelihood Estimation (MLE) that maximizes the incomplete likehood function of the data [13]. Based on estimated MLE, the expected value of the missing value is derived to impute the missing value. However, the EM method has a disadvantage that it can be used only when the data have been generated from a normal distribution. The last of the machine learning methods is MissForest [14]. It first estimates missing values through imputation methods such as mean and median. Each variable is used as a dependent variable for fitting a random forest. And the value is obtained through prediction. The error is reduced through the obtained value and the actual missing value. This is repeated until the criterion gamma, which is the threshold, is satisfied. The following is a missing imputation method using a deep learning technique. MIDA is a method to minimize missing data bias [8]. This is a multiple imputation model based on the denoising auto encoders model. In addition, various data types and missing patterns, missing distributions, and ratios can be processed. Next, there is the GAIN method [7]. The generator observes the construction of the actual data vector and outputs the completed vector with the missing components imputed. In addition, the discriminator uses the hint vector reflecting a mask vector as an input value to generate the imputed vector as a meaningful value. Finally, there is the GINN method. It encodes the similarity between the two patterns through each edge of the graph. It uses an auto encoder model through the encoded graph to impute data missing from the data set. In addition, Wasserstein metrics is used to improve training speed and performance.

2.2 Graph Data Learning Based On Graph Convolution Network

Since the Fully Connected layer (FC layer) used in general deep learning performs learning by arranging data in one dimension, spatial features are ignored [15,16]. Therefore, Convolutional Neural Network (CNN) which is a convolutional operation, is used, and a general image exists in the form of a grid in Euclidean space [17]. However, data in the form of graphs (molecular structure, social network, transportation network, etc.) does not exist in Euclidean space. Therefore, data having a graph structure is unstructured data, and it is difficult to apply convolution used for images and images composed of general grids. Also, the disadvantage is that the graph data should be formalized into a tensor suitable for convolution in order to use convolution. Therefore, graph convolution is used to learn the spatial characteristics of graph data well. GCN is an artificial neural network model that uses graph-structured data as input data [18]. Fig. 2 shows the graph structure and the input configuration of GCN.
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Figure 2: Graph structure and GCN input configuration

In Fig. 2, the structure of the graph (G = (V, E)) consists of a set of nodes (Vertex) and a set of edges (Edge). GCN receives feature matrix and adjacency matrix as inputs to calculate data in graph form. The feature matrix consists of the number of nodes (N) and the size of the feature dimension (F(n)) in each node. The adjacency matrix (adj) is a method of expressing the connection of nodes constituted by an edge as an array. This is expressed as adj (i, j), and (i, j) is expressed as 0 or 1 if there is a connection between the two nodes Vi and Vj. Fig. 3 shows the process of delivering the node’s feature value to the hidden layer.
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Figure 3: The process of delivering the node’s feature value to the hidden layer

In Fig. 3, information of the feature matrix (H) and the adjacency matrix is delivered to the hidden layer. Hi means the feature matrix of the i-th layer, and Wi means the weight matrix of the i-th layer. In the Hi and Wi calculation process, the weight is shared across all nodes through weight sharing. This updates the F(i) dimension feature in the i-th layer to the F(i+1) dimension and extracts the feature. Also, through the calculation process of HiWi and Adj, only the relationship with the connection to Adj is extracted. Eq. (1) shows the propagation rule of GCN.


H(l+1)=f(H(l),A)=σ(AH(l)W(l)+b(l))(1)

In Eq. (1), H refers to the feature matrix, A refers to the adjacency matrix, W refers to the weight of the hidden layer, and σ to the activation function. In this way, it is possible to construct a neural network by collecting information of each node and adjacent nodes in the graph and applying a shared learning variable and a nonlinear function. Cui et al. [19] proposes traffic graphic Convolution-Long-Short Term Memory (TGC-LSTM) for traffic prediction in traffic networks. It is a model that combines GCN and Long Short-Term Memory (LSTM). This was proposed to solve the problem that it is difficult to predict time and space due to complex spatial dependency on road networks. It learns the interactions between roads in a traffic network and defines traffic graph convolution based on the overall network traffic state and physical network topology.

3  Missing Value Imputation Model Based on Spatiotemporal Feature Extraction Layer

The proposal model consists of the traffic data preprocessing, the spatiotemporal feature extraction in auto encoders, and the data missing imputation using adversarial auto encoders. Fig. 4 shows the process block diagram of the missing value imputation method.
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Figure 4: Process diagram of missing value imputation method

The first step in Fig. 4 involves traffic data collection (node, link, speed) and preprocessing. Data from the Ministry of Land, Infrastructure and transport are collected [20]. In addition, since the difference in scale according to the features of the data is biased during learning of the model, preprocessing is performed through Min-Max regularization. The feature matrix is created with pre-processed data to be used as model input, and distance-based adjacency matrix is created for use of graph convolution. In the second step, a temporal convolution layer is configured to capture and learn temporal features, while a spatial convolution layer is configured to capture and learn spatial features. In general, the models of Recurrent Neural Network (RNN) series used for time series learning have the disadvantage of slow learning time due to its disadvantage of relying on previous data. Therefore, the layer is configured through casual convolution and Gate Linear Unit (GLU). In addition, it is difficult to use a general CNN structure because the data composed of graphs does not exist in the Euclidean space. Therefore, a layer using GCN is constructed. Finally, the third step is the process of imputing missing data. It is constructed using the AAE model created by combining only the advantages of GAN and VAE. A spatio convolution layer is stacked on the encoder of AAE. Learning is carried out through the configured model, and the mask matrix representing the missing part and the imputed matrix generated by inserting the missing value matrix as an input through the learned model are used as a hadamard product. Complete data is created by adding the calculated matrix and missing value matrix.

3.1 Collection and Preprocessing of Time Series Data

The data used in this study collects node and link data and traffic speed data provided by ITS of the Ministry of Land, Infrastructure and Transport [20]. The node data is the point at which the speed change occurs when the vehicle travels on the road. This includes intersections, the beginning and end points of overpasses, beginning and end points of bridges, beginning and end points of roads, administrative boundaries, and IC (Interchange)/JC (Junction). Table 1 shows the node data configuration.
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In Table 1, NODE_ID, NODE_TYPE, NODE_NAME and TURN_P indicate the unique number of the node, the type of the node, the name of the node, and whether rotation is restricted. In addition, the link data is a line connecting a node that is a speed change point and a node, and represents an actual road. This includes roads, overpasses, bridges, underpasses, and tunnels. Table 2 shows the link data configuration.
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In Table 2, LINK_ID is the unique number of the link, F_NODE is the ID of the starting node, T_NODE is the ID of the ending node, LANES is the number of lanes, ROAD_RANK is the rank of the road, ROAD_TYPE is the type of the road, ROAD_NAME is the name of the road, MULTI_LINK indicates whether there is an intermediate section, CONNECT indicates the code of the link road, and MAX_SPD indicates the maximum speed limit of the road. Traffic speed data is collected through devices or equipment installed on the road. It is collected based on Location, Days, and Interval, and data missing exists according to the criteria. Fig. 5 shows the multidimensional matrix for the missing types and criteria for which traffic speed data are collected.
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Figure 5: Multidimensional matrix for types with missing

In Fig. 5, speed data is collected based on three criteria. It is collected based on Day, Location, and Intervals. Missing exists in three types: Interval missing if traffic data should be collected every 5 min, but the entire data is not collected for that 5 min, Location missing if there are parts that cannot be collected by road, and Days missing if the entire day is not collected. In addition, if the size of the data feature is significantly different for each variable, the performance of the model becomes a problem, so data normalization is performed. There are two types of regularization methods: Min-Max regularization and Z-score regularization [21,22].

Min-Max regularization finds the minimum and maximum values for all features and sets them to 0 and 1, respectively. Values that exist between the minimum and maximum values are converted to values between 0 and 1. This has the disadvantage of being vulnerable to outliers, al-though all features have the same scale. Since velocity data contains a large amount of outliers, outliers are removed through the median absolute deviation and Min-Max normalization is performed. Eq. (2) shows the Min-Max regularization equation.


Min−Max=x−MinMax−Min(2)

In Eq. (2), x represents data, Min represents the minimum value of data, and max the maximum value of data. The denominator specifies the range of data by subtracting the largest and smallest values in the data. It also subtracts each data x and the minimum value from the numerator to determine where to place the data in the specified range. The Z-Score regularization method is a regularization method that can avoid the outlier problem. However, since each data value is not accurately normalized to the same scale, Min-Max normalization is performed on the values from which outliers are removed in this study.

3.2 Extraction of Spatiotemporal Features Using Spatial Temporal Layer

Traffic data has time series and spatial features. Therefore, the temporal convolution layer is used to capture and learn temporal features, and the spatio convolution layer is used to learn spatial features. In general, LSTM and GRU of RNN series are used to learn temporal features [23,24]. The disadvantage of LSTM, which is typically used, is slow learning time. Due to the nature of LSTM, the output of the model depends on previous data, so parallelization cannot be performed.

Thus, the amount of calculation increases according to the number of data during the calculation process, which slows down the calculation. Therefore, this study has an advantage in learning speed by enabling parallelization by using casual convolution and GLU activation function [25,26]. Fig. 6 shows the structure of the temporal convolution layer. In Fig. 6, casual convolution is a convolution operation used for data with temporal features. This makes the output value dependent only on the current input and past data at every step when performing the convolution operation. Also, to pass the GLU activation function, the dimension is doubled. By dividing the amplified tensor in half, sigmoid operation is performed for one part, while the Hadamard product for each element for the other part. It is the result of GLU operation and alleviates the vanishing gradient problem through linear operation while maintaining the non-linear function. In addition, GLU is more stable than Rectified Linear Unit (ReLU) and can learn faster than sigmoid. Eq. (3) shows the equation of GLU.

[image: images]

Figure 6: Structure of temporal convolution layer


v([AB])=A⊗σ(B)(3)

In Eq. (3), v means linear mapping, and σ means sigmoid activation. A and B represent the input values divided by half, and linear mapping is performed on them. A sigmoid operation is performed on the divided side. In addition, it means element-wise Hadamard product, and an element-wise Hadamard product is performed on a part different from the value of the sigmoid operation. During the GLU operation, the previous value is added to the remaining part that does not pass the sigmoid through the residual connection. This solves the tendency of network performance degradation as the number of network layers increases, that is, the learning set loss gradually decreases as the number of network layers increases and then becomes saturated. Temporal convolution layer is easier to learn than RNN and other models, has a simpler structure, and can be used for time series data. In addition, parallelization is possible and if layers of the CNN structure are stacked, the number of nonlinearities is reduced, solving the vanishing gradient problem compared to RNN. Next, the spatio convolution layer is used to learn spatial features. In general, data in graph form does not exist in Euclidean space. Therefore, it is difficult to apply learning using CNN. Therefore, a GCN that receives graph-type data as an input is used. In general, the adjacency matrix used in GCN expresses only the connection with the neighbor node, so its own information in the convolution operation is not considered when the latent feature vector is created. In this study, therefore, when implementing GCN, a self-loop is added to the adjacency matrix. Eq. (4) shows the operation expression of the graph convolution layer.


H(l+1)=σ(D−12~AD−12~H(l)W(l))(4)

In Eq. (4), Hl is the hidden state of the l-th layer, and H0 = X (initial feature of the graph node). Is, the addition of a self-loop to the adjacency matrix. Also, since the adjacency matrix is not normalized, the size of the feature vector may be unstable when multiplying the feature vector and adjacency matrix. Therefore, normalization is necessary. This creates a degree matrix according to the number of edges connected to each node and normalizes the adjacency matrix (A) to. In this case, is the degree matrix of the adjacency matrix. W(l) is a parameter of the l-th layer, and σ is a nonlinear function that uses the ReLU function.

3.3 Traffic Communication Data Missing Imputation Model Using Adversarial Auto Encoders

The structure of the Adversarial Auto Encoder (AAE) model, which combines the Variational Auto Encoder (VAE) and the GAN model, is used to impute missing of time series data. General GAN has the disadvantage that it is more difficult to learn the generator than the discriminator. Therefore, in this study, the AAE structure is used to promote the stability of learning. Fig. 7 shows the network configuration of the adversarial auto encoder-based missing imputation model.

[image: images]

Figure 7: Network configuration for the adversarial auto encoder-based missing imputation models

In the Fig. 7, the model consists of four modules: an encoder, a decoder, and two discriminators. Temporal convolution layer and spatio convolution layer are added to the encoder performing feature extraction to learn spatiotemporal features of data. In order to extract each feature, calculation is performed through a block that combines features by stacking layers. In order to input data to the model, it is necessary to fill the missing present in the data. To fill the missing, a real number between 0 and 0.01 is generated from the sample data and the sample is filled in the missing position through a mask matrix that defines the location of the missing. Fig. 8 shows the data input configuration of the model for missing imputation.
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Figure 8: Configure the data input of the model for missing imputation

In Fig. 8, in order to compose the input value, the missing data (x), the mask (m) that displays the missing part, and the sample data (z) for learning by filling in the missing part are prepared. The existing data and the sample data (z) are combined through a mask. A mask is a matrix composed of 0 and 1. 0 means the missing part and 1 is defined as the presence of existing data. The mask data is multiplied by x, and the missing position is positioned as the sample data through the (1 − m) operation. The generated input data is input to the model. For the input data, learning is carried out through the model. The input data is subjected to feature extraction through the encoder. For the encoder part of the generator model, the feature extraction is performed through the temporal convolution layer and the spatio convolution layer. A latent distribution is created through the extracted data. The created latent distribution is input to the decoder to restore and generate data. Fig. 9 shows loss calculation process of generator model.
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Figure 9: Loss calculation process of generator model

In the Fig. 9, the data generated through the generator model and the existing data are combined. Through the mask data, the existing data is left and only the generated data is put in the missing position. In addition, the generated data for the generator’s loss calculation is input to the discriminator model 1. For loss of the generator model, Mean Squared Error (MSE) loss operation is performed on generated by the generator and the existing data. Also, by inputting to discriminator model 1, cross entropy loss operation is performed with the mask data. Loss calculation of the generator model is performed through MSE operation and cross entropy operation. In the discriminator 1 model, cross entropy loss calculates the loss of the generated value and induces the generated value to be generated better, and induces existing values that have been subjected to MSE operation to be learned in a form similar to the existing form [26–28]. Fig. 10 shows the loss calculation process of the discriminator model through the latent vector.
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Figure 10: Loss calculation process of discriminator model through latent vector

In the Fig. 10, the latent distribution and target distribution generated through the encoder are input to discriminator model 2 to perform the cross-entropy loss operation. The difference between discriminator models is that discriminator model 1 is directly involved in the loss of the generator model to help with data generation. In discriminator model 2, however, the discriminator model learns the difference between the actual value and the generated value to create an adversarial relationship, helping with learning of the generator model.

4  Experiment and Performance Evaluation

In this study, a system of Ubuntu 16.04, Intel Xeon Gold 5120 2.2 Ghz, 20TFlOPS GPU (NVIDIA Tesla V100 2 Way) is used as the experimental environment for performing the missing value correction experiment. In addition, traffic speed data are collected to carry out the experiment. As Traffic speed data, domestic ITS data and data provided by the California Highway System (PeMSD7) in the United States are collected from two sources. This is because domestic ITS data has a high missing rate, so it is not possible to conduct an experiment according to the missing rate. Therefore, through PeMSD7, an experiment according to the missing rate is conducted to evaluate the performance, and the effectiveness of the domestic data is proved [29,30]. For the spatial range of domestic data, 144 links in the Gangnam area are collected, while for the temporal range, weekday data from 2020/11 to 2020/12 are collected. Each data is the data for each link with a 5-minute period equally collected for 24 h a day. For the PeMSD7 data, data from 288 detectors in District 7 of California as a spatial extent are collected, and the temporal range is the same. Performance evaluation is carried out in three ways: Accuracy evaluation is carried out through performance comparison evaluation with existing data imputation method according to the missing rate, data imputation result graph according to the missing imputation method, and traffic congestion measurement according to the missing imputation algorithm. As evaluation indicators used for performance evaluation, Root Mean Squared Error (RMSE) and Mean Absolute Percentage Error (MAPE) are used for performance evaluation, respectively [31,32,33].

4.1 Performance Comparison Evaluation with Existing Data Imputation Methods According to the Missing Rate

The performance with that existing models is compared according to the missing rate. To evaluate the performance of the model according to the missing rate, 10–50% of the missing rate of the data is randomly removed to generate the missing in the data set. As data, California highway system data is used, and the evaluation index is RMSE. The lower, the better the performance. Table 3 shows the performance comparison results with existing models according to the missing rate [7,8,11,12].
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In Table 3, each of the existing research models shows better performance between missing rates of 10% to 20%, but the proposed model has the better performance between 30% and 50%. In addition, the existing studies, which showed good performance at missing rates of 10% to 20%, show that the results diverge greatly from the results of 30%, but the results of the proposed model show stable performance from start to finish. It is analyzed that the data was imputed relatively well compared to the existing studies despite the large number of missing rates because it fills the missing by creating it through the data distribution, which is the feature of the model.

4.2 Data Imputation Result Graph According to Missing Imputation

The second performance evaluation confirms the pattern of each result value by expressing the data completed through the missing imputation model as a graph. It is compared with the adversarial generative neural network-based GAIN model, which has shown stable performance [9]. A qualitative comparison is carried out through graphs by imputing data with missing values with complete data through the model. The data used consists of US data with a missing rate of 30%. Fig. 11 shows a graph comparing actual data and missing data. In Fig. 11, the red line indicates the missing part and the actual value, and the green indicates the non-missing part. Fig. 12 shows the data imputation result graph according to the imputation method.
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Figure 11: Comparison graph of real data and missing data
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Figure 12: Data imputation result graph according to missing imputation method

In the graph, the X-axis represents time and means the interval of 5 seconds per point, while the y-axis represents speed. In the graph in Fig. 12, the blue dotted line is the result value of GAIN, and the black solid line is the result value of the proposed study. In Fig. 12, the red line, where the missing part exists, is compared with the result graph of the imputation model to check whether the data of the missing point is well generated. The graph shows that the graph of the proposed model as a whole generates a relatively good pattern at the missing point. It is analyzed that the spatiotemporal feature extraction layer added to the encoder part of the model correctly learned the features of the data. However, the graph shows in detail that the pattern of the actual data is generated relatively similar to that of GAIN, but there is a part where the value bounces.

4.3 Accuracy Evaluation Through Traffic Congestion Measurement According to Missing Imputation

As a final performance evaluation, time series performance is identified using data with missing imputed through the models of existing studies [33]. Time series prediction is performed after complete data generation through missing imputation models. The data used at this time consists of domestic ITS data (data missing 30%). In addition, the post-missing traffic congestion measurement model uses the RNN family of LSTMs, which are used for time series prediction. The output value configuration is designed to predict road speed after 5 minutes from the current time of the link. The performance evaluation index is MAPE, and the lower, the better the performance. Fig. 13 shows the comparison results of time series prediction performance according to the missing imputation method.

[image: images]

Figure 13: Comparison of time series prediction performance according to missing imputation method

In Fig. 13, the model replacing the missing value through the average shows the lowest performance. Next, Malarvizhi et al. [11] with k-NN shows a performance of 12.42, and Gondara et al. [8] with Imputation using a denoising autoencoder shows results of 8.56. Next, Buuren et al. [12], which substitutes missing values through Multivariate Imposition by Chained Equations, shows a performance of 8.23. Yoon et al. [7], who substituted missing values using adversarial artificial neural networks, is 6.45, showing the best performance among existing studies. However, the proposed model's performance is considered the best compared to existing studies. Thus, the data pattern is well generated, which can be analyzed to demonstrate the effectiveness of time-to-time feature extraction.

5  Conclusions

In this study, we proposed the imputation of missing values by reflecting the temporal and spatial characteristics of traffic data using temporal convolution and spatial convolution. The experiments showed that outliers and missing values in traffic data affect the results when making predictions. In order to improve the performance of the model when predicting congestion and speed through traffic data, missing values were imputed and outliers were removed from the collected data. The AAE model was used as the basis for the data imputation model. This is a model that complements the shortcomings of GAN and AE. In addition, temporal characteristics of traffic data are important, but spatial characteristics are important as well. Therefore, graph convolution was used to learn spatial features, and temporal features were constructed using causal convolution and gated linear unit activation functions. In order to verify the performance of the model, the performance evaluation is performed through three methods. It consists of performance comparison with the existing data imputation method according to the missing rate, data imputation graph results according to the missing imputation method, and time series prediction performance comparison according to the missing imputation method. In the first performance evaluation, each existing research model showed better performance with missing rates of 10% to 20%, but in the case of the performance between 30% and 50%, the proposed model showed relatively good results. The second performance evaluation identifies the pattern of each result value by expressing the data completed through the missing imputation model as a graph. It was found that the graph of the proposed model shows a good shape at the relatively missing point. Finally, in the third performance evaluation, the time series performance is verified using the data with missing imputed through the models of existing studies. The model imputed through the average shows the worst performance of 15.64%, the GAN-based model shows a relatively good performance of 6.45%, and the performance of the proposed model is relatively good, 5.92%, leading to the analysis that the pattern of the data has been well generated. Through this study, the problem of data sparseness was solved and the performance of the predictive model was improved. As a future study, we plan to conduct a model study so that missing imputation can be performed well even with a large number of missing rates, and a traffic congestion prediction model study through the imputed data.
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Table 1: Node data configuration
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Table 3: Comparison of performance with existing models according to the missing rate
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Table 2: Link data configuration

FIELD LINK_ID F_NODE T_NODE LANES
FEATURE 1210007602 1210015000 1210000700 4

FIELD ROAD_RANK  ROAD_TYPE ROAD_NO ROAD_NAME
FEATURE 104 000 — Gangnam-daero
FIELD MULTI_LINK CONNECT MAX_SPD
FEATURE 0 000 50km/h
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