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Abstract. To address the problem of the lack of interpretability of vehicle trajec-
tory prediction models based on deep learning, this paper proposes a Fusion Neu-
ral network with the Spatio-Temporal Attention (STA-FNet) model. The model
outputs a predictive distribution of future vehicle trajectories based on different
vehicle trajectories and traffic environment factors, with an in-depth analysis of
the Spatio-temporal attention weights learned from various urban road traffic sce-
narios. In this paper, the proposed model is evaluated using the publicly available
NGSIM dataset, and the experimental results show that the model not only explains
the influence of historical trajectories and road traffic environment on the target
vehicle trajectories but also obtains better prediction results in complex traffic
environments.
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1 Introduction

Urban traffic congestion is becoming increasingly serious, and accurate prediction of
vehicle trajectories is crucial for urban intelligent transportation. Currently, most tra-
jectory predictions rely mainly on historical traffic data to predict and find rules from
temporal features [1-3]. In recent years, with the development of neural network models,
more and more scholars use neural networks as trajectory prediction models. Yang et al.
[4] used Long Short Term Memory (LSTM) to predict the trajectory of the preceding
vehicle with good results by joint time series modeling of vehicles with different driv-
ing styles around the target vehicle. Kaushik et al. [5] used Recurrent Neural Network
(RNN) model to analyze the real-time series data acquired by in-vehicle sensors and
the model showed good performance in predicting the future trajectory of an obstacle
vehicle.

In complex data prediction, it is often difficult for a single model to capture the
complexity and variability of trajectory data at the same time, failing to maintain good
prediction performance, while combined models have good results. Ip et al. [6] utilize a
combined model of LSTM and RNN to predict vehicle trajectories in the case the current
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and previous positions of the vehicle are known. Rossi et al. [7] used a combined model
of LSTM and Generative Adversarial Network (GAN) to predict vehicle trajectories and
performed well in scenes with high multimodal effects. Based on the data collected by
the sensor, Wang et al. [8] used the combined model of Convolutional Neural Network
(CNN) and RNN to conduct an in-depth analysis of the vehicle motion data collected
by the sensor, to achieve the purpose of protecting the scene texture information of the
environment and the interaction between the surrounding vehicles.

The attention mechanism proposed by Bahdanau et al. [9] can be naturally inte-
grated with RNN to improve model interpretability. Cai et al. [10] used Graph Con-
volution Network (GCN) to pay attention to the interaction between the vehicle and
the non-Euclidean-related structures existing in the environment and used the attention
mechanism to enhance the extraction of image features by GCN. Yu et al. [11] managed
the importance of the driving flow of the target and neighboring vehicles and the dynam-
ics of the target vehicle in each driving situation by using an attention mechanism and
utilizing LSTM to predict future trajectories.

To sum up, most of the related research focuses on the prediction of the vehicle’s
motion state and historical trajectory, while the interaction between the target vehicle
and the road traffic environment, the spatial position of the surrounding vehicles, and the
interaction with the target vehicle still need further research. Taking this as a motivation,
this paper proposes a Fusion Neural Network with Spatio-Temporal Attention (STA-
FNet) model through the analysis of the real urban vehicle running state data set. To
predict the trajectory, it is proposed to extract the Spatio-temporal relationship between
the target vehicle, surrounding vehicles, and road environment information through a
model combined with a Convolutional Social pooling (CS) and a Bidirectional Recurrent
Gating Unit (BiGRU). The main contributions of this paper are as follows:

1. Combination of BiGRU and CS, a novel and robust vehicle trajectory prediction
structure are proposed. The model can not only explain the Spatio-temporal features
between vehicle trajectory data but also quantify these factors for trajectory prediction.

2. The convolutional social pooling layer captures the target vehicle trajectory data and
the spatial relationship between the target vehicle and surrounding vehicle trajectory
data, and introduces a spatial attention mechanism to increase the extraction of key
influencing factors.

3. BiGRU instead of traditional RNN can not only fully consider the Spatio-temporal
relationship between data, but also make up for the defect that CS cannot effectively
extract long-term sequence features. And through the attention module for mapping
weighting and learning parameter matrix to give different weights to the hidden state
of BiGRU to further improve the prediction accuracy of the model.

The organization of this paper is as follows: Sect. 2 related definitions and questions;
Sect. 3 discusses the work related to the research in this paper; Sect. 4 describes the
proposed method and models it; Sect. 5 experimental results; Sect. 6 summarizes the
related work done in this paper.
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2 Problem Analysis

First, in a static traffic scene at a certain moment, the eigenvalues (parking space, vehicle
speed, acceleration, etc.) of the historical trajectory of the target vehicle at the current
moment in various states will affect the future trajectory of the vehicle. Second, the
historical spatial positions of the surrounding vehicles and the interaction with the target
vehicle also affect the future trajectory of the vehicle. Therefore, this paper establishes
a local reference frame for the predicted scene, making the model independent of the
curvature of the road. The origin of the prediction at time t is on the target vehicle, as
shown in Fig. 1, the y-axis points to the direction of movement of the road, and the x-axis
points to the direction perpendicular to the road. T is the observation period.
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Fig. 1. Reference coordinate system.

Combined with the above content, this paper will initialize the state features con-
tained in the historical trajectories of all vehicles in the traffic scene at the current
moment. The historical trajectory state feature of the k-th vehicle is expressed as:

X =1{x,y,v,a,d,c} (D

)~C]((t—t,-) _ x]({t—t,—) _ x,((’) @)

Among them, #; € T, k € n, and n is the number of all vehicles in the current traffic

scene, and T is the time length of the historical trajectory. (x, y) is the position coordi-

nates of the above-relativized vehicles, respectively. v, a, and d are the vehicle speed,

acceleration, and the relative distance between the surrounding vehicles and the target

vehicle respectively. c is the road congestion coefficient index at the current moment.
Xk is the historical trajectory feature sequence of the vehicle, which is expressed as:

~(t=T) ~(t=1) ~(t)
sz Xk ""7Xk 7Xk (3)
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3 Related Theory

3.1 Convolutional Social Pooling

CNN adopts the method of weight sharing, which has advantages in mining local rel-
evant information in space. While convolving the trajectory vectors of the surrounding
vehicles, to improve the accuracy of the local position of the vehicle, the influence of
the existence of the target vehicle on the decision-making of the surrounding vehicles
is also considered. In this paper, CS is used to learn the interdependence in the process
of vehicle motion more robustly, to analyze the upstream and downstream spatial rela-
tionship between the vehicle trajectory data, extract multiple key features, and select the
ReLU for activation.

Ci=fX®Wi + b)) =ReLUX @ Wy + b1) “4)
C=f(P1®Wr + by) =ReLU(P1 ® W2 + b)) )
P = max(C2T> + b3 (6)

he =Pi" ©)

where C1 and C; is the output of convolutional layer 1 and convolutional layer 2 respec-
tively, P is the output of the max pooling layer, Wi, W, and W3 are the weight matrices,
b1, by, b3 and by are the biases, ® is the convolution operation. And the local positions
between the target vehicle and neighboring vehicles, the interaction between the target
vehicle and the environment and the spatial relationships between the trajectory data are
captured by the CS network in (t — T), - - - , (¢t — 1), t period. The output feature vector
H, can be expressed as:

He =[hey, hey, -+ o he]" ®)

3.2 Prediction Model

After multi-feature extraction is performed on the observation data of the vehicle run-
ning state, the observation data sequence is represented as a vector matrix. When the
traditional RNN network processes time series information, the problem of gradient
explosion or gradient disappearance occurs, as the length of the time series increases.
Considering the advantage that Bidirectional GRU can process both forward and back-
ward information of long-term series at the same time, this paper chooses BiGRU as
the prediction model. It is a double-layer structure composed of two GRU in different
directions. Trajectory sequences can provide not only forward information but also back-
ward derivation references if known below. At time ¢, the specific calculation formula
of BiGRU is as follows:

<« <«
Wy =GRU(W:, T 1)1 € [1,m] ©)
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The final output of BiGRU is denoted as:

HB:[h17h21"' 7hl] (12)

3.3 Attention Mechanism

To improve the efficiency of trajectory prediction, this paper uses the Soft Attention
model proposed by Bahdanau et al. [9], in which the degree of attention of each infor-
mation area is represented by a weighted score in the range of [0,1]. The calculation
formula of the weight coefficient of the Attention mechanism layer can be expressed as:

e; = utanh(wh; + b) (13)
@ = exf)(e’) (14)
Zj—lej
i
= ah (15)

Among them, e; represents the attention vector at time ¢, # and w are the weight
coefficients, b is the bias coefficient; «; is the attention weight; the context vector s, of
each data will be calculated, that is, the output of this layer.

4 Model Building

4.1 Model Frame

According to the definition and description in Sect. 2 of this paper, the input of the STA-
FNet model is the historical trajectories of all vehicles in the (t — T),---, (t — 1), ¢
period, the motion state information, and road congestion status information. The input
matrix is represented as:

Xr ={X1, - X, - X} (16)

To formally express the problem to be solved in this paper, let Py, (X) denote the
probability that the trajectory X appears in the trajectory Xr. Based on the definition
above, the method proposed in this paper can obtain the trajectory set that maximizes
Px, (X). A more explicit definition is as follows:

maxPy, (X1, - Xg, - Xp) — Y = (X o x oy iy 17y
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4.2 Model Implementation

To comprehensively consider the influence of surrounding vehicles and road traffic envi-
ronment on driving trajectories, a fusion neural network model with Spatio-temporal
attention is built in this paper. Firstly, the road network is modeled, and the road con-
gestion condition at the current moment is one-hot encoded so that the encoded vector
can better reflect the dynamic change of road congestion conditions over time. And
the local positions between the target vehicle and neighboring vehicles, the interaction
between the target vehicle and the environment, and the spatial relationships between
the trajectory data are captured by the convolutional social pooling (CS) network in
&—-T),---,(@—1),1tperiod. Meanwhile, spatial attention acts to increase the extrac-
tion of key features. Secondly, after training through the CS network the above key fea-
tures are represented as vector matrices, and the Spatio-temporal relationships between
the trajectory data are continued to be extracted and fused by the two-layer BIGRU
network to make reasonable predictions of future trajectories and filter out the vehicle
trajectory sequences with the highest probability. Meanwhile, temporal attention acts to
adjust the weight coefficients to extract the key features affecting the vehicle trajectory.
The system framework is shown in Fig. 2:

4 - “onvolutional Social Pooling

Traffic congestion Temporal Attention

Fig. 2. System Model Framework.

4.3 Algorithm Complexity Analysis

In the stage of feature extraction using CS, the time complexity is O(n?); in the stage of
prediction using vector matrix, the time complexity of the BiIGRU model is O(rn?), and
the Spatio-temporal attention acts on the above models. The time complexity of the two
stages of data processing is O(n). Through the above analysis, the time complexity of
the entire algorithm is O(n3) + O(n?) + O(n) ~ O(1>).
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5 Experimental Results and Analysis

5.1 Dataset

This paper adopts the Lankershim Boulevard Urban Roads dataset from the NGSIM
dataset, which exhibits real urban road traffic trajectories captured over a time of 30 min.
The running status information of the vehicle in 5 different road sections is recorded,
including information such as vehicle position, GPS coordinates, speed, acceleration, and
vehicle type, as shown in Fig. 3. This paper selects the trajectory data of 800 consecutive
frames as samples, and divides them according to the proportion of 62.5%, of which the
first 500 sets of data are used as the training set, and the last 300 sets of data are used as
the test set. The continuous variables are normalized to normalize the mean and variance
of the data. The algorithm is optimized using the ADAM function with a learning rate
of 0.01, and the number of samples per batch is 16.

Fig. 3. Distribution map of 5 road sections.

Due to the complex and changeable traffic operating environment in the urban road
environment, the classification of traffic operating conditions is often inaccurate and
there is a certain degree of ambiguity. Therefore, this paper uses the fuzzy comprehen-
sive evaluation method of traffic flow to calculate the congestion coefficient of this road
section. Referring to the “American Traffic Congestion Evaluation Index System”, the
Congestion Coefficient is defined as the ratio (V/C) of the actual volume of road traf-
fic to the road capacity. When the Congestion Coefficient is in [0, 0.77], [0.78, 0.85],
[0.86, 0.99], [1.0, 1.2], it is defined as “unblocked”, “slightly congested”, “moderately
congested” and “severe congestion”, associated with variables 1, 2, 3, and 4. One-hot
coding is performed on discrete variables in this paper to unify the types of discrete vari-
ables and continuous variables. Therefore, after adopting the fuzzy evaluation method,
the congestion coefficients of the five road sections can reflect the dynamic changes in
road congestion to a certain extent, as shown in Fig. 4. By calculating the Congestion
Coefficient, the current running state of the road section can be well understood, which
is helpful for the subsequent prediction of the vehicle trajectory.
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Fig. 4. Congestion Coefficient of 5 road sections.

5.2 Baseline Models

To explore the predictive performance of the proposed STA-FNet model, several baseline
models are also trained and used to predict vehicle trajectories at the same time.

4. CS-LSTM [12]: Introduce a convolutional social pooling layer and LSTM to predict
vehicle trajectories.

5. DCS-LSTM [13]: A dilated convolutional social pooling layer and LSTM are

introduced to predict vehicle trajectories.

. BiLSTM [14]: Predicting vehicle trajectories using Bidirectional LSTM.

7. STA-FNet: The fusion neural network prediction model based on the spatiotemporal
attention mechanism proposed in this paper uses the convolutional social pooling
layer to extract the spatiotemporal relationship between the historical social vectors
of the target vehicle and completes the prediction through BiGRU.

(@)}

5.3 Evaluation Indicators

This paper uses Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and
Mean Absolute Percent Error (MAPE) for evaluation. The loss function quantifies how
close the neural network model is to the ideal situation it was trained on. To facilitate
the calculation, using the root mean square error as the loss function of the model.

1 N 2
RMSE = \/ N i, 0 =3 (18)
1 N
MAE = ¥ Zi:] |9 — i (19)
100% N |3 — y;
MAPE = —— Y |12 (20)
N =1y

Among them, y; represents the predicted value, y; represents the true value, and N
is the number of samples.

5.4 Performance Analysis

Determination of Basic Parameters. To select the optimal number of hidden layer
units, this paper compares the MAPE values under different hidden units. First, select
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the number of hidden layer units in [5, 10, 15, 30, 50] for testing, and their MAPE values
are 0.8300%, 0.3818%, 0.5834%, 0.4834% and 0.3850%, respectively. Therefore, the
number of hidden layer units (10) with the smallest MAPE value (0.3818%) is selected
as the number of hidden layer units in this experiment. For different time steps, the STA-
FNet model proposed in this paper has different evaluation performances. To select the
best time step for the next experiment, this model tests the RMSE, MAE, and MAPE
under the time step [5, 10, 15, 20, 25, 30], and the corresponding evaluation distribution
is shown in Fig. 5. It can be seen that the RMSE, MAE and MAPE values of the model
are relatively minimal when the time step is 20. Therefore, the time step selected for this
experiment is 20.
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Fig. 5. Evaluation values at different time steps.

Performance Analysis. After determining the parameters of the model, use the

designed training set and test set to verify the prediction performance of the model.
The loss function curve generated by the model in 5 different road segments during
the training process is shown in Fig. 6. It is not difficult to find that with the increase
in the number of iterations, the loss function curves of the training set and the test set
decrease rapidly and gradually converge, which indicates that the design of the model
is reasonable.

Comparison of Baseline Methods. To further compare the prediction performance of

different algorithms, CS-LSTM, DCS-LSTM, and BiLSTM are selected for comparison
with the STA-FNet model. It can be seen from Fig. 7 and Table 1 that the proposed
model outperforms the baseline models after 200 iterations. The average MAPE of the
5 road segments is 2.7320%, and the prediction accuracy is 97.2620%
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Fig. 6. Training set loss and Test set loss for 5 road segments with Epochs of 200.
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Fig. 7. RMSE(a), MAE(b), MAPE(c) and Mean(d) of Different Model Predictions.

The average MAPE values of STA-FNet, DCS-LSTM, and CS-LSTM are 0.2235%,
0.2065%, and 0.0563% higher than those of BiLSTM, respectively. The experimental
results show that modeling the position interaction of surrounding vehicles and exploring
the interaction between surrounding vehicles and target vehicles have a positive effect on
improving the accuracy of vehicle trajectory prediction. In addition, DCS-LSTM, which
introduces a convolutional social pooling layer, achieves the same prediction effect as
CS-LSTM, while maintaining more accurate vehicle local position information, and its
prediction performance is further improved.

The average MAPE value of the algorithm proposed in this paper is 0.0170% higher
than that of DCS-LSTM. Because the algorithm in this paper takes into account the
historical trajectory of the target vehicle itself and the historical location interaction
between the target vehicle and the surrounding vehicles, while further considering the
current traffic congestion of the road. At the same time, the accuracy of the prediction
is further improved by using the Spatio-temporal attention mechanism acting on the
whole process of extracting temporal and spatial features of the data. The comprehensive
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Table 1. RMSE, MAE, and MAPE of Different Model Predictions.

Models Evaluation S1 S2 S3 S4 S5 Mean
STA-FNet | RMSE 02968 | 0.5420 | 0.4425 05705 | 0.4487 | 0.4601
(proposed) | \AE 02781 04694 04305 04901 04217 | 0.4180
MAPE 19198 23349 |3.6612 |2.9660 27783 | 2.7320
DCS-LSTM | RMSE 03185 | 0.5405 0501 | 05792 | 0.4535 | 0.4785
MAE 03628 04679 04547 05092 |0.4153 | 0.4420
MAPE 19628 | 24374 |3.5738 2985 27858 |2.7490
CS-LSTM | RMSE 03234 | 0.5565 | 0.5157 | 0564 0555 | 0.5029
MAE 04201 0551 05323 05393 | 0.5768 | 0.5240
MAPE 1.9667 | 24839 |3.6167 |3.2207 32081 | 2.8992
BiLSTM RMSE 03708 | 0.657 | 0.6651 | 0.6854 |0.6536 | 0.6064
MAE 04153 | 0.5967 05243 | 0.6395 04839 | 0.5319
MAPE 19764 | 2.5963 |3.6505 | 3.5435 |3.0106 |2.9555

consideration and analysis of the influencing factors around the target vehicle further
enhance the interpretability of vehicle trajectory prediction.

In summary, the STA-FNet model proposed in this paper outperforms other models
in predicting vehicle trajectories. The model starts from the historical trajectory of the
target vehicle retrospectively and also explores the influence of the spatial distribution of
neighboring vehicles on the future decision of the target vehicle. In addition, the impact
of the road congestion state on the trajectory of the target vehicle at the current moment
is quantified. The above influencing factors are combined to study the future trajectory
of the target vehicle, which makes the model more comprehensive and interpretable in
terms of trajectory prediction.

6 Conclusion

To effectively predict the motion trajectories of target vehicles in complex traffic scenes,
this paper proposes a Fusion Neural network with the Spatio-Temporal Attention (STA-
FNet) model. The novelty of this model is that it comprehensively considers the effects
of attention factors, Spatio-temporal feature relationships among data, and the decision-
making effects of the interaction between the target vehicle and surrounding vehicles on
vehicle trajectory prediction. The comparative experimental results show that the pre-
diction accuracy of the STA-FNet model constructed in this paper is 97.2620%, which is
0.0170%, 0.1672%, and 0.2235% higher than the DCS-LSTM model, CS-LSTM model,
and BiLSTM model respectively. The effect is significantly better than other models, and
the model has a stronger interpretability interpretation. In addition, objectively speak-
ing, this paper sacrifices the complexity of the model to improve prediction accuracy.
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The next step will consider reducing the complexity of the model based on improv-
ing or maintaining the existing prediction accuracy, which will be considered in the next
research. Long-term prediction of vehicle trajectories enables a more accurate prediction
of vehicle trajectories.
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