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Abstract

Compared with vehicle trajectories, pedestrian trajectories have stronger degrees of freedom
and complexity, which poses a higher challenge to trajectory prediction tasks. This paper
designs a mode to divide the trajectory of pedestrians at a traffic intersection, which converts
the trajectory regression problem into a trajectory classification problem. This paper builds a
deep model for pedestrian trajectory prediction at intersections for the task of pedestrian short-
term trajectory prediction. The model calculates the spatial correlation and temporal
dependence of the trajectory. More importantly, it captures the interactive features among
pedestrians through the Attention mechanism. In order to improve the training speed, the
model is composed of pure convolutional networks. This design overcomes the single-step
calculation mode of the traditional recurrent neural network. The experiment uses Vulnerable
Road Users trajectory dataset for related modeling and evaluation work. Compared with the
existing models of pedestrian trajectory prediction, the model proposed in this paper has
advantages in terms of evaluation indicators, training speed and the number of model
parameters.
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1. Introduction

Pedestrian trajectory prediction is an important research field of smart city. It is beneficial to

urban travel planning, alleviation of traffic congestion and urban commercial planning.
Pedestrian trajectories are mainly divided into long-term trajectory in Location-Based Social
Networks (LBSN) [1] and short-term trajectory for continuous location. LBSN is a network
for social interaction established through smart terminal devices. It is an online platform for
pedestrians to share information about interests, hobbies, status and activities. LBSN provides
pedestrians with location-based services, which allows pedestrians to share their location
details in social networks. Combining with auxiliary factors such as interest and hobbies, the
task of long-term trajectory prediction of pedestrian is based on pedestrian sign-in data to mine
the potential patterns and laws, and then predict the possible situations of pedestrian locations.
The research of short-term trajectory prediction mainly focuses on the calculation of a series
of spatial and temporal characteristics of pedestrians' continuous position changes in a short
time. The trajectory of vehicles on the road is restricted by road distribution and traffic signs.
The regularity of the trajectory route can make the model more convenient to calculate the
relationship. However, pedestrian trajectories are affected by surrounding pedestrians and
nearby static obstacles in real life, which are complex, changeable and less restricted by traffic
rules. The above process poses harder challenges to pedestrian short-term trajectory prediction.

The intersection of a road is the intersection of two or more roads. It is the place where
vehicles and pedestrians meet, turn and evacuate. Traffic control designs (such as signal lights
and other traffic management facilities) are often installed at intersections to ensure traffic
safety and smooth flow. The mining and prediction of pedestrian trajectory data in road
intersections is conducive to rational organization and planning of traffic at intersections. More
importantly, it is also an indispensable link in improving traffic capacity and ensuring traffic
safety. Trajectory prediction can be regarded as a sequence generation task, which predicts
future trajectories based on past positions. Traditional recurrent neural network cannot handle
the problems of exponential explosion and vanishing gradient in the recursive process, and it
is difficult to capture long-term time correlation. However, combining different LSTMs can
solve this problem well. Recurrent neural network can describe the behaviors of dynamic time.
Unlike feedforward neural network that accepts more specific structure input, recurrent neural
network cyclically transmits state in its own network. So, it can accept a wider range of time
series input, as shown in Fig. 1. However, the recurrent neural network has a fatal problem
that each element in the sequence is directly related to all the elements in front of the current
element and its complexity will explode in the calculation process, as shown in (1).
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Fig. 1. Basic process of recurrent neural network. X is the input of the network. O is the output of the
network. H is the value of hidden layer. W is the weight maintained by the unit.
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This paper proposes a deep pedestrian trajectory prediction model (DeepPTP) for the task
of pedestrian short-term trajectory prediction. It uses the continuous position data to predict
the trajectory direction of pedestrians at intersections. DeepPTP uses Spatial Convolution
Layer to calculate the correlation of spatial feature and uses Temporal Convolution Layer to
calculate the dependence of temporal feature. The main contributions of this paper are as
follows:

® This paper proposes using pedestrian trajectory data to predict the direction of pedestrian

trajectory at intersections. The model design method transforms the existing data regression
mode into a mode that integrates data regression and classification.

® This paper proposes a deep spatial-temporal model, which combines trajectory data, distance
difference, time difference, interaction among pedestrians and other auxiliary factors to realize
multi-modal data prediction tasks.

® This paper uses the Vulnerable Road Users (VRU) trajectory dataset for experimental evaluation.
The results of experimental evaluation show that DeepPTP has higher accuracy and training
speed in the task of short-term pedestrian trajectory direction prediction. Compared with the
existing model of pedestrian trajectory prediction, the accuracy of model maximum increases
by 29.86%.

2. Related Works

The main task of pedestrian trajectory prediction is to build a model of time data to capture
the long-term dependence of the trajectory. Compared with the process of vehicles driving in
the road lanes, the short-term trajectory of pedestrian is freer and more complex. The motion
state of pedestrian has lesser impact on the restrictions of traffic signs and rules. So, the short-
term trajectory prediction task of pedestrians is more challenging [2]. Interaction among
pedestrians is an important aspect that affects trajectory. The Attention Mechanism Based
Pedestrian Trajectory Prediction Generation Model (AttenGAN) [3] builds pedestrian
interaction mode and makes probabilistic multi-mode prediction. It uses the encoding-
decoding structure to predict the possibility of pedestrian short-term trajectory. The special
attention mechanism calculates the state of other pedestrians which is an implicit factor that
affects the main features. The experimental results prove that AttenGAN has the capabilities
of comprehensive pedestrian interaction prediction and can predict the future trajectory of joint
and multiple possibilities. The work [4] divides the pedestrian trajectory into a grid and
calculates the fuzzy spatial membership of each point in the trajectory to generate fuzzy sub-
trajectories. The fuzzy sub-trajectories are input into a model composed of two sets of Fuzzy-
LSTM to calculate the proximity and periodicity of the trajectory. The work [5] uses a
bidirectional long-term and short-term recurrent neural network to calculate the hidden state
during pedestrian movement and uses a dual attention module to calculate individual
movement information and group interaction information of pedestrians that have a greater
impact on the trajectory. The work [6] proposes a recurrent neural network (Social-Scene-
LSTM, SS-LSTM) with three levels of scale. In order to increase the accuracy of the prediction,
SS-LSTM uses a circular shape neighborhood setting instead of the traditional rectangular
shape neighborhood. It fully simulates the interaction among groups in social activities.
Kothari et al. [7] proposed a knowledge-based data method (TrajNet++) for large-scale
interaction between pedestrian trajectories. The TrajNet++ is composed of motion encoding-
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decoding module and interactive module. The motion coding-decoding module is responsible
for feature calculation of pedestrian historical information. The interaction module is used to
capture the interaction state between pedestrians.

The trajectory prediction of pedestrians at intersections can be summarized as the
distribution prediction of a person's possible multiple paths in the future. [8][9][10] This kind
of research focuses on how to use the existing historical data to choose the future direction.
Liang et al. [11] propose a probabilistic model (Multiverse) to calculate the future trajectory
of pedestrians based on historical locations and scenes. Firstly, the Multiverse displays the
position on a multi-scale grid to obtain a multi-modal representation of the future position.
Secondly, it predicts the offset of each grid unit through the fine scale of features. The
CoverNet [8] uses the current and past states of the moving target to calculate the multi-modal
probability distribution of the future state. It limits the possible future state set of the moving
target within a reasonable prediction range, so as to achieve the maximum possible choice of
the target's trajectory at the intersection.

The DeepPTP draws on the calculation model of spatial correlation and temporal
dependence of the above research. It integrates a variety of auxiliary factors and interaction
characteristics among pedestrians to increase the temporal and spatial characteristics of the
data. In the end, we build a probability model for the future trajectories of pedestrians at
intersections. which opens up a new direction for the tasks of pedestrian short-term trajectory
prediction.

3. Model Design

3.1 Definition

Target Problem

The target problem of this work is to use pedestrian trajectory data at intersections to predict
the final trajectory direction of pedestrians. The model of traditional pedestrian trajectory
prediction uses a collection of historical locations of pedestrians to predict future location
information. The above process is a kind of regression problem research. However, due to the
complexity of pedestrian movement, the accuracy rate and the applicability of the model are
not optimistic. This work transforms the pedestrian trajectory prediction into a classification
problem from a regression problem. Taking a typical intersection with four directions as an
example, we assign digital signs (0, 1, 2, 3) to the four directions. The dividing line in the four
directions is the red line, as shown in the Fig. 2. According to the time distribution of the
pedestrian trajectory, the trajectory is marked with corresponding numbers. The final position
of the trajectory is the main basis for the marking process. For example, the blue trajectory is
marked as 0, the yellow trajectory is marked as 3, and the green trajectory is marked as 2.
Taking the center of the intersection as the origin of the coordinate system, we map the road
to a coordinate system with the center lines of the four roads as the X and Y axes. The position
nodes of each trajectory are mapped to coordinate system data. If the final position of the
trajectory is within the four red dividing lines, it will be regarded as noise data.
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Fig. 2. Definition of intersection direction. The nodes of different colors are the track positions of
pedestrians. The number is the direction sign given to the intersection.

Design of Input and Output Data

The data for this work is the trajectory data of each pedestrian, which is composed of multiple
location points. In order to be able to calculate the trajectory data of multiple pedestrians at
the same time, we design the input data into the following basic shape: [bs, pn, c]. The bs
represents the batch size of each epoch and it also represents the number of pedestrian
trajectories participating in the calculation at the same time. The pn represents the number of
points that make up the pedestrian trajectory. Since the total distance of each pedestrian
trajectory and the number of location points are inconsistent, we need to preprocess the pn of
each trajectory. The main idea of preprocessing is to use a zero matrix to supplement the
difference between the current trajectory and the trajectory with the most position points. The
c represents the channels of the data, which contains two sequences ({X} and {Y} of pedestrian
trajectory). The final output data is designed into the following basic shape: [bs, r]. The output
data contains the final trajectory directions of multiple pedestrians. The r represents the
trajectory direction predicted by the model, which is the number marked in Fig. 2 (e.g., 0, 1,
2,3)

3.2 Main Structure

The main structure of the model is shown in the Fig. 3. Firstly, the sequence data of pedestrians
at the intersection is input into the Spatial Convolution Layer to enhance the spatial correlation
of the primary data features in the intersection. Secondly, the reciprocal relationship between
the auxiliary factor and the pedestrian is fused with the primary data features for multi-
dimensional embedding [20]. Finally, the Temporal Convolution Layer captures the temporal
dependence of the data to form high-dimensional features. In order to reduce the computational
complexity of the model, the internals of the main modules that make up DeepPTP are all
based on convolutional neural networks, including Spatial Convolution Layer, Temporal
Convolution Layer and Full Connected Network.

Two sequences ({X} and {Y}) form a trajectory sequence and they respectively represent
the coordinates of the track position point. The trajectory sequence is standardized before the
model training process. The Z-Score standardization method is suitable for situations where
the maximum and minimum values of the data are unknown, or there are outliers that exceed
the value range. Different from the driving mode of vehicles, human behaviors are complex
and changeable. These situations that pedestrians travel on a curve or find road shortcuts



2326 Lv et al.: DeepPTP: A Deep Pedestrian Trajectory Prediction Model for Traffic Intersection

happen from time to time. Therefore, Z-Score is more suitable for the application scenarios of
pedestrian trajectory prediction. During the experiment, we also tried other standardization
methods [14], such as Min-Max and Decimal Scaling. But the results after using these
standardization methods are not ideal.
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Fig. 3. Basic process of DeepPTP.

3.3 Spatial Convolution Layer

The main function of spatial convolution calculates the spatial correlation of the trajectory
sequence. The shallow network of spatial convolution extracts low-level features. As the
network deepens, low-level features are fused to form high-level features, and the spatial
invariance of features can be maintained. The data feature contains two sequences: {X} and
{Y}. These two sequences are concatenate as a data matrix. Linearization stands for data
linearization processing, which can change the data matrix to the input dimension of Convld.
Local connections enable Convld to extract local features of the data. The process of
convolution is to do template matching in each local area of the matrix. The pooling operation
of Convld is a down-sampling process. The relative relationship among different features
plays an important role. It can increase the generalization ability of the model by calculating
the translation relationship and controlling overfitting.

3.4 Auxiliary Factors and Interactivity among Pedestrians

The auxiliary factor is calculated based on the differences between the first node and other
nodes in the trajectory sequence, as shown in (2). A represents the sequence of different
auxiliary factors. We use two auxiliary factors: distance and time. The distance sequence
increases the spatial correlation among nodes, which enables the model to indirectly obtain the
magnitude of pedestrian trajectory changes. Since the trajectory of the pedestrian is mapped
to the coordinate system, the distance relationship between the nodes can be directly calculated
by the distance equation between two points in the coordinate system, as shown in (3). The
addition of the time sequence to the feature calculation process makes the model no longer
consider one-sidedly the spatial relationship. Time sequence increases the time dependence
among nodes. It balances the weight ratio of trajectory features in the spatial and temporal
relationship.
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Observing the traffic rules and signal light restrictions, pedestrians usually cross the road
together in the course of the intersection. Therefore, the movement behavior of an individual
pedestrian is not only related to his own position information, but also related to the individual
pedestrians around him. In order to capture the influence of surrounding pedestrians on a
certain pedestrian, we use the Attention mechanism to select the location information of other
pedestrians that have an impact on the current pedestrian, as shown in (4) and (5).

Dfj = {xf —xi,yj —¥i} )

0 = Attention(FC(D{;; Wy.)) (5)

The relative position (D};) of a person and the current pedestrian is mapped to the feature

space from the spatial coordinate system by the Fully Connected Network (FC). The W, is

the parameter of the Fully Connected Network. The Attention mechanism selects the

characteristics of other individuals that have an impact on the current pedestrian by

strengthening the correlation characteristics and reducing the non-correlated characteristics
among the trajectories.

3.5 Temporal Convolution Layer

The role of the temporal convolution layer enhances the temporal features of pedestrian
trajectories by means of complex winding machines. The temporal convolution layer uses the
idea of large-scale parallel processing of convolutional neural networks, which maps multi-
dimensional matrices to time series. It obtains a large enough receptive field through a
multilayer network and performs deep network parallel processing. The model needs to be
based on sufficiently long-term data to establish temporal features, especially for pedestrian
trajectories. The pedestrian trajectory of this work is composed of position points that change
in accordance with time. Longer-term data means more location points for each trajectory. In
a multi-layer network, the important purpose of this work to set different ranges of receptive
fields is to preserve the influence of all historical locations on the final features.

The temporal convolution layer is composed of multiple residual blocks. The residual block
is connected through a shortcut connection to make the data easier to optimize. If a nonlinear
unit f (x, 6) is used to approximate the objective function h(x), the objective function can be
split into the identity function x and the residual function h(x) — x. According to the general
approximation theorem, a non-linear unit composed of a neural network has enough ability to
approximate the original objective function. Therefore, the original problem is transformed
into that the linear unit f (X, ©) approximates the residual function h(x) - x and the f (x, 6) + x
approximates the h(x). The multi-layer residual structure has been proved to be beneficial to
the nonlinear process of deep neural networks, while the performance of the single-layer
residual structure is not ideal. The residual block mainly includes two processes that are causal
convolution and dilation convolution. The Fig. 4 shows the causal convolution and dilation
convolution [12] in the Temporal Convolution Layer.



2328 Lv et al.: DeepPTP: A Deep Pedestrian Trajectory Prediction Model for Traffic Intersection

Output Data
Hf—?"l
— //
- - | -
_ — d=4
—— - |
e — -
e -
- - I
Hidden Layer
—
’__,,f -~ | ="~ | 3
st I
’—'—/ -~ —_ -
— == L I
Hidden Layer
1 #1 7l
e = 7| = 7|
,/// LT ///// | =1
e
-7 L= s L= s |
Input Data

Fig. 4. Basic process of Temporal Convolution Layer. The d is the dilation factor. The dotted line is
the data transfer process.

We can know that the value of neuron node of each layer only depends on the historical
value of corresponding node of previous layer, which reflects the idea of causal convolution.
The neuron nodes in each layer represent the temporal features of pedestrian position nodes.
The feature of the future location node can only rely on the data information of the pedestrian
before the node, which is in line with the normal derivation idea. The equation of causal
convolution is shown in (6). {X1, X2, ..., X} is the input sequence. {y1, Y2, ..., Y} is the hidden
layer output sequence. {f1, f2, ..., fi} is the filter sequence. Causal convolution only pays
attention to historical information and ignores future information. The result of y; is derived
from the data before x:.. The larger the K is, the more historical information can be traced back.
If the original input sequence of the current layer is [0, i], the original input sequence of the
next layer will become [0, i+1].

k
Yo = Z fi X (6)
i=1

The dilation convolution is used to expand the range of the receptive field. The layer-by-
layer dilation factor d increases exponentially by 2. The extraction of the information of the
previous layer is skipped in each layer, which reflects the idea of dilation convolution. We
expect to capture the multi-scale contextual information of the historical trajectory, which
means that the current location node can contain the features of different historical nodes to
varying degrees. However, this kind of influence among nodes will gradually decrease or even
disappear are transferred in the recursive unit in the traditional recurrent neural network as the
features. The equation of the dilation convolution is shown in (7). The d is the dilation factor,
which changes by an exponent of 2 according to the depth of the network. Increasing d or K
can increase the range of the receptive field. The result of each layer at time t can only be
calculated by the data at time [0, t], which reflects the idea of causal convolution. The result
at each moment is obtained by jumping to the value of the dilation factors in the previous layer
of the network, which reflects the idea of dilation convolution.

k-1
Yi = Z fi *Xi_dxi (7)
i=0
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3.6 Normalization Function

The Softmax function performs a series of index calculations. When the input data of Softmax
is large, the feature calculation will produce overflow phenomenon. Similarly, when the input
data is negative and its absolute value is large, the numerator and denominator of Softmax will
become very small and the data will be approximately 0. The above process will cause
underflow phenomenon. The experimental data of this work are continuous location points.
For each trajectory, the coordinates of the location points that compose it usually change
continuously. Therefore, the features of part of the endpoints of the trajectory often have the
phenomenon of overflow or underflow due to excessive or small weights. Compared with the
traditional normalization function Softmax, The Log Softmax adds a Log operation on the basis
of Softmax. It can not only solve the problems of data overflow and underflow, but also
improve the speed and stability of calculation process. The proof process of the above theory
is as shown in equation (8). M is the maximum value of {xi}. The maximum value of exp is 0
after subtracting M from any xi, so the Log Softmax is unlikely to have an overflow
phenomenon. At the same time, at least one of the summations in the final expression is 1, so
this prevents the expression from underflow. Log Softmax converts the complex exponential
calculations of Softmax into addition and subtraction calculations to improve calculation
efficiency. The position data of the pedestrian trajectory in this experiment are floating point
numbers in the coordinate system. The result of these data through exp operation has more
invalid O after the decimal poin, which affects the validity of the data. The use of log method
effectively removes invalid 0 placeholders and improves the validity of numbers

log(Softmax) = log (L(xl))

37 exp(xj)
exp(x;)
_ exp(M)
- lOg exp(xy) exp(xz)  exp(n)
exp(M) " exp(M) T exp(M)
(xi—M)
= log (222 ) 8
9 37 exp(xj—M) (®)

= log(exp(x; = M)) — log(Z} exp(x; — M))
=(x—-M) - log(Z? exp(x]- - M))

4. Experiment

4.1 Data Preparation

In this experiment, we use the VRU trajectory dataset [16][17][18]. The dataset is recorded by
cameras and LiDAR [19] at urban intersections. It contains 1068 pedestrian trajectories and
464 cyclist trajectories. The true distribution of the trajectories is shown in the Fig. 5. The
trajectory of pedestrian is recorded by a wide-angle stereo camera system. The trajectory of
the cyclist is recorded by tracking the center of the cyclist through LiDAR. The complete
dataset contains 1532 files in CSV format. Each file contains a VRU trace. In order to fit our
research direction, we remove the trajectory data whose trajectory endpoint is located in the
center of the intersection.
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Fig. 5. The distribution of pedestrian trajectories on the actual map. The figure on the left is the
trajectory of pedestrian. The figure on the right is the trajectory of the bicycle.

4.2 Performance Comparison

Evaluation Indicator

The confusion matrix is a situation analysis table for the prediction results of the classification
model in deep learning. It summarizes the data of dataset in a matrix according to the real
category and the category predicted by the model. The rows of the confusion matrix represent
the true values. The columns of the confusion matrix represent the predicted values, as shown
in the Fig. 6. In this experiment, we use the confusion matrix for multi-classification tasks.
The positive state represents the accurate classification result of the current prediction process.
The negative state represents the sum of the error classification results of the current prediction
process.

Predicted Condition
MNeg ative

FN
False Negative

-]
= =
=]
E= =]
[-Egg
fa gl

FP N
False Positive True Negative

True
Condition
MNegative

Fig. 6. Confusion matrix calculation process. TP is the number of positive classes predicted by the

model as positive classes. FN is the number of positive classes predicted by the model as negative

classes. FP is the number of negative classes predicted by the model as positive classes. TN is the
number of negative classes predicted by the model as negative classes.

In this experiment, we use four evaluation indicators to compare the performance of
DeepPTP and other existing models. The Accuracy is an evaluation index for traditional
classification problems. It represents the percentage of the total sample that the model predicts
correctly. However, the Accuracy has an obvious drawback. When the data is very uneven in
categories, Accuracy cannot objectively evaluate the pros and cons of the model. Therefore,
we additionally add the Precision, Recall and F1 Score as evaluation indicators. The Precision
represents the probability of the sample that is actually positive among all the samples that are
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predicted to be positive. Recall represents the probability of being predicted to be a positive
sample in a sample that is actually positive. The Precision and Recall indicators [15]
sometimes trade each other. The higher the Precision is, the lower the Recall is. The Precision
and Recall must be balanced in some scenarios. The most common method is F1 Score in view
of the above situation. The calculation methods of the four evaluation indicators are shown in
the Table 1.

Table 1. Calculation methods of evaluation indicators

Indicators Calculation Methods
Accuracy (TP+TN)/(TP+ TN+ FP + FN)
Precision TP/ (TP + FP)
Recall TP/ (TP + FN)
F1 Score (2 x Precision x Recall) / (Precision + Recall)

Ablation Experiment

In order to verify the role of each layer of DeepPTP, we design an ablation experiment and
show the experimental results in Fig. 7. We use linear transformation to replace each layer of
ablation module to ensure the consistency of model dimensions in the modeling process. The
linear transformation changes the dimensionality of the data to make the dimensionality of the
data suitable for the input requirements of the Temporal Convolution Layer. The Temporal
Convolution Layer plays a major role in DeepPTP, which establishes a temporal dependent
correlation with the trajectory of pedestrians. The DeepPTP without Temporal Convolution
Layer has the worst prediction accuracy, and its final F1 Score is only maintained at around
0.65. The final F1 Score of DeepPTP without Spatial Convolution Layer is maintained at
around 0.75. This experimental result shows the predictive ability of DeepPTP without
calculating the spatial correlation of the data. In this work, the trajectories of pedestrians are
distributed at the intersection of the road. This spatial distribution always exists, because the
movement process of pedestrians has always been restricted by the distribution of roads.
Therefore, the Spatial Convolution Layer has played an active role after being added to
DeepPTP. Although the role of the auxiliary factor is not very obvious, it can also help to
improve the prediction accuracy. Especially in the early stage of training, the auxiliary factor
can make the model converge quickly and obtain a certain accuracy rate. This is because the
auxiliary factor retains the initial characteristics of the pedestrian trajectory and it gives the
model low-level features to form multi-scale information fusion with the high-level feature of
model.

= DeepPTP ==+ DeepPTP (without Auxiliary Factors)
= = DeepPTP (without Spatial Convolution Layer) DeepPTP (without Temporal Convolution Layer)
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Fig. 7. Results of ablation experiments. The abscissa is the number of training epochs. The ordinate
is the value of F1 Score.
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Baseline Comparison

We set up some baselines to verify the performance of DeepPTP, as shown in the Table 2. In
addition to 3 popular recurrent neural networks, we have implemented 6 special models for
pedestrian prediction. We can know that DeepPTP has the highest accuracy compared to the
existing models. It achieves the best results among the four evaluation indicators. Compared
with the traditional recurrent neural network (RNN, LSTM and GRU), the evaluation indicator
maximum increases by 84.08%. The comparison result of DeepPTP and recurrent neural
network proves that the combination of spatial correlation and temporal dependence can
significantly improve the performance of the model compared to the mode of only temporal
dependence. Compared with the special models (Fuzzy-LSTM, Encoder-Decoder, AttenGAN,
TrajNet++, CoverNet and Multiverse) ranking, the evaluation indicator maximum increases
by 29.86%. The comparison between DeepPTP and other models with special structures
proves the performance advantage of the combination of convolutional neural network in
trajectory prediction. DeepPTP-3 and DeepPTP-5 indicate that the Temporal Convolution
Layer of DeepPTP has 3 and 5 hidden layers, respectively. In DeepPTP, increasing the number
of layers of Temporal Convolution Layer can improve the accuracy of the model. However,
the increase in the number of layers sacrifices the speed of training. In actual application
scenarios, the ratio of model training speed and accuracy should be considered
comprehensively.

Table 2. Result of evaluation indicators
Evaluation Indicators

Models Accuracy Precision Recall F1 Score
RNN 0.4775 0.4712 0.4857 0.4783
LSTM 0.4912 0.4896 0.4961 0.4928
GRU 0.4836 0.4802 0.4973 0.4886
Encoder-Decoder 0.4928 0.4912 0.5032 0.4971
SS-LSTM 0.5289 0.5156 0.5273 0.5214
Fuzzy-LSTM 0.6769 0.6874 0.6946 0.6910
AttenGAN 0.6978 0.6865 0.6722 0.6793
TrajNet++ 0.7345 0.7249 0.7347 0.7298
CoverNet 0.7641 0.7844 0.7743 0.7793
Multiverse 0.7977 0.7964 0.8076 0.8020
DeepPTP-3 0.8597 0.8514 0.8476 0.8317
DeepPTP-5 0.8790 0.8667 0.8712 0.8689

Analysis and Expansion

Although the traditional recurrent neural network can calculate and derive the weight of time
series data, its calculation process and parameters are single. Using complex and special Deep
Learning models can help researchers freely control the participation of model parameters to
achieve the effect of improving prediction accuracy. The Encoder-Decoder and AttenGAN
structure can solve the problem of different lengths of pedestrian trajectory points. They can
encode trajectories of different lengths into trajectory features of the same length, which
avoiding the problem of data sparseness caused by the original zero supplement operation. The
length of the sequences encoded by the Encoder-Decoder and AttenGAN are not dynamic, so
the long trajectory has information loss in this experiment. The Fuzzy-LSTM emphasizes the
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periodicity of pedestrian movement, but we cannot set the periodic characteristic of
pedestrians in the choice of road intersection trajectory. The SS-LSTM, TrajNet++, CoverNet,
and Multiverse have their own calculation methods for pedestrian interaction characteristics.
However, these calculation methods are too complicated and the applicable scenarios are too
fixed. We found that too many auxiliary calculations make the weight ratio of the main
location features of the data too low in the weight of the entire model when we migrate the
intersection data set to these trajectory models, which makes the prediction accuracy of the
model poor. The DeepPTP uses a completely convolutional structure to avoid the high
computational complexity of traditional recurrent neural networks and it separates pedestrian
interaction characteristics from other auxiliary factors to increase the proportion of pedestrian
position and pedestrian interaction in the overall model weight.

The Fig. 8 shows the actual distribution of the three confusion matrices. From the
experimental results, we can know that the three models have better prediction results for the
fourth category. This is because the fourth category has more data in the actual data set than
other categories and its sample features are rich. Although there is less data in the first category,
DeepPTP shows good accuracy. This is because DeepPTP makes full use of the historical
information of the trajectory and all historical information participates in the calculation
process of the Temporal Convolution Layer. This process fully excavates the position
information from the starting point of the pedestrian to the center of the intersection.
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Fig. 8. Distribution of prediction results in confusion matrix. The (a) represents AttenGAN. The (b)
represents Multiverse. The (c) represents DeepPTP.
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(@) (b)

S man &

(©)
Fig. 9. Distribution of prediction results in the ROC curve. (a) is the result of two classifications, (b) is
the result of three classifications and (c) is the result of four classifications.

The curve of Receiver Operating Characteristic (ROC) [13] shows the accuracy of model
intuitively. The closer the ROC curve is to the upper left corner, the higher the recall rate of
the model, which represents the points on the ROC curve have the least classification errors.
In order to compare the performance of different models, we draw the curve of ROC of each
model to the same coordinate system, as shown in the Fig. 9. The (a) is the prediction result
of two types of trajectories and the directions of the two types of trajectories are left turn and
right turn respectively. The three types of trajectory directions of (b) are turn left, turn right
and go straight. The (c) includes the four directions of the intersection. The DeepPTP has
obvious accuracy advantages. It is worth mentioning that as the number of classification
categories increases, the accuracy of the above models has decreased to varying degrees.
However, DeepPTP has always maintained high accuracy. The structure of the spatial-
temporal model makes it retain spatial correlation and temporal dependence. The DeepPTP
uses dynamically changing receptive fields and longer-term historical information, so it can
more accurately capture the spatial-temporal relationships and recursive relationships among
the various nodes of the pedestrian trajectory.
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Fig. 10. Changes in F1 Score between DeepPTP and current models. The abscissa is the number of
training epochs. The ordinate is the value of F1 Score.

As mentioned earlier, the dilation convolution mechanism and pure convolution structure
of model strongly improve the model convergence speed of the training process. Most of the
existing special models are designed based on traditional recurrent neural networks, which
cannot avoid the single-step calculation mode. The F1 Score changes of the above models and
DeepPTP in training process are shown in the Fig. 10. We can know that the performance of
Multiverse, AtteenGAN and TrajNet++ in the early stage of model training changes slowly.
The performance of the models reaches the optimum at the end of the entire training process.
The powerful model convergence ability of DeepPTP allows the model to reach the optimal
performance value in the early stage of training. During the entire model training process, the
model doesn’t appear to over-fit phenomena. The comparison of the experimental results of
DeepPTP-3 and DeePTP-5 proves that the increase of the number of Temporal Convolution
Layers can improve performance within a certain range and doesn’t affect the high robustness
of DeepPTP.

Deep learning relies on numerous network parameters in the neural network to participate
in the calculation. It has the disadvantages of complex network structure, large amount of
calculation, slow speed and it is difficult to transplant to embedded devices. As the network
model has deeper and deeper layers and more and more parameters, reducing model size and
computational loss is crucial. The causal convolution mechanism of DeepPTP realizes the
tracing and fusion of historical information at the feature level. Unlike the models mentioned
above, which only calculate historical information at the data level, this process results in
models having huge numbers of parameters. The DeepPTP is a lightweight fully convolutional
model. Compared with other special pedestrian prediction models, The DeepPTP has the
smallest amount of model parameters, as shown in the Fig. 11.

AttenGAN 4 Fuzzy-LSTM A TrajNet++
Multiverse DeepPTP-3 DeepPTP-5
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Fig. 11. Comparison of the number of model parameters between DeepPTP and existing models. The
abscissa is the name of model. The ordinate is the number of parameters for each model.
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5. Conclusion

This paper proposes a prediction model of deep pedestrian trajectory. The model uses
pedestrian trajectories at traffic intersections to achieve the short-term prediction of pedestrian
trajectory direction. We use the Temporal Convolution Layer instead of the traditional
recurrent neural network to overcome the single-step calculation mode of the traditional
recurrent neural network. The causal convolution and dilation convolution mechanisms of
Temporal Convolution Layer not only improve the training speed, but also enable the model
to trace longer historical information. The combination of multiple auxiliary factors and
trajectory position information further strengthens the spatial correlation and temporal
dependence, and improves the accuracy of the model. In future work, we will focus on the
impact of pedestrian and vehicle trajectory directions on traffic in different directions at
intersections. The prediction of long-term and short-term traffic in different directions at
intersections helps to realize the intelligence of traffic lights and the automation of traffic
command. The trajectories of pedestrians and vehicles at intersections have similar
characteristics. Research on multi-modal models that can be applied to both pedestrian and
vehicle traffic prediction can take advantage of the complementarity among multiple
modalities, eliminate the redundancy among modalities and learn better feature representations.
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