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Abstract. Pedestrian trajectory prediction has broad applications to target tracking and autonomous
driving. Although current research has gradually shifted from handcrafted-based approaches to deep
learning-based approaches, existing predictors sometimes produce wrong future trajectories, and their
performance is still unsatisfied. This paper improves the Spatial Temporal Graph ATtention Network
(STGAT) for trajectory prediction by adding two Multi-Layer Perceptron (MLP) modules and three
Gated Recurrent Units (GRUSs) to the original predictor. Specifically, the model uses an MLP to process
the position and velocity of a pedestrian to obtain high-dimensional embedding features. Then, to
improve prediction accuracy, the model uses a GRU and a Long Short-Term Memory module (LSTM),
i.e. GRU-LSTM, to obtain the motion features of the individual pedestrian. Next, the interaction
information between the target pedestrian and his/her neighbors is captured by a Graph ATtention (GAT)
module. Here, to reduce the redundant information in the GAT, another MLP is used to map the high-
dimensional features to low-dimensional ones. Next, the second GRU-LSTM further encodes the
interaction features from the GAT. Finally, the third GRU-LSTM serves as a decoder to give the future
trajectory of the target pedestrian. To generate multiple socially acceptable prediction results, the model
adopts the variety loss. Test results on the public ETH and UCY datasets illustrate that the proposed
model outperforms the state-of-the-art predictors such as Social-LSTM, Social-Attention, CIDNN, and
etc. Moreover, the ablation tests show that by using the MLPs and GRUs, the ADE and FDE of the
model are lower than the STGAT and Social-GAN, further proving the benefits of these new adding
modules to the predictor.

Keywords: pedestrian trajectory prediction, multi-layer perceptron, gated recurrent unit, long short-
term memory, graph attention network.

1. INTRODUCTION

Pedestrian trajectory prediction is widely used in military and civilian applications, such as automatic
driving, intelligent navigation and human-computer interaction. Predicting a pedestrian trajectory means
generating his/her future locations based on the past ones. Pedestrians” movements are highly complex and
stochastic since many factors influence people’s judgment on the following target location, such as surrounding
buildings, destinations, and other pedestrians. Despite the significant progress in crowd trajectory prediction
in the past few years, pedestrian trajectory prediction still needs to be improved and attracts many researchers.

Traditional hand-crafted-feature based approaches only consider the pedestrians themselves, ignoring
their interactions. Therefore, in recent years, Recurrent Neural Network (RNN) [1] techniques have been
introduced to trajectory prediction. Though being proven effective, using RNN and their variants [2—3] alone
cannot capture pedestrian interactions. Then, Graph Neural Network (GNN) [4] and their variants [5-6] are
used for modeling pedestrian interactions with the graph structure, getting more accurate predictions. Currently,
there are two main types of pedestrian trajectory prediction approaches based on GNN, i.e., the Graph
Convolutional Network (GCN) [5] and the Graph ATtention Network (GAT) [6]. GCN fuses information
based on neighborhood aggregation and cannot capture the influence of surrounding pedestrians on the target
one. In contrast, GAT proposes an attention mechanism to capture the contribution of each neighbor node to
the target pedestrian, resulting in good prediction performance. By introducing Multi-Layer Perceptron
modules (MLPs) and Gated Recurrent Units (GRUS) to the original predictor, this paper proposes an improved
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Spatial Temporal Graph ATtention network (STGAT) [7] for pedestrian trajectory prediction. This paper’s
contributions are summarized as below:

« Introducing GRUs to the STGAT to improve the prediction accuracy of the future trajectory of a target
pedestrian;

« Using an MLP to obtain high-dimensional embedding features of the position and velocity;

« Using an MLP to reduce the redundant information in the GAT module;

« Using the variety loss for training the model to generate multiple socially-compliant prediction results.

The remainder of this paper is as follows. Section 2 introduces existing approaches and their limitations.

Section 3 briefly introduces the STGAT model. Section 4 describes the proposed pedestrian trajectory predictor
in detail. Section 5 presents test results and analysis, and Section 6 gives conclusions and future work.

2. RELATED WORK

2.1. RNN-based trajectory prediction

Recently, the data-driven RNN and its variants [2-3], including Long Short-term Memory (LSTM) [2]
and Gated Recurrent Unit (GRU) [3] with an encoder-decoder, have been widely used in trajectory prediction.
Wu et al. [8] proposed two RNNs for trajectory prediction, which simultaneously address the limitations of
topology on prediction. Shibata et al. [9] introduced reinforcement learning to RNNs to predict decisions for
discrete and continuous motion targets. Moleg et al. [10] designed a spatial-temporal feature-based RNN to
predict the future motion state of pedestrians by fusing spatial and temporal associations in pedestrian
trajectory data. Tang et al. [11] combined the history feature fusion attention with LSTM to improve the
model's predictive performance when dealing with long sequences.

2.2. MLP-based trajectory prediction

Multi-Layer Perceptron (MLP) [12] is a simple model commonly used for data preprocessing in
pedestrian trajectory prediction tasks. For example, Alahi et al. [13] proposed a Social LSTM (S-LSTM),
which uses an MLP for preprocessing and an LSTM for matching physical attributes and social norms. Then
some extensions to the S-LSTM emerged. Pfeiffer et al. [14] added intergroup interaction to S-LSTM and
clustered trajectories with similar motion trends. Bartoli et al. [15] considered the influence of static
environment on pedestrians based on the S-LSTM model. Xu et al. [16] proposed a collision-free LSTM model,
redefined the concept of “neighbors” in the S-LSTM, and converted right-angle coordinates to polar
coordinates. Choi et al. [17] mapped the location of each pedestrian to a high-dimensional feature space and
then modeled the motion of all pedestrians using LSTM.

2.3. GRU-LSTM-based trajectory prediction

RNN and their variants, such as LSTM and GRU, are popular trajectory predictors, too. LSTM extends
storage capacity to preserve and process previous information and thus performs well for long-term prediction.
GRU has fewer parameters and is faster and more accurate. Thus, it is popular to use GRU-LSTM for time
series prediction, i.e., utilizing GRU for prediction first and then LSTM for improving long-term predictions.
Liu et al. [18] proposed a regularized GRU-LSTM model for predicting stock closing prices. Islam et al. [19]
used the hybrid GRU-LSTM to forecast foreign exchange rates, getting better results than traditional
approaches. Kianimogadam et al. [20] introduced GRU-LSTM for distance-ordered sequential data to predict
view factors of the particle and face neighbors of an emitting particle. Sari Y et al. [21] explored the impact of
the number of input parameters on the performance of the hybrid GRU-LSTM in predicting air temperature.

2.4. GNN-based trajectory prediction

Unlike RNNs that use common aggregation operations to process spatial-temporal features, GNNs rely
on information transferred between nodes to capture dependencies in a graph. There are two basic GNN models
for pedestrian trajectory prediction, i.e., GCN and GAT. Dan et al. [22] extracted features of pedestrians with
a GCN by encoding each pedestrian as a node, and thus the interrelationships between pedestrians can be
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extracted by the graph structure. Yu et al. [23] proposed a spatial-temporal association model by combining a
Transformer and a GCN. In their approaches, Yu et al. used the GCN to model the movement trend of
pedestrians in the group interaction scene.

Though GCN-based approaches use neighborhood aggregation for fusing information, they cannot

capture the influence of surrounding pedestrians on the target one. To solve this problem, GAT-based models
adopt an attention mechanism to identify the contribution of each adjacent node, achieving good test results.
Huang et al. [7] tried different attentions based on a GAT to achieve effective weighted information transfer
between nodes. Kosaraju et al. [24] proposed a latent spatial encoder that encodes pedestrian interactions with
a GAT and uses a modified Bicycle-GAN [25] to generate multiple predicted trajectories that meet social
criteria.

Similar to STGAT [7], in the proposed approach, pedestrian interactions are represented as a graph, with
nodes designating people and edges indicating interactions. An attention mechanism is used to obtain
corresponding weights for each node to reduce the redundant information in the high-dimensional space; this
paper first attempts to combine GAT with MLP to determine the influence between people.

3. STGAT

Pedestrian trajectory prediction involves forecasting the future movement trajectories of pedestrians by
analyzing historical data and surrounding environments. This process finds extensive application in
autonomous driving, robot navigation, intelligent transportation, and video surveillance systems. The
pioneering work on pedestrian trajectory prediction using STGAT was conducted by Huang et al. [7]. STGAT
is designed to establish the relationships between pedestrians in both temporal and spatial contests through
GAT and LSTM.

As shown in Fig. 1, the encoder of the STGAT adopts two LSTMs (M-LSTM for individual motion
encoding and G-LSTM for the graph encoding) and a GAT to encode spatial-temporal social interaction
information. The decoder of the STGAT contains an additional LSTM (D-LSTM for decoding). Besides, each
LSTM is followed by a Fully Connected (FC) layer. First, the M-LSTM processes the positions and velocities
of a pedestrian to obtain his/her individual motion characteristics. Then, the GAT gets the spatial-temporal
interaction information that is further processed by the G-LSTM. Next, features characterizing individual
pedestrian motion are input to an FC. So do the features characterizing spatial-temporal interactions. After
concatenating with noise, the fused features are decoded by D-LSTM followed by another FC to get the relative
predicted position.
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Fig. 1 — Structure of STGAT.
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4. APPROACH

Existing studies show that GRU benefits the accuracy of a predictor [18-21]. Thus, as shown in Fig. 2,
the model adds a GRU to each LSTM module in the original STGAT to improve its accuracy. By convention,
the combined module is termed as GRU-LSTM. Moreover, to obtain more motion details of a pedestrian, the
model adds an MLP to embed the observed positions and velocities of the pedestrian to high-dimensional
features. Finally, to reduce the redundancy in the GAT of the original STGAT, the model appends another
MLP to the GAT.

Specifically, the encoder consists of two GRU-LSTMs (i.e., M-GRU-LSTM and G- GRU-LSTM), two
MLPs with the same structure, and a GAT. Similar to STGAT, each GRU-LSTM in the model is followed by
an FC layer. Here, M-GRU-LSTM and G-GRU-LSTM encode the individual motion and their interaction
information, respectively. The two MLPs are used for feature expanding and feature reducing. The GAT is for
capturing the spatial-temporal social relations between pedestrians. The decoder is similar to that in STGAT,
except that the model is used the GRU-LSTM rather than the LSTM.
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Fig. 2 — The structure diagram of the proposed approach.

4.1. MLP modules

As shown in Fig. 2, to preprocess the position and velocity information of a pedestrian, the model uses
an MLP consisting of three Fully Connected (FC) [26] layers, two RELU nonlinear activation [27] layers and
two Batch Normalization (BN) [28] layers. This MLP maps the relative replacement (Ax, Ay?) of it the
pedestrian at time instant t to a high-dimensional embedding features e} with (1)—(5)

Ax} = Prety(WarAx! + byy) 1)
AX} = P (Axf; Wyy) )
AY; = brela(WayAY; + bay) €)
Ay: = dpn(AYE Way) 4)

ef = ¢rc(Axf, Ay[; Wyy) (5)

where ¢reiy, pn, @5 are RELU nonlinear activation, batch normalization and fully connected embedding
function, respectively; Wy, W,,, W, are the weights, by, b,,, are the bias.
As illustrated in Fig. 2, following the GAT module, an additional MLP is appended to map the output

features of the GAT to a lower-dimensional space. This step effectively reduces feature redundancy. The
structure of this MLP is designed to be identical to that of the first one.
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4.2. GAT module

Similar to STGAT, the model uses the self-attention approach. Each node feature in the graph is
calculated based on the features of its neighbors. The model uses two graph attention layers in GAT. During
the observation process, the individual motion feature vector m! is fed into the graph attention layer. With the
attention coefficients computed by (6), one can get the output 7! of a single graph attention layer for the it
node at time t with (7) that contains the spatial influence of the i*" pedestrian from other pedestrians at time t.

exp (LeakyReLU (a”[wm! @ Wm]t]))

a;; = - " (6)
Yken,; €Xp (LeakyReLU(aT[Wmi @D ka]))

mi=c| ) alwm @)

JEN;
where @ denotes the concatenation operation, and T means transposition. a@- refers to the attention
coefficient of node j towards node i at time t, and JV; denotes the neighbors of node i in the graph. A shared
linear transformation weight matrix W € RF *F is applied to each node with F and F' being the dimensions of

m} and the output, respectively. The weight a € R?F ' belongs to a single-layer feed-forward neural network
and normalized using a LeakyReL U softmax function.

4.3. GRU-LSTM Modules

As shown in Fig. 3, to improve the prediction accuracy, the model adds a GRU module to each LSTM
of the original STGAT, getting three GRU-LSTM modules, i.e., M-GRU-LSTM, G-GRU-LSTM, and
D-GRU-LSTM. Their structures are similar.
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Fig. 3 — The M-GRU-LSTM module (the structures of G-GRU-LSTM module and D-GRU-LSTM module are similar).

As shown in Fig. 3, M-GRU-LSTM contains a one-layer GRU and a one-layer LSTM. First, as given in
(8)-(11), the GRU module estimates the transient motion vector m'it according to the high-dimensional

embedding features e! and the previous hidden motion vector m¢~*. Then, with m'it at hand, the LSTM
module computes the hidden motion feature vector m} with (12)—(16).

ri = Sig(We.ef + Wy,m{"" +b,) (8)
z! = Sig(W,.el + W,,,m:"" + b,) (9)
M| = Tanh(W, el + Wi (vt x mi™) + b,) (10)

m| = (1-z)xmi™t + 2zt x ' (11)
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where m!~! represents the hidden motion feature of the target pedestrian at time t—1. Sig(-) and Tanh(-) are
the sigmoid function and tanh function, respectively; W,., W,,,- and b,. are the weights and the bias of the

reset gate; W,,, W,,,, and b, are the weights and the bias of the update gate. and ﬁz'it is a candidate memory

cell; W, W and b, are the weights and the bias of the update gate; m¢~* and m’; are hidden motion
vector and transient motion vector.

fi=sig(Weset + Wyym' + by) (12)

it = Sig(Weiel + Wyum'{ +b;) (13)

¢ = Tanh (W,cel + W' + be) (14)
ci=fic 1+ Q¢ (15)

m{ = Sig(Woe! + Wiom'{ +b,) @ Tanhc! (16)

where ff and i} are the outputs of forget gate and input gate, and Wer, Wonp, Wi, Wiy are their weights, by
and b; are their biases, respectively; ¢t and ¢} are the memory cell and the candidate memory cell; W ¢, W, and
b are the weights and bias of the update gate; W,,, W,,,, and b,, are the weights and bias of the output gate.

Similar to M-GRU-LSTM, the outputs of G-GRU-LSTM and D-GRU-LSTM can be obtained with
(8)—(16) according to their own input feature vectors.

4.4. Loss function

As in [29], the variety loss is used to train the model. First, for each future trajectory predicted, the model
generates K predicted trajectories by randomly adding noise that samples from the standard normal distribution.
Then, the loss of the model is computed using L2 norm of the K nearest trajectories to the ground-truth. The
above mentioned procedure is repeated N times, and the loss is given by (17).

. . o)
L=min_min [vi-7"], )
where ¥; is the ground-truth trajectory of the i*® pedestrian, and }A’En) is the n™® random trajectory, |||, is the
L2 norm.

4.5. Algorithm process

Inspired by the STGAT model, this paper presents the design and training of an end-to-end encoder-
decoder model. The encoder comprises five key components:

« High-dimensional embedding features are extracted using a Multi-Layer Perceptron (MLP) model;

* A GRU-LSTM-based model is employed to encode pedestrian trajectories;

* A GAT-based module is used to model spatial interactions between pedestrians;

* The model is trained using a variety of loss functions to generate multiple prediction outcomes that are
socially compliant;

*To reduce redundant information, another MLP model with the same structure is used to map high-
dimensional features to low-dimensional representations, resulting in precise;

* A GRU-LSTM-based model is utilized to capture the temporal correlations in interactions.

In the decoder component, a GRU-LSTM model is utilized for decoding, and a diversity loss function is
introduced to encourage the generation of diverse output samples. The effectiveness of this approach is
confirmed through validation. For this study, the Adam optimizer is configured with a learning rate of 0.01
and a batch size of 64. Algorithm 1 presents the overall algorithmic flow.

Table 1 details the model's structure and dimensions; the GRU-LSTMs have one GRU layer and one
LSTM layer. ¢,-o1,, in Eq. 1 and Eq. 3 with two ReLU activation functions in the first MLP model and the
number of hidden nodes is 16, 16; the number of hidden nodes is 16, 8 in the second MLP model; the dimension
of ef in Eq. 5 set to 16; the dimension of mf in Eq.6 set to 32; the shapes of W in the first and second layers
are 16x16 and 16x8, respectively; the dimensions of a are 32 and 64 in the first and second layers,

respectively; the dimensions of ﬁlf and m'f in the three GRU-LSTMs are 16, 8, 8.
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Table 1
Architecture details of the model
Layers Structure
The 1st MLP —FC(2,16)—BN1d—ReLU(16)—FC(16,16) —»BN1d—RelLU(16)—FC(16,16)
The 2nd MLP —FC(16,32)—BN1d—ReLU(16)—FC(32,16) —BN1d—ReLU(8)—FC(16,8)

The 1st GAT layer

BatchMultiHeadGraphAttention (4—32—16)

The 2nd GAT layer

BatchMultiHeadGraphAttention (1—64—28)

M-GRU-LSTM —GRUCEell(16,32)—LSTMCell(16,32)
G-GRU-LSTM —GRUCelI(8,8)—LSTMCelI(8,8)
D-GRU-LSTM —GRUCelI(8,48)—LSTMCell(8,48)
The 1st FC layer —FC(32,2)

The 2nd FC layer —FC(40,2)

The 39 FC —FC(48,2)

Algorithm 1 summarizes the main steps of the proposed model.

Algorithm 1 Proposed model: iteration at frame .
Inputs: the relative replacement (Ax!, Ay?) of i™h the pedestrian at time instant t.
Outputs: the predicted relative replacement (AxiT”bS“, AyiT"“”) of i*" the pedestrian at time instant t.
Level 1: modeling the movement of pedestrians themselves for high-dimensional features:
Using an MLP to high-dimensional embedding features e} using (1)—(5).
Level 2: pedestrian interaction GAT module:
for each vector m} do:
The individual motion feature vector m! is fed into the graph attention layer.
The attention coefficients are computed by (6).
The output 7! of a single graph attention layer for the i*" node at time t with (7).
Level 3: GRU-LSTM module:(M-GRU-LSTM, G-GRU-LSTM and D-GRU-LSTM).
Adding a GRU module to each LSTM of the original STGAT.
1.The GRU module estimates the transient motion vector m'it according to the high-dimensional
embedding features e} with (8)—(11).
2.The previous hidden motion vector m!~*. Then, with m'{ at hand, the LSTM module computes the
hidden motion feature vector m! with (12)—(16).
3. Decoding by G-GRU-LSTM to get the predicted relative replacement (AxiT””S“, Ayl.T"bS“).
Level 4: the variety loss:
The Adam optimizer is used to help the model adjust the parameters.

for each i:

The model generates K predicted trajectories by randomly adding noise that samples from the
standard normal distribution. Then, the model selects the trajectory with the smallest gap from the true
value as the model output to calculate the loss as in (17).
end.

5. TESTS AND ANALYSIS

The architectural details of the proposed model are listed in Table 1. Using Adam optimizer [30] with a
learning rate of 0.01 and a batch size of 64 for 400 epochs. Adam is an adaptive learning rate optimization
algorithm that effectively accelerates convergence and enhances model stability. This paper performs well in
handling large-scale datasets and complex deep-learning tasks. In the Pytorch framework on Ubuntu 20.04,
the STGAT and proposed model are equipped with an NVIDIA 2080Ti (11GB memory) and an i7 10 700 K
processor. The model was validated on two benchmark datasets, i.e., ETH [31]and UCY [32]. All data are
converted to the world coordinate system and then interpolated at every 0.4 seconds for the ETH & UCY test
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setting. During the prediction, the model generates future 12-time-step trajectory of a pedestrian from the past
8-time-step observations. The model adopts the “leave-one-out” [33] approach to train and test the proposed
model, the five datasets are partitioned, with four used for training and one for testing. After training, the
model's performance is evaluated on the test sample, and the results are recorded. This approach maximizes
the dataset's utility for training and critically assesses the model's generalization capabilities.

Similar to STGAT, the model employs two metrics to evaluate the prediction accuracy of a predictor:

«Average displacement error (ADE): Root-mean-square error (RMSE) of all estimated positions in
predicted and actual trajectories;

Final displacement error (FDE): The distance between the predicted and actual final destination.

Following STGAT, with three settings of and in (13), the model gets three versions, referred to as OURS-
Kv-N. Here, that means no loss of variety. The results listed in Table 2 show that the setting outperforms others
for all datasets. Therefore, hereafter, the model uses OURS-20v-20 as the final predictor. In all tests, this paper
reported the average result over three runs.

Table 2
AED and FDE of the model with three settings (the best results are in bold)
Approaches ADE/FDE
ZARA2 | ZARA1l UNIV HOTEL ETH AVG
OURS-1V-1 | 0.37/0.78 | 0.41/0.87 | 0.55/1.17 | 0.44/0.93 | 0.92/1.85 | 0.54/1.12
OURS-1V-20 | 0.33/0.69 | 0.37/0.79 | 0.54/1.16 | 0.37/0.78 | 0.87/1.13 | 0.49/1.03
OURS-20V-20 | 0.28/0.57 | 0.32/0.65 | 0.53/1.15 | 0.32/0.59 | 0.66/1.11 | 0.42/0.81

5.1. Comparison with the state-of-the-art models

This paper compares the proposed model with 10 popular predictors, the detailed structure of the model
is shown in Table 3, which describes the structure of the same and different modules and the structure of other
models on the surface.

Table 3
The detailed structure of 10 popular predictors (including the same and different architectures)

Approaches

The Same Architectures The Different Architectures

Social-LSTM [13] Multiple LSTM Models; A Social Pooling Model.

Social-GAN-20V-20 [29]| Two LSTM Models; Two FC Models Two RELU Models. A Global Pooling Model.

Social-Attention [34] Two RNN Models; An Attention Model. A Spatial-Temporal Graph.

CIDNN [35] Two LSTM Models; A FC Model. A Spatial Affinity Model.
Three LSTM Models Per Component;

BiGAN [24] A Bicycle-GAN Model; Five MLP Models. A Reversible Mapping.

SAGCN [37] A GCN Model; A TCN Model. A Graph Adjacency Matrix

Two FC+ LSTM Models;

CoMoGCN [38] Two FC Models; Two GCN Models.

Variational Autoencoders.

A Bi-LSTM Model;

RSBG [39] An LSTM Model, A Recursive Social Behavior
A GCN Model; A CNN Model. Graph.
VGG-16 Net;
BR-GAN [36] A GAN Model; A Geographical Attention Model; A Novel Behavior Recognition
A Social Attention Model; A Behavior Attention Model. Model.
A Spatial-Temporal
STGAT-20V-20 [7] Two FC Models; Three LSTM Models. GAT Model.

OURS-20V-20 Two FC Models; Two RELU Models;

A Spatial-Temporal GAT Model.

Two BN Models; A FC Model;
Three GRU-LSTM Models.
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Table 4 lists the test results of the model, STGAT, and Social-GAN. All of these three predictors adopt
variety loss. Compared to Social-GAN, the average ADE and FDE are reduced by 38.1% and 43.9% for the
model, respectively. Similarly, compared to STGAT, these two metrics are reduced by 7.1% and 6.1%.

Table 5 gives the results of the model and the other 8 popular ones. Among the compared 8 models,
CoMoGCN and RSBG show the latest performance regarding the average ADE and FDE. Compared with
these two predictors, the approach decreases the average ADE by 7.14% and 14.3%, respectively, while
decreasing the average FDE by 11.0% and 20.7%. Besides, Table 4 shows that the model performs best on all
ADE sub-datasets and four FDE sub-datasets. On average, the model is the best among all the 10 approaches.

5.2. Ablation
5.2.1. Evaluation of MLPs and GRU-LSTMs

Compared to the original STGAT, the model adds two MLPs and substitutes GRU- LSTM for LSTM.
To demonstrate these new adding modules, the model evaluates five variants, i.e., the original
STGAT(STGAT-20V-20), the model with GRU-LSTM, the model with GRU-LSTM and the first MLP (GRU-
LSTM-MLP1), the model with GRU- LSTM and the second LSTM(GRU-LSTM-MLP2), and the model with
all new adding ones OURS (OURS-20V-20). The results are listed in Table 5. It is evident that, compared to
STGAT, GRU-LSTM-MLP2 achieves an average ADE reduction of 2.3% and an average FDE reduction of
1.2%. A similar trend is observed for GRU-LSTM-MLP1. For GRU-LSTM, the average ADE and FDE are
reduced by 4.7% and 1.2%, respectively. The results indicate that including all newly added modules improves
prediction accuracy. Furthermore, the OURS model (OURS-20V-20) exhibits the lowest ADE across all sub-
datasets and achieves the lowest FDE on three sub-datasets, demonstrating the best overall performance in
average ADE and FDE.

Table 4
The ADE and FDE of the model, SGAN, and STGAT (the best results are in bold)
ADE/FDE

Approaches ZARA2 | ZARAL | UNIV | HOTEL | ETH AVG
Social-GAN-20V-20 [29] | 0.42/0.84 | 0.34/0.69 | 0.60/1.26 | 0.72/1.61 | 0.81/1.52 | 0.58/1.18
STGAT-20V-20 [7] 0.30/0.61 | 0.34/0.68 | 0.56/1.20 | 0.33/0.62 | 0.71/1.26 | 0.45/0.87
OURS-20V-20 0.28/0.57 | 0.32/0.65 | 0.53/1.15 | 0.32/0.59 | 0.66/1.11 | 0.42/0.81

Table 5
The ADE and FDE of the model and other 8 popular ones (the best results are in bold)
ADE/FDE

Approaches ZARA2 | ZARAL | UNIV | HOTEL ETH AVG
Social-LSTM [13] 0.56/1.17 | 0.47/1.00 | 0.67/1.40 | 0.79/1.76 | 1.09/2.35 | 0.72/1.54
Social-Attention [34] 0.88/1.75 | 1.01/2.17 | 1.25/254 | 2.51/2.91 | 1.39/2.39 | 1.41/2.35
CIDNN [35] 0.51/1.07 | 0.50/1.04 | 0.90/1.86 | 1.31/2.36 | 1.25/2.23 | 0.89/1.73
BiGAN [24] 0.49/0.88 | 0.32/0.65 | 0.55/1.34 | 0.54/1.12 | 0.72/1.47 | 0.52/1.09
SAGCN [37] 0.32/0.70 | 0.41/0.89 | 0.57/1.19 | 0.41/0.83 | 0.90/1.96 | 0.52/1.11
CoMoGCN [38] 0.31/0.67 | 0.34/0.71 | 0.53/1.16 | 0.37/0.75 | 0.70/1.26 | 0.45/0.91
RSBG [39] 0.30/0.65 | 0.40/0.86 | 0.59/1.25 | 0.33/0.64 | 0.80/1.53 | 0.48/0.99
BR-GAN [36] 0.35/0.72 | 0.35/0.71 | 0.53/1.07 | 0.55/1.13 | 0.73/1.37 | 0.50/1.00
OURS-20V-20 0.28/0.57 | 0.32/0.65 | 0.53/1.15 | 0.32/0.59 | 0.66/1.11 | 0.42/0.81

5.2.2. Time and space consumption

This paper compares the proposed model with six open-source approaches to evaluate the time and space
efficiency. Table 7 details the total number of parameters and training speed (epoch 400 and batch size 64) for
each model. The results show that the proposed model has the fewest parameters while providing the best
prediction performance, except for the Social LSTM model. Although the training speed of this model is slower
than that of other simpler models, the significant improvement in time and performance compared to the
baseline STGAT model demonstrates the effectiveness of this approach in this paper.
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Table 8 compares CUDA memory consumption during training and validation on an NVIDIA 2080TI
GPU. The results indicate that the proposed model demonstrates strong space efficiency, achieving superior
performance with lower memory usage than other models. This comparison of time and space consumption
further underscores the effectiveness of the proposed model.

Table 6
Ablation test results (the best results are in bold)
A h ADE/FDE
pproaches ZARA2 | ZARAIL UNIV | HOTEL ETH AVG

STGAT-20V-20 0.30/0.61 0.34/0.68 0.56/1.20 | 0.33/0.62 | 0.71/1.26 | 0.45/0.87
GRU-LSTM-MLP2 0.30/0.62 0.33/0.68 0.55/1.18 | 0.32/0.62 | 0.69/1.19 | 0.44/0.86
GRU-LSTM-MLP1 0.30/0.61 0.34/0.68 0.55/1.17 | 0.33/0.64 | 0.70/1.22 | 0.44/0.86

GRU-LSTM 0.30/0.61 0.35/0.70 0.54/1.17 | 0.32/0.62 | 0.65/1.23 | 0.43/0.86

OURS-20V-20 0.28/0.57 0.32/0.65 0.53/1.15 | 0.32/0.59 | 0.66/1.11 | 0.42/0.81

Table 7
Number of parameters for 6 different approaches (parameter in piece, speed in second).
Approaches Parameters Speed
Social-LSTM [23] 264069 476.731
Social-Attention [34] 874949 9892.505
CIDNN [35] 1138228 1678.859
Social-GAN-20V-20 [29] 3,907330 128.567
STGAT-20V-20 [7] 44630 3380.0126
OURS-20V-20 20374 12175.480
Table 8
The comparison of CUDA memory usage (in MB)
Approaches Training Evaluation
Social-LSTM [23] 1252.01 922.75
Social-Attention [34] 2415.93 1734.35
CIDNN [35] 2208.31 2208.31
Social-GAN-20V-20 [29] 6213.89 1499.47
STGAT-20V-20 [7] 713454 1598.04
OURS-20V-20 2134.91 1153.44

Pedestrians in crowded scenes may have complex movement patterns, including forming groups, following
other pedestrians, and changing directions to avoid collisions. Thus, in this test, visualizing the pedestrian
trajectory predictions of the model (OURS-20V-20) and STGAT (STGAT-20V-20) in different scenarios.

Figure 4 shows some results on the scene with two or three pedestrians. The model can be seen that the
model generates shorter prediction lines than the STGAT model. The reason is that the model first uses GRU
for rapid and short-term prediction and then utilizes LSTM for prediction. However, the trajectories predicted
by this paper are closer to the real situation, especially when two pedestrians walk side by side or move in the
opposite direction of the crowd. The model captures more interactive information and can produce socially
acceptable trajectories.

Figure 5 presents the results in complex scenarios. A comparison between Fig. 5a and Fig. 5d reveals
that the approach effectively avoids collisions between pedestrians and stationary vehicles, producing socially
acceptable outcomes. In more complex scenarios, comparisons between Fig. 5b and Fig. 5e, as well as Fig. 5¢c
and Fig. 5f, demonstrate that the prediction accuracy of the proposed model surpasses that of the STGAT
model. The proposed approach accurately simulates pedestrian interactions in complex environments,
successfully avoiding collisions with static objects. These results illustrate that the proposed approach produces
more accurate and socially acceptable predictions. Additionally, in the last row of Fig. 5., even in incorrect
predictions where human-human and human-vehicle collisions occur, the predictor in this paper can still
determine the future movement trends.
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Ground Truth —— Observed Trajectory —  Predicted Trajectory

Observed Trajectory —  Pre

-

dicted Trajectory

Ground Truth ——

STGAT
STGAT

OURS

OURS

Wrong Results
Wrong Results

Fig. 4 — Some visual results of approach in this paper and Fig. 5 — Some visual results of approach in this paper and
STGAT on simple scene (with two or three pedestrians). STGAT on complex scene (with more pedestrians).

6. DISCUSSION AND CONCLUSIONS

This paper integrates MLPs, GRUs, and LSTM to enhance the original STGAT model for pedestrian
trajectory prediction. The improved model incorporates an MLP into the GAT to reduce feature redundancy
and replaces each LSTM with a GRU-LSTM to increase prediction accuracy. The model has been evaluated
onthe ETH and UCY datasets, demonstrating superior performance compared to 10 state-of-the-art approaches
regarding average ADE and average FED. Visual results further confirm the model's ability to extract
pedestrian motion information and accurately predict trajectories in simple and complex scenarios. Although
some complex scenes lead to incorrect predictions, the approach can still accurately forecast the general
movement trends of pedestrians.

Considering that the approach sometimes predicts wrong trajectories in the case of complex scenes, the
future work will focus on extracting the complex interaction of multiple pedestrians.
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