
Pattern Recognition 142 (2023) 109633 

Contents lists available at ScienceDirect 

Pattern Recognition 

journal homepage: www.elsevier.com/locate/patcog 

Dual-branch spatio-temporal graph neural networks for pedestrian 

trajectory prediction 

Xingchen Zhang 

a , ∗, Panagiotis Angeloudis b , Yiannis Demiris a 

a Personal Robotics Laboratory, Department of Electrical and Electronic Engineering, Imperial College London, South Kensington Campus, Exhibition Road, 

London, SW7 2AZ, UK 
b Transport Systems and Logistics Laboratory, Department of Civil and Environmental Engineering, Imperial College London, South Kensington Campus, 

Exhibition Road, London, SW7 2AZ, UK 

a r t i c l e i n f o 

Article history: 

Received 29 April 2022 

Revised 7 April 2023 

Accepted 21 April 2023 

Available online 28 April 2023 

Keywords: 

Pedestrian trajectory prediction 

Social interactions 

Graph convolutional networks 

Graph attention networks 

Spatio-temporal graph 

a b s t r a c t 

Pedestrian trajectory prediction is an important area in computer vision, with wide applications in au- 

tonomous driving, robot path planning, and surveillance systems. The core underlying technique of these 

applications is pattern recognition. A key challenge in this area is modeling social interactions between 

pedestrians, such as pedestrian view area and group behaviors. However, although many methods have 

been proposed to model social interactions, pedestrian view area and group behaviors have not been ex- 

plored together to account for complex situations. Additionally, most existing studies require additional 

detectors and manual annotations to handle view area and group interactions, respectively. In this paper, 

we propose a dual-branch spatio-temporal graph neural network to automatically model view area and 

grouping together. Specifically, a spatio-temporal graph attention network (STGAT) branch is designed to 

handle pedestrian view area, and a spatio-temporal graph convolutional network (STGCN) branch is de- 

signed to model group interactions. The features of these branches are then fused to provide better fea- 

ture representations, on which a temporal convolution operation (TCN) is performed for trajectory pre- 

diction. Experiments on public standard datasets demonstrate that the proposed method achieves very 

competitive performance and predicts socially acceptable trajectories in different challenging scenarios. 

© 2023 The Authors. Published by Elsevier Ltd. 

This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
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. Introduction 

Pedestrian trajectory prediction has attracted much attention 

ue to its applications in various areas, such as autonomous driv- 

ng [1–3] , robot navigation in crowds [4,5] , and surveillance sys- 

ems [6–8] . Although considerable progress has been made in this 

eld, it remains a challenging problem. 

Apart from the effect of static objects in the environment, a 

ey task in trajectory prediction is the modeling of social in- 

eractions between pedestrians. Over the past years, many nice 

ethods have been proposed to model social interactions. For ex- 

mple, the Social Force method [9] modeled social interactions 

sing attractive and repulsive forces. Social-LSTM [10] utilized 

 pooling mechanism to aggregate the information of a pedes- 

rian and his/her neighbors. Social GAN [11] applied max pool- 

ng to all pedestrians to consider long-range interactions. Zamboni 

t al. [12] employed convolutional neural networks to model social 
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nteractions. Furthermore, graph-based methods have been pro- 

osed to predict pedestrian trajectories in recent years by consider- 

ng pedestrians as nodes and social interactions as edges between 

odes. For example, Kosaraju et al. [13] proposed the Social-BiGAT 

hat combined generative adversarial network (GAN) and graph at- 

ention network (GAT) to learn embedding for interactions. Huang 

t al. [14] proposed the STGAT to model interactions using GAT 

ogether with Long-Short Term Memory (LSTM) units. Mohamed 

t al. proposed to handle pedestrian trajectory prediction us- 

ng spatio-temporal graph convolutional networks (GCNs) [15] . Hu 

t al. [16] proposed the neural motion message passing (NMMP) in 

 graph to model interactions. 

Although promising results have been achieved, existing meth- 

ds have some limitations when modeling social interactions. First, 

ll pedestrians are considered in most graph-based methods [13–

6] , as shown in Fig. 1 (a) and (b). However, the motion of a pedes-

rian is usually only affected by pedestrians inside his/her view 
nder the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
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Fig. 1. Pedestrians in a scene (the first column) and corresponding graphs (the second column). (a) Pedestrians without considering view area and group information. (b) 

Densely-connected graph of the scene (a) used by most graph-based methods. (c) Pedestrians with view area. Take pedestrian 1 as an example, only pedestrians 2, 3, 4, and 

5 affect his/her path at this time instant. (d) Directed graph modeling the view area of pedestrians in this work. (e) Pedestrians with group information. (f) Undirected graph 

modeling group information in this work. We create both directed and undirected graphs to encode view area and group information simultaneously. 
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rea 1 . For example, as shown in Fig. 1 (c), pedestrian 2 will affect

he motion of pedestrian 1, but pedestrian 1 will not affect pedes- 

rian 2. In other words, the effects of view area between pedestri- 

ns are asymmetric. Therefore, only a part of pedestrians is needed 

n computing representations of pedestrians ( Fig. 1 (d)). Some 

ethods [13,14] can learn to set lower attention weights to pedes- 

rians outside of view areas. However, considering all pedestrians 

n the scene does not match the actual walking pattern and in- 

roduces noises. Therefore, the performance is limited to some ex- 

ent. Second, it is frequent that pedestrians walk in groups, as 

hown in Fig. 1 (e). Pedestrians in the same group tend to move 

n a similar pattern over a certain period. Therefore, incorpo- 

ating group information is imperative for predicting better tra- 

ectories. However, existing methods [14–17] have rarely consid- 
1 Environment (context) is also important. However, it is not the focus of this 

aper, thus we leave it for our future work 

F

t

a

p

2

red these group interactions. A few studies [18,19] have tried to 

odel group behavior. However, manual annotation of groups is 

equired. Third, these two kinds of social interactions are both cru- 

ial, thus they should be considered together to predict better tra- 

ectories. However, to the best of our knowledge, no methods have 

onsidered both view area and grouping simultaneously. 

To solve these issues, we propose a dual-branch spatio-temporal 

raph neural network (Social TAG) to model complex interactions 

etween pedestrians in this paper. Specifically, we formulate social 

nteractions as view area (asymmetric interactions) and grouping 

symmetric interactions). A spatio-temporal graph attention net- 

ork (STGAT) branch with a Finding View Area module is de- 

igned to model pedestrian view area ( Fig. 1 (d)), and a spatio- 

emporal graph convolutional network (STGCN) branch with a 

inding Group module is designed to capture group behaviors au- 

omatically ( Fig. 1 (f)). The features provided by the two branches 

re fused and sent to a temporal convolution operation (TCN) to 

redict future trajectories. 
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Our method has significant differences compared with exist- 

ng studies. First, we consider both view area and grouping, which 

re both crucial in pedestrian trajectory prediction. Second, we 

nd view area based on pedestrian walking direction automati- 

ally without using additional detectors. By contrast, the MX-LSTM 

20,21] built view areas based on head pose and required an addi- 

ional head pose detector. In addition, pedestrian head pose is not 

lways consistent with walking direction because pedestrians may 

ook around when they are walking. In this case, performing col- 

ision avoidance based on head pose may not be accurate. Third, 

ur method finds groups automatically based on the position and 

alking direction of pedestrians, while both CoMoGCN [18] and 

SBG [19] require manual annotations of groups. The only input 

f the proposed method is pedestrian locations at different time 

teps. In other words, no additional head pose detector and group 

nnotations are needed. Consequently, the proposed method is ef- 

ective in capturing complex social interactions and is easy to use. 

In summary, the main contributions of this work include: 

• We propose a dual-branch spatio-temporal graph-based net- 

work to model complex social interactions in pedestrian trajec- 

tory prediction. To the best of our knowledge, this is the first 

attempt to utilize GAT and GCN together to fully model com- 

plex social interactions in pedestrian trajectory prediction. 
• Unlike existing methods that consider all pedestrians in the 

scene, we design a realistic Finding View Area module to auto- 

matically find pedestrians in the view area of each pedestrian 

in dynamic scenes. We encode this information in asymmetric 

adjacency matrices of the STGAT network to model pedestrian 

view areas. 
• Unlike existing methods that require manual annotations of 

groups, we design a Finding Group module to find groups auto- 

matically, which are then encoded in symmetric adjacency ma- 

trices of the STGCN network to model pedestrian group behav- 

iors. 
• Experiments on public standard datasets demonstrate that the 

proposed Social TAG achieves very competitive performance 

and can predict socially acceptable trajectories in various social 

norms and challenging scenarios. 

. Related work 

.1. Pedestrian trajectory prediction 

Pedestrian trajectory prediction has been investigated for many 

ears, including prediction from surveillance view [14–16] and ego- 

entric view [2,3] . Trajectory prediction from surveillance view has 

ide applications in surveillance, while trajectory prediction from 

gocentric view can be applied to autonomous vehicles [2,3] , robot 

avigation [4,5] , etc. In this paper, we focus on the pedestrian tra- 

ectory prediction task from a surveillance view. The main chal- 

enges of this task include social interactions between pedestri- 

ns, the effect of objects in the environment, and the multi-modal 

ature of this problem [11] . Some methods have been proposed 

o handle the effect of the environment [22–24] and the multi- 

odal nature of trajectory prediction [10,25] , while most methods 

re about the modeling of social interactions. 

Common social interaction modeling methods can be gener- 

lly classified into three types [16] . The first type is conventional 

ethods based on hand-crafted features. For instance, the Social 

orce method [9] models social interactions using attractive and 

epulsive forces. However, these conventional methods cannot gen- 

ralize to complex scenes. The second type is non-graph deep 

earning-based methods. For example, Social LSTM [10] is one of 

he earliest deep learning-based pedestrian prediction methods. It 

tilizes a recurrent network (RNN) to model the motion of pedes- 
3 
rians and then uses a pooling mechanism to aggregate the out- 

uts of RNNs to generate features. Next [26] and SR-LSTM [27] im- 

roved Social LSTM by using more visual features and new pooling 

echanisms. To alleviate the issue of LSTM, i.e., sequential process- 

ng, transformers have been recently applied in trajectory predic- 

ion [28] . Another interesting idea is to first infer the endpoint dis- 

ribution and then use the sampled endpoints to condition the tra- 

ectory prediction process [29] . The third type is graph neural net- 

orks (GNNs)-based methods [13–15] . In these methods, pedestri- 

ns are treated as nodes of a graph, and interactions are considered 

s edges between nodes. For example, Huang et al. [14] proposed 

he STGAT that modeled the social interactions between pedestri- 

ns using spatio-temporal GAT. Mohamed et al. [15] proposed the 

ocial-STGCNN to model the social interactions of pedestrians us- 

ng a spatio-temporal GCN. However, both STGAT and Social-STGCN 

onsidered all pedestrians, which does not match the fact that each 

edestrian has a limited field of view. In addition, both STGAT and 

ocial-STGCN did not consider group behaviors. 

For view area modeling, MX-LSTM [20,21] considered pedes- 

rian view area, which is similar to our Finding View Area mod- 

le. However, it built the view area based on head pose and re- 

uired an additional head pose detector. Besides, it divided the 

iew area into different cells and then applied pooling, which was 

ot as effective as our GAT-based implementation. In addition, it 

nly modeled the view area. Zhang et al. [30] also only considered 

he view area. 

Regarding grouping modeling, a few studies have been per- 

ormed. For example, a recent graph-based method (CoMoGCN) 

roposed by Chen et al. [18] considered group information. How- 

ver, offline preprocessing was needed to obtain group labels. An- 

ther method (RSBG) proposed by Sun et al. [19] also considered 

roup behaviors. However, manual annotations of groups were 

equired for training, which was labor-intensive and not auto- 

atic. In addition, the group defined in RSBG contained pedestri- 

ns walking together and included those who have similar des- 

inations. However, the latter is difficult to identify, especially in 

ong-time dynamic videos. Moreover, Zhou et al. [31] proposed a 

ethod (SGC-LSTM) based on GNN and LSTM to predict pedes- 

rian trajectories. Specifically, a companion loss was designed to 

ncourage the model to consider the overall similarity of pedes- 

rian trajectories in each group. They considered pedestrians to be 

n a group if they walked close to each other. However, all these 

hree methods did not consider the pedestrian view area. 

In summary, existing methods either neglect view area (asym- 

etric interactions) [18,19,31] or group behaviors (symmetric in- 

eractions) of pedestrians [20,21] , or they do not consider both 

14,15,32] . The proposed Social TAG solves these issues by auto- 

atically modeling both pedestrian view area and group behav- 

ors. The only input is pedestrian locations at different time steps, 

.e., no additional head pose detector and group annotations are 

eeded. Consequently, the proposed method effectively captures 

omplex social interactions and is easy to use. 

.2. Graph neural networks 

Graph neural networks (GNNs) are neural networks that apply 

o graph data [33–35] . The adjacency matrix is used to describe 

ode connections in GNN, where both directed [36] and undirected 

raphs [15] have been utilized. In an undirected graph, the influ- 

nce on each other between two nodes are the same, thus the ad- 

acency matrix of an undirected graph is symmetric. In contrast, in 

 directed graph, the effects between two nodes are not the same, 

hus the adjacency matrix is an asymmetric matrix. GCN [37] and 

AT [38] are two important types of GNN. Specifically, GCN applies 

onvolution operations on graph data, while GAT utilizes the atten- 

ion mechanism to assign different weights to different nodes via 
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Fig. 2. Overview of the proposed Social TAG method. Social TAG consists of an STGAT branch, an STGCN branch, and a time convolutional module. In the STGAT branch, the 

view area of each pedestrian and other pedestrians inside the view area are first worked out, based on which directed spatio-temporal graphs are built. STGAT network is 

then applied to these graphs to obtain STGAT embedding. In the STGCN branch, group information is first worked out, based on which undirected spatio-temporal graphs are 

created. STGCN network is then applied to these graphs to obtain STGCN embedding. The time convolutional module performs prediction based on the fused embedding. At 

the right corner are examples of the directed adjacency matrix and undirected adjacency matrix corresponding to Fig. 1 (d) and Fig. 1 (f). Details of the Finding View Area 

module can be found in Section 3.3 and details of the Finding Group module can be found in Section 3.4 . 
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2 We decide the view area based on walking direction rather than eye gaze di- 

rection. We use the name of ‘view area’ for convenience. 
earning. The Laplacian matrix in GCN should be symmetric, there- 

ore GCN is usually used to handle undirected graphs. GCN has 

een widely applied to many applications, such as pedestrian pre- 

iction [15,18] and robot navigation in crowds [39] . In contrast, be- 

ause GAT can assign different attention weights to different nodes, 

t is usually used to handle directed graphs [13,14] . 

. Method 

.1. Problem formulation 

The problem that we try to solve in this paper can be formu- 

ated as follows: given the past spatial location of N pedestrians 

n a scene, (x i t , y 
i 
t ) , where i = 1 , 2 , . . . , N and t = 1 , 2 , . . . , T obs , we

im to predict the future positions of these N pedestrians from 

ime steps T obs + 1 to T pred . Following most studies in this field

10,15,18] , we consider a fixed N in each observed sequence, and 

ach of these N pedestrians is identified and tracked throughout 

he sequence. In other words, we do not consider that pedestrians 

ay go out or in during the T obs time steps. Considering the multi- 

odal nature of the trajectory prediction problem, we assume that 

he trajectory follows bivariate Gaussian distribution following So- 

ial LSTM [10] and Social-STGCNN [15] . Therefore, the predicted 

oordinates ( ̂  x i t , ̂  y i t ) are 

 ̂

 x i t , ̂  y i t ) ∼ N (μi 
t , σ

i 
t , ρ

i 
t ) , (1) 

here the mean μi 
t = (μi 

x,t , μ
i 
y,t ) , standard deviation σ i 

t = 

σ i 
x,t , σ

i 
y,t ) , and ρ i 

t is the correlation coefficient. In this work, 

e train our model to learn the estimated trajectory distribu- 

ion (i.e., μi 
x,t , μ

i 
y,t , σ

i 
x,t , σ

i 
y,t , ρ

i 
t ), and then sample the estimated 

istribution to obtain the upcoming trajectories of pedestrians. 

.2. Dual-branch spatio-temporal graph network 

As shown in Fig. 2 , the proposed method consists of two 

ranches, namely an STGAT branch used to model pedestrian view 

rea (asymmetric social interactions between pedestrians) and an 

TGCN branch used to handle grouping (symmetric social inter- 

ctions between pedestrians). Each branch generates an embed- 

ing of the input sequence, which encodes different social inter- 

ctions. These two embeddings are then fused to form the final 

eature before being sent to to the TCN module. The TCN module 
4 
erforms trajectory prediction based on the fused feature using a 

onvolution operation in the temporal dimension. 

We consider pedestrians as nodes of graphs and the social in- 

eractions of pedestrians as edges between these nodes. We denote 

 graph as G (V, E) , where V denotes nodes and E denotes the edges

etween these nodes. In this work, we use two types of graphs to 

escribe the same scene, i.e., directed graphs G directed and undi- 

ected graphs G undirected . The corresponding adjacency matrices are 

 directed and A undirected , respectively. The element a i j in the adja- 

ency matrix denotes an edge pointing from node i to node j. If the

dge exists, then a i j equals 1, otherwise, a i j is 0. Note that G directed 

nd G undirected represent a set of spatial graphs at different time 

teps, i.e., G directed ,t and G undirected ,t . Correspondingly, A directed and 

 undirected are a set of A directed , t and A undirected , t , respectively. The 

iew area and group information are encoded in these adjacency 

atrices. 

.3. View area modeling in STGAT branch 

The goal of the STGAT branch is to model pedestrian view areas 

nd compute features for each pedestrian. This is achieved by ag- 

regating features from neighbors (inside the view area) with dif- 

erent attention weights. In this way, the view area and different 

ontributions of neighbors are considered, which can model social 

nteractions more accurately. Moreover, spatial and temporal con- 

olution are performed to aggregate spatial and temporal informa- 

ion, respectively. This branch is inspired by the STGAT proposed 

y Huang et al. [14] . Compared with STAGT, our method explicitly 

onsiders view area information and utilizes a TCN module to per- 

orm trajectory prediction. 

.3.1. Definition of view area 

We describe the view area using the walking direction and view 

ngle of a pedestrian 

2 , as shown in Fig. 3 . There are three pedestri-

ns in the scene of Fig. 3 , v 1 is the walking direction of pedestrian

, D 1 i is the vector pointing from pedestrian 1 to pedestrian i . As 

an be seen, when the angle between v 1 and D 1 i is smaller than 

 half of the view angle of pedestrian 1, the pedestrian i is in the
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Fig. 3. Finding the view area of a pedestrian. 
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iew area of pedestrian 1. Accordingly, in Fig. 3 , pedestrian 2 is in

he view area of pedestrian 1, while pedestrian 3 is not. 

In this work, we design a “Finding View Area Module” in the 

TGAT branch to automatically find the view area of each pedes- 

rian and the pedestrians inside each view area. Note that the po- 

itions of pedestrians may change continuously. To achieve better 

rediction, we should keep an eye on everyone inside the view 

rea, although other pedestrians might occlude a pedestrian tem- 

orally. The pedestrians inside the view area will be encoded in 

he adjacency matrices of the STGAT to describe these social inter- 

ctions. 

It should be noted that the MX-LSTM proposed by Hasan 

t al. [20] and its extension [21] use head pose to define the view

rea. However, there are several differences between MX-LSTM and 

ur method. First, MX-LSTM builds the view area based on the 

ead pose, which is obtained from an additional head pose de- 

ector or manual annotation. However, the head pose is not al- 

ays consistent with walking direction. For example, one pedes- 

rian can look around while walking. Therefore, the head pose 

ay not necessarily reflect the walking direction. By contrast, our 

ethod adopts the walking direction obtained from positions in 

equences to automatically find the view area. Second, MX-LSTM 

ses a fixed value of 144 ◦ in the definition of view area. By con-

rast, in this work, we show that the view angle affects the per- 

ormance and find a relatively better angle via experiments. Third, 

n MX-LSTM, the view area is first divided into different cells, and 

hen a pooling is applied. In our method, a GAT is adopted to han-

le the pedestrians inside the view area to automatically set dif- 

erent weights to them. Fourth, we model group behaviors using 

TGCN, while MX-LSTM does not consider group behaviors. Finally, 

e consider input sequences as spatial-temporal graph data, while 

X-LSTM uses the traditional LSTM network. Because of these dif- 

erences, our method has better performance than MX-LSTM, as 

hown in Section 4.3 . 

.3.2. Calculation of walking direction 

We calculate the walking direction of pedestrians automatically 

sing their positions in consecutive frames. Specifically, if the posi- 

ions of a pedestrian in two consecutive frames are P 1 and P 2 , then 

he walking direction (vector) is ( P 2 − P 1 ). This method is simple 

et effective. In this way, we can obtain the walking direction au- 

omatically and do not need additional detectors. 

.3.3. Graph convolution in spatial dimension 

After obtaining the information of the view area, directed 

raphs are created for the scenes at each time step. In terms of 

mplementation, the view area is encoded in the adjacency matrix 

 directed of the directed graphs. Specifically, if a node j is in the 

iew area of node i at time t , then the element a ji is set to 1 in

he adjacency matrix A directed , t . Otherwise, the element a ji is set to 
5 
. Consequently, A directed is a set of asymmetric matrices. An exam- 

le of the adjacency matrix at one time step is shown at the right 

orner of Fig. 2 . 

To encode view area information, we first run graph con- 

olution in the spatial dimension. Specifically, GAT operates on 

 directed , t and computes the feature of each node. This is achieved 

y aggregating information from its neighbors, including itself, us- 

ng a self-attention strategy. The GAT network consists of graph at- 

ention layers. For the simplicity of notation, we omit the subscript 

for most notations in this subsection. Assume the input of the 

raph attention layer l is h 

l = { h 

l 
1 , h 

l 
2 , . . . , h 

l 
N } , where h 

l 
i ∈ R F , F is

he feature dimension of each node, N is the number of nodes. The 

utput of the graph attention layer l, i.e., the input of layer (l + 1) ,

s h 

(l+1) = { h 

(l+1) 
1 

, h 

(l+1) 
2 

, . . . , h 

(l+1) 
N 

} , where h 

(l+1) 
i 

∈ R F 
′ 
, F ′ and F 

an be different. The features used as input to the first layer are 

he 2D relative positions of pedestrians. 

In this work, we argue that the motion of a pedestrian is af- 

ected by pedestrians in his/her view area and is usually not af- 

ected by pedestrians outside the view area. Therefore, the atten- 

ion coefficients of node j to i in layer l can be computed as 

l 
i, j = 

exp ( LeakyReLU (a T [ W 

l h 

l 
i || W 

l h 

l 
j ])) ∑ 

k ∈ V i 
exp ( LeakyReLU (a T [ W 

l h 

l 
i || W 

l h 

l 
k ])) 

, (2) 

here V i is the view area of node i embedded in A directed , t , a is

eight vector, || is concatenation operation, ·T denotes transposi- 

ion, W 

l ∈ R F 
′ ×F is the weight matrix of a shared linear transfor- 

ation that is applied to each node. The attention coefficients are 

ormalized by a softmax function. 

In terms of implementation, we first compute the attention co- 

fficients between all nodes and then use A directed , t as a mask to 

btain the results of Eq. (2) . After computing the normalized at- 

ention coefficients, the output of node i of graph attention layer l

s: 

 

(l+1) 
i 

= σ ( 
∑ 

j∈ V i 
αl 

i, j W 

l h 

l 
j ) , (3) 

here σ is LeakyReLU [40] and the negative slope is 0.2. This is 

he output of single graph attention layer. In practice, several graph 

ttention layers can be used to obtain F GAT , t , i.e., the output fea- 

ure for the graph at time step t , whose dimension is 5 × N. We

odel the trajectory using bivariate Gaussian distribution, so here 

5’ means the five parameters of the bivariate Gaussian distribution 

 Eq. (1) ), i.e., μi 
x,t , μ

i 
y,t , σ

i 
x,t , σ

i 
y,t , ρ

i 
t . Note that in this work, multi-

ead attention is employed. Specifically, the number of heads is 4. 

.3.4. Convolution in temporal dimension 

After performing convolution in spatial dimension to encode in- 

ormation of the same time step, a standard convolution in the 

emporal dimension is performed to exploit temporal dependen- 

ies from nearby times. Specifically, the input to the temporal con- 

olution is a tensor with dimension is T obs × 5 × N because it re- 

eives features from T obs frames. Moreover, the temporal convolu- 

ion is designed to output F STGAT with the dimension of T obs × 5 ×
, as shown in Fig. 2 . 

In summary, after applying STGAT, we have the embedding fea- 

ure F STGAT that represents the directed graph G directed and view 

rea interaction. This work implements the view area in the STGAT 

ranch, where attention coefficients are assigned to each pedes- 

rian inside the view area. Although we do not explicitly consider 

he distance factor, the model can learn to set different attention 

oefficients to each pedestrian inside the view area. This actually 

onsiders the distance factor implicitly. Moreover, because we en- 

ode view area information in each time step, the adjacency matrix 

t each time step A directed ,t might be different. 
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Fig. 4. The pedestrians in a group tend to have similar trajectories. (a) We use two conditions to judge whether two pedestrians are in a group. Specifically, pedestrians 

should be close enough and have similar walking directions. Accordingly, pedestrians 1 and 2 are in a group, and pedestrians 7 and 8 are also in a group. (b) Pedestrians 1 

and 2 tend to have similar trajectories when avoiding collision with pedestrians 7 and 8. (c) It is less likely that pedestrian 1 and pedestrian 2 will walk separately. 
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.4. Group modeling in STGCN branch 

When walking in groups, pedestrians usually keep a short dis- 

ance from each other and try to walk side by side [41] . Therefore,

hey tend to have similar motion patterns, as shown in Fig. 4 . In

his work, we first judge whether two pedestrians are in the same 

roup using two conditions and then encode the group informa- 

ion in the STGCN via adjacency matrices. Furthermore, spatial and 

emporal convolutions are performed to aggregate spatial and tem- 

oral information, respectively. The design of our STGCN branch is 

ased on Social STGCNN [15] . Compared with Social STGCNN, we 

xplicitly encode group relations in the spatial-temporal graph. 

.4.1. Definition of groups 

There are different ways to define groups. In this work, based 

n our logical analysis of walking behaviors, we consider pedes- 

rians who are close and have similar walking directions as a 

roup. First, the distance between these pedestrians should be 

hort enough, such as pedestrians 7 and 8 in Fig. 1 (e). Second, the

alking directions of these pedestrians should be similar, i.e., the 

ngle difference between the walking directions should be smaller 

han a threshold. In Fig. 1 (e), although pedestrians 1 and 8 are 

lose to each other, they are not in a group because they walk in

pposite directions. It should be noted that we detect groups au- 

omatically and continuously from the second frame and update 

he adjacency matrices dynamically. Therefore, we do not require 

hat a group is always present and we can handle group forming 

r changes. This definition enables us to find groups automatically 

n each frame and gives us good performance. 
6 
.4.2. Finding groups 

We design a “Finding Group Module” in the STGCN branch to 

utomatically find groups as per our definition of groups. Specif- 

cally, we consider pedestrians i and j are in the same group at 

ime t if they are close enough and have similar walking direc- 

ions, i.e., 

P i,t − P j,t < S position , 

θ ( V i,t , V j,t ) < S direction , 
(4) 

here P i,t and P j,t are the positions of the two pedestrians at time 

, respectively. V i,t and V j,t are the walking directions of these 

wo pedestrians computed according to the method proposed in 

ection 3.3.2 . θ is angle difference. S position and S direction are posi- 

ion threshold value and direction threshold value, respectively. 

.4.3. Graph convolution in spatial dimension 

Group information is encoded in the adjacency matrix 

 undirected of the undirected graph. A undirected is obtained us- 

ng information from the “Finding Group Module” of the STGCN 

ranch. Specifically, if nodes i and j are in a group, then elements 

 i j and a ji are set to 1 in A undirected , t . Otherwise, the elements 

re set to 0. Unlike A directed , t , A undirected , t is symmetric. This is a 

ery important difference between undirected graph and directed 

raph. An example of the adjacency matrix at one time step is 

hown in the right corner of Fig. 2 . 

For simplicity of notation, we omit the subscript t for most no- 

ations in this subsection. We denote the input of the GCN layer l

s H 

l , then the output of layer l, i.e., the input of layer (l + 1) , is 

 

(l+1) = σ ′ (�− 1 
2 ̂ A undirected , t �

− 1 
2 H 

(l) W 

l, ′ ) , (5) 
t t 
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here ̂ A undirected , t = A undirected , t + I , �t is the degree matrix 3 of 
 

 undirected , t , W 

l, ′ is the matrix of trainable parameters of layer l, 
′ is PReLU [42] and the initial parameter is 0.25. The input of 

he first layer of GCN network is the same as the input of the first

ayer of GAT network, i.e., H 

(0) = h 

(0) 
. In practice, there can be sev- 

ral layers in the GCN. The output feature F GCN , t for the graph at 

ime step t can be obtained by applying GCN to G undirected , t . The 

imension of F GCN , t is 5 × N. 

.4.4. Convolution in temporal dimension 

Similar to the STGAT branch, in the STGCN branch, spatial 

raph convolution is extended to spatio-temporal graph convolu- 

ion. This is achieved by applying a standard convolution in the 

emporal dimension to utilize temporal information after perform- 

ng the graph convolution in the spatial dimension. Specifically, 

he input to the temporal convolution is a tensor with dimension 

 obs × 5 × N because it receives features from T obs frames. More- 

ver, the temporal convolution is designed to output F STGCN with 

he dimension T obs × 5 × N, as shown in Fig. 2 . Here, ‘5’ means the

ve parameters of the bivariate Gaussian distribution ( Eq. (1) ), i.e., 
i 
x,t , μ

i 
y,t , σ

i 
x,t , σ

i 
y,t , ρ

i 
t . 

In summary, after applying STGCN, we have the embedding fea- 

ure F STGCN that encodes the undirected graph G undirected and group 

nteraction. In this study, because we encode group information in 

ach time step, the adjacency matrix at each time step A undirected ,t 

ight be different. More details about the spatio-temporal graph 

onvolution can be found in [43] . 

.5. Feature fusion 

In the proposed method, the view area and groups are mod- 

led dynamically and encoded in dynamic spatio-temporal graphs 

hrough adjacency matrices. Therefore, both embeddings F STGAT 

nd F STGCN contain spatio-temporal information as well as social 

nteractions. These two features are fused and sent to the tempo- 

al convolution module as 

 fused = F STGAT � F STGCN , (6) 

here � means the fusion operation. In this work, element-wise 

veraging is chosen. The dimension of F fused is also T obs × 5 × N. 

.6. Time convolution for trajectory prediction 

Unlike most studies that utilize LSTM [10,19] to predict trajec- 

ories, we use a time convolution module (TCN) to perform pre- 

iction based on the fused feature F fused following Social-STGCNN 

15] . Specifically, the TCN is a series of residual connected CNNs. It 

perates on the temporal direction of F fused and expands it for pre- 

iction. It receives features with dimension T obs × P × N and out- 

uts a prediction with dimension (T pred − T obs ) × P × N, where P is 

he feature dimension of pedestrian, N is the number of pedestri- 

ns. In this work, T pred is 20, T obs is 8, P is 5. 

.7. Loss function 

Our model is trained to learn the bivariate Guassian 

 (μi 
t , σ

i 
t , ρ

i 
t ) of pedestrian trajectory. To this end, the param- 

ters of the proposed model are learned by minimizing the 

egative log-likelihood loss, as in [15] . The loss is defined as: 

 

i ( W ) = −
T pred ∑ 

t= T obs +1 

log (P (x i t , y 
i 
t | μi 

t , σ
u 
t , ρ

i 
t )) , (7)
3 This is a diagonal matrix containing information about the degree of each node 

(

u

a

7 
here L i is for the i th pedestrian and W includes all trainable pa- 

ameters. We train the proposed model by minimizing this loss for 

ll the trajectories in the training dataset. 

. Experiments 

.1. Datasets and metrics 

Datasets: Following previous studies [10,11,14,15,27] , we evalu- 

ted our method on two public datasets, i.e., ETH [41] and UCY 

44] . The ETH dataset includes two scenes (ETH and HOTEL), 

nd the UCY dataset consists of three scenes (UNIV, ZARA1, and 

ARA2). These sequences are recorded in 25 frames per second 

FPS) with fixed cameras. The scene backgrounds contained in 

hese datasets are shown in Fig. 5 . The average pedestrian number 

f a scene is 5.9 for ETH and 18.0 for UCY. All trajectory coordi- 

ates are converted to world coordinates and interpolated to sam- 

le the coordinate every 0.4 seconds [10] . These datasets consist of 

ich human-human interactions in the real world, such as collision 

voidance and groups. In total, there are 1536 pedestrians covering 

omplex social interactions. More details about these datasets can 

e found in the corresponding papers [41,44] . 

Following previous studies, we use the leave-one-out strategy 

or evaluation, i.e., we train the model on four sets and test on the 

emaining one. In addition, we take 8 frames (3.2 seconds) as ob- 

ervation and predict the next 12 time steps (4.8 seconds). These 

ettings have been adopted by most studies in the field of pedes- 

rian trajectory prediction. 

Metrics: Following prior studies [10,11,14,15,27] , we evaluate 

ur method with two error metrics in meters. 

• Average Displacement Error (ADE): Averaged Euclidean distance 

between ground truth and predictions over all predicted time 

steps for N pedestrians. It is defined as: 

ADE = 

∑ 

i ∈ N 

∑ 

t∈ (T pred −T obs ) 

|| (x i t , y 
i 
t ) − ( ̂  x i t , ̂  y i t ) || 2 

N × (T pred − T obs ) 
(8) 

• Final Displacement Error (FDE): Euclidean distance between 

ground truth and predictions at the last frame. It is defined as: 

F DE = 

∑ 

i ∈ N 
|| (x i T pred 

, y i T pred 
) − ( ̂  x i T pred 

, ̂  y i T pred 
) || 2 

N 

(9) 

Because the proposed Social TAG generates a bivariate Gaus- 

ian distribution as the prediction, we employ the method adopted 

y many pedestrian trajectory prediction algorithms, such as Social 

STM [10] and Social-STGCNN [15] , to compare a distribution with 

 certain target value. Specifically, 20 samples are generated from 

he estimated distribution and the closest sample to the ground 

ruth is used to calculate ADE and FDE. 

.2. Implementation details 

In this work, one STGAT layer is used in the STGAT branch, and 

ne STGCN layer is used in the STGCN branch. In addition, five 

ayers are used in the TCN module. The view angle is set to 25 °
n the STGAT branch. In the STGCN branch, the position thresh- 

ld S position and direction threshold S direction are set to 2 m and 

 °, respectively. The batch size is 128. The learning rate is 0.01 

or the first 150 epochs and is 0.001 for the rest 100 epochs. The 

odel is trained for 250 epochs using Stochastic Gradient Descent 

SGD). We train the model in the training set and select the model 

sing the validation set. All the training, validation, and test sets 

re the same as previous studies in this field [10,11,15] . All training 
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Fig. 5. Example frames from the ETH [41] and UCY datasets [44] . 

Table 1 

ADE/FDE metrics (in meters) on ETH and UCY datasets. The best results in each column are marked in boldface and the second best results are underlined. The results 

marked with † are extracted from the corresponding papers and the results marked with § are copied from [11] . 

Method Venue ETH HOTEL UNIV ZARA1 ZARA2 AVERAGE 

Social LSTM [10] § CVPR2016 1.09/2.35 0.79/1.76 0.67/1.40 0.47/1.00 0.56/1.17 0.72/1.54 

Social GAN-P [11] † CVPR2018 0.87/1.62 0.67/1.37 0.76/1.52 0.35/0.68 0.42/0.84 0.61/1.21 

Social-BiGAT [13] † NeurIPS2019 0.69/1.29 0.49/1.01 0.55/1.32 0.30 /0.62 0.36/0.75 0.48/1.00 

SAGCN [32] † ITNEC2019 0.90/1.96 0.41/0.83 0.57/1.19 0.41/0.89 0.32/0.70 0.52/1.11 

STGAT [14] † ICCV2019 0.65/1.12 0.35/0.66 0.52/1.10 0.34/0.69 0.29 /0.60 0.43/0.83 

SoPhie [45] † CVPR2019 0.70/1.43 0.76/1.67 0.54/1.24 0.30 /0.63 0.38/0.78 0.54/1.15 

SR-LSTM [27] † CVPR2019 0.63/1.25 0.37/0.74 0.51/1.10 0.41/0.90 0.32/0.70 0.45/0.94 

NEXT [26] † CVPR2019 0.73/1.65 0.30 /0.59 0.60/1.27 0.38/0.81 0.31/0.68 0.46/1.00 

PMP-NMMP [16] † CVPR2020 0.61 / 1.08 0.33/0.63 0.53/1.17 0.28 /0.61 0.28 /0.59 0.41 /0.82 

Sun et al. [46] † CVPR2020 0.69/1.24 0.43/0.87 0.52/1.11 0.32/0.66 0.29 /0.61 0.44/0.90 

RSBG [19] † CVPR2020 0.80/1.53 0.33/0.64 0.59/1.25 0.40/0.86 0.30/0.65 0.48/0.99 

Social-STGCNN [15] † CVPR2020 0.64/1.11 0.49/0.85 0.44 / 0.79 0.34/ 0.53 0.30/ 0.48 0.44/ 0.75 

CoMoGCN [18] † BMVC2020 0.70/1.26 0.37/0.75 0.53/1.16 0.34/0.71 0.31/0.67 0.45/0.91 

DSCMP [47] † ECCV2020 0.71/1.35 0.33/0.58 0.60/1.28 0.38/0.81 0.49/1.09 0.50/1.01 

FvTraj [48] † ECCV2020 0.56 /1.14 0.28 / 0.55 0.52/1.12 0.37/0.78 0.32/0.68 0.41 /0.85 

SGC_LSTM [31] † IET ITS2021 0.82/1.72 0.32/0.62 0.50 /1.10 0.40/0.87 0.32/0.71 0.47/1.01 

RAMP [49] † T-CSVT2021 0.69/1.24 0.43/0.87 0.53/1.17 0.28 /0.61 0.28 /0.59 0.44/0.90 

Social TAG (ours) 0.61 / 1.00 0.37/ 0.56 0.51/ 0.87 0.33/ 0.50 0.30/ 0.49 0.42 / 0.68 
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nd experiments are performed using an NVIDIA RTX 3090 GPU 

nd an i9-10900X CPU. 

.3. Comparison with existing methods 

We compare the proposed Social TAG with 17 existing meth- 

ds, including: Social LSTM [10] , Social GAN-P [11] , Social-BiGAT 

13] , SoPhie [45] , SR-LSTM [27] , SAGCN [32] , STGAT [14] , NEXT

26] , PMP-NMMP [16] , Sun et al. [46] , RSBG [19] , Social-STGCNN

15] , CoMoGCN [18] , DSCMP [47] , FvTraj [48] , SGC_LSTM [31] ,

AMP [49] . The comparison results of ADE and FDE are shown 

n Table 1 . As can be seen, the proposed Social TAG obtains very 

ompetitive performance compared with the state-of-the-art meth- 

ds. Specifically, Social TAG obtains the best average FDE value 

with 7% improvement) among all methods and achieves the sec- 

nd best in terms of ADE. From the table, we can see that the value

f ADE (0.42m) is smaller than FDE (0.68m), indicating that our 

ethod can well predict all time steps. Also, the better ranking 

f FDE (1st) than ADE (2nd) indicates that our method can better 

redict the final step compared with other methods. In addition, 

he proposed Social TAG achieves the best value in two metric val- 

es and is ranked the second place in four metric values on five 

ets. The competitive performance of Social TAG is due to the view 

rea-based STGAT design and group-based STGCN design, which 

ot only model both asymmetric and symmetric interactions, but 

lso reduce noise information. 

.4. Ablation study 

.4.1. Component analysis 

In this section, we investigate the effect of different compo- 

ents proposed in this work. Table 2 lists the prediction errors of 
8 
ocial TAG with different configurations. The Baseline means that 

here is no view area applied in the STGAT branch and no group 

ehavior modeled in the STGCN branch. The Finding View Area 

odule is removed in Configuration 2, while the Finding Group 

odule is removed in Configuration 3. All components are used 

n Configuration 4. Table 2 indicates that both the Finding View 

rea module and the Finding Group module contribute positively 

o the best overall performance of the proposed method. The rea- 

on is that the modeling of view area reduces noise in features 

nd the modeling of groups captures similar motion patterns for 

edestrians walking in a group that is very frequent in the pedes- 

rian trajectory prediction task. 

.4.2. Effect of view angle on prediction errors 

The view angle affects the number of pedestrians inside the 

iew area of a pedestrian, thus affecting the element values in 

 directed . To investigate the effect of view angle on prediction er- 

ors, we conducted a series of experiments based on the pro- 

osed Social TAG with different view angles. Considering the pos- 

ible head movement, we also included a view angle of 180 ◦. The 

hreshold values S position and S direction used to find groups are 2 m 

nd 3 ◦, respectively. As shown in Table 3 , the view angle indeed

ffects the trajectory prediction performance. From the table one 

an see that a view angle of 25 ◦ gives the best overall performance 

mong all investigated view angles. Also, the errors generally be- 

ome larger as the view angle increases. This is because when 

 pedestrian is walking, only the pedestrians ahead of him/her 

nd within a small view angle will affect his/her trajectory. Other 

edestrians that may be seen by him/her but not inside the small 

iew angle will not affect the trajectory, as shown in Fig. 6 . In-

eed, when the view angle is too large, pedestrians that should 

ot influence a person are also taken into account when learning 
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Table 2 

Results (in meters) with different configurations. Configuration 2 does not have the Finding View Area Module, and Configuration 3 does not have the 

Finding Group module. Baseline does not have both modules, and Configuration 4 has both modules. The view angle is 25 ◦ . Grouping parameters are 2 m 

and 3 ◦ , respectively. The best results are marked in boldface. 

Version 

Components Results (ADE/FDE) 

Finding Group Finding View Area ETH HOTEL UNIV ZARA1 ZARA2 AVERAGE 

Baseline ✗ ✗ 0.631/1.162 0.478/0.802 0.509/0.915 0.379/0.636 0.348/0.569 0.469/0.817 

Configuration 2 
√ 

✗ 0.652/1.073 0.433/0.693 0.529/0.929 0.369/0.579 0.335/0.554 0.464/0.766 

Configuration 3 ✗ 
√ 

0.626/1.035 0.415/0.659 0.493 / 0.867 0.358/0.556 0.318/0.519 0.442/0.727 

Configuration 4 
√ √ 

0.605 / 0.996 0.367 / 0.556 0.507/0.871 0.333 / 0.504 0.300 / 0.490 0.422 / 0.683 

Table 3 

Effect of view angle in the STGAT branch on prediction errors (in meters) on ETH and UCY datasets. Grouping parameters are 2 m and 3 ◦ , respec- 

tively. The best results are marked in boldface. 

View angle 15 ◦ 20 ◦ 25 ◦ 30 ◦ 35 ◦ 40 ◦ 45 ◦ 50 ◦ 55 ◦ 60 ◦ 90 ◦ 120 ◦ 150 ◦ 180 ◦

ADE 0.441 0.432 0.422 0.428 0.430 0.431 0.430 0.430 0.438 0.440 0.447 0.447 0.455 0.455 

FDE 0.737 0.710 0.683 0.698 0.701 0.701 0.692 0.705 0.710 0.701 0.724 0.725 0.740 0.765 

Fig. 6. Although pedestrian 3 is within the view area of pedestrian 1, he or she may 

not affect the trajectory of pedestrian 1. In contrast, pedestrian 2, who is directly 

ahead of pedestrian 1, is considered by pedestrian 1. 
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he embedding of the scene, thus introducing noise and leading to 

erformance degradation. Furthermore, the view angle should not 

e too small. As shown in Table 3 , when the view angle is 15 °,
he results because much worse than those of 25 °. This is because 

hat when the view angle is too small, the pedestrians in the view 

rea will be too few, thus it is unable to model social interactions 

roperly. 

To further investigate the effect of view angle, we use different 

rouping parameters and see how the view angle will affect the 

rediction results. The results are shown in Fig. 7 . As can be seen,

n most configurations of grouping parameters, the prediction error 

ill generally be larger if the view angle is too large. 

.4.3. Effect of grouping conditions 

The parameters used to find groups (see Eq. (4) ), i.e., posi- 

ion threshold and direction threshold, affect the grouping results 

nd therefore result in different prediction performance. To inves- 

igate the effect of these parameters on prediction errors, we per- 

ormed a grid search study and put the results in Table 4 . As can

e seen, these two parameters have an impact on the prediction 

rrors. Generally speaking, these two parameters can neither be 
9 
oo large nor too small. If they are too large, more noise will be 

ontained when extracting pedestrian features through the STGCN 

ranch. By contrast, if they are too small, the conditions will be 

oo strict to properly model group interactions between pedes- 

rians. Among all combinations of parameters investigated in this 

ork, when the view angle is 25 ◦, the position threshold is 2 m 

nd the direction threshold is 3 ◦, the best overall performance is 

btained. 

It is worth mentioning that the ablation studies on view an- 

le and grouping parameters aim to show the general effect of 

hese parameters. These values might vary slightly in practice if 

he number and distribution of pedestrians are different. 

.4.4. Effect of feature fusion method 

Effective fusion of STGAT and STGCN features is crucial for the 

roposed method. To investigate the effect of feature fusion, we 

erformed a series of experiments with different fusion meth- 

ds. Specifically, we designed four variants. In the first variant (V1), 

e used element-wise multiplication between STGAT and STGCN 

eatures. In the second variant (V2), we used an STGAT-gated fu- 

ion method, that is, 

 fused = sigmoid ( F STGAT ) � F STGCN , (10) 

here � is element-wise multiplication. In this variant, the Sig- 

oid function was applied to every element of the STGAT feature 

o non-linearly scale it to the range (0,1). This has the effect as a 

ate on the encoded STGCN feature to control the passing or rejec- 

ion of the STGCN feature. 

In the third variant (V3), we utilized an STGCN-gated fusion 

ethod, i.e., 

 fused = F STGAT � sigmoid ( F STGCN ) , (11) 

here the STGCN feature with Sigmoid function applied has the 

ffect of a gate. In the fourth variant (V4), we employed element- 

ise max pooling to fuse features, i.e., 

 fused = element _ max ( F STGAT , F STGCN ) , (12) 

here element _ max () chooses the max value in an element-wise 

anner. 

The performance of different variants is listed in Table 5 . As 

an be seen, the element-wise averaging fusion method, i.e., the 

ne utilized in the proposed method, provides the best overall per- 

ormance. Specifically, the proposed method outperforms V1, V2, 

nd V4 by a large margin, indicating that these methods are not 

ble to fuse the STGAT and STGCN features effectively. V3 has the 
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Fig. 7. The effect of view angle on prediction errors. The first value in the caption of each subfigure denotes the position threshold S position and the second value denotes the 

direction threshold S direction in Equation (4) . The horizontal axis is view angle and the vertical axis denotes error value. (For interpretation of the references to colour in this 

figure legend, the reader is referred to the web version of this article.) 

Table 4 

Effect of grouping parameters on prediction errors of Social TAG on ETH and UCY datasets. Average ADE/FDE metrics are shown in meters. The first row corresponds to the 

direction threshold between walking directions in degrees. The first column corresponds to the position threshold in meters. The best results in each column are marked in 

boldface and the second best results are underlined. 

Direction threshold ( ◦) 1 3 5 7 9 View angle � � � � � � � � � � � � Position threshold (m) 

2 0.436/0.720 0.422 / 0.683 0.428 /0.697 0.441/0.725 0.436/0.717 25 ◦

1 0.431/0.718 0.441/0.736 0.442/0.748 0.440/0.738 0.440/0.740 

30 ◦

1.5 0.438/0.716 0.429/0.699 0.441/0.725 0.433/0.705 0.441/0.733 

2 0.434/0.712 0.428 /0.698 0.430/0.713 0.441/0.731 0.434/0.709 

3 0.446/0.741 0.441/0.735 0.437/0.721 0.435/0.717 0.444/0.731 

4 0.449/0.750 0.431/0.700 0.431/0.707 0.431/0.704 0.437/0.711 

5 0.441/0.732 0.442/0.733 0.431/0.707 0.443/0.733 0.441/0.724 

1 0.440/0.703 0.443/0.728 0.456/0.755 0.434/0.720 0.436/0.700 

60 ◦

1.5 0.448/0.715 0.441/0.710 0.439/0.709 0.437/0.709 0.436/ 0.696 

2 0.441/0.708 0.440/0.701 0.437/0.705 0.442/0.709 0.437/0.698 

3 0.439/0.714 0.437/0.711 0.442/0.720 0.446/0.729 0.450/0.738 

4 0.451/0.749 0.451/0.740 0.445/0.722 0.449/0.732 0.445/0.722 

5 0.451/0.748 0.453/0.749 0.446/0.734 0.451/0.744 0.448/0.724 

10 
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Fig. 8. Comparison of our method with Social-STGCNN in different scenarios. In the first row, we show examples where our model successfully predicts the trajectories of 

pedestrians walking in a group. In the second row, we show examples where our model successfully predicts the trajectories that avoid collision. Images are chosen from 

the ETH [41] and UCY [44] , and results are generated in this study using the proposed Social TAG. Images were cropped for better visualization. 

Table 5 

Effect of feature fusion method on prediction errors (ADE/FDE metrics in meters) 

on ETH and UCY datasets. View angle is 25 ◦ , grouping threshold values are 2 m 

and 3 ◦ , respectively. 

Variant ADE FDE 

V1 (element-wise multiplication) 0.612 1.077 

V2 (STGAT-gated fusion) 0.462 0.788 

V3 (STGCN-gated fusion) 0.448 0.733 

V4 (element-wise max pooling) 0.484 0.797 

Social TAG (element-wise averaging) 0.422 0.683 
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losest performance to the proposed Social TAG. However, there is 

till a clear gap between its performance and that of the proposed 

ethod. 

.5. Qualitative results 

In this section, we show some qualitative results (visualizations) 

o demonstrate the effectiveness of the proposed method. 

.5.1. Socially acceptable trajectory generation 

Figure 8 shows the comparison of qualitative results between 

he proposed Social TAG and the state-of-the-art graph-based 

ethod Social-STGCNN in different scenarios. The first row in- 

icates scenarios in which some pedestrians are walking in a 

roup. As can be seen, our method can understand that these 

edestrians are walking in a group and predict similar trajecto- 

ies for them. By contrast, the Social-STGCNN cannot predict sim- 

lar trajectories for these pedestrians. The second row illustrates 

he cases where pedestrians should avoid collision. From the fig- 

res, one can see that the proposed Social TAG can successfully 

void collision in these scenarios and predict trajectories similar to 

he ground truth. For examples, in cases (f) and (g), one pedes- 

rian slightly changed his/her walking direction to avoid a collision 

ith other pedestrians. By contrast, the trajectories predicted by 

ocial-STGCNN deviate from the ground truth and do not capture 

he pattern of direction change due to collision avoidance. In sum- 

ary, the proposed Social TAG can well model social interactions 
11 
etween pedestrians, especially the view area (for collision avoid- 

nce) and the groups, thus can predict socially acceptable trajecto- 

ies in different scenarios. 

.5.2. Other challenging cases 

Figure 9 shows the qualitative comparison of our method with 

ocial-STGCNN in several other challenging cases, including sud- 

en movement, sudden stop, changing direction to avoid a colli- 

ion, and nonlinear trajectory. As can be seen, our method gives 

uperior performance than Social-STGCNN in these scenarios. The 

redicted trajectories are also very close to the ground truth tra- 

ectories. This is due to the effectiveness of the proposed spatio- 

emporal GNN-based methods with view area and grouping mod- 

ling. 

. Discussions 

.1. About social interactions 

There are different ways to model social interactions in pedes- 

rian trajectory prediction. Indeed, because social interactions are 

ery complex, different researchers may have different understand- 

ngs and considerations on social interactions. Even for the same 

oncept (for example, group), different researchers have proposed 

arious definitions [18,31,46] . However, no matter how social inter- 

ctions are defined and modeled, the ultimate goal is to success- 

ully predict pedestrian trajectories, which can be evaluated using 

tandard benchmarks and metrics. 

In the authors’ opinion, when pedestrians are walking, the main 

actors they usually consider are who is ahead of them and whom 

hey are walking with. These two factors can be modeled by 

iew area (asymmetric interactions) and grouping (symmetric in- 

eractions), respectively. Therefore, in this study, we combine the 

iew area and grouping simultaneously and automatically, which 

ave not been combined in existing studies yet. Our experiments 

ave shown the competitive performance of the proposed method, 

emonstrating the effectiveness of our consideration of social in- 

eractions. 
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Fig. 9. Qualitative comparison of our method and Social-STGCNN in several challenging cases. (a) The pedestrian starts to move suddenly. (b) The pedestrian stops her 

motion suddenly. (c) The pedestrian changes his/her walking direction to avoid collision with other pedestrians. (d) The pedestrian has a highly non-linear trajectory. Our 

method successfully predicts motion patterns and trajectories for these challenging cases. The predicted trajectories are close to ground truth. Images are chosen from UCY 

[44] , and results are generated in this study using the proposed Social TAG. Images were cropped for better visualization. 
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.2. About hyperparameters 

In the training of the proposed method, we first selected 

yperparameters based on the recommendation of Mohamed 

t al. [15] and then refined the hyperparameters based on our 

raining results. In this way, we finalized the hyperparameters 

tated in Section 4.2 . Note that we did not perform an extensive 

yperparameter tuning process because this is not the focus of this 

tudy. 

The view angle and grouping parameters are also hyperparam- 

ters in the proposed method. We found the relatively better view 

ngle and grouping parameters through a series of experiments on 

he chosen datasets, as shown in Sections 4.4.2 and 4.4.3 . For dif- 

erent datasets, these values may vary slightly because the num- 

er and distribution of pedestrians may be different. In our future 

ork, we will extend our method to select these values adaptively. 

.3. Ethical implications 

Although person tracking in general can have important privacy 

mplications, our specific method simply predicts the trajectory of 

edestrians for the next 4.8 seconds without identifying them. To 

he best of our knowledge, we cannot think of any potential ethical 

spects for which such short term anonymous trajectory prediction 

ould need special consideration. 

. Conclusions 

This paper proposed Social TAG, a novel dual-branch spatio- 

emporal graph neural network-based pedestrian trajectory 

ethod. The proposed Social TAG consists of two branches that 

odel pedestrian view area and group behaviors, respectively. To 

urther improve performance, a realistic and automatic Finding 

iew Area module and a Finding Group module are designed 

n the corresponding branch. In this way, our Social TAG is able 

o model view area and group information simultaneously and 

utomatically. A temporal convolutional network is then applied 

o predict trajectories. To the best of our knowledge, this is the 

rst graph-based method that automatically models both view 

rea and grouping. Evaluations on standard datasets show that our 

ocial TAG achieves very competitive performance. Moreover, our 

isualizations show that the proposed method is able to capture 

nteraction patterns and predict precise trajectories in different 

hallenging scenarios. 

Incorporating complex social interactions is challenging yet cru- 

ial in the pedestrian trajectory prediction task. This study intro- 

uces a new way of incorporating different types of social interac- 

ions into one model using spatio-temporal graph neural networks 
12 
nd a multi-branch architecture, which can be helpful for other re- 

earchers in this field. Moreover, the explicit modeling of view area 

nd grouping is also helpful for finding better trajectory patterns. 

Although our method achieves promising performance, several 

hings are worth investigating in our future work to further im- 

rove performance. First, we focus on social interactions between 

edestrians in this study. However, context information (e.g., non- 

uman obstacles) is also important in the pedestrian trajectory 

rediction task. In our future work, we will try to add context in- 

ormation to our method. A potential way is to add another branch 

o our framework to process context information and then fuse 

he context features with the STGAT and STGCN features. Second, 

e simply adopted element-wise averaging to fuse the STGAT and 

TGCN features. Although this shows competitive performance, we 

hink it might further improve the performance by employing ad- 

anced feature fusion techniques. For example, the fusion opera- 

ion can be made as a part of the learning framework and ob- 

ained through learning. Third, in this study, we are using exist- 

ng datasets and assuming that each of the N pedestrians is identi- 

ed and tracked throughout the input sequence. However, in prac- 

ice, it is possible that the positions of pedestrians in some frames 

re missing. Therefore, it is worth developing prediction methods 

hat are robust to information missing. Fourth, we assume that 

he number of pedestrians is fixed in the T obs time steps follow- 

ng existing studies, thus the number of nodes of the STGCN and 

TGAT in the T obs time steps is fixed as well. However, pedestrians 

ay leave or enter the scene during the T obs time steps in prac- 

ice, thus it is worth investigating how to handle the varying num- 

er of nodes in spatio-temporal graphs. In addition, occlusion is an 

mportant factor that needs to be handled. For example, a pedes- 

rian may be occluded by other pedestrians or obstacles and reap- 

ears. To solve this, we will need to combine multi-object tracking, 

edestrian identification and pedestrian trajectory prediction tech- 

iques. Moreover, we manually select parameters for view angle 

nd grounding conditions in this work. In the future, we will ex- 

lore ways to set these parameters adaptively. Finally, we plan to 

pply the proposed method to trajectory prediction from egocen- 

ric view. 
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