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Abstract: Objective Pedestrian trajectory prediction constitutes a critical research challenge in autonomous driving sys-
tems, intelligent security surveillance, and human-robot interaction frameworks. The capability to accurately anticipate
pedestrian movement patterns directly influences the operational safety of autonomous vehicles, the responsiveness of sur-
veillance systems, and the adaptability of social robots in dynamic environments. While existing approaches predominantly

focus on leveraging sequential data patterns and optimizing model architectures through recurrent neural networks, they
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often overlook the intrinsic social-semantic characteristics embedded in real-world pedestrian interactions. Current method-
ologies tend to treat trajectory prediction as a purely sequential modeling task, overlooking three fundamental aspects:
1) the social constraints governing crowd movement patterns, 2) the intentional , destination-oriented nature of human loco-
motion, and 3) the dynamic adaptation mechanisms pedestrians employ during path navigation. This oversight leads to sub-
optimal performance, particularly in dense pedestrian scenarios where social interactions and environmental adaptability
notably influence movement decisions. Aiming to address these limitations, this paper proposes path stepwise estimation
network (PSEN) , a novel framework that systematically integrates social relationship modeling, endpoint-aware trajectory
planning, and environment-adaptive path refinement. The proposed model bridges the gap between conventional sequence
prediction paradigms and the complex socio-spatial dynamics inherent in real-world pedestrian navigation scenarios.
Method This paper incorporates the characteristics of path planning observed in daily human walking, which can be
broadly divided into three key aspects. First, social restrictions are considered. The crowd is categorized based on move-
ment direction, speed, and distance to demonstrate these reflections. Intra-class feature learning is then performed on the
classified groups. The social relationships between predicted pedestrians and other pedestrians are calculated using social
weights to obtain social attention, which affects the subsequent path estimation network. Second, an endpoint estimation
network is introduced by stimulating the feature that pedestrians typically identify a destination and then purposefully plan
their walking path. This network leverages the strengths of serialized prediction tasks by using spatiotemporal sequences to
predict an endpoint. The estimated endpoint serves as a reference condition within the overall network model, guiding the
complete path planning process. Third, this paper address the fact that pedestrians constantly fine-tune their local paths
and adjust their focus based on environmental context and destination. Aiming to model this behavior, an endpoint and
path fine-tuning network is constructed using conditional variational autoencoder (CVAE) and multilayer perceptron
(MLP). This module takes the output of the endpoint estimation network as a condition and uses the output from the social
restriction module, along with the historical trajectory, as inputs for feature learning. After every three frames of predic-
tion, the social restriction and endpoint module outputs are updated according to the current environment of the pedestri-
ans. This update allows the model to automatically fine-tune the planned path in response to dynamic surroundings.
Result The experiments are conducted by comparing the proposed method with six baseline methods on the ETH/UCY data-
set, five baseline methods on the SDD dataset, and four baseline methods on the NBA SportVU dataset. The evaluation
metrics used are average displacement error (ADE) and final displacement error (FDE). On the entire ETH/UCY dataset,
ADE and FDE are reduced by an average of 5. 1% and 7. 5%, respectively. On the SDD dataset, reductions of 1% in ADE
and 2% in FDE are observed on average. When analyzing individual datasets, the performance improvements are highly
pronounced in scenarios with denser pedestrian traffic. Notably, in the ZARA1, ZARA2, and UNIV datasets, the pro-
posed method achieves improvements of over 10% in prediction accuracy. Ablation experiments are also conducted on the
ETH/UCY dataset to evaluate the contributions of individual components of the PSEN framework. The experimental results
demonstrate that each module of PSEN notably improves the effectiveness of pedestrian trajectory prediction, achieving
average reductions of 19% and 31% in ADE and final displacement error FDE, respectively. Ablation experiments are per-
formed in parameters such as social distance, social attention weights, and the number of frames used in stepwise trajectory
generation. These experiments confirm that all aspects of the network design positively impact pedestrian trajectory predic-
tion. However, the model does not perform as well on the NBAsportVU dataset. This dataset is characterized by 10 players
moving at high speeds, with trajectory endpoints changing dynamically based on in-game situations and players’ inten-
tions. Different from ETH/UCY and SDD datasets, where movement is predictable and socially constrained, the varying
roles and tactical decisions of agent in NBA dataset play a crucial role in path planning, making prediction highly challeng-
ing. Therefore, achieving accurate predictions by relying solely on time-position information is difficult because the charac-
teristics of pedestrians in this setting notably differ from those in typical pedestrian scenes. In sports scenes, athletes
actively seek collisions and obstructions as part of their strategic movement. PSEN does not consider the role-specific
behaviors of agents, limiting its effectiveness in such environments. Conclusion The PSEN model proposed in this paper
integrates the serialization task with three key features of real-world pedestrian scenes. By combining recurrent neural net-

works with a CVAE, PSEN effectively reflects the complex features of pedesirian trajectory prediction in realistic sce-
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narios. The model achieves superior performance on the ETH/UCY and SDD datasets, providing a new direction for subse-

quent tasks in pedestrian trajectory prediction. However, this study focuses only on interactions among pedestrians and

does not consider the relationship between pedestrians and other objects, such as vehicles and obstacles. In novel environ-

ments, or in scenes where pedestrians are sparse but other dynamic or static objects are abundant, the performance of the

model may degrade. Further research is needed in terms of the relationships between pedestrians and objects, along with

their associated feature information.

Key words: pedestrian trajectory prediction; sequential prediction; recurrent neural network (RNN) ; conditional varia-

tional autoencoder(CVAE) ; social constraints; ETH/UCY dataset
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Fig. 1 Path stepwise estimation network combining social constraints and endpoints (PSEN)
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Fig. 2 Schematic diagram of pedestrian classification

according to social restriction module
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Fig. 4  Endpoint estimation module
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Table 1 Equipment parameters

CPU 12th Gen Intel (R) Core i5-12450H 1
MAF 32 GB 1
SSD Micron_2450_MTFDKBA1TOTFK 1
GPU NVIDIA GeForce RTX 4050 (6 G) 1

x2 MERAPHWESHIZE

Table 2 Hyperparameter settings in network models
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Table 3 Experiment results on ETH/UCY datasets

] ETH HOTEL UNIV ZARA1 ZARA2 1

ok ADE FDE ADE FDE ADE FDE ADE FDE ADE FDE ADE FDE
Sophie(Sadeghian Z5,2019) 070 143 076 167 054 124 030 063 038 078 054 1.15
Goal GAN(Dendorfer % ,2021) 059 1.18 0.9 035 0.60 1.19 043 087 032 0.65 043 0.85
Causal-STGCNN(Chen %,2021) 0.64 100 038 045 049 081 034 053 032 049 043 0.66
PECNet(Mangalam 25,2021 ) 0.54 087 0.8 024 035 060 022 039 017 030 029 048
Social VAE(Xu % ,2022¢) 047 076 0.4 022 025 047 020 037 0.4 028 024 042
EqMotion(Xu % ,2023) 040 061 0.12 018 023 043 018 032 0.13 023 022 035
TUTR(Shi %% ,2023) 040 061 011 018 023 042 018 034 013 025 021 036
RAN(Dong %5 ,2024) 041 059 0.3 021 025 046 022 041 016 031 023 040
PSEN(430) 044 0.65 012 0.18 0.22 038 016 030 0.12 020 021 0.34

T L P SRR 5 8 B A2 2R
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®4 SDDHELELHIWHER
Table 4 Experiment results on SDD dataset

7k ADE FDE
Sophie(Sadeghian % ,2019) 16.27 29.38
Multiclass-SGCN (1Li %5 ,2022) 14.36 25.99
GroupNet(Xu%5,2022a) 14.36 25.99
TUTR(Shi %%,2023) 7.79 12.73
RAN(Dong % ,2024) 10.97 19.95
PSEN(Z30) 7.50 13.50

TE IR R R 2 5 B A4 2R

&5 NBA SportVUH#ESE LRSI R
Table 5 Experiment results on NBA SportVU dataset

ik ADE FDE
Social VAE (Xu %§,2022¢) 0.58 0.95
PECNet( Mangalam %5 ,2021) 14.36 25.99
Trajectron++(Salzmann %5 ,2020) 14.36 25.99
Retrospective-Memory-based(Xu 45 2022h) 1.25 1.47
PSEN(A30) 8.18 19.10

TE R IR R 2 5 B A4 2R
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Table 6 Results of ablation experiment

. ETH HOTEL UNIV ZARA1 ZARA2

ik ADE FDE ADE FDE ADE FDE ADE FDE ADE FDE
PSEN 0.44 0.86 0.12 0.18 0.22 0.38 0.16 0.30 0.12 0.20
PSEN-End 0.72 1.32 0.56 0.83 0.55 1.12 0.47 1.05 0.50 0.98
PSEN-Social 0.48 0.95 0.20 0.25 0.30 0.55 0.27 0.72 0.27 0.68
PSEN-n(2) 0.45 0.91 0.12 0.20 0.23 0.47 0.20 0.42 0.22 0.29
PSEN-n(8) 0.43 0.87 0.13 0.22 0.22 0.41 0.19 0.33 0.18 0.27
PSEN-a(2) 0.47 0.90 0.15 0.21 0.23 0.48 0.20 0.42 0.21 0.27
PSEN-a(15) 0.44 0.86 0.12 0.21 0.24 0.44 0.19 0.35 0.19 0.26
PSEN-k(1) 0.43 0.85 0.13 0.19 0.21 0.44 0.18 0.34 0.18 0.27
PSEN-k(6) 0.45 0.88 0.13 0.21 0.24 0.45 0.19 0.33 0.19 0.27
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Fig. 6 Example diagram of experimental prediction

((a) crowed scenes; (b) sparsely populated scenes )
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