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Real-Time Pedestrian Trajectory Prediction for Mobile

Robots: A Comparative Study of Transformer-Based and
Diffusion-Based Models

w3 Qg 7]
Ha Jin Park!, Ki-In Na'

Abstract: Predicting pedestrian trajectories is essential for safe mobile robot navigation in human-
shared environments. Most existing models are trained on Bird’s-Eye-View (BEV) data from fixed
sensors, which differs from robot-centric observations affected by robot motion, changing coordinate
frames, limited sensing range, and real-time constraints. This study evaluates trajectory prediction
models in real mobile robot environments. We compare a transformer-based model for fast single-
trajectory prediction and a diffusion-based model for multi-modal prediction using the JRDB robot-
centric dataset. Both models were integrated into a ROS2-based pipeline and evaluated on JRDB
data and real-world experiments using a mobile robot equipped with a camera, 3D LiDAR, and an
IMU. The pipeline aligns pedestrian observations using odometry and predicts future trajectories under
practical sensing conditions. It achieved end-to-end computation within 100 ms, while the diffusion-
based model showed average displacement error (ADE) and final displacement error (FDE) com-
parable to recent studies. These results show the feasibility and limitations of applying modern prediction
models to egocentric robot data for real-time forecasting.
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[Fig. 1] Comparison of JRDB trajectories (a) before and (b) after
odometry-based coordinate alignment
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[Fig. 2] Overall pipeline for real-time trajectory prediction
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[Table 1] Prediction accuracy by model type and preprocessing

Model Preprocess ADE (m) FDE (m)
s X 0.54 1.07
Transformer-based™
O 0.34 0.74
x 0.49 0.98
Diffusion-based®
O 0.33 0.70

[Table 2] Prediction accuracy and inference time by model type
and number of predicted trajectories K. minADEK and minFDEK
denote the minimum ADE and FDE, respectively, over K
predicted trajectories. For K = 1, they are equivalent to the
conventional ADE and FDE

. . Inference
Model K |minADEg (m)| minFDEy (m) Time (ms)
sl 1 0.34 0.74 1.13
Transformer-based®
20 0.15 0.26 4.78
o a |l 0.33 0.70 5.17
Diffusion-based!®
20 0.16 0.31 9.23
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[Fig. 3] Trajectory prediction results on JRDB for the transformer-
based model (left) and diffusion-based model (right)
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[Table 3] Prediction accuracy by model type and pedestrian motion category for predicted trajectories. Stationary and Moving denote
pedestrians classified according to their motion state, while Fast Moving denotes moving pedestrians with a ground-truth displacement
greater than 6 m over the prediction horizon. Bold values indicate the lowest error in each metric column

Model K minADEk (m) minFDEg (m) minADEk (m) minFDEg (m) minFDEg (m)
(Stationary) (Stationary) (Moving) (Moving) (Fast Moving)
Transformer-based!? 1 0.0918 0.1559 0.5431 1.1837 1.9311
20 0.0523 0.0722 0.2294 0.4175 0.6702
Diffusion-based" 1 0.0898 0.1576 0.5238 1.1389 1.7056
20 0.0508 0.0751 0.2543 0.5115 1.1497

Camera view

Pedestrian detection (a)

© @

[Fig. 4] Real-world trajectory predictions by model type and number of predicted trajectories: (a) transformer-based deterministic
prediction, (b) transformer-based multi-modal prediction, (c) diffusion-based deterministic prediction, and (d) diffusion-based

multi-modal prediction

Fota, 11 nehE FA] BYPAE 2Rttt ols EPAE
EREAEZ Z Y 6 mo)d] ME2 w2 o5 BPAtE
T ko] @ B E 53 v AR oS 204 ERRA
2w 7|4t Ry} o34 7|9k 29 9] minADEk, minFDE S
H| w3t A3E B0k

[Table 3]0l W= ZA| HFRo A= F 7|5F B 75
gt 2}o]7} gll o, o]E H HEE o] 5 H Ao A= EFHAL

=

o] 7k O 32 o2 Relo] HNH 0 2 SLealglon, S5
minFDExO] A 53t 455 H it o= ts B & 95 Bl
zd2 835 Edf AT H 7]8F SPU-BERTZF MGP (Multi-Goal
Prediction) BE-S 53] 7R3 £ RES PAHOE 3%
T2, G} L] FDES 53 0} 71217} 2 2700]
A= 3% 5= FARE A0 R s EH. v s B =
o2 v B2 ALEH A 78 LEDE o 189 o]
step'd loss weighting2 Tt 2 &-8-5}0] 27] stepo]] =2 715
A7} Fojxm, olo] wet LA dSoll= AL Holut
K=202} Zo] TRt 34 FHE ABAdHoF sk 294+
horizono] 210445 9.3} 7440 Azheh AR W

ojg|gt Ait= AA 2R A|AH] A& ndE HET
o 2 AIZH At e igt opye}, &l W ok 4
4] 9 B o] 5 S4o] uhe 2 W Al Aol b
T EfoF TS AARRHTE

u

[Table 4] Processing time of the ROS2 trajectory prediction
pipeline in the real-world environment by model type and
number of predicted trajectories K

Model K Processing time (ms)
1 3.554
Transformer-based!!
20 9.086
1 9.274
Diffusion-based!®
20 10.303
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