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Abstract

Trajectory prediction is an essential component of the perception stack in au-
tonomous mobile robots (AMRs). AMRs operate in complex environments where
their movements are influenced by various environmental elements, such as racks
and storage locations. Therefore, accurate and efficient trajectory prediction for in-
tralogistics requires detailed environment modeling that goes beyond the lane-based
context commonly used for road traffic. We propose a new environment context
encoder that can be seamlessly integrated into state-of-the-art motion forecasting
models. Our approach, tailored to the specific challenges of intralogistics, achieves
highly accurate predictions using efficient baseline networks.

1 Introduction

Autonomous mobile robots (AMRs) play a major role in modern intralogistics as they are commonly
used to transport cargo in complex environments like warehouses and production facilities. AMRs
require accurate trajectory prediction to navigate crowded intralogistics environments efficiently and
safely. Anticipating the movements of other traffic participants allows AMRs to proactively plan
maneuvers, which prevents operational delays from costly deadlocks and protects warehouse workers.

While trajectory prediction is well-studied for road traffic, e.g., [1, 2, 3, 4, 5, 6, 7], intralogistics
presents distinct challenges. Warehouse vehicles can execute more diverse and complex maneuvers
due to their wheel geometry [8]. Additionally, lane graphs, which are commonly used to model map
information in road traffic, provide only weak guidance in the intralogistics domain, as vehicles follow
driving lanes less strictly within warehouses and production facilities. Furthermore, environmental
elements heavily influence driving behavior; e.g., a vehicle entering a rack aisle has a high probability
of abruptly changing speed to initiate load handling. Consequently, explicitly modeling these map
elements is critical for robust trajectory prediction in intralogistics.

Due to different environment types, vehicle characteristics, and onboard resources, trajectory predic-
tion models designed for autonomous driving cannot be directly transferred to the AMR domain. We
propose a new environment encoder module to enable accurate trajectory prediction in intralogistics.
Our environment context (ECTX) encoder processes information on diverse map elements like rack
positions, charging stations and gates, enabling highly accurate predictions in scenarios where lanes
only offer a weak prior. By directly utilizing widely available semantic warehouse maps, ECTX by-
passes the need for computationally heavy LiDAR data [6, 5] and requires no application-specific
fine-tuning using LiDAR data. Integrating our ECTX module into two strong, compact transformer-
based baselines, Forecast-MAE [9] and EMP [10], yields improved results for trajectory prediction
in complex intralogistics driving scenarios. The additional environmental information significantly
improves the trajectory prediction accuracy while adding only little overhead to the networks. We
demonstrate the effectiveness of our ECTX by evaluating it on a custom large-scale dataset for motion
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prediction of different intralogistics vehicles, e.g., reach trucks and order pickers. Our approach
demonstrates strong performance on long-term prediction horizons, giving AMRs sufficient time to
react to the prediction and to use the output to perform smooth, proactive driving maneuvers.

2 Trajectory Prediction With Enhanced Environment Encoding

Modern trajectory prediction typically relies on separate agent and lane encoders prior to scene
encoding. To capture the unique dynamics of intralogistics, we introduce a plug-and-play third module
(ECTX), which integrates critical environmental context into baseline architectures, i.e., [9, 10].

Map Modeling: We extract lane segments and environmental elements from standard warehouse
floor plans. Lane segments are sampled and split into similar-sized, fixed-point chunks. Crucially, we
extract key environmental elements that dictate driving behavior, e.g., racks (indicating potential load
handling), non-driveable areas (walls, machinery), and free areas (where vehicles may cut corners).

Agent and Lane Encoding: Initially, agent history and lane shapes are encoded individually using
local coordinate systems. For agent motion, baselines output a feature vector for each agent using
either neighborhood attention [11] (Forecast-MAE [9]) or standard self-attention (EMP [10]). Lane
geometries are processed in both baselines using PointNet-like architectures [12].

Environment Encoding (ECTX): We encode points sampled from the environment polygons using
a small PointNet-like network [12]. Unlike the lane encoder, which extracts line features, our
environment encoder learns the shapes of polygons. It outputs an environment matrix where each
row represents a distinct map area.

Scene Encoding and Trajectory Decoding: As both baselines [9, 10] use token-type independent
self-attention for scene encoding, we can seamlessly concatenate the environment tokens with the
agent and lane tokens to form a unified scene context. To preserve spatial and categorical relationships,
we add global positional embeddings [9] and type embeddings for both vehicle and map classes.
Finally, a set of trajectory hypotheses is decoded using the baselines respective architecture (an MLP
for Forecast-MAE and EMP-M, or a DETR-like [13] decoder for EMP-D).

3 Experimental Setup

Dataset: We conduct our evaluations on a large-scale dataset generated using NVIDIA Omniverse™.
It is recorded in virtual warehouse environments, which are designed based on real-world layouts
and traffic situations. We use CAD models of different real-world intralogistics vehicles and apply
custom vehicle controllers to obtain highly realistic motion patterns. The maps in our dataset contain
lane topology implemented as directed graphs and detailed information on intralogistics environment
elements. These include charging stations, free areas, rack locations, gates, non-driveable areas (static
obstacles), and storage locations. Overall, our dataset features 267,146 total scenarios across two
virtual environments: one for training (94,621) and validation (63,605), and a second environment
for testing (108,920). The intentionally limited training set reflects real-world data scarcity.

Each scenario spans 11 seconds (5 s history, 6 s prediction horizon), yielding a challenging median
future trajectory length of 10.45m (max 13.60m). The dataset includes various vehicle types,
e.g., reach trucks, forklifts, and order pickers, to capture the different driving dynamics of each type.
Compared to autonomous driving data, our dataset includes difficult intralogistics-specific movements
like load handling, on-the-spot rotations, and reversing. For each scenario, we sample all neighboring
map elements and agents within a radius of 25 m as model input, which fully captures the relevant
context for intralogistics driving speeds.

Implementation Details: For both baselines [9, 10], we evaluate the original architectures (latent
feature dimension D = 128) alongside a smaller version with D = 64 and shallower encoders. The
baseline models are designed for autonomous driving applications, where large-scale datasets are
available. This model size reduction mitigates potential overfitting on the smaller datasets typical
of intralogistics and facilitates deployment on embedded hardware. Models are trained on a single
NVIDIA V100 GPU for 60 epochs with a batch size of 128. We do not use data augmentation and
optimize using AdamW [14] with gradient clipping and weight decay. The learning rate undergoes a
10-epoch linear warm-up (1 x 107 to 8 x 10~5) before a cosine decay schedule back to 1 x 1076,
Following our baselines [9, 10], the training objective combines a regression loss, a classification loss
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Table 1: Results on our intralogistics dataset grouped by baseline model and sorted in descending
order by test brier-minFDE,. Models marked with * denote reduced architecture configurations,
which are also more suitable for AMR deployment. Displacement errors reported in meters.

Test Set

Method MR;s; minADE; minFDE; minADE; minFDE; brier-minFDE4
EMP-M [10] 0.156 1.12 2.83 0.57 1.21 1.56
EMP-M* 0.182 1.09 2.69 0.57 1.22 1.52
EMP-M*+ECTX 0.155 1.08 2.67 0.55 1.17 1.46
EMP-D [10] 0.140 1.12 2.84 0.51 1.07 1.41
EMP-D* 0.129 1.11 2.76 0.51 1.06 1.35
EMP-D*+ECTX 0.129 1.15 2.83 0.50 1.03 1.33
Forecast-MAE [9] 0.117 1.16 2.97 0.48 0.98 1.34
Forecast-MAE* 0.126 1.06 2.67 0.49 1.03 1.32
Forecast-MAE*+ECTX | 0.117 1.06 2.70 0.47 0.98 1.27

Table 2: Ablation study on the influence of different encoder module using Forecast-MAE*. The
experiment marked with v uses only a single encoder for environment and lane data.

Context Encoder Test Set
Lanes ECTX MR4 minADE; minFDE4  brier-minFDE4
/T 0.323 0.84 1.72 2.03
X X 0.251 0.67 1.49 1.83
X v 0.188 0.64 1.38 1.70
v X 0.126 0.49 1.03 1.32
v v 0.117 0.47 0.98 1.27

to score the multiple trajectory hypotheses, and an auxiliary loss that predicts a single future for all
non-focal agents in the scene.

4 Results and Conclusions

We present detailed evaluations on our custom intralogistics dataset by comparing three baseline
models with and without our ECTX encoder. We evaluate our models using standard trajectory
prediction metrics [15, 16, 17]: minADEg, minFDE, brier-minFDE g, and MR . To capture
diverse future movements while maintaining a compact representation suitable for AMR control
systems, our models output 4 trajectory hypotheses. We compute these metrics for both the most
probable prediction (K = 1) and the full set of predictions (K = 4).

Evaluation on Intralogistics Dataset: Table 1 compares our baselines, Forecast-MAE [9] and
EMP-M/D [10], with and without our new ECTX module on our custom intralogistics dataset. For
all three models, the integration of ECTX significantly improves trajectory prediction accuracy on
our test set, leading to highly accurate overall results. Furthermore, our reduced-capacity config-
urations (marked by *) outperform the original architectures, better matching the limited dataset
size while suiting the computational constraints of embedded AMR hardware. Consistent with the
results from [10] on AV2 [17], EMP-D outperforms EMP-M due to its more sophisticated decoder
architecture. The intralogistics scenarios feature significantly fewer agents per scene, where the
neighborhood attention-based [11] agent encoder from Forecast-MAE brings an advantage over
the pure transformer version from EMP. Furthermore, comparing the ' = 1 and K = 4 metrics
reveals that ECTX substantially improves multiple-hypothesis generation, demonstrating that explicit
environmental context is crucial for accurately modeling multi-modal behavior.

Figure 1 compares the predictions of EMP-D* without and with ECTX on two example scenarios
from our test dataset. In the first scenario (top row), a vehicle navigates a rack pre-zone, where it can
either enter a rack aisle or continue in the open area. Without the environmental context of the rack
positions, the baseline EMP-D* predicts an invalid left turn that would lead to a collision with a rack.
Adding the rack positions using our ECTX encoder leads to well-suited trajectory predictions. In the
second scenario (bottom row), a vehicle is leaving an aisle having the option to either go left or right.
Using only lane data as context, the baseline model predicts a corner-cutting maneuver that would
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Figure 1: Both image pairs show scenarios from our custom intralogistics dataset. The left images
show from our baseline EMP-D* model and the right images from EMP-D*+ECTX.
In all images also the is shown. Using ECTX the possible turn inside the
rack aisles much better aligns with the given environment structures. For the second example using
ECTX the predicted trajectories do not interfere with the racks as the corners are not cut.

Table 3: Latency comparison for deployment on robotic hardware, alongside measurements from a
reference desktop GPU. We report inference latency for predicting all agents in the most complex
test scene (8 vehicles, 110 context elements).

Method ‘ ~ NVIDIA Jetson | NVIDIA ‘ Model
Orin Nano ‘ AGX Orin V100 Parameters

EMP-D*+ECTX 38 ms 15 ms 28 ms 1.2M

EMP-M*+ECTX ‘ 37 ms ‘ 15 ms ‘ 22 ms ‘ 791K

collide with a static obstacle. Once again, incorporating our environment encoder resolves this issue,
ensuring the predicted trajectories remain physically viable and collision-free.

Ablation Study: Table 2 details an ablation study evaluating the influence of lane and environment
context using Forecast-MAE [9]. As expected, map-free prediction (agent history only) performs
worst, as it cannot anticipate structural maneuvers like turns and predictions are limited to different
driving motion patterns. Using only the environment context from ECTX as input, trajectory
prediction accuracy significantly improves. This confirms that using the map elements provides a
valuable input for trajectory prediction. As expected, the addition of lane data yields the best results
overall. We also conduct an experiment where we utilize a single encoder module to encode both lane
polylines and environment polygons simultaneously. Processing both lane polylines and environment
polygons through a single encoder degrades performance, as the model fails to learn proper context
guidance. This confirms that distinct spatial modalities require dedicated encoder modules.

Resource Analysis: We evaluate the real-world inference latency of our EMP-based models for
predicting all agents in the most complex scene in our test set. For hardware, we use two types of
NVIDIA Jetson devices, which are designed for robotics applications, and include a comparison with
a standard NVIDIA GPU. The results in Table 3 highlight that our approach is very well suited for
real-time processing on AMR hardware. Forecast-MAE could not be tested in this evaluation setting,
because it uses neighborhood attention blocks [11], which are not supported for export to ONNX.

Conclusions: To solve trajectory prediction in complex intralogistics environments, we introduce the
environment context (ECTX) encoder, a versatile extension for state-of-the-art trajectory prediction
models. The ECTX encoder captures detailed map information on intralogistics specific elements
like racks. Extensive evaluations demonstrate that integrating ECTX significantly enhances baseline
accuracy. Furthermore, our findings emphasize that for custom robotic domains, specialized compact
architectures consistently outperform standard, large-scale models designed for autonomous driving.
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