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Abstract� In this paper we present a hierarchical motion
and intent prediction system prototype, designed to ef�ciently
operate in complex environments while safely handling risks
arising from diverse and uncertain human motion and activities.
Our system uses an array of advanced cues to describe
human motion and activities, including generalized motion
patterns, full-body poses, heterogeneous agent types and causal
contextual factors that in�uence human behavior.

I. INTRODUCTION

Predicting the motion of humans and other agents is a
fundamental ability for advanced autonomous systems, in
particular if they operate in complex, highly dynamic and
safety-critical environments [1]. Contrary to this notion,
many existing systems lack advanced human motion per-
ception and prediction tools, and therefore need to operate
strictly conservatively to achieve safety. This approach may
work in simple cases, but eventually poses risks, delays and
distractions in the environment, and prevents the robots from
engaging in more complex interactive activities.

We advocate for the notion that the successful adoption
of mobile robots in industry is deeply intertwined with their
collaboration with human labor. Robot systems should not
only integrate smoothly into existing operations but also
facilitate effective and safe cooperation between robots and
human workers. This way, businesses of varying scales can
integrate intelligent automation systems without the need to
erect entirely new, fully automated production.

To that end, as part of the EU project DARKO1, we
developed a hierarchical system to predict human motion and
intentions with multiple components operating with a short-
and long-term perspective. We have designed the system
considering the following requirements:

� In order to accomplish its tasks, the robot needs to
move over long distances in topologically complex
environments. To ef�ciently plan the global routes, we
need to consider long-term trajectory predictions of
other moving agents and generalized dynamics patterns
in the environment.

� The robot shares the environment not only with walking
pedestrians, but also with other robots, as well as people
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Fig. 1. Overview of the prediction architecture.

occupied in diverse tasks, potentially operating material
handling equipment such as forklifts and delivery vehi-
cles. The robot should be aware of the distinct dynamics
patterns of those agents.

� For safe close-proximity interactions in narrow envi-
ronments, the robot should be able to read and interpret
full-body cues of the nearby people.

� As human behavior is a product of many task- and
environment-related factors, we need to learn the in�u-
ence of those factors and use it to re�ne our predictions.

The human motion prediction system developed and imple-
mented in the DARKO project hosts an array of methods with
increasing levels of context-awareness and high-level cues
of human behavior. It is designed to provide the required
levels of prediction accuracy and operation speed to the
downstream components. A summary is given in Fig. I.
In this paper we present the individual components of the
system, the novel human motion data we use for training
and evaluation, as well as the downstream methods.

II. DARKO PREDICTION SYSTEM ARCHITECTURE

A. Fast physics-based prediction
For short-term prediction, we deploy fast physics-based

methods [2] that are used by the robot controller for fast
reaction and collision avoidance. These methods can also be
used to improve the temporal association for people tracking.
With appropriate �lter calibration, we measured 0:15 �0:3 m
average displacement error of the Constant Velocity Model
(CVM) when making 1:6 s predictions.

B. Long-term trajectory prediction using Maps of Dynamics
For a more far-reaching outlook, we deploy long-term

trajectory prediction methods [3], [4]. Our solution is based
on using information about previously observed motion,
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Fig. 2. Left: Map of Dynamics, generalized from 5 min of motion
observed in the environment. Right: Multi-modal trajectory prediction for
a walking person.

speci�cally represented as a CLiFF map, which encodes
motion patterns in each location as a mixture of orientation-
velocity components [5]. We bias the CVM with samples
from the CLiFF-map to generate multi-modal trajectory
predictions (see Fig. 2). We found the predictions to be
up to 45% more accurate than the prior art, measuring on
average 1:4 m displacement on a 12 s horizon. In topolog-
ically complex large indoor spaces with multiple robots or
stationary sensors, long-term predictions can be used by a
global path planner to coordinate the robot with the ongoing
activities in the environment and proactively plan a path of
least disturbance.

C. Trajectory prediction for heterogeneous agents
We aim to improve the prediction accuracy and reduce

the forecast uncertainty in environments shared by hetero-
geneous agents with diverse dynamics. To that end, we
extended the MoD-based predictions with agent classes, as
well as train class-conditioned versions of several popular
prediction methods based on deep learning (LSTM, VAE,
GAN and transformer). We show that considering agent
classes can improve prediction accuracy in some settings [6],
but future work should concentrate on the rarely occurring
and unsupervised classes [7].

D. Full-body pose + trajectory prediction
Jointly with the 2D coordinates, we propose to predict

the short-term 3D full-body pose sequence using a novel
transformer architecture [8] (see Fig. 3). This method can
improve full-body pose tracking accuracy in the events
of sensor noise, partial or full occlusions, and inform the
robot controller in narrow and crowded locations where the
geometric representation of the person’s position as a point
on the plane may overly constrain the robot. On average, we
measured 0:15 m trajectory displacement on 2 s horizon and
0:43 m for individual joints of walking people.

E. Causal inference for modeling human behavior
To gain a deeper understanding of human behavior and the

contextual factors that in�uence it�such as robot proximity,
task type, and timing�we employ causal models. Speci�-
cally, we developed ROS-Causal [9], a framework designed
to collect trajectory data for humans and robots, enabling
onboard causal discovery and reasoning. Causal discovery
is conducted using F-PCMCI [10] and CAnDOIT [11],
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Fig. 3. Full-body pose and trajectory prediction over 2 s horizon at 16Hz.
Prediction is shown in red, ground truth in green.

Fig. 4. Left: Flow-aware path planning, complying to the direction
people usually walk in this environment. Right: Context-aware collision
avoidance, considering (1) full-body poses, (2) detected activities, and (3)
short-term motion predictions. The robot proactively clears the path of a
walking human, while preparing to bypass a standing person.

algorithms speci�cally tailored for robotics applications. This
approach reconstructs the causal model underlying human
behavior, providing a solid foundation for explaining and
enhancing human motion prediction.

III. TH ¤OR-MAGNI: HUMAN TRAJECTORY DATASET
WITH ADVANCED MOVEMENT CUES

Development of advanced prediction methods is chal-
lenging due to the lack of diverse motion and interaction
data with the relevant contextual cues. To support the de-
velopment of the DARKO components, we designed and
recorded the TH ¤OR-MAGNI motion capture dataset [12].
TH ¤OR-MAGNI consists of 52 four-minute recordings of
participants performing various industry-inspired activities
related to navigating alone and in groups, searching and
transporting small and large objects, and interacting with the
DARKO robot. TH ¤OR-MAGNI includes over 3:5 h of 6D
trajectory and head orientation data for 40 participants. On
top of that, eye-tracking data and fully labeled micro-actions
are available for 16 participants [13].

IV. INTEGRATION

In order to achieve long-term human-aware operation
of the DARKO robot, we propose a planning architecture
[14] that bene�ts from the components of the hierarchical
prediction stack. Speci�cally, we use sampling-based motion
planning [15] with added costs coming from the learned dy-
namics patterns (Maps of Dynamics) to plan �ow-compliant
path through the environment. To guide the robot along
the global path, we propose an ef�cient Model Predictive
Control (MPC) formulation that considers short-term 2D
motion predictions, 3D poses and current activities [16].
We showcase these components in Fig. 4 and describe the
planning stack in [14].
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