
LaCE-LHMP: Airflow Modelling-Inspired Long-Term Human Motion
Prediction By Enhancing Laminar Characteristics in Human Flow

Yufei Zhu1, Han Fan1, Andrey Rudenko2, Martin Magnusson1, Erik Schaffernicht1, Achim J. Lilienthal1,3

Abstract— Long-term human motion prediction (LHMP) is
essential for safely operating autonomous robots and vehicles
in populated environments. It is fundamental for various
applications, including motion planning, tracking, human-robot
interaction and safety monitoring. However, accurate prediction
of human trajectories is challenging due to complex factors,
including, for example, social norms and environmental condi-
tions. The influence of such factors can be captured through
Maps of Dynamics (MoDs), which encode spatial motion
patterns learned from (possibly scattered and partial) past
observations of motion in the environment and which can be
used for data-efficient, interpretable motion prediction (MoD-
LHMP). To address the limitations of prior work, especially
regarding accuracy and sensitivity to anomalies in long-term
prediction, we propose the Laminar Component Enhanced
LHMP approach (LaCE-LHMP). Our approach is inspired
by data-driven airflow modelling, which estimates laminar and
turbulent flow components and uses predominantly the laminar
components to make flow predictions. Based on the hypothesis
that human trajectory patterns also manifest laminar flow (that
represents predictable motion) and turbulent flow components
(that reflect more unpredictable and arbitrary motion), LaCE-
LHMP extracts the laminar patterns in human dynamics
and uses them for human motion prediction. We demonstrate
the superior prediction performance of LaCE-LHMP through
benchmark comparisons with state-of-the-art LHMP methods,
offering an unconventional perspective and a more intuitive
understanding of human movement patterns.

I. INTRODUCTION

Long-term human motion prediction (LHMP) plays an
important role in ensuring the safe operation of autonomous
robots and vehicles in populated environments [1]. Accurate
prediction of people’s future trajectories over a prolonged
duration stands as a fundamental requirement for various
applications, including optimized motion planning, refined
tracking, advanced automated driving, improved human-
robot interaction, and enhanced intelligent safety monitoring
and surveillance. Accurate LHMP not only improves oper-
ational efficiency in relevant applications but also fosters a
higher level of acceptance among users and stakeholders,
as they can trust the systems to understand and anticipate
human motion more reliably.

Human motion is complex, influenced by various factors,
including not only an individual’s intrinsic intent and dynam-
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Fig. 1. Example of laminar component extraction in LaCE-LHMP. Upper-
left: LaCE model of a location in a shopping mall. Colored arrows show
flow directions with highest likelihoods; Upper-right: raw data (velocity
observations) in the ω − ν domain (i.e. speed and orientation) at a
specific location; Lower-left: histogram of the raw data ΓR; Lower-right:
extracted laminar component ΓL. The laminar component is used for motion
prediction in LaCE-LHMP.

ics but also external influences such as social conventions
and environmental cues. These factors collectively contribute
to the challenge of accurately predicting human motion [1].
Especially for predictions over an extended, very long time
horizon (20 seconds and more), the impact of complex, large-
scale environments on human behavior needs to be accounted
for. Unlike for short-term predictions, where considering
only the current state and immediate interactions can suffice,
the long-term perspective demands explicit modelling of
how the environment continuously shapes and directs human
motion. These influences cannot be adequately summarized
just by the current state of the individual and observed
interactions but instead require explicit modelling [2].

An effective approach to address this challenge is to use
maps of dynamics (MoDs). MoDs [3] are maps that encode
spatial or spatio-temporal motion patterns as a feature of
the environment. MoD-informed long-term human motion
prediction (MoD-LHMP) approaches are particularly suited
to predict motion in the long-term perspective, where the
environment effects become critical for making accurate pre-
dictions. By using MoDs, motion prediction can utilize previ-
ously observed spatial motion patterns that encode important
information about spatial motion patterns in a given envi-
ronment. Among the MoD-LHMP methods, Zhu et al. [4]
utilize CLiFF-maps [5], which capture multimodal statistical
information about human flow patterns, to make long term
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predictions. CLiFF-LHMP is shown to make accurate long-
term predictions, even when trained with small amounts of
data [6]. However, the modelling approach based on the
CLiFF map may struggle to differentiate dominant human
flow from irregular motion, and therefore the prediction
accuracy may be affected by anomalous data.

Detecting and identifying abnormal trajectories is a ma-
jor challenge in motion modelling and prediction. Existing
methods typically identify abnormal motions by comparing
them to expected behaviors [7] or measuring deviations
from normal motions [8]. However, these approaches require
labelled data for supervised learning.

In this paper, we propose the Laminar Component En-
hanced (LaCE) LHMP approach inspired by data-driven
airflow modelling [9]. Airflow can be characterized as a
combination of laminar and turbulent flow patterns in fluid
dynamics [10, 11]. Similarly, we postulate that human tra-
jectory patterns share this property, with laminar components
representing predictable motion and turbulent flow compo-
nents reflecting more unpredictable and arbitrary motion.
Accordingly, the proposed LaCE-LHMP approach extracts
laminar patterns in human dynamics and uses them for
motion prediction, mitigating the impact of anomalous data
in an unsupervised manner. During the prediction process,
the degree of laminar dominance is quantitatively measured
to make adaptive adjustments to the contribution of the
laminar component. LaCE-LHMP also ranks the predicted
trajectories and provides the most likely output, offering
practical utility for autonomous robots. Our approach shares
the benefits of the prior art in MoD-LHMP, while addressing
its limitations.

We demonstrate the proposed approach in quantitative
and qualitative experiments, comparing it to several state-of-
the-art LHMP methods. The superior prediction accuracy is
promising and supports the hypothesis that human motion
in real-world environments comprises underlying laminar
patterns. We note that the LaCE-LHMP approach not only
improves prediction performance but also offers an uncon-
ventional perspective on motion prediction and allows for a
more intuitive understanding of human movement patterns.
Furthermore, our approach can detect regions with more
prominent laminar patterns, which are more predictable than
those with predominantly turbulent patterns. The extent of
laminar dominance within an environment can be used for
robot motion planning and exploration tasks.

II. RELATED WORK

The numerous works in trajectory prediction attempt to
consider various factors that influence human motion, such
as observed dynamics, elements of the static environment,
semantic features and social interactions. Based on the under-
lying principle for the motion model, they can be categorized
into pattern-, physics- and planning-based approaches [1].

Pattern-based approaches rely on learning patterns and
regularities from historical motion data. They use techniques
such as Hidden Markov Models, Gaussian Processes and
in particular neural networks, to capture temporal depen-
dencies and probabilistic relationships in trajectory data.

Recurrent Neural Network (RNN) approaches [12, 13, 14,
1] model temporal dynamics and capture non-linear temporal
dependencies, while the approaches based on CNNs (Con-
volutional Neural Networks) extract spatial features that are
relevant for motion dynamics [15, 16, 17, 18]. Generative
models like GANs (Generative Adversarial Network) [19,
20], and CVAEs (Conditional Variational Autoencoder) [21,
22, 23] capture dynamic, non-linear dependencies under epis-
temic uncertainty. Transformer-based architectures introduce
attention mechanisms for context understanding [24]. Many
of these approaches primarily focus on predicting stochastic
interactions between diverse moving agents in the short-term
perspective in scenarios where the effect of the environment
topology and semantics is minimal.

Physics-based approaches construct kinematic models that
focus primarily on intrinsic motion dynamics. One such
simple yet effective approach is the Constant Velocity Model
(CVM), which has demonstrated competitive predictive po-
tential in the short term [25]. However, CVM falls short
when applied to long-term prediction tasks, as it lacks the
environmental information, external social interactions and
cognitive factors. Other examples of physics-based methods
include the Social Force model [26, 27, 28], Reciprocal
Velocity Obstacles approaches [29] and their extensions
such as ORCA [30], methods based on dynamics such as
Switching Linear Dynamical Systems (SLDS) [31]. These
approaches perform well in certain situations, e.g. for short-
term modelling of vehicle dynamics, but, similarly to the
CVM, struggle in the long-term perspective.

Planning-based methods, for instance using Markov De-
cision Processes, have shown a clear potential in the long-
term [32, 33, 34]. Using the map as input, these methods are
able to produce long-term non-linear paths towards to distant
goals. Still, these methods make optimality assumptions of
human motion, which may not always hold in practice. Some
further approaches are designed to predict trajectories over
extensive durations requiring, however, auxiliary inputs like
RGB images [35, 36] to make predictions.

In contrast, our model, LaCE-LHMP, works without ex-
plicit knowledge of the environment, and does not require
further inputs apart from the observed motion sequence.
Instead, it implicitly infers environmental factors and com-
mon goals from a representation of observed spatial motion
patterns, encoded in the Map of Dynamics (MoD), similarly
to CLiFF-LHMP [6, 4]. It combines aspects of physics-based
and pattern-based approaches, namely the velocity-based
transition model and generalization of observed motion.
Differently from the prior art, LaCE-LHMP makes the as-
sumption that human motion can be described with laminar-
turbulence characteristics similar to airflow and, accordingly,
extracts the laminar human motion component to predict
motion more accurately.

III. METHOD
A. Problem statement

We frame the task of predicting a person’s future trajectory
as inferring a sequence of future states. With the input
of an observation history of Op past states of a person,
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Fig. 2. Diagram illustrating the training and prediction phases of the LaCE-LHMP approach. In the training phase, observed trajectories (a) are used.
Velocity observations, which are depicted in (c) for (x, y) and (d) for ω-ν distribution, are clustered using K-means into K clusters, shown in (b). From
each cluster’s joint ω-ν distribution, a discrete ω-ν histogram ΓR is estimated to extract the laminar component ΓL, as shown in (e). The directions with
the highest likelihood in ΓL are represented by colored arrows in the LaCE model (f). The LaCE model is then utilized for prediction.

the method predicts Tp future states. The length of the
observation history is Os ∈ R+ s. With the current time-
step denoted as the integer t0 ≥ 0, the sequence of observed
states is H = ⟨st0−1, ..., st0−Op⟩, where st is the state of a
person at time-step t. A state is represented by 2D Cartesian
coordinates (x, y), direction ω, and speed ν: s = (x, y, ω, ν).
From the observed sequenceH, we derive the observed speed
νobs and direction ωobs at time-step t0. Then the current state
becomes st0 = (xt0 , yt0 , ωobs, νobs).

Given the current state st0 , we estimate a sequence of
future states. Similar to past states, future states are predicted
within a time horizon Ts ∈ R+ s. Ts is equivalent to Tp ≥ 1
prediction time steps, assuming a constant time interval ∆t
between two predictions. Thus, the prediction horizon is
Ts = Tp∆t. The predicted sequence is then denoted as
T = ⟨st0+1, st0+2, ..., st0+Tp

⟩.

B. Overview of the LaCE-LHMP approach

The LaCE-LHMP approach 1 consists of training and
prediction phases, as shown in Fig. 2. The training phase first
extracts the underlying laminar component from the observed
trajectories (described in Sec. III-C) and learns an MoD,
expressed through a set of probabilistic representations of
the target area, i.e., the LaCE model. In the prediction phase,
both the observed recent trajectory sequence and the learned
LaCE model influence the predicted trajectory, depending
on the degree of local laminar dominance. In order to select
the contributions from both factors depending on the local
situation, we propose an adaptive sampling process, see
Sec. III-D. Once a likely direction is sampled, the current
state can be propagated to predict sequences of future states.

C. Laminar component extraction for enhancing LHMP

The process of extracting laminar components from ob-
served human trajectories involves three sequential steps:

1) Spatial clustering: We apply K-means clustering to
group velocity observations within the area of inter-
est into K clusters, by spatial coordinates (x, y) for
calculating pairwise distances, as shown in Fig. 2(b).
Since the trajectories are not uniformly distributed in
the target area, clustering them allows to learn more
accurate, representative location-specific flow distribu-
tions in both densely and sparsely observed regions.

1Code: https://github.com/test-bai-cpu/LaCE-LHMP

2) Local ω-ν distribution modelling: Under the assump-
tion that clusters and the respective joint distributions
of directions (ω) and speeds (ν) are sufficiently stable
over time, we estimate a discrete ω-ν histogram ΓR to
represent each cluster’s joint ω-ν distribution from the
observed velocities zki = (ω, ν), i = 1, 2, 3, . . . , Nk,
belonging to cluster k, shown in Fig. 2(d). ΓR consists
of NS discrete states, each encapsulating unique com-
binations of direction and speed. State J represents the
estimated probability of a velocity possessing (ωJ , νJ ).
Given Nk observations in the cluster, ΓR is given by

ΓR(J |z1:Nk) =
fJ,Nk∑NS

j=1 fJj ,Nk

(1)

where fJj ,Nk is the observed frequency of the j-th
state at the cluster k.

3) Laminar component extraction: ΓR gives an intuitive
sense of the underlying ω-ν distribution. In reality,
ΓR is typically a mixture of more predictable laminar
components and “chaotic”, turbulent components. Ex-
tracting ΓR’s laminar component aids unseen trajectory
prediction because it is reasonable to assume that its
current (ω, ν) depends on its recent (ω, ν) as well as
the underlying laminar pattern. As shown in Fig. 2(e),
ΓL(J |z1:t) denotes the laminar component of ΓR.
ΓL(J |z1:t) is estimated using a Bayes filter [37], as
shown in Alg. 1, originally from [9].

The Bayes filter plays a critical role in Alg. 1 for updating
the likelihood for each state J . The Bayes filter incorporates
the empirical knowledge of the uncertainty with an observed
z = (ω, ν) using a measurement model given by

M(z|J) = 1

2πσωσν
exp−

(
∆(ω, Jω)

2

2σ2
ω

+
|ν − Jν |2

2σ2
ν

)
(2)

where ∆(ω, Jω) and |ν − Jν | correspond to great-circle dis-
tance and spatial distance (e.g., Euclidean distance) between
measurement z = (ω, ν) and the state J(Jω, Jν), respec-
tively. Parameters σω and σν correspond to the confidence
intervals with respect to the variables of direction variable
and speed, which can be set empirically. The measurement
model is used in the transition model given by Eq. 3:

C(J |Jj , z1:i) = C(J |Jj , z1:i−1) +M(zi|J) (3)
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Algorithm 1: Bayes Filter to extract laminar compo-
nents

Data: Number of states, NS

Total number of observations in the considered
cluster k, Nk

The i-th observation, z1, z2, zi, . . . , zNk

Result: Laminar component ΓL(J |z1:Nk) for each J
1 Initialization:
2 Initialize the prior of pJ,i without any observation as

pJ,i=0 = 1/NS for each J
3 for i← 1 to Nk do
4 Calculate p̄(J, i) using the p(J, i) and

C(J |Jj , z1:i), given by

p̄J,i =

NS∑
j=1

pJj ,i−1C(J |Jj , z1:i)

where C(J |Jj , z1:i) is a transition model that
accounts for the variability of (ω, ν) (see Eq.3);

5 Calculate pJ,i using

pJ,i =
p̄J,tM(zi|J)∑NS

j=1 p̄Jj ,iM(zi|Jj)

where M(zi|Jj) is a measurement model
defined by Eq. 2;

6 Calculate ΓL(J |z1:i) using

ΓL(J |z1:i) =
ΓL(J |z1:i−1) + pJ,i∑NS

j=1 Γ
L(Jj |z1:i)

.
7 end

Output: ΓL(J |z1:Nk) for each J given all Nk

observations

which assigns a posterior to each state J based on the
frequency of the transition between J and another state
Jj . This transition model enables the suppression of the
posteriors of states associated with intermittent transitions,
thereby enhancing the discernibility of laminar dominant
states. A comparison of the visualized raw trajectory data,
the corresponding probabilistic representation ΓR, and the
extracted laminar component ΓL is provided in Fig. 1.

D. Adaptive sampling based on Laminar-dominant condition

Considering that both the observed part of the trajectory
and the underlying laminar pattern can contribute to the
prediction, the our method involves a trade-off between
relying on the laminar component or adapting to recent
observations. For this reason, it is useful to quantify the
degree of laminar dominance to guide the trade-off. In our
proposed approach, the Kullback-Leibler (KL) divergence
between ΓR and ΓL, denoted as DKL(Γ

R ∥ ΓL), serves as
an indicator of thelaminar dominance. A larger divergence
value corresponds to a lower degree of laminar dominance.

In the prediction phase, to estimate T , for each prediction
time step, we sample a direction from the laminar component
corresponding to the current position. Assuming that a person

tends to continue walking at the same speed as in the
last time step, we bias the direction of motion with the
direction ωs sampled from ΓL, as ωt = ωt−1+(ωs−ωt−1) ·
K(ωs − ωt−1), where K(·) is a kernel function that defines
the degree of impact of the sampled direction. To define
the degree of laminar dominance, we employ a Gaussian
kernel with the KL divergence serving as the kernel width,
K(x) = e−β∥x∥2

, where β = 10DKL(ΓR∥ΓL). When there
is high divergence, indicating low laminar dominance at the
current location, the proposed method tends to behave more
like a CVM. Conversely, with smaller divergence, suggesting
the position is likely to be laminar dominated, and therefore,
the prediction will align more with a laminar pattern.

IV. EXPERIMENTS

This section describes the experimental setup for qualita-
tive and quantitative evaluation of the proposed approach.

Dataset: For evaluation, we use the ATC shopping mall
dataset [38]. This dataset covers a large indoor environment
with a total area of around 900m2. Given the immense length
of the ATC dataset (92 days), we use a subset of 10 days
in the experiments, with the first day for training and the
remaining 9 days for evaluation. For both our methods and
baselines, we use the same training and evaluation data.

Baselines: We compare the performance of our approach
with three baselines: CLiFF-LHMP, Trajectron++ and CVM.

CLiFF-LHMP [4], similarly to LaCE-LHMP, is based on
Maps of Dynamics, but uses a different representation of
human motion, namely the CLiFF-map. Differently from
LaCE-LHMP, the CLiFF-map has a regular grid structure and
uses Gaussian Mixture Modelling to detect the dominant mo-
tion patterns in each grid cell. Importantly, it does not factor
our the turbulent component of the training data. Previously,
the CLiFF approach was validated with the ATC dataset [38]
compared to a vanilla LSTM model as a baseline [6]. The
results show that the CLiFF approach outperforms the LSTM
model at the long prediction horizons of up to 60 seconds
in terms of the average and final displacement errors. The
superior performance of CLiFF-LHMP makes it a suitable
baseline algorithm for our comparative study.

Trajectron++ (T++) [21] represents a state-of-the-art ap-
proach employing a graph-structured generative neural net-
work based on a conditional-variational autoencoder. To
run T++ we used public code and trained the model for
100 epochs on the training day of ATC dataset. Parameter
configurations are provided with project code.

Implementation details: Given the map of the ATC
environment, we focus on the central square area highlighted
by the blue square in Fig. 3. This area has dimensions
where X ranges from −25 to 0 and Y ranges from −10
to 15, amounting to an area of 625m2. In contrast to
the east corridor, the central square offers a more open
space, allowing pedestrians greater freedom of movement
and presenting more obstacles. Conversely, the human flow
patterns in the east corridor are simpler and more restricted.

In the experiments, the ATC dataset was downsampled to
1 Hz. We use an observation horizon of 3 s for input and the
following trajectory (up to 20 s long) as the ground truth.
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Method ADE / FDE Top-k
ADE / FDE

CVM 4.26 / 9.01 -
Trajectron++ 6.09 / 12.86 2.96 / 5.86
CLiFF-LHMP 3.52±0.009 / 7.40±0.021 3.00 / 6.09
LaCE-LHMP (Ours) 3.31±0.006 / 6.93±0.013 3.00 / 6.13

TABLE I
LONG-TERM PREDICTION (20 s) RESULTS ON THE ATC DATASET. WITH

Os = 3 s, ERRORS ARE REPORTED AS ADE/FDE IN METERS.

For parameter settings of all the methods, prediction
horizon Ts is set to 1–20 s, and observation horizon Os

is 3 s. Prediction time step ∆t is set to 1 s. In the ex-
periment, the values of ωobs and νobs are calculated as a
weighted sum of the finite differences in the observed state,
as in the recent ATLAS benchmark [39]. With the same
parameters as in [39], the sequence of observed velocities
is weighted with a zero-mean Gaussian kernel with σ = 1.5
to put more weight on more recent observations, such that
ωobs =

∑Op

t=1 ωt0−tg(t) and νobs =
∑Op

t=1 vt0−tg(t), where
g(t) = (σ

√
2πe

1
2 (

t
σ )2)−1. For the LaCE-LHMP experiment,

in the spatial clustering step, cluster number K is set to 500,
targeting each cluster region to cover approximately 1m2 .
In constructing the discrete ω-ν histogram, speed (ν) bins are
defined at 0.2m s−1 intervals, ranging from 0 to 5m s−1, and
direction (ω) bins are defined at 10-degree intervals, covering
the full 360-degree range.

Evaluation metrics: For the evaluation of the predic-
tive performance, we used the following metrics: Average
and Final Displacement Errors (ADE and FDE) and Top-k
ADE/FDE. ADE describes the mean L2 distance between
predicted trajectories and the ground truth. FDE describes
the L2 distance between the predicted final position and
the ground truth final position at the last prediction time
step. Top-k ADE/FDE compute the displacements between
the ground truth position and the closest of the k predicted
trajectories. k is set to 5 in the evaluation.

For evaluating T++, we use the most-likely output con-
figuration, which generates deterministic and most-likely
single output. When evaluating our approach, for any given
observed sequence, LaCE-LHMP can be executed multiple
times to randomly generate a set of predicted trajecto-
ries. Based on practical applications for autonomous robots,
LaCE-LHMP can rank these predicted trajectories and pro-
vide the most likely output. The probability of the output
sequence T is calculated as the product of probabilities of
samples taken from histograms over Tp prediction time steps.
A higher probability results in a higher ranking. For CLiFF-
LHMP, we determine the likelihood of the sampled velocity
using the probability density function of the Semi-Wrapped
Gaussian Mixture Model distribution. For robustness evalua-
tion, both CLiFF-LHMP and LaCE-LHMP are run 10 times
and standard deviations are shown in Table I.

V. RESULTS
A. Quantitative results

We compare LaCE-LHMP with CLiFF-LHMP, T++, and
CVM with prediction horizon from 1 s to 20 s. Fig. 5 shows
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Fig. 3. CLiFF-map (left) and LaCE model (right) are shown in colored
arrows. In the CLiFF-map, arrows show the mean value of the component
with the highest weights. In the LaCE model, arrows show the directions
with the highest likelihood.
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Fig. 4. Left: KL divergence between ΓR and ΓL. Right: A heatmap
illustrating the FDE values of LaCE-LHMP in the ATC dataset, with a
prediction horizon of 20 s. Predictions exhibit higher accuracy in the central
region. Predictions exhibit higher accuracy in the central region, which is
predominantly laminar, as indicated by lower KL divergence.

the quantitative results obtained in the ATC dataset described
above. ADE/FDE and top-k ADE/FDE values for predictions
using the LaCE-LHMP and baselines are presented. In the
short-term perspective, all approaches perform on par. As
the prediction horizon increases, LaCE-LHMP increasingly
improves in terms of accuracy over baseline approaches.
Notably, our method achieves significantly higher accuracy in
the considered period. For the minimum ADE and FDE value
from 5 randomly sampled trajectories, T++ has achieved
better performance of top-k ADE/FDE, but in the long-term
prediction horizon of 20 s, our approach performs on par.
With effective ranking of predicted trajectories, our method
outperforms baselines in ADE/FDE values.

Table I summarises the performance results of our method
against the baseline approaches at the maximum prediction
horizon of 20 s. At 20 s in the ATC dataset, our method
achieves a 6.0% ADE and 6.4% FDE improvement in
performance compared to CLiFF-LHMP, and 45.6% ADE
and 46.1% FDE compared with Trajectron++. At the same
time, LaCE-LHMP achieves a comparable top-k ADE and a
slightly larger top-k FDE value compared with T++.

To evaluate the relation between prediction performance
and the degree of laminar dominance in the environment, we
present a heatmap of FDE values of our approach for pre-
diction horizon 20 s in Fig. 4. In laminar-dominated regions,
predictions made using the LaCE model are more accurate
than in regions with more turbulent patterns, indicating that
the former are more predictable.

B. Qualitative results
We present the CLiFF-map and LaCE model depicting

human flow patterns within the central area of the ATC
dataset in Fig. 3. The CLiFF-map describes the human flow
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Fig. 6. Two examples of predicted trajectory rankings using LaCE-LHMP.
The red line represents the ground truth trajectory, the green line represents
the observed trajectory and blue lines the predicted trajectories, with darker
shades of blue indicating higher-ranked predictions. The LaCE model is
shown in colored arrows. Predictions that align more closely with dominant
flow patterns, and are thus darker in blue, demonstrate higher accuracy,
showcasing the effectiveness of the ranking mechanism.

at a given location with a multimodal distribution, while
the LaCE model reveals the dominant human flow patterns,
achieved by estimating ΓL as a probabilistic representation
of the Laminar component for each cluster. The difference
between the two methods can be found in the bottom area
in the middle of both subfigures in Fig. 3. Both the LaCE
model and CLiFF-map present a horizontal human flow in
the middle of the scene. While in the bottom area, from
the LaCE model, one can observe a clear motion pattern
originating from the top and progressing toward the bottom.
In contrast, the corresponding area in the CLiFF-map exhibits
a less distinct flow pattern.

Fig. 6 demonstrates ranking predicted trajectories using
LaCE-LHMP. The predictions with a higher ranking (in a
darker blue colour) align with the dominant flow pattern in
the LaCE model and the highest-ranked prediction is closer
to the ground truth. We present examples of predictions in
Fig. 7. With CLiFF-map, the predictions exhibit a spread due
to the multimodal distribution within the map. In contrast,
predictions made with the LaCE model result in more
concentrated trajectories, aligning with the dominant flow
patterns observed in the middle area of the LaCE model.
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Fig. 7. Prediction examples in ATC with 15 s prediction horizon. Red line
represents the ground truth trajectory, green line represents the observed
trajectory, and the blue lines represent the predicted trajectories. Upper-
left: Prediction result of CVM, with the highest prediction error in this
case. Upper-right: Prediction result of T++. As no explicit map is provided,
the predicted trajectory might collide with obstacles. Lower-left: Prediction
result of CLiFF-LHMP. Despite not using an obstacle map, the predicted
trajectories avoid obstacles. CLiFF-LHMP captures multiple flow patterns,
such as passing through stairs (top of the map) and moving to the right,
resulting in a broader spread of predictions. Lower-right: Prediction result
of LaCE-LHMP. Compared to the baselines, our approach better captures the
dominant flow patterns. The generated trajectories are more concentrated,
closely following the dominant flow and yielding a more accurate prediction.

VI. CONCLUSION
In this study, we introduce a novel approach inspired

by airflow modelling to tackle the challenging problem of
long-term human motion prediction (LHMP). Our proposed
Laminar Component Enhanced (LaCE) LHMP approach is
designed to extract the laminar component of human trajecto-
ries, creating a probabilistic representation of the underlying
streamlined and predictable flows. This approach improves
the prediction of future motion patterns substantially. In
addition to the laminar flow component extraction, another
key innovation of the LaCE approach is its utilization of KL-
divergence to quantitatively measure the laminar-dominant
condition, allowing for adaptive adjustments to the contri-
bution of the laminar component in the prediction process.
The degree of laminar dominance can indicate the level of
predictability of human motion in the environment.

The promising results in a benchmark against the prior
art LHMP methods 1) confirm that laminar flow is a useful
category to analyze real-world human trajectories; 2) support
our hypothesis that laminar flow components are distinguish-
able in human motion patterns; 3) demonstrate the superior
prediction performance of the LaCE-LHMP approach; and 4)
show that laminar-dominant measurement can quantitatively
indicate the predictability of the regions, contribute to a better
understanding of human movement patterns.

In the future work, we intend to study more closely the
turbulent component of the model, which can be used to
describe, detect and predict abnormal behavior.
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