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generally distinguish three categories for human-following  
[4] behind the user, side-by-side and, in front of the user.

Following the user from behind eases the control problem 
since the user intention can be readily discerned from their 
trajectory. The most common strategy is direction following  
[2], in which the robot continuously moves to the direction 
of the user. A second approach involves following the path 
of the user  [5], while a third tries to predict the human posi-
tion, using it as a goal for the robot. Back-following, how-
ever, presents some drawbacks.  [6] have noticed that when 
the robot follows the human from behind, the human looks 
back to see where the robot is. This imposes a cognitive load 
and causes the user to pay attention to the robot either from 
curiosity, e.g. see where the robot has gone, or even from 
fear of the robot bumping onto the user. Further studies have 
shown  [7] that users feel least comfortable when the robot 
follows them from lateral positions to directly behind.

Recently, the “side-by-side” and “following from the 
front” problems have been addressed by some researchers. 
In contrast to “back-following”, the “side-by-side” and “fol-
lowing from the front” tasks face significantly increased dif-
ficulty. Specifically, in the former, the user orientation must 
also be taken into account in order for the robot to stay by the 
side of the human, while in the latter, prediction of the user’s 

1  Introduction

This work is concerned with the challenges involved in 
developing a ubiquitous form of Human-Robot interaction; 
moving in unison i.e. having the robot and the human tra-
verse the environment while being aware of and in close 
proximity to each other. In such a context, either the robot 
can follow the user, the user can follow the robot, or have an 
interchange of roles between the two. Although this behav-
iour has been vividly investigated by the robotics community 
Kruse et al. [1], Honig et al. [2], Islam et al. [3] for up-to-
date surveys), the vast majority of the literature considers 
the robot following the user from behind. However, we can 
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intention must also be incorporated. To make things worse, 
in some cases the robot might face undecidable situations, 
requiring user feedback to escape deadlocks. These can be 
exemplified by crossroads where there are distinct routes, 
completely disjoint from each other. Since the robot lies in 
front of the user, there may be scenarios in which it may be 
too late for the robot to turn correctly, as it may have already 
moved “too far” into the junction (Fig.1). In contrast, when 
moving inside a corridor the available motions form a “con-
tinuum” and one has but to select an optimal one, according 
to some objective function. Identifying undecidable areas 
is the first key step in this behaviour, with the second one 
being the resolution of such undecidability.

In this work, we focus on having the robot follow the user 
from the front, a behaviour called “front-following”. We 
propose a framework which employs real-time local kino-
dynamic planning in dynamic environments, detecting dis-
crete, continuous, and undecidable routes. Undecidability 
is resolved using a user intent identification scheme, based 

on the user-robot spatio-temporal relation. During normal 
navigation, the user’s and the robot’s preferred motions are 
fused based on the surrounding environment’s “narrow-
ness”, using shared control. All these tasks are arbitrated by 
a finite state machine, which transitions between them under 
the appropriate conditions.

This work stems from a series of research projects, the 
latest of which is the i-Walk project (http://www.i-walk.gr) 
regarding the development of a modular intelligent robotic 
rollator for the elderly and people facing motor and/or cog-
nitive impairments. Front-following adheres to the concept 
of cognitive Human-Robot Interaction  [8], i.e. non-physical 
interaction where the robot follows the user from the front 
in order to oversee them, analyse their gait and provide pos-
tural assistance either autonomously or on demand. It can 
also find applications in rehabilitation robots, providing a 
similar service. Since the most common form of patient-
robot interaction in this context relies on physical manipula-
tion of the device through the handlebars, e.g.  [8–11], this 
excludes patient groups who present with significant upper 
limb weakness or coordination issues. e.g. major stroke, 
cerebral palsy, cerebellar syndromes etc.

Other exampled applications are robots that carry loads 
e.g. robotic shopping carts, pickers, forklifts, suitcases or 
even UAVs which always face the user  [12].

The general architecture of our system considers both 
the environment and the user, arbitrating them to produce 
a safe motion for the robot (Fig.2). It consists of the Envi-
ronment Pipeline, using our kinodymanic planner to pro-
duce available motion clusters, and the User Pipeline which 
processes the human behaviour to infer intent. The two run 
in parallel and are fused into the Cluster Selection module 
which implements the Finite State Machine, monitoring the 
system’s state, detecting undecidable situations and resolv-
ing them using intent recognition. It produces the desired 
cluster in which the robot has to move. This is picked up 
by the Shared Controller, which then fuses the user’s and 
the robot’s desired motion, outputting velocity commands 
to steer the robot.

Fig. 2  General architecture of the 
shared-control framework
 

Fig. 1  The fundamental problem of front-following regarding undecid-
ability and user intention: how can the robot discern which turn the 
user will take, when it hasn’t been reached yet?
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1.1  Contributions

Preliminary results of our work have been incrementally pre-
sented in a series of conference papers  [13, 14]. This paper 
presents a number of significant contributions, namely:

(a)	 A path planning and clustering process which produces 
permissible routes safely guiding the user through nar-
row, cluttered or high-undecidability areas;

(b)	 A user intention recognition algorithm which robustly 
resolves undecidable situations to smoothly follow user 
intent;

(c)	 Elaboration of a finite-state machine framework which 
orchestrates the user-robot interaction to enable an 
autonomous, context-adaptive, shared-control mode of 
operation;

(d)	 Extensive experimental evaluation of the whole system, 
both under controlled, as well as realistic settings.

In detail, the following significant extensions with respect to 
our earlier work are presented:

	● The clustering process has been extended with new 
mechanisms to improve performance in cluttered and 
dynamic environments. In particular, an inter-frame cor-
respondence algorithm is introduced, which matches the 
derived clusters through space and time. Also, a geomet-
ric operation between cluster is described, called “direc-
tional slicing”, which removes unwanted paths during 
turning, leading to smoother motion.

	● The intention recognition algorithm has been enhanced 
by introducing persistence; a mechanism to keep the 
user-selected cluster “selected” in subsequent frames. 
Furthermore, the scoring mechanism now has a tem-
poral dimension allowing score “decay” through time. 
This way, the contribution of false positives to the final 
selection is attenuated, leading to more robust and quick 
selection process.

	● The shared-control framework proposed is formally 
described by means of a Finite State Machine, which 
governs the overall operation of the system, encoding all 
appropriate critical states and events.

	● A full series of systematic and extensive experiments 
has been performed, followed by a statistical analysis 
of the results which quantitatively validates the perfor-
mance of our proposed framework enabling more in-
depth conclusions.

	● A real-life experiment in an uncontrolled, unknown and 
dynamic environment has also been conducted and is 
presented in this paper, allowing the observation of the 
behaviour of the system in real situations, with humans 

randomly walking and interacting with the system as it 
operates in the premises.

The rest of the paper is organized as follows; Sect. 2 surveys 
work related to the front-following task. Section 3 presents 
the problem definition and the kinodynamic planner. The 
human tracking technique and the process of computing the 
human-selected path, are analysed in Sect. 4. Undecidability 
detection and resolution is presented in Sect. 5. The shared 
control algorithm is detailed in Sect. 6 while the experi-
ments, their analysis and a discussion about the results, are 
given in Sects. 8 and 9.

2  Related Work

The front-following problem has primarily been addressed 
through anticipatory control strategies, in which the robot 
infers the user’s motion intent and tracks a virtual target 
projected in front of them. For instance, Jung et al. [6] use a 
particle filter over LRF data to estimate the user’s pose and 
track a forward-projected goal. Similarly, Mi et al. [15] esti-
mate the bisector of the user’s shoulders using a Kinect and 
apply a Kalman filter for goal prediction, though their sys-
tem is sensitive to gait variability. This issue is addressed in  
[16], where multiple LRFs and a nonlinear model predictive 
controller yield more stable and human-friendly tracking 
while keeping the robot within a constrained comfort zone.

Pose estimation and filtering are also used in systems 
such as   [4, 17], which apply the nonholonomic human 
model   [18] and unscented Kalman filters for smoother 
tracking. Shen et al. [17] introduce a sway suppression algo-
rithm to stabilize heading estimation from a 3D torso scan. 
In contrast, Gai et al. [19] implement a gesture-controlled 
cart using Kinect but support only straight-line commands. 
Several other systems leverage deep learning to anticipate 
user motion. Zhao et al. [20] use LRF and thermal sensors 
to capture gait and apply a neural network for intent recog-
nition. This work is extended in  [21]. Similarly, Gao et al. 
[22] use a LRF with a Kalman Filter to predict the user gait 
and pose. They produce a velocity vector field which guides 
the robot to a target pose ahead, but do not consider envi-
ronmental constraints.

More recent work explores sophisticated learning-based 
pipelines for user motion forecasting.  [23] use a deep rein-
forcement learning approach (D4PG) to generate short-
term navigation goals based on user motion, which are then 
tracked via the Timed Elastic Band (TEB) planner   [24]. 
A similar TEB-based planning architecture is employed in  
[25], where transformer models predict user skeleton and 
future trajectory from ZED2 depth images. These forecasts 
are used to determine a target pose two meters ahead. In  
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it is often limited in scope, geometry, or scalability. The 
approach proposed in this work aims to bridge this gap by 
integrating general-purpose obstacle reasoning with a light-
weight mechanism for detecting and resolving user intent at 
ambiguous decision points.

3  Dynamic Window Arc-Line Planner

In this section we describe the DWAL planner, motivated by 
the idea that arc-line paths are better suited for navigation in 
structured environments than plain arc paths.

3.1  Motivation

An undecidable area is characterized by the presence of two 
or more distinct “routes”. To detect them, at each point we 
calculate all the feasible local paths the robot can take, for 
a specified time interval ahead. Collecting these paths, we 
see if they can be clustered into path equivalence classes  
[33]. In this work we present a new simple way of produc-
ing these classes in real-time, using a modified Dynamic 
Window Approach (DWA) called the Dynamic Window 
Arc-Line Planner (DWAL). Our planner has the advantage 
of producing geometrically concise classes (called “path 
clusters”) and allows for the definition of straightforward 
metrics that convey useful information e.g. cluster span, 
mean/median path etc.

The DWA  [34] is a widely used kinodynamic local plan-
ner which searches for collision-free paths in the input space 
(v, ω). It simulates paths forward in time for a predefined 
period Ts, selecting the optimal one according to a scoring 
function. The time interval defines a temporal window in 
the sense that the robot can change its velocity in a bounded 
way, until the planner reiterates the dynamic window with 
new values. The DWA essentially produces paths of con-
stant curvature i.e. arcs.

For our problem, arcs are a poor candidate since we are 
not only checking for collision but want to calculate “open-
ings” in the surroundings which signify distinct routes of 
motions; see, for example, Fig.3A. Arcs, seen dashed on 
the left, collide with the walls and thus discard valid direc-
tions of motion. This collision depends on Ts, which essen-
tially determines the forward simulation time interval of 
the robot’s motion and thus defines the arc length. If Ts is 
large, the DWA computes longer paths that reach far into the 
environment. However, their predictive fidelity is limited 
since the set of possible paths increases as the simulation 
looks forward in time. Reversely, a small Ts leads to shorter 
projected paths, providing a more realistic set of available 
paths, but its predictive capability is weakened. This trade-
off between predictive power and fidelity is inherent in 

[26], a feedforward neural network predicts user position 
half a second into the future based on the center of gravity 
derived from Azure Kinect skeleton data, and a PID control-
ler regulates the robot pose accordingly.

Other anticipatory approaches use multi-sensor setups or 
wearable devices. Cifuentes et al. [27] combine LRF data 
with wearable IMU sensors to estimate user kinematics 
and reduce robot-user pose error through inverse kinemat-
ics. However, like most of the above, this system assumes 
free-space motion. In   [28], head orientation is tracked to 
infer intent and maintain proximity, though the system just 
stops at obstacles and fails under occlusion when the head is 
seen from obtuse angles. A small number of systems adopt 
a passive control scheme where the robot is guided by user 
interaction. In  [29], an AR marker is tracked via a monocu-
lar camera to estimate pose, and the user effectively steers 
the robot by changing lateral offset—akin to pushing a cart. 
A similar control method is used in  [13], where the robot 
velocity is regulated by distance and heading offset.

All previous systems assume no obstacle presence, 
whereas only a few approaches incorporate environmen-
tal awareness. Hu et al. [30] propose a hybrid method that 
switches between anticipatory and passive control depend-
ing on user distance, blending their velocity outputs with 
obstacle avoidance commands generated via potential fields. 
Sensors include an RGB-D camera, a LRF and sonar. While 
the system performs well in confined environments and 
junctions, passive steering leads to oscillatory robot motion, 
and no analysis of how obstacle layout affects user trajec-
tory is provided. Nikdel et al. [31] extend anticipatory track-
ing with collision-aware goal prediction, projecting the goal 
ahead of the user and adjusting it via a wall-following-like 
algorithm if it intersects an obstacle. Although it supports 
recovery after failed turns, this method requires computa-
tionally intensive map processing (e.g., morphological fil-
tering and Hough transforms) and is limited to rectilinear 
environments. Most recently,   [32] combine Monte Carlo 
Tree Search with deep reinforcement learning to generate 
local goals that avoid both occlusions and obstacles. These 
are tracked using TEB, but the method has not been vali-
dated at junctions or in cases requiring explicit disambigu-
ation of user intent. Its preference for eliminating occlusion 
over resolving user intent, may override more contextually 
appropriate path choices.

In summary, most front-following systems assume free-
space operation and rely on predictive models to forecast 
user motion. Passive systems are simpler but shift control 
burden to the user. Although several anticipatory systems 
have been augmented with learning-based user models, only 
a limited number account for obstacle-rich environments, 
and even fewer support disambiguation of user decisions 
at intersections. Where environment-awareness is present, 
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be the maximum (minimum) velocities in the dynamic 
window. Assuming that the robot only moves forward i.e. 
vR ≥ 0, then, the maximum and minimum curvatures are, 

κmax =
{

ωmax/vmin , ωmax ≥ 0
ωmax/vmax , ωmax < 0

κmin =
{

ωmin/vmin , ωmin ≤ 0
ωmin/vmax , ωmin > 0

� (2)

By imposing a maximal permitted curvature ksup, the range 
(klo, kup) of valid curvatures is given by: 

κup = min(κmax, κsup) , κlo = κmin� (3)

To compute the generated paths, we consider that all arc-line 
paths are simulated until they reach a distance R, meeting a 
circle of the same radius, centered at the robot. Thus, all 
endpoints lie on this circle (Fig.3B). However, we can dis-
cern two cases; the first is when only arc paths are consid-
ered. This is depicted in the right half of Fig.3B. The second 
one is when we utilized arc-line paths (left half of Fig.3B). 
In this case, the “line” segments of the arc-line path is paral-
lel to the Y-axis and tangent to the arc segments at point C.

Considering the arc paths, let XOY be the rigidly attached 
robot coordinate frame. The robot moves along the arc 
OA, for a length ΔS acquiring a heading of ΔΘ. The arc 
has a curvature κ. The segments OB and AB are inter-
secting tangents to the same circle (arc), thus OB = AB 
and the triangle 

�
OAB is isosceles. This implies that the 

angles ∠BOA and ∠OAB are equal, denoted as ϕ. Since 
∠OBA = π/2 − ∆Θ, we arrive at the following equation, 

ϕ = ∆Θ/2� (4)

Point K is the centre of the circle containing the arc, which 
by design, has a radius of 1/κ. Since OB and AB are tan-
gents to this circle, the perpendiculars at points A and O 
are radii of the circle and intersect at its center K. Since the 
quadrilateral □OKAB has two right angles, it is easy to 
see that the angle subtended by the arc from K is ΔΘ. From 
geometry we know that 

real-time motion planners such as the DWA, the Curvature-
Velocity method   [35], the Lane-Curvature method   [36], 
the Beam-Curvature method  [37] and others, as they seek 
to make the problem tractable by limiting the search space. 
Optimal planning using continuous differentiable curvature-
constrained paths in 2D, is known to be an NP-hard problem  
[38].

Our proposed local planner employs the short-range 
kinodynamic fidelity of the DWA, but at the same time 
looks further into the environment to collect equivalence 
classes and provide “motion routes”. This is achieved by 
using arc-line paths i.e. arcs that are followed by a straight 
line (Fig.3A). This way, the paths are kinodynamically fea-
sible, since at the beginning they are identical to the DWA-
generated arcs, while, as they are simulated further into the 
workspace, they are used to extract topological information 
of the environment. This metric-topological duality of the 
planner is used to detect undecidability and provide kinody-
namically feasible motion, at the same time.

In contrast to trajectory optimization approaches such 
as TEB or MPC, which produce a single locally optimal 
trajectory, DWAL explicitly enumerates multiple kinody-
namically feasible paths and groups them into route-level 
equivalence classes. This preserves distinct alternative 
routes within the local environment, allowing the planner 
to represent multiple feasible options simultaneously rather 
than committing to a single path. Such a capability is partic-
ularly useful in situations where several route-level alterna-
tives exist, supporting higher-level reasoning and informed 
path selection.

3.2  Path Bundle Generation

Consider the available curvatures attainable by the 
dynamic window for each given velocity tuple (vR, ωR). If 
(αmax

v , αmax
ω ) are the maximal linear and angular accelera-

tions, let 

vmax(min) = vR + (−)∆Tαvmax

ωmax(min) = ωR + (−)∆Tαωmax
� (1)

Fig. 3  A) Forward simulation of 
arc paths (left) and arc-line paths 
(right). B) Calculation of an arc 
(right) & arc-line path (left)
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3.3  Clustering

To perform clustering of the path bundle, we firstly discard 
all colliding paths and define two parameters; the clus-
ter separation Csep ∈ N and the minimum cluster span 
Wspan ∈ R. Two paths Pi, Pj(i > j), belong to the same 
cluster if i − j ≤ Csep; thus the cluster separation essen-
tially expresses the minimum number of paths between 
two clusters. This condition is checked for all the paths 
and produces clusters Ck,l(l > k), with Pk being the front 
cluster path and Pl the back. Using (8),(6), we can associ-
ate to each path its curvature κ and its angle ϕ. The cluster 
span Wk,l is the length of the chord defined by the angle 
ϕl − ϕk ≡ ∆ϕk,l, and given by, 

Wk,l = 2R sin ∆ϕk,l

2
� (10)

To avoid small clusters which could be the result of noise 
or could signify very tight spaces which the robot could not 
pass safely, those with a span Wk,l ≤ Wspan (set to 0.2m 
in our trials), are rejected. For each cluster, we select the 
“optimal” path PC, having the lowest cost. This corresponds 
to an angle ϕC and curvature κC called the cluster angle and 
curvature respectively.

Clustering is also performed using two circle radii (called 
levels). The first is called the intention level and sees further 
into the environment using Rfar = 4m, while the second is 
the motion level with Rnear = 2m (Fig. 4E). It is crucial to 
note that these levels serve as abstract categories and may 
even switch during operation, e.g. the motion level can use 
Rfar.

3.4  Directional Slicing

Using multiple levels, the robot has the tendency to make 
wide turns. This was alleviated by setting the motion clus-
ter to the near level using the switching strategy presented 
in  [14]). Further trials revealed that even though the near 
cluster provides a larger span, it also presents directions that 
are unwanted during turning. For example, in the right turn 
seen on Fig. 4A, all available directions of the near cluster 
(in blue) pointing left towards the outer wall of the turn, 
are unwanted as they confuse the robot into thinking it can 
move there. This leads to making wider turns and exacerbat-
ing the very problem meant to solve. A similar behaviour 
can be seen in Fig. 4C, where motion directions to the left 
are unwanted.

To handle this problem, we introduce a cluster opera-
tion called “directional slicing”. Given a cluster Fk,l which 
the user has selected in the far level, and a slicing direction 
between “left” or “right”, directional slicing of the cluster 

∆Θ = 2 arcsin(κR/2)� (5)

and using (4), 

κ = 2sin ϕ

R
⇐⇒ ϕ = arcsin(κR/2)� (6)

For the arc-line paths, at the endpoint of each arc (point C 
in Fig.3B-Left) we attach a straight line segment CA which 
is parallel to the y-axis and tangent to the arc at C. This 
implies that for the arc-line (AL) paths we have the condi-
tion that ∆Θ = π/2. From (4) we see that for these paths 
ϕ = π/4, hence all arcs of AL paths terminate on a line of 
45∘ starting from O.

For consistency of notation we will define ϕ to be the 
angle between the x − axis and the segment OE, for the AL 
paths as well. To calculate the relation between κ and ϕ for 
AL paths we have, 

x = R cos ϕ = |OC| cos π/4

|OC| = 2sin π/4
κ


 ⇒ R cos ϕ = 1

κ
� (7)

and thus, 

κ = 1
R cos ϕ

⇐⇒ ϕ = arccos 1
κR

� (8)

To produce the path bundle, we sample the circle at fixed 
angle spacing Δϕ, such that the arc R∆ϕ = 0.1m. The mini-
mum and maximum ϕ are, 

ϕmin(max) = arccos 1
κlo(up)R

� (9)

For on-line mapping of unknown (and dynamic) frontal 
obstacles, a rolling costmap centred at the robot is used. 
Using the frontal LRF, a 2D occupancy grid is produced 
marking each cell with a cost, characterizing it as either 
obstacle, free space or unknown space.This was imple-
mented in ROS using the Costmap_2d package1, with a cell 
edge of 0.1m.

The planner simulates each path, sampling it with a fixed 
spatial resolution (currently set to 0.1m), and checks for 
obstacle collision in the costmap along the way. If the path 
collides, it is cut off at the collision point. The path is given 
the maximum cell cost of the cells it traverses, unless it col-
lides, in which case it is set to a maximum cost. Given that 
the further a cell is from obstacles, the lower its cost, this 
ensures a minimum clearance of the path from obstacles.

1  wiki.ros.org/costmap_2d.
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there are clusters CT +1
kj ,lj

(j = 1...m) with mean angles ϕT +1
j  

and IDs IT +1
j . Create the n × m distance matrix D such that 

Di,j = |ϕT
i − ϕT +1

j |. Now find the minimum element Dp,r 
in D, corresponding to the clusters CT

kp,lp
 and CT +1

kr,lr
, and 

assign the cluster ID IT +1
r = IT

p . Following, discard that 
element and loop over D again, in total min(n, m) times. 
If n ≥ m, that is, there are less or the same number of new 
clusters at T + 1, then each has been assigned an appropri-
ate ID. On the other hand, if n < m, then there are more new 
clusters. In this case, start assigning IDs to the new clusters, 
ranging from one up, disregarding the already numbered 
ones and until all clusters have been numbered. A pseudo-
code of the algorithm is given in Algorithm 1.

Since in each iteration the closest pair is discarded, there 
is no guarantee that each new cluster has the ID of its closest 
previous one. This holds true only for the first pair.

Fk,l and the near level Rnear, produces the path bundle of 
the said level such that if slicing direction is right then its 
maximum path is Pl and its minimum is either Pn, if another 
cluster Em,n such that m < n < k < l exists, or P1 if no 
such cluster exists. The operation of left directional slicing 
is defined in a similar manner.

Examples of “right” directional slicing can be seen in 
Fig. 4B  4D. In the first, there is only one available cluster 
in the far level, hence the slicing produces a motion clus-
ter in the near level which spans the maximum path (i.e. 
the left border) of the far cluster down to the first available 
non-colliding path in the near level. The resulting “sliced” 
motion cluster is depicted in blue. In the second case where 
there are more than one far clusters (Fig. 4D), assuming that 
the user has selected the left far cluster (in brown color), the 
slicing produces a near motion cluster which spans from the 
maximum path of the selected cluster, to the maximum path 
of the far cluster before it (i.e. on its right). The sliced clus-
ter is again shown in blue. What directional slicing does is 
remove unwanted directions of motion during turning while 
providing a wider motion range than the ones offered from 
the selected far cluster.

3.5  Inter-Frame Correspondence

The clusters are being created in an iterative fashion, match-
ing the update rate of the front LRF. Each cluster has a unique 
ID number that is propagated over time. As the robot moves 
around however, the clusters change both in number, size 
and direction. Complex situations can also emerge, such as 
the division of a cluster into sub-clusters overlapping with 
the original one, the elimination of clusters etc. This creates 
a need for spatio-temporal cluster correspondence between 
frames, in order to preserve consistency.

The algorithm for this correspondence is based on the 
minimum distance between the mean cluster angles. Spe-
cifically, let at frame T be clusters CT

ki,li
(i = 1...n) with 

mean angles ϕT
i , and IDs IT

i  respectively. At frame T + 1 

Fig. 4  (LEFT) far (orange) and 
near (blue) clusters in a T-Junc-
tion. (RIGHT) (A+C): using the 
far cluster (orange) and the near 
clusters (blue) in turning. (B+D): 
directional slicing of the clusters
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vH =





0 , xH > x0

k1(xH − x0) , x2 ≤ xH ≤ x0
vwalk , x1 ≤ xH ≤ x2

vmax
R − k2xH , 0 ≤ xH ≤ x1

� (11)

where vwalk is a predefined walking velocity, 
k1 = vwalk/(x2 − x0) and k2 = (vmax

R − vwalk)/x1.
According to (11), vH depends only on the longitu-

dinal distance xH of the human to the robot. It is defined 
by three piece-wise linear regions; the approach region 
(x2 ≤ xH ≤ x0), the walking region (x1 ≤ xH ≤ x2) 
and the collision region (0 ≤ xH ≤ x1). The approach 
region refers to the phase in which the user first engages 
with the robot, approaching it from a distance. It is the 
first region where the robot gains velocity to follow the 
user. When the user is in the walking region, the robot has 
a constant velocity viz. the walking velocity vwalk. In this 
region the robot moves in unison with the user. If the user 
moves close to the robot, he enters the collision region 
and the robot accelerates up to the maximum velocity 
vmax

R . In our experiments, the following values were used: 
vwalk = 0.5m/s, vmax

R = 0.6m/s, x0 = 1.5m, x1 = 0.6m 
and x2 = 1.2m. The selected walking velocity corresponds 
to the typical gait speed observed in our target population  
[40].

The human angle ϕH depends solely on the lateral dis-
tance yH of the user to the robot, viz. 

ϕH =
{0 , |yh| < ϵ

kϕsgn(yH)(|yH | − ϵ) , |yh| ≥ ϵ
� (12)

where ϵ is a deadband and kϕ is a constant. The value of 
ϵ was set to 0.1m following tuning sessions with users. 
Note that the deadband filters the natural walking sway 
of the user but also changes the sensitivity of the human 
input system. A narrow deadband might make the system 
oscillate while a wide one could make it less responsive. 
The sensitivity of the system can be further regulated by 
varying kϕ.

Using (12), the human selects a moving direction ϕH by 
moving “off-axis” relative to the robot velocity. When the 
user strafes right (left), a left (right) direction is selected 
(see the supplementary multimedia file sv1.mp4, for a 
video overview). It also means that in order to turn the 
robot the user must perform an unnatural walking pat-
tern by sidestepping. This magnifies the intentionality of 
the user as it is unlikely to perform such gait in natural 
motion. The deadband acts as a noise filter, rejecting nor-
mal walking variability.

4  Human Tracking & Input

The robot regulates its behaviour according to the user’s 
position in order to infer their intention. Consequently, user 
tracking constitutes a core component of such systems. 
Many advanced techniques have been proposed in the liter-
ature, employing Inertial Measurement Units (IMUs)  [27], 
video cameras  [29], and depth sensors such as the Micro-
soft Kinect  [4, 19, 30]. Approaches that infer user intention 
from torso or head motion, particularly in front-following 
scenarios, have been investigated by  [15] and  [28]. Experi-
mental results, however, indicate that such systems are 
highly sensitive to the walking pattern (in the torso-based 
case) and to occlusions from oblique viewpoints (in the 
head-based case). These issues can lead to abrupt or unstable 
robot motion and, in some cases, collapse the control loop. 
Moreover, these methods require additional sensing hard-
ware (e.g., depth cameras) and considerable computational 
resources for skeleton extraction and real-time processing.

Conversely, we adopted a simpler yet robust approach 
based on a Laser Range Finder (LRF). The LRF is mounted 
on the rear side of the robot, facing the user, and scans the 
leg region within a rectangular area termed the Human 
Interaction Zone (HIZ)   [27] (see Fig. 5). This configura-
tion simplifies the control scheme and provides greater 
robustness to estimation errors compared to approaches that 
attempt to infer the user’s full-body orientation or velocity. 
The resulting user position is denoted as (xH , yH). Further 
implementation details can be found in  [39].

The human input module translates the user position into 
meaningful information regarding the motion of the robot, 
producing the reference human velocity vH, and the human 
angle ϕH. The human velocity is a reference for the robot 
velocity, but is further regulated by the shared controller 
based on the current system state (see Sect. 6). If (xH , yH) 
is the user position, the human velocity is given by, 

Fig. 5  Illustration of the human angleϕH
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top two scores are extracted. When the largest one passes a 
predefined threshold Θ and it is 50% bigger than the second, 
then the scoring terminates and the top cluster is selected. If 
not, scoring continues until a timeout has expired and the 
top score is chosen. Currently, Θ was set to “3”. This means 
that border clusters will be selected in one second while 
central ones, in three.

Using this scoring function, if the user wants to turn, they 
perform a strafing motion in order to create an offset from 
the robot axis and increase the value of yH. According to 
Eq.(12), this increases |ϕH | which ultimately builds up the 
scores of the side clusters quicker than the central ones. This 
uneven scoring distribution has been implemented keeping 
in mind that the strafing motion is an unnatural one, and thus 
if observed, is most likely intentional. Hence, a larger incre-
ment expresses higher a confidence on user intentionality.

In the case of straight motion, it is probable that the user 
fails to realise in time that the robot has encountered unde-
cidability and continues to walk forward, scoring the central 
cluster. A smaller score increment here expresses the lower 
confidence on user intentionality.

To make the user perceive the beginning of the “observa-
tion” mode more clearly, when undecidability is detected 
the robot abruptly halves its velocity to signify to the user 
that the state has changed. Hence, the user has but to per-
ceive this sudden drop in the velocity; not its actual value. 
Importantly, this sudden velocity change is only met during 
this state transition and cannot be mistaken for any other 
case.

Furthermore, to make the scoring algorithm more forgiv-
ing to false positive scores the scoring algorithm exhibits 
decay with time. Thus, the user-intended cluster must be 
selected in a persistent manner. The decay term is described 
by, 

decay = Θ/fTD� (14)

where TD is the decay duration. After TD secs of decay, the 
scores have decreased by Θ in total. By tweaking the decay 
duration, one can control the decay velocity.

The update rate f defines how often the scoring mecha-
nism processes the human angle ϕH. Since both the score 
increments (Eq. 13) and the decay term (Eq. 14) scale with 
1/f , the total accumulation and decay over real time are 
unaffected by f. Thus, the time needed to reach the threshold 
Θ, and the resulting decision windows, remain unchanged. 
Higher update frequencies simply provide smoother score 
evolution without altering the decision timing. In this work 
we have used f = 10 Hz to match the Human Input module 
and ensure responsive behaviour with low computational 
cost.

5  Cluster Selection

The Cluster Selection module is responsible for selecting 
one of the available clusters for motion. It receives input 
from the “Environment” and “User” pipelines, fuses them 
according to a finite state machine, detects undecidable con-
ditions and resolves them through user intent recognition. In 
general, the following principle is followed:

The user selects the cluster to move in, while the robot 
selects the path to move on.

Thus, the user makes high-level decisions about the specific 
route to take when undecidability is detected, and then the 
robot takes over, calculating continuously the optimal path 
in the selected cluster. In some situations, robot and user 
jointly manage the motion path (see Sect. 6).

5.1  Undecidability & Intent

Undecidability emerges when there are distinct motion 
routes presented to the user/robot pair, and it is impossible 
for the robot to chose the one the user wants to go, without 
user feedback. Thus undecidability is a state of the robot. 
The formalization of undecidability within our framework 
can be described as follows;

Definition 1  (Undecidability) Let, at frame T, be n clusters 
available and the user has already selected, and moving in 
one of them. If at the next frame T + 1 there are m clusters 
such that m > n, then an undecidable situation has emerged.

When undecidability is detected, the robot enters an obser-
vation state trying to infer the cluster that the user wants 
to move in. This intent recognition algorithm is based on a 
cluster scoring mechanism using the human angle ϕH, pro-
vided by the Human Input module (Eq.(12)). During this 
state, the clusters start with a zero score. At each time frame, 
the cluster closest to the human angle is picked up and its 
score is incremented using a scoring function S(ϕH), given 
by, 

S(ϕH) = 1
f




1 , |ϕH | ≤ 0.1ϕmax

3 , |ϕH | ≥ 0.8ϕmax

1 + |ϕH | − 0.1ϕmax

0.35ϕmax
, otherwise

� (13)

The angle ϕmax is the maximum attainable angle by the robot 
and f is the update rate of the scoring algorithm. Note that 
the central clusters are increased by “1/f” when selected, 
while the side clusters increase by “3/f”. At each cycle the 
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by persisting with the last selected cluster. If that cluster is 
no longer valid, it first attempts to switch to the correspond-
ing Rnear level cluster to increase spatial span. If this also 
fails, the system forces undecidability resolution by select-
ing the currently highest-scoring cluster.

6  Shared Controller

The span of the selected motion cluster expresses the avail-
able directions of motion, both for the human and the robot. 
Thus in open space, the cluster is wide, allowing the user 
to move the robot freely around. However, in tight spaces 
motion is restricted, making it more difficult for the human-
robot pair to move safely, exacerbating the risk of collision. 
The smaller the motion cluster is, the less the authority of the 
human in moving the robot around should be. For example, 
in very narrow corridors, one can but follow the presented 
available direction (Fig. 6C). Thus, it would be safer to have 
the motion planning transferred to the robot. This behaviour 
can be summarized in the following principle:

In wide spaces motion control is transferred to the 
human while in narrow spaces motion control is trans-
ferred to the robot.

This transfer of authority is implemented by linearly com-
bining the cluster angle with the human angle, using a 
parameter “a” depending on the cluster width.

Specifically, let ϕH, ϕR and ϕS be the human angle, cluster 
angle and the shared angle respectively. If the cluster span 
is WC, the robot ultimately follows the path corresponding 
to ϕS, given by, 

5.2  Persistence

Once a cluster is selected, the controller must choose a path 
within it to follow. However, as clusters evolve during navi-
gation, a mechanism is needed to maintain consistency over 
time i.e., to preserve the selected cluster across frames. This 
requires addressing the question: to which cluster at time 
T + 1 does the selected cluster at time T correspond?

Building on the principle of minimizing the angular dis-
tance (as in the Inter-frame Correspondence), we propose 
two methods to establish this temporal continuity, based on 
minimizing the distance between the previously followed 
angle (the “shared angle/path” from Sect. 6) and the current 
set of clusters. These two methods are termed soft persis-
tence and hard persistence.

Referencing Fig. 6A-B, consider the shared path at frame 
T, which by definition belongs to a cluster at that time. At 
the subsequent frame T + 1, the system computes the clus-
ter closest to this shared path. In hard persistence, the new 
cluster must explicitly contain the shared path (Fig. 6A). In 
contrast, soft persistence relaxes this condition and simply 
selects the nearest cluster, even if it does not include the 
shared path (Fig. 6B). As a result, soft persistence always 
yields a valid cluster, whereas hard persistence may fail to 
find one, necessitating fallback behaviour. This makes hard 
persistence more restrictive and potentially disruptive.

Each strategy serves a different purpose. Soft persistence 
is used during normal navigation when there is no undecid-
ability, allowing the system to track the user’s motion while 
aligning with the available motion clusters. Hard persis-
tence is employed during periods of undecidability, where 
the system actively observes the user to resolve ambigu-
ity. In such cases, since it is unclear which cluster the user 
intends to follow, the robot attempts to maintain continuity 

Fig. 6  (A) hard persistence: 
the selected cluster at T + 1 
includes the shared path. (B) 
soft persistence: the selected 
cluster at T + 1 is the one 1068” 
ia_version=“0”>closest to the 
shared path (in this case, the left 
one). (C) the shared controller 
produces a linear combination 
of the human and cluster paths 
based on cluster width. In nar-
row spaces, the shared path is 
closer to the cluster path, and the 
robot has more control. In wider 
spaces, the shared path is closer 
to the human path, allowing 
the user greater influence. (D) 
the inter-frame correspondence 
establishes temporal association 
between clusters
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Intention Substate
 
Normal: Intention clusters exist. No undecidability detected
Observing: Intention clusters exist. Undecidability detected
Restricted: Intention clusters do not exist
Motion Substate
 
Motion_Far: Motion clusters exist and set to the Rfar level
Motion_Near: Motion clusters exist and set to the Rnear level
Restricted: Motion clusters do not exist

 
Note that the Intention clusters are always set to the Rfar 
level while the Motion clusters switch between Rfar and 
Rnear, depending on the current state.

The composite states are of the form “Intention Sub-
state - Motion Substate”. Not all combinations are valid 
however. The actual states are {Normal-Motion_Far, 
Normal-Motion_Near, Observing-Motion_Far, Observing 
-Motion_Near, Restricted-Motion_Near, Idle}. The Idle 
state is shorthand for {Restricted-Restricted}, when there 
are no Intention and Motion clusters available.

The input to the FSM are ten events which are evaluated 
inside each composite state. These are actually five true/
false events, along with their complements.

FSM Inputs
U/U: Undecidability has been detected (true/false)
K/K: Robot is turning (true/false)
P/P: Hard persistence selects cluster (true/false)
I/I: Intention clusters are available (true/false)
M/M: Motion clusters are available (true/false)
A priority is given to each signal depending on the spe-

cific composite state. These can be read from the state transi-
tion diagram (Fig. 7) in the way self-transitions are encoded. 
Inputs attached to inner self-transitions have a higher priority 

ϕS = aϕH + (1 − a)ϕR

a(WC) =





1 , WC ≥ 4
WC/2 − 1 , 4 > WC > 2
0 , WC ≤ 2

� (15)

Using (6), (8), the corresponding path curvature is denoted 
as κS and the commanded robot angular velocity is, 

ωR = κSvR� (16)

The robot velocity vR is the velocity vH generated by the 
human input module, regulated according to the current 
state. If the system is in an “observing” state i.e. it detects 
undecidability and starts observing the user in order to 
resolve it, then the robot velocity is halved in order to signal 
the user the beginning of the observation mode. If the sys-
tem is in the “idle” state, then the velocity is nulled. In all 
other states the velocity remains unchanged.

7  Finite State Machine

The Finite-State Machine (FSM) encodes all the probable 
scenarios which might be encountered during navigation, 
along with their transitions and events. The entire FSM can 
be seen in Fig. 7.

It consists of six states and ten boolean events (five 
events with their complements). The states are composite 
and comprise two concurrent substates, the Intention sub-
state and the Motion substate, which reflect the status of the 
intention and motion clusters. These substates take their val-
ues in {Normal, Observing, Restricted} and {Motion_Far, 
Motion_Near, Restricted} respectively. Specifically,

Fig. 7  Graph of the Finite state 
Machine of the system
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without any robot in front, to establish baseline trajectories 
which characterize the natural walking pattern, i.e. motion 
where the user can maintain normal stride, pace, and direc-
tion without abrupt deviations imposed by the robot’s 
behavior. The second mode is the kinematic mode. This uses 
a “passive” front-following controller described in   [13]. 
The final mode is the assistive mode proposed in this paper.

The experiments consisted of nine healthy users moving 
in a crossroads turning either left, right or just going for-
ward. Thus, each mode consisted of three directions (“left”, 
“right”, “straight”). The actual direction was chosen ran-
domly before each trial. For each direction, the user per-
formed two trials, summing up to 9 × 2 = 18 trials from 
all users. Consequently each mode had 18 × 3 = 54 trials 
for all directions, and all modes had 54 × 3 = 162 trials. 
Each subject was allowed four test runs before the record-
ings (two in the kinematic mode and two in the assistive 
mode), to get acquainted with the system and its functional-
ities. The experimental area was created inside the 2nd floor 
of the ECE/NTUA building using cardboard boxes (Fig. 8). 
The area was pre-mapped in ROS to localize the robot/user 
trajectories in post-processing. All trials were recorded in 
ROS and their trajectories calculated using the Adaptive 
Monte-Carlo Localization algorithm  [41].

To compare the trials the experimental field was dis-
cretized in a 58 × 56 square grid, with 0.1m cell edge. For 
each mode and direction, the histogram was calculated. For 
example, in the assistive mode and left direction, if k paths 

than outer ones and are thus evaluated first. For example, in 
the {Observing-Motion_Near} state, the priorities (from high 
to low) are M-I-U-P. In case one of the inputs leads to another 
state, evaluation is terminated and the transition is implemented.

8  Experimental Results

Two types of experiments were performed, using a Pioneer 
P3-DX robot as the experimental platform. The robot was 
mounted with two Hokuyo UBG-04 LX-F01 LRF; one fac-
ing forwards, towards the direction of motion, and the second 
facing backwards, overseeing the user’s legs. The first set 
of experiments was performed in a controlled environment 
to assess the performance of our framework. Its goal was to 
observe the gait trajectories of the users with and without the 
robot and evaluate the behaviour of the user-robot pair; also 
to infer the impact of the robot on the natural user locomo-
tion pattern. The second type of experiment was performed in 
a real-life uncontrolled environment, in order to observe the 
behaviour of the system ”in the wild”. All algorithms were 
implemented in the Robot Operating System (ROS Noetic) 
and ran on a SONY VAIO laptop, placed on the robot.

8.1  Controlled Experiments

Three modes were used in the controlled experiments. The 
first is the baseline mode. Here, the users walked normally 

Fig. 8  UP: human and robot 
normalized histograms for the 
kinematic, assistive and baseline 
modes. Rows represent the left, 
straight, right directions. All 
histograms consist of 58 × 56 
square cells, with each cell mea-
suring 0.1 m per side. DOWN: 
map and photographs of the 
experimental area
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distances in their underlying support space. Unlike diver-
gences such as Kullback-Leibler or Bhattacharyya, which 
quantify differences based solely on overlapping probability 
mass, ED also reflects how far apart the distributions lie in 
space. Thus, two distributions with disjoint support may be 
considered close or far depending on their spatial proximity, 
not merely their statistical shape. This property is particu-
larly well-suited for our case, where the distributions rep-
resent spatial trajectories; here, closeness must account not 
only for statistical similarity but also for geometric align-
ment in the environment.

The ED is zero when the two distributions are identical. 
To apply it in our results, we consider the relevant concept 
of E-statistic   [42], which is applied to statistical samples 
(see Appendix A for a technical exposition). The E-statistics 
of the Human, Robot distribution relative to the Baseline 
are presented in Table 1. Essentially this table presents how 
far or close the Human and Robot paths are to the Baseline.

To test the statistical significance of the findings in Table 
1, we calculate the E-Statistic of each trial path relative to 
the Baseline distribution. We then perform a t-test analy-
sis for each mode and each direction separately, as well as 
cumulatively across all three directions of each mode. The 
results for each direction per mode and for the aggregated 
trials (over ALL directions) per mode, are presented in Table 
2.

The number of cells each histogram covers i.e. the 
Cell Count, can be regarded as a measure of variability 
and uncertainty in the motion, and consequently of cogni-
tive load when humans are involved. If the histograms are 
more dispersed, the user covered more space and performed 
wider manoeuvres to navigate to the goal. The Cell Counts 
are shown in Table 3 while their relative change with respect 
to the Baseline histrogram count, is presented in Table 4.

cross the cell C(i, j), then this cell has a value of k. The 
maximum value a cell can attain is 18. It follows that the 
histograms express the number of paths traversing each cell. 
There are in total 15 histograms grouped according to sub-
ject (Human, Robot), direction (Left, Straight, Right) and 
mode (Baseline, Assistive, Kinematic). The histograms can 
thus be denoted as Hd

sm, where “d” is the direction, “s” the 
subject and “m” the mode. For example Hr

HA is the his-
togram for the human-assistive-right trial. The robot and 
human histograms are presented in Fig.8.

By dividing each cell of a histogram with the sum of all 
cells, we get a new set of distributions describing the prob-
ability of the human/robot being on a specific cell, viz., 

P d
sm(i, j) = Hd

sm(i, j)/
∑
i,j

Hd
sm(i, j)� (17)

The distributions P d
sm(i, j) are actual probability density 

functions, which sum up to one.
To compare the distributions we resort to the Energy 

Distance (ED), which is a measure of statistical distance 
between two probability distributions   [42]. The ED is a 
relatively recent statistical metric that offers several advan-
tages over more traditional measures. It is defined on arbi-
trary-dimensional metric spaces, is rotationally invariant 
and scale equivariant, and, most importantly, captures the 
geometric relationship between distributions through the 

Table 1  Statistical distance of the Human/Robot distributions relative 
to the Baseline, using the E-statistic
direction HK-B HA-B RK-B RA-B
left 0.5162 0.4198 0.1110 0.1095
straight 0.1554 0.1070 0.1036 0.0781
right 1.8267 0.5423 0.3255 0.0266

Table 2  Two-tailed unpaired t-tests comparing kinematic–Baseline (HK–B, RK–B) and assistive–Baseline (HA–B, RA–B) E-statistics for human 
(H) and robot (R) path distributions, shown overall and per movement direction
Subject Mean±SD n df t p
ALL • K-B • A-B
H 1.09 ± 1.36 0.46 ± 0.10 53 59 3.84 0.0003∗∗

R 0.42 ± 0.21 0.12 ± 0.01 53 55 4.71 0.00002∗∗

LEFT
H 0.74 ± 0.24 0.54 ± 0.07 18 27 1.52 0.139
R 0.30 ± 0.04 0.18 ± 0.01 18 26 2.46 0.021∗

RIGHT
H 2.24 ± 1.90 0.65 ± 0.09 17 18 4.46 0.0002∗∗

R 0.77 ± 0.41 0.09 ± 0.00 17 16 4.32 0.0005∗∗

STRAIGHT
H 0.36 ± 0.10 0.19 ± 0.02 18 23 2.10 0.047∗

R 0.22 ± 0.04 0.10 ± 0.00 18 18 2.60 0.018∗

† The prefix “•” indicates that K-B and A-B refer to thesubject in each row (e.g., HK-B/HA-B for H, and RKB/RA-B for R)
* statistically significant (p < 0.05) 
 ** statistically highly significant (p < 0.001)
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trial lasted for 940 sec, and the robot travelled some 425 m. 
Off-line analysis of the recorded data revealed 49 instances 
where the user had to select a cluster of movement (unde-
cidability detection), in order to stay on the path. From those 
49, the user missed 5. However, from those 5, only 3 are 
attributed to a failure of the front-following algorithm. In the 
remaining two, the user chose the wrong route (e.g., Turn B 
in Fig. 9), but the controller correctly followed the user’s 
actual path. Across all 49 decisions, this yields an intention 
recognition success rate of 46/49 = 93.8%, indicating robust 
tracking of user intent.

9  Discussion

Analysing the Controlled Experiments, a first conclusion 
drawn for Table 1 is that the Human Assistive (HA) paths 
are closer to the Baseline (B) paths than the Human Kine-
matic (HK) ones. This finding means that the shared-control 
framework proposed in this paper seems indeed to provide 
considerable assistance to the user when navigating and 
moving along with the robot, enabling them to walk more 

8.2  Real-Life Experiment

In this type of experiment, a single user was asked to fol-
low an 8-shaped path, marked on a map of the 2nd floor of 
the ECE/NTUA building (Fig.9(UP). See the supplemen-
tary multimedia file sv2.mp4 for the experiment video). The 
premises consist of two long parallel corridors connected 
in various points. As the user progresses on the path, he is 
expected to take the turn A. If the turn is missed, the user 
continues and makes the turn from the other side. The goal 
is to have the user move continuously inside the prescribed 
area. The entire experiment was performed once, unre-
hearsed and the environment was totally uncontrolled. As 
a consequence, during the trial random people walked by 
the robot, doors where opened blocking the way etc. The 

Table 3  Cell counts for human, robot, and Baseline histograms per movement direction (left, straight, right), and their relative percentage change 
between the kinematic and assistive modes
dir. HK HA ΔH%1 RK RA ΔR%2 B

l 476 330 −30.6 327 205 −37.3 280
s 287 136 −52.6 234 119 −49.1 233
r 568 283 −50.1 441 188 −57.3 268
1 ΔH%=100(HA-HK)/HK, 2 ΔR%=100(RA-RK)/RK

Table 4  Relative change (%) in human and robot histogram cell 
counts with respect to the Baseline, for the kinematic and assistive 
modes across movement directions
dir. ΔHKB%1 ΔHAB%1 ΔRKB%1 ΔRAB%1

l 70.0 17.8 16.7 −26.7
s 23.1 −41.6 0.4 −48.9
r 111.9 5.6 64.5 −29.8

Fig. 9  (UP) map of the real-life experiment. The 8-shaped track is 
seen in red dashed line. The actual robot path is seen in solid green.
(DOWN) screenshot of the experimental video. The views from the 
two cameras (front-rear) are observed on the left, while on the right the 
workings of the front-following algorithm are visualized. The robot 
is depicted as the red/green (x/y) frame, with red facing forwards. 

Obstacles are marked as cyan cells. The available cluster of motion 
produced by the DWAL algorithm is shown as green arcs, stemming 
from the robot origin, towards the x − axis. The user is shown as the 
pink dot, with the legs shown as red ones. The human interaction Zone 
is visible as a dark red rectangle. The yellow dots are the laser scans
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pattern however, is not present in the “left/right” trials. To 
investigate this further, we calculated the distance of the HA 
distribution to the Robot-Assistive distribution (RA), pre-
sented in Table 5 and juxtaposed to the HA-B distances.

We see that in the Straight assistive case, the users 
instead of walking closer to their natural baseline pattern, 
they moves more similarly to the robot’s paths (∆%(HA-
RA)(HA-B)= 42.9%). This, however, is not seen in the Left 
and Right cases. A possible explanation for this is that in the 
Straight case the users actually follow the robot, instead of 
the other way around. If so, it is logical to see the human 
paths more similar to the ones taken by the robot. However, 
since the robot by design follows the user, this reveals a 
complex human-robot interaction during front-following 
in which the roles of the leader/follower might interchange 
or are ambiguous, depending on the situation. This finding 
opens up a new interesting direction for further research 
regarding such a complex behaviour.

Evaluating the Real-Life experiment, the overall assess-
ment is that the proposed framework performs satisfactory 
even in unknown dynamic environments. Even so, scruti-
nizing the three failures, we have found that in the two, the 
user tracking module produced spurious estimates of the 
user position, resulting in the robot taking the wrong turn. 
The last failure was due to the planner producing an unsafe 
path, attributed to a human moving rapidly in front of the 
robot while it was turning, forcing it to collide with the wall.

The limitations of our system are clearly demonstrated 
by the failure modes discussed earlier, highlighting the 
necessity for more robust user estimation algorithms and 
safer planning in fast-paced dynamic environments. Addi-
tionally, in scenarios with high obstacle density, such as 
very crowded places, the clustering algorithm may generate 
numerous feasible motion or intention clusters. This abun-
dance of clusters can overwhelm the user, making it difficult 
for them to accurately select the intended cluster based on 
their position relative to the robot.

Furthermore, in such crowded environments, the com-
plex dynamics of the crowd pose a significant challenge to 
the stability of the generated clusters. The “openings” within 
a moving crowd may appear and disappear unpredictably, 
resulting in chaotic and inconsistent cluster formations. This 
instability complicates the process of navigating through the 
crowd and selecting the appropriate cluster, necessitating 
further advancements in our system to better handle these 
dynamic conditions.

Finally, it should be noted that several parameters of 
the proposed framework, including the deadband widths, 
decay rate, scoring threshold, and motion cluster span, were 
selected empirically based on pilot experiments and prior 
experience with front-following navigation. These param-
eters are not claimed to be theoretically optimal, but were 

naturally while a robot is front-following. The non-trivial 
values of the HA-B distances however, reflect the fact that 
the user must deviate from their normal walking pattern to 
resolve eventual undecidabilities.

Another interesting point is that the Robot Kinematic 
paths (RK) are closer to the Baseline than the Human-Kine-
matic ones (HK). Again, this reconfirms the findings in  [13] 
and  [14] in which the users tend to “drive” the robot to the 
path they would have taken.

It is also worth noting that the Robot Assistive paths (RA) 
are the closest ones to the Baseline. This can be partially 
attributed to the corridors in the experiments being about 2m 
wide, making the shared controller pass the control to the 
robot, per Eq. (15). This in turn, automates the navigation 
paths of the robot employing the DWAL planner, thus pre-
senting consistency during the experiments. Consequently, 
it appears that the DWAL planner produces paths close to 
the ones naturally taken by the users, for the specific experi-
mental settings.

Reading Table 3, we see that the assistive controller 
reduces the amount of traversed cells by the user (HA cell 
count) by approximately 30% (Left) to 50% (Right), rela-
tive to the kinematic case (HK cell count). Moreover, the 
users cover relatively few more cells in the assistive mode 
compared to their normal walking baseline paths (Table 
4, second column, from 5.6% to 17.8%, in the right/left 
directions resp). In contrast, the kinematic controller leads 
to counter-intuitive locomotive patterns, making the users 
cover significantly more cells in their attempt to “drive” the 
robot (from 70% to 111%, in the left/right directions resp.).

Regarding the robot paths, Table 3 shows that the pro-
posed assistive controller not only produces more compact 
paths compared to the kinematic case (−37% cells Left, 
−57% cells Right), but these paths are more consistent than 
the baseline paths, covering noticeably fewer cells (approx. 
30%, Table 4, last column).

A last notable comment for the Controlled Experiments, 
concerns the trials in the Straight direction. In the assis-
tive mode, the user walks closer to the baseline than in the 
kinematic mode (Table 1, HA-B, HK-B distances), whilst 
also presenting less variability than both (52% less cells 
than HK -Table 3, ΔH%- and 42% less cells than B-Table 
4, ΔHAB%). This is matched by a similar decrease of the 
robot’s cell count (49% reduction - Table 4, ΔRAB%). This 

Table 5  E-statistics comparing human (HA) to robot (RA) and to 
Baseline (B) histograms per movement direction (left, straight, right) 
in the assistive mode.∆%shows the relative difference between HA–
RA and HA–B
direction HA-RA HA-B ∆%
left 0.8547 0.4198 103.60
straight 0.0611 0.1070 −42.90
right 0.4545 0.5423 −16.19
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n2
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i=1

n∑
j=1

∥Xi − Xj∥

C = 1
m2

m∑
i=1

m∑
j=1

∥Yi − Yj∥

� (A1)

Their E-statistic is then defined as, 

En,m(X, Y ) = 2A − B − C� (A2)

Since each observation enters the sum as many times 
as its respective frequency in the histogram, if X′, Y ′ 
are the non-identical observations of X and Y resp. , i.e. 
X′i ̸= X′j , ∀i ̸= j, and n′, m′ are their respective numbers, 
then the sums can be transformed to, 

A = 1
nm

n′∑
i=1

m′∑
j=1

H1(X′i)H2(Y ′j)∥X′i − Y ′j∥

B = 1
n2

n′∑
i=1

n′∑
j=1

H1(X′i)H1(X′j)∥X′i − X′j∥

C = 1
m2

m′∑
i=1

m′∑
j=1

H2(Y ′i)H2(Y ′j)∥Y ′i − Y ′j∥

� (A3)

where H1(X′i) = H1(x′1i, x′2i), X′i = [x′1i, x′2i] (sim-
ilarly for H2 and Yʹ observations). It is easy to see that the 
maximum number of unique observations is the number of 
cells in the histograms. Thus, Eq. (A3) can be written in 
a way which systematically sums over the histogram cells, 
viz. 

A = 1
nm

N,M∑
i,j=1

N,M∑
p,q=1

H1(i, j)H2(p, q)∥[i, j] − [p, q]∥

B = 1
n2

N,M∑
i,j=1

N,M∑
p,q=1

H1(i, j)H1(p, q)∥[i, j] − [p, q]∥

C = 1
m2

N,M∑
i,j=1

N,M∑
p,q=1

H2(i, j)H2(p, q)∥[i, j] − [p, q]∥

� (A4)

where in our case N = 58, M = 56 cells.Tak-
ing into account Eq. (17) and the fact that 
n =

∑
i,j H1(i, j), m =

∑
i,j H2(i, j), then it follows that, 

chosen to ensure stable and predictable behaviour across the 
evaluated scenarios. As with most shared-control systems, 
their effective values may depend on user walking style, 
population characteristics, and environmental structure, and 
may therefore require adaptation when deployed in different 
contexts.

10  Conclusion

We have presented a modular framework for enabling a 
mobile robot to follow a user from the front, navigating 
inside a dynamic, unknown and obstacle-laden environ-
ment. Our approach facilitates the coupling between rapid 
user-intention reading in undecidable situations, integrated 
within a shared-control framework based on an efficient, 
real-time local planner. The proposed system presents the 
advantage of integrating both human-aware and environ-
ment-aware processes under one modularized framework, 
enabling a more natural, fluent and safe human-robot motion 
coupling, even in tight spaces.

Field trials with real users showed that the assistive 
functionality leads the users to walk closer to their natu-
ral walking paths, compared to a “passive” front-following 
controller, with no intelligent features. Further analysis 
showed that in certain situations the user-robot pair exhibits 
complex interaction dynamics, in which their roles as leader 
and follower is fluid and perhaps interchangeable.

Our approach can find numerous applications (rehabilita-
tion, mobility assistance, etc) and serves as a first attempt 
to formalize this task, containing many degrees of freedom 
which can be tuned, or modules which can be changed alto-
gether. Hopefully, it will serve as a fertile ground for new 
and interesting ideas

Appendix A Details on the E-Statistic

Let X = [x1, x2] ∈ [1, 2, ..., 58] × [1, 2, ..., 56], be a 2D 
random vector. For each histogram Hd

sm, we have the 
respective pool of observations X1, X2, ..., Xn, where each 
observation contributes one account in the histogram. For 
example, if the cell (i, j) of the histogram has the value k, 
then there are k observations X∗ = [i, j]. The total num-
ber of observations is n =

∑
i,j Hd

sm(i, j). If histogram H1 
comprises n observations {X1, X2, . . . , Xn} of X and his-
togram H2 comprises m observations {Y1, Y2, . . . , Yn} of Y, 
then their averages are, 
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