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Abstract

An accurate model of human behaviour is crucial when
planning robot motion in human environments. The Social
Force Model (SFM) is such a model, having parameters
that control both deterministic and stochastic elements.
We have constructed an efficient motion planning algo-
rithm by embedding the SFM in a control loop that deter-
mines higher level objectives and reacts to environmental
changes. Low level predictive modelling is provided by
the SFM fed by sensors; high level logic is provided by
statistical model checking.

To parametrise and improve our motion planning algo-
rithm, we have conducted experiments to consider typical
human interactions in crowded environments. We have
identified a number of behavioural patterns which may be
explicitly incorporated in the SFM to enhance its predic-
tive power. In this paper we describe the results of these
experiments and how we parametrise the SFM.

1 Introduction

Many new applications for robots require them to op-
erate in the proximity of human beings. Examples in-
clude robots that execute daily activities in homes or pub-
lic spaces (e.g., automatic cleaners), robots used to assist
older adults or disabled people and a new generation of
toys. In contrast to the traditional notion of industrial
robots, whose areas of operation must be confined to pre-
vent accidents [2], these new devices are autonomous and
may interact with humans. In this context, the ability to
understand human behaviour and social interactions is of
primary importance.

Our research is motivated by the activities of the DALi
project [1], whose goal is to develop an autonomous de-
vice to assist those with reduced ability. In particular,
we are developing a ‘cognitive engine’ (an intelligent mo-
tion planner) to help the user reach places of interest in
crowded public spaces, such as shopping malls, airports
and railway stations. This can be challenging and stress-
ful for those with reduced mental or physical ability.

Our motion planner employs a dynamic model of the
local environment to hypothesise trajectories of moving
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Figure 1. The DALi motion planner.

objects. For a given set of alternative actions, these predic-
tions are analysed by higher level logic to decide the user’s
best course. The predictive model is based on the Social
Force Model (SFM) [7, 6], using knowledge of prior tra-
jectories and current sensor information. The control loop
employs statistical model checking, with the user’s objec-
tives and constraints encoded in temporal logic [3]. An
overview of the motion planner is shown in Fig. 1.

The SFM assumes that human motion respects the
physical laws of motion and social conventions that may
be modelled as forces. The SFM considers fixed objects
(e.g., walls), moving objects (e.g., pedestrians), attrac-
tive forces (e.g., between friends or towards points of in-
terest), repulsive forces (e.g., between strangers or away
from crowds), frictional forces (when objects collide) and
random terms that model uncertainty (unpredictable be-
haviour). There are alternative models of pedestrian dy-
namics (e.g., [18]), however the SFM suits our needs: it
is flexible, efficient and is widely adopted in the literature
(e.g., [7, 6, 11]). Its strengths and weaknesses are well
tested and understood [10, 16, 13]. A mathematical de-
scription of the SFM is given in Section 2.

We and our collaborators1 have built prototypes to
demonstrate the proof of concept of the scheme shown in
Fig. 1. We have verified the efficiency of the algorithm
on embedded computing hardware and confirmed that the
mobile sensor technology can provide the required infor-
mation. In this paper we focus on improving the social
force model. Our goal is to increase its predictive accu-

1http://www.ics.forth.gr/cvrl
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racy and reduce the need for reactive corrections.

1.1 The motion planning challenge

The SFM is a model of continuous interaction (mu-
tual reaction), driven by the desired trajectories of mov-
ing agents (denoted v0(t), see Section 2). When using the
SFM in a generative context (e.g., [6]), v0(t) may be spec-
ified in advance. The desired trajectories of real pedestri-
ans, however, are a function of their objectives and the in-
stantaneous positions and velocities of other pedestrians.
In our motion planning application we are able to mea-
sure such positions and velocities, but only the objectives
of the user are known with any certainty. The intentions
of other pedestrians must be inferred from their trajecto-
ries. Noting that humans tend to walk in straight lines, we
approximate the desired trajectories of other pedestrians
piecewise, using short term linear extrapolations of their
most recently detected motion. This is sufficient when the
motion is smooth and the prediction timescale is short.
In reality, the relatively smooth long and medium term
trajectories of pedestrians are often interrupted by sudden
short term pauses and deviations.

To improve the performance of the SFM, we have
therefore investigated in detail the behaviour of human
participants in a simulated shopping environment. We
have defined an experimental procedure comprising a con-
current verbal protocol (to identify the motivation of the
choices made by the participants), video recording and
motion tracking using the Kinect platform [12]. The re-
constructed trajectories of the participants were manually
annotated with corresponding motivations, thus identify-
ing a set of behavioural patterns. The data corresponding
to each pattern were then used to parametrise the SFM us-
ing standard algorithms.

The results of our investigation show that, for some pat-
terns, parametrisation of our existing model is sufficient
to produce a good reconstruction of observed behaviours.
In other cases, we find that it will be necessary to incor-
porate the patterns as explicit modifications to the SFM.
Since the patterns have recognisable signatures, we con-
clude that we can construct an improved SFM using be-
havioural templates.

2 The social force model

Following [5], our model is constructed in two dimen-
sions, with human agents represented by circular discs and
fixed objects represented by lines. In what follows we de-
note vectors in bold type. Thus, agent i has mass mi cen-
tered at position xi ∈ R

2 in the environment, radius ri
and velocity vi ∈ R

2. The SFM is described by a system
of linear differential equations

{

ẋi = vi

v̇i =
v
0

i−vi

τi
+ fi+ξi

mi

(1)

v0
i is the driving (desired) velocity of agent i, represented

by a product of speed v0i and normalised direction e0i . In
our algorithm e0i is given by the line joining the current
position and the next via point. Importantly, since v0i is
by default set to the user’s preferred walking speed, v0

i

is time invariant between via points. τi is the time taken
to react to the difference between desired and actual ve-
locity, while ξi is a noise term modelling fluctuations not
accounted for by the deterministic part of the model. The
noise term can also serve to avoid deadlocks and hypoth-
esise alternative trajectories. In our implementation we
assume ξi is normally distributed. In the absence of the
exogenous inputs fi and ξi, the agent’s trajectory simply
converges to the driving velocity with time constant τi. fi
is the overall force acting on agent i resulting from other
objects in the environment and is given by

fi =
∑

j 6=i

[f socij +fattij +f
ph
ij ]+

∑

b

[f socib +f
ph

ib ]+
∑

c

fattic (2)

The first term on the right-hand side of (2) includes all the
forces on agent i resulting from interactions with other
agents: f socij is the repulsive social force that inhibits

strangers from getting too close, fattij is the attractive so-

cial force that, e.g., brings friends together, f
ph
ij is the

physical force that exists when two people come into con-
tact. The second term includes the forces acting on agent
i as a result of fixed environmental obstacles (e.g., walls):
f socib is the social force that inhibits agent i from getting

too close to the boundaries, f
ph

ib is the physical force that
exists when agent i touches the boundary b. Finally, fattic is
the attractive social force that draws agent i towards fixed
objects of incidental interest (shops, cafés, toilets, etc.).

f is principally a function of the distance between an
agent and the other objects in the model. dib is the min-
imum distance between the circumference of agent i and
fixed object b. dij is the distance between the centres of
mass of agents i and j, i.e., the centres of the discs, while
rij = ri + rj is the “touching distance”. To aid mod-
elling the different force regimes that exist when agents
are not in contact and when they touch (i.e. agents i
and j touch if rij − dij ≤ 0) we adopt the function
Θ(rij , dij) = max(0, rij − dij).

Using these notions, the various repulsive social and
physical forces of (2)) are defined as follows:

f socij = {Ai exp[(rij − dij)/Bi]}nijΛ(λi, ϕij) (3)

f
ph
ij = k1Θ(rij − dij)nij + k2Θ(rij − dij)∆vtjitij (4)

f socib = {Ai exp[(ri − dib)/Bi] + k1Θ(ri − dib)}nib (5)

f
ph

ib = −k2Θ(ri − dib)(vi · tib)tib (6)

nij (nib) is a normalised vector pointing from agent j
(fixed object b) to agent i, i.e., the direction of the repul-
sive force. tij (tib) is a normalised vector tangential to
the relative movement of agent i and agent j (fixed ob-
stacle b), i.e., the motion tangential direction. ∆vtji =

(vj − vi) · tij is the tangential velocity difference. The
social forces (3) and (5) increase exponentially with re-
ducing distance between objects, with a scale defined by
constants Ai and Bi. In particular, Ai is the force act-
ing on agent i at the touching distance; Bi is loosely the
distance at which the force takes effect.

Λ : R2 7→ [0, 1] is a function that gives greater weight
to the social force (3) arising from the agents in front of
(notionally, seen by) an agent. λi is a parameter that reg-
ulates the effect of Λ on agent i, while ϕij is the angle



(a) Diagrammatic scheme of
participants and shops show-
ing potential trajectories.

(b) Video grab of laboratory
set-up.

Figure 2. Experimental set-up.

between the directions e0i and −nij , i.e., the field of view
of the agent. The physical force (4) between agents com-
prises a repulsive body compression force (first term) that
acts in direction nij , plus a frictional force (second term)
that acts in direction tij to impede the relative tangential
movement of two agents in contact. k1 and k2 are con-
stants that define the scale of the physical forces. The
physical force (6) between an agent and a fixed object is
solely described by a frictional term.

3 Qualitative studies

A qualitative user study was conducted to collect in-
formation about how people behave in crowded environ-
ments. We considered three main themes: (i) how people
interact in confined environments; (ii) how people nego-
tiate shared space and (iii) how people behave with other
people in shared space. A simplified shopping context was
constructed in a laboratory, as illustrated in Fig. 2. Our ex-
perimental procedure involved the use of a concurrent pro-
tocol, video-recorded observation and questionnaire ad-
ministration. These techniques have been found to be par-
ticularly effective when conducting experimental investi-
gations [8, 14]. The concurrent or talk-aloud protocol - a
narration of thought and action during action - was chosen
as literature suggests the alternative retrospective proto-
col (where participants return to view and comment upon
their recorded experience) may not accurately reveal par-
ticipants actual task performance experience. Concurrent
protocol participants have been found to go into greater
detail and provide more in-depth evaluations [15].

3.1 Procedure

The participant sample consisted of 25 University stu-
dents. Five participants at a time were involved in each
experiment, and assigned a different list of four shopping
items to collect. They were asked to collect all items in
the shortest time possible, verbally explaining all their ac-
tions. Participants were specifically arranged around the
shopping environment and each of the five shopping lists
were unique, to maximise shared space interaction and
limit the possibility of processional behaviour. The poten-
tial route-behaviour of participants 1 and 4 is illustrated in
Fig. 2(a). Participants were asked to collect the items on
their list and return to their starting points, while simul-
taneously verbalising their shopping experience; describ-
ing what they saw, where they went, and what they were
thinking and doing. The voice-recording functionality of
five HUAWEI U8650 Android mobile phones was utilised

to capture the speech of the participants. Three Logitech
Quickcam Pro 9000 webcams were used to observe and
record shared space interaction within the simulated shop-
ping environment. The cameras were coordinated to pro-
vide a more encompassing view of the interaction space
(Fig. 2(b)). On completion of the experiment, the partici-
pants were asked to complete an open questionnaire.

3.2 Data analysis

The transcribed concurrent protocols, once synchro-
nized with the video footage and in conjunction with the
development of relevant coding schemes, facilitated as-
sessment of a number of variables, including Task Com-
pletion Time, Number of Steps taken, and Number of Crit-
ical Instances - instances where physical, visual and/or au-
ditory reference was made within the verbal protocols to
agent-agent interaction. Detailed video analysis was con-
ducted via the Elan software tool [17].

3.3 Results

Using the Critical Instances markers from the tran-
scribed protocols synchronised to the video footage, we
documented and studied the behaviour exhibited by par-
ticipants when involved in shared space interaction. Criti-
cal instances were defined as physical, visual and/or audi-
tory references within the verbal protocols to agent-agent
awareness or interaction. Analysis of the identified crit-
ical instances revealed a number of common themes and
behaviours. The themes that emerged indicated that the
behaviour itself was usually employed to either negoti-
ate shared space interaction or avoid collisions within the
shared space, and it was possible to categorise the main
types of behaviours in two groups: Active and Reactive
behaviours.

Active behaviours, in this instance, were considered to
be behaviours employed to understand the environment
and determine goal strategies toward task completion, en-
vironmental awareness and negotiation, mainly focussing
around the visual modality:

(A) Eye-to-eye negotiation of immediate shared space;
(B) Use of peripheral vision in assessment;
(C) Visual scanning of environment;
(D) Verbal interaction.

Reactive behaviours were considered as the reactions of
agents in the environment to other agents; the physical
reactive movements made to accommodate other agents
and successful interaction:

(E) Waiting for space/desired location to become clear;
(F) Stepping backwards to allow others more room;
(G) Moving forwards to allow others more room;
(H) Stationary agent yielding to moving agent;
(I) Move left;
(J) Move right.

Table 1 provides an example of how the critical in-
stances were interpreted in terms of the taxonomy of be-
haviours observed during shared space interaction. By
examining critical instances within the complete video
footage, it was possible to observe the interactional be-
haviour occurring during such periods according to the



Crit. Inst. Observed Behaviour of Participant (Px)

1 Px aware of other agent in desired space, waits until agent completes task (behaviours (E), (H), (C))

2 Backward glance locates agent directly behind Px and helps avoid collision (behaviour (B))

3 Px aware of an agent in front and another approaching agent (behaviours (B), (C))
Px watches the actions of a moving agent and remains still until the agent passes (behaviours (E), (H))

Table 1. Critical instances interpreted in terms of the taxonomy of behaviours.
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Figure 3. Distribution of behaviours.

Rule Agent 1 Agent 2 Behaviour

1 Active Passive Agent 2 steps back and allows agent 1
2 Active Passive Agent 1 moves and shares space
3 Active Passive Agent 1 waits for empty space
4 Active Active Agent 1 moves left or agent 2 moves right
5 Active Active Agent 1 waits and gives way to agent 2

Table 2. Identified behavioural rules.

taxonomy, and to determine the frequency with which
these behaviours occurred (Fig. 3). As can be observed in
Fig. 3, participants utilised the visual modality to engage
in either scanning of the overall environment (usually to
identify product locations within it), or peripheral vision
to monitor the orientational movement of other agents in
the environment. As proximity to others in the environ-
ment increased, eye-to-eye contact or negotiation between
participants was observed to occur. Similarly, under these
circumstances, verbal negotiation was also evident in a
small number of cases, although this may have been re-
duced due to the method of recording the concurrent pro-
tocols. The most commonly occurring reactive behaviours
according to the study were waiting for free space to be-
come available, stationary agents giving priority to mov-
ing agents, moving to the left and right, and moving for-
wards and backwards to create free space, based upon the
interactions occurring during the themes defined.

From the analysis of the videos it was evident that peo-
ple planned their movement based on their physical dis-
tance from others, broadly in line with the assumptions of
the SFM. However, we observed modes of behaviour that
are not explicitly modelled by the SFM. When somebody
came too close to another person, avoidance behaviours
were manifested, such as waiting (for the space to be free)
or stepping back. These behaviours were clustered in 5
main rules, as reported in Table 2. It is also interesting
to note that when two active agents meet, the slower one
typically gives way to the faster.

Our study highlights the fundamental role of proxemics
[4] in human motion. A literature exists concerning psy-

chological aspects of spatial behaviour, taking into con-
sideration concepts such as proximity, body orientation,
motion in a physical setting, territorial behaviour and pri-
vacy. These concepts can provide a theoretical framework
to extend the SFM, informing our understanding of peo-
ple’s behaviour in public spaces.

4 Parametrising the SFM

We conducted a number of motion tracking exper-
iments using the simulated shopping environment de-
scribed in Section 3. We performed 20 experiments con-
sidering two people in the environment and a further 20
experiments using four people. Participants were arranged
in specific places around the shopping environment and
asked to move according to a shopping list provided in ad-
vance. Each shopping list contained a set of places to be
visited (via points) in a predefined order, to prompt inter-
actions between participants and thus generate interesting
social behaviours. Depending on the number of partici-
pants, shopping lists were specifically designed to max-
imise shared space interaction and limit the possibility of
processional behaviour. We recorded video and 3D infor-
mation of the participants’ trajectories using the Kinect
sensing apparatus [12].

4.1 Parameter estimation

Once the experimental data were collected, we de-
composed the participants’ trajectories according to the
SFM, considering situations where there were at least two
agents that interacted, having simultaneously crossing tra-
jectories. Since each participant had been asked to travel
through a sequence of via points and to pause in each start-
ing and ending position, it was possible to identify the
relevant segments of their trajectories in the experimen-
tal data. By assuming that the driving velocity of agents
is constant along a line joining the initial and desired po-
sitions (see Section 2) we were able to infer v0.

Due to the constraint imposed by the initial and final
configurations, for the purposes of parameter estimation
we construct a modified version of the SFM described in
Section 2. We first consider the original model (1) and
define x0

i = [x0
i , y

0
i ]

T and v0
i = [v0xi

, vyi
0]T = [0, 0]T

to be the desired final position and velocity, respectively,
of agent i. We thus define the Cartesian position error
variables x̃i = x0

i − xi, whose dynamics are given by
˙̃xi = −vi. Furthermore, we define the polar coordinates

ρi =
√

x̃T
i x̃i, αi = arctan

(

ỹi
x̃i

)

, (7)

which are respectively the distance and the orientation
from the current to the desired position of agent i. We



then find that the normalised direction e0i turns out to be

e0i =

[

e0xi

e0yi

]

=





x̃i√
x̃T
i
x̃i

ỹi√
x̃T
i
x̃i



 =

[

cαi

sαi

]

, (8)

where we adopt the convention cαi
= cos(αi) and sαi

=
sin(αi). Hence, the modified SFM is finally given by the
dynamical system
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. (9)

Using (7), (8) and (9) it is then possible to have an ap-
proximate description of the participant accelerations, i.e.,

vi(tk+1)− vi(tk)

tk+1 − tk
≈ gi(tk) + gi(tk+1)

2
(10)

where

gi(tk) =
v0i e

0
i (tk)− vi(tk)

τi
+

fi(tk) + ξi(tk)

mi

.

Note that calculating the mean of successive values of
gi(·) gives a constant mean acceleration in the sampling
period tk+1 − tk.

Having set the desired speed of each agent to v0i =
max{‖vi(tk)‖}, we estimated values for parameters Ai

and Bi in (3) and (5), and for parameter τi in (1). We
note here here that in our experiments the agents never
touch, so the constants k1 and k2 are not used and are
not estimated. Moreover, the Λ(·) function is for the mo-
ment assumed to be equal to 1, without loss of generality,
since the trajectories do not take into account interactions
from behind. Finally, the mass of the participantsmi plays
only the role of a weighting factor for the generated forces,
hence it is of no relevance to the problem at hand and can
be considered as known in advance and removed form the
estimation process.

4.2 Estimation algorithm

According to the description of the forces and the as-
sumption that the model noise term ξi is normally dis-
tributed, we adopt an iterative Weighted Least Squares
(WLS) algorithm to identify the parameters of the dynam-
ical system. Such a choice is justified by the limited num-
ber of parameters involved in the estimation and by the
relatively small amount of noise in determining the posi-
tions of the participants. This method is alternative to [9],
in which a genetic algorithm based solely on video track-
ing data is used to estimate parameters. In our case, we
make use of the high quality output of the Kinect sensor.

4.3 Results

Fig. 4 illustrates typical instantaneous output from an
experiment: Fig. 4(a) shows a grabbed image of the simu-
lated shopping environment; Fig. 4(b) shows a plan view
of the corresponding tracked participants. Each partici-
pant is represented by a disk of radius ri – the same value

(a) Video grab.
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(b) Tracked participants.

Figure 4. Instantaneous output of experi-
ment.

used in (3), (4), (5) and (6) – and identified by a unique
number for tracking purposes.

Fig. 5 illustrates typical global trajectories, recon-
structed from the tracked positions of the participants. The
global trajectories were divided into local trajectories de-
scribing the motion between the pre-defined via points.
Even without time information, the locations of the via
points are clear in Fig. 5. The local trajectories were then
used to estimate parameters of the SFM, to better “pre-
dict” the actual trajectories.

In Fig. 6(a) the local trajectories of two participants go-
ing in opposite directions are represented by solid lines.
The dashed lines represent the trajectories generated by
the parametrised SFM. The figure demonstrates the good
agreement of the SFM with reality in situations where
only relatively small corrections are necessary and there
is little conflict.

In Fig. 6(b) the interaction is more conflictual and the
negotiation of shared space increases in complexity. In
this case our simple linear extrapolation to infer the partic-
ipants’ desired trajectories is not adequate and the SFM’s
prediction is poor. Interestingly, the point at which the
actual and predicted trajectories diverge (identified by a
circle in the figure) is the point at which one agent stops
to give way to the other. We have found such active
behaviour, i.e., moving to facilitate the motion of other
agents or waiting for free space, to be most frequent in
our experimental context (see Fig. 3).

5 Conclusions and prospects

Our unmodified social force model is accurate under
conditions of continuous flow and when there is little com-
petition for space. Under other circumstances, common
in the social environments that are of interest to us, hu-
man motion is punctuated by frequent stops and starts, and
short term changes of direction. Our experiments have
demonstrated that these discrete events are not well cap-
tured by a simple social force model. We have neverthe-
less identified several distinguishable behavioural patterns
that may be incorporated as templates into an enhanced
SFM. In such a model, these patterns would be recognised
and predicted, modifying the desired trajectories of mod-
elled pedestrians. We have shown that this increases the
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Figure 5. Trajectories corresponding to ex-
periment shown in Fig. 4.

predictive accuracy of the SFM.

We note that the patterns we have identified might be
explained by a more general theory of human interaction.
We therefore propose to explore proxemics theory [4],
which has been developed to explain behaviours of peo-
ple when they interact in close proximity. We also recog-
nise that our investigations thus far have considered only
a limited range of social situations. Key to our ongoing
research will be an extensive collection of experimental
data that can inform our theory and provide evidence of
its applicability and robustness.
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