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Abstract. Simulating the impact that built environments produce on human
behavior prior to a building’s construction and occupancy is a complex task in
architectural design. Current simulation approaches provide a limited
representation of how dynamic spatial, social and environmental conditions
affect the behavior of autonomous virtual occupants. We address this issue by
means of influence maps – spatial representations of the influence that dynamic
stimuli exert on an occupant at a specific time. To support an agent’s decisionmaking, we construct affordance maps that determine possible space-occupant
interactions based on the combination of normalized influence maps, weighed by
occupant preferences. We demonstrate the proposed approach by simulating the
diverse spatial behaviors of virtual occupants in a social setting in response to
dynamic stimuli.
Keywords: Influence maps, Affordance maps, Spatial behavior Simulation,
Building Occupancy, Multi-agent systems.

1

Introduction

Predicting and analyzing the impact of a building’s design on the behavior of its
prospective occupants is a complex issue in architectural design. Human behavior is
highly dependent on a variety of dynamic stimuli that can be spatial (e.g. the layout of
a building), social (e.g. the presence and activities of other people) and environmental
(e.g. the level of noise in a space). Such stimuli can affect the spatial behavior of the
occupants, which, in turn, can impact the overall building use process.
Simulation approaches have been developed to represent different aspects of human
behavior at the design stage, prior to a building’s construction and occupancy. Buildingcentric simulations predict users’ presence and actions in response to occupancy
schedules and comfort levels [1]. However, they do not represent the movement of
agents and dynamic activities. Occupant-centric simulations represent pedestrian
movement and activities in response to individual goals and motivations [2] while
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ignoring the combined impact that spatial, social, and environmental stimuli produce
on agents’ spatial behavior. Activity-centric simulations coordinate the execution of
scheduled and unscheduled activities [3] without accounting for agents’ perception and
decision-making with respect to the dynamic surrounding conditions.
In this work, we propose a systematic method for calculating the impact that spatial,
social, and environmental stimuli produce on occupants’ spatial behavior. Specifically,
we leverage insights from spatial mapping methods used in Geographic Information
Systems (GIS) [4], spatial analytics approaches for human behavior simulations [5],
and video games, where dynamic mapping approaches are used for situation analysis
and tactical positioning of autonomous Non-Player Characters (NPC) [6–9].
The proposed approach is centered on influence maps, spatiotemporal
representations of the influence that different external stimuli produce on a specific
virtual occupant. To support agents’ spatial decision-making with respect to a
combination of stimuli (e.g. sound, visibility, interest zones, social proximity, group
cohesion), we combine influence maps into affordance maps that determines possible
building-occupant interactions based on a weighted sum of normalized influence maps
while accounting for occupants’ preferences for each influence. Depending on the
activity performed (e.g. working), an occupant may be more or less sensitive to specific
influence maps (e.g. proximity to other agents or sound sources). Affordance maps are
represented in the form of heat maps that indicate, at any given time, to what extent a
specific portion of space supports a given activity for a given agent at a given time.
Affordance maps constantly change over time in response to influence maps. For
this reason, our system dynamically recalculates influence and affordance maps for
each occupant at fixed time intervals. These maps, by themselves, do not determine an
occupant’s response to the perceived stimuli: they simply represent the data that can be
used by virtual occupants to determine their next action. In this way, both types of maps
can be coupled with different planning algorithms to simulate the occupant movement
with respect to dynamic spatial, social, and environmental conditions.
We demonstrate our approach in a generic social venue inhabited by heterogeneous
groups of occupants with different goals and preferences. Specifically, we use influence
maps to (a) determine the relative spatial, social, and environmental stimuli that
occupants are exposed to at a given time, (b) identify new favorable positions where to
move to, and direct occupants’ movement in response to dynamic surrounding
conditions.
Our results indicate that this approach can be used to systematically model the
impact that dynamic stimuli may produce on human spatial behavior. The proposed
method could be incorporated into established simulation approaches to help architects
foresee the impact of different building layouts on their prospective inhabitants.

2

Related Work

Simulation approaches have been devised to predict and analyze building-human
interactions prior to an environment’s construction and occupancy. In this way,
architects, planners, and engineers can assess the mutual relations between a building’s
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design and the behavior of its prospective occupants to maximize building operations
as well as users’ productivity and satisfaction. We classify existing approaches in three
broad categories, as follows.
Building-Centric Approaches. They model occupant behavior in the form of
deterministic or probabilistic profiles that provide hourly information on space
occupancy [10, 11]. Other approaches model the actions of building occupants with
respect to environmental conditions [12]. Both occupants’ presence and actions often
have direct implications for energy consumption [13]. These approaches have also been
coupled with agent schedules to provide more detailed occupancy patterns [14, 15].
However, these methods provide a static representation of building occupancy, which
ignores dynamic aspects of occupant movement and activities with respect to dynamic
social and spatial conditions.
Occupant-Centric Approaches. They model the behavior of building occupants in
response to dynamic surrounding conditions, such as the presence and movement of
nearby agents. Occupant movement has been modeled using a variety of techniques,
including particle dynamics [16], social forces [17], velocity-based methods [18, 19],
continuum models [20, 21], and space-time planning [22]. Some of these methods have
been applied to simulate human behavior in normal or evacuation scenarios [2, 23]
while accounting for the presence and movement of other people [24] and the semantics
of the built environment [25]. Belief-Desire-Intention approaches have also been
developed to determine occupants’ behavior based on their inner motivations [26].
These methods, however, often ignore the combined effects that a combination of
spatial, social and environmental conditions produce on occupants’ spatial behavior.
Activity-Centric Approaches. They use top-down coordination systems to model
individual or collaborative activity patterns. Schedule-based approaches define fixed
temporal sequences of activities to direct occupant movement and activities in
workplaces, such as office buildings [27] and universities [28]. Event-based approaches
abstract behavior logic from the virtual occupants to synthetic directors that control
their collaborative behavior [29–31]. Events use parameterized behavior trees that
describe hierarchical, modular and reusable behavior patterns [32]. These approaches,
however, determine agents’ spatial behavior based on a fixed schedule or a predefined
list of options encoded in parameterized behavior trees. Therefore, they do not account
for how dynamic stimuli may affect human spatial behavior.
Influence Maps and Affordance Maps. Influence maps have been used in computer
games to represent agents’ awareness about the world and model their decision-making
with respect to a set of surrounding stimuli [6, 7, 9]. Specifically, they use the notion
of attractive and repulsive forces that affect the movement of agents and decisionmaking. Influence maps do not actually determine agents’ behavior – they only provide
information that is used for the agent’s decision-making. For this reason, they can be
used for different purposes and can be combined with different planning algorithms.
Svensson and Johansson use influence maps to determine the movement of an agent
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while avoiding enemies [33]. Swettser and Wiles combine a cellular automata
environmental model with influence maps for agents’ decision-making [34]. The notion
of influence maps has also been applied to model agents’ movement by defining proxy
agents that attract and repel agents [35, 36]. A different approach used influence maps
to quantify the motivation of a specific agent (or group of agents) to move towards a
destination while accounting for the destination’s distance, occupancy, semantics, and
for the agents’ preferences [39]. Influence maps are traditionally used to model
environmental stimuli which are independent of a specific agents’ goals and
preferences. Instead, affordance maps (also defined as affordance fields) have been
used mostly in robotics to determine the possible actions or interactions between an
individual agent/robot with its surrounding environment at a given time. Kapadia et al.,
for example, used affordance fields for computing space-time steering behaviors [37].
Another approach used affordance maps for path-planning [38]. Current approaches,
however, do not combine influence maps and affordance maps into a unified framework
aimed at informing spatial decision-making of virtual occupants while accounting for
various social, spatial and environmental stimuli as well as individual goals and
preferences.

3

Proposed Framework

3.1

Overview

We propose a framework to model human-environment relationships in the form of
influence maps, which characterize the degree to which spatial, social, or environmental
stimuli affect building occupants. Our approach leverages existing work on influence
maps [6], [7], [9], [33] to define a framework that can be used to systematically model
a variety of static and dynamic stimuli and aggregate them into affordance maps to
inform the decision-making of building occupants while accounting for their task-based
goals and preferences for each type of influence. For example, affordance maps can
identify the favorable location for an agent to perform a specific activity at a given time.
The proposed framework is illustrated in Figure 1. A combination of occupantcentric data (e.g., an occupant’s position and status) and environmental data (e.g., the
built environment as well as the position of other agents in a space) are used to calculate
a stimulus intensity and propagation in space at a given time. Stimuli of the same type
(e.g., sound or social proximity) are then combined into influence maps using stimulidependent functions, agnostic of occupants’ preferences towards the stimuli. Finally,
influence maps are aggregated into affordance maps, while accounting for task-based
occupant-specific weights and preferences assigned to each influence map. The
affordance map is thus used to inform an occupant’s decision-making (e.g., where to
move next).
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Fig. 1. Framework overview. Our approach models various spatial, social, and environmental
stimuli in the form of influence maps, which can be combined into affordance maps that inform
occupants decision-making. In our framework, f calculates the intensity and propagation of
single influence maps; g combines them into a unique influence map; h aggregates normalized
influence maps into affordance maps while accounting for occupant-dependent goals and
preferences.

3.2

Modeling Built Environments and Occupants

Built Environment Model. Influence maps operate on a grid-based representation of
built environments. Specifically, the environment is divided into a square lattice of
cells, each of which contains static and dynamic information about the current state of
the world. Static information is directly mapped onto the grid from the different built
environment’s components, which can be physical (e.g., walls, doors, and equipment)
and non-physical (e.g., rooms and corridors). Physical components can cause a cell to
become unwalkable by the building occupants, and non-physical components can
assign specific semantics to a cell, describing a context-specific function (e.g., office
room, kitchen, or lounge). Cells can also be grouped into larger compositions, named
zones, which represent sections of built environments that share the same semantics
[40]. Dynamic information includes the current state of the cell (e.g., if it is temporarily
occupied by a moving agent).
Occupant Model. Occupants are modeled as agents that can move on the
environmental grid. Occupants each occupy exactly one cell, and they can move one
cell at the time to one of the eight adjacent or diagonal cells (as is customary in
traditional cellular automata approaches). Each occupant stores a set of properties that
can either be static or dynamic. Static properties may include a set of group members
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to whom the occupant is affiliated. Dynamic properties include the current position of
the agent in space as well as preferences for environmental stimuli, which can be used
to compute affordance maps.
While the main tasks of occupants are to sense the surrounding environment and
respond to it, in this work, we mainly focus on the former task. Different strategies can
be used to determine agents’ actions in response to the perceived stimuli, an example
of which we provide in Sections 4 and 5.
3.3

Influence Maps

Influence maps quantify the influence of stimuli in space at a given time. The process
of calculating influence maps is composed of the following steps.
Maps Calculation. Each map is determined by an origin, which is either a single cell
or a group of cells; an intensity level, which gauges an influence’s strength with respect
to other influences of the same type; and a propagation function, Φ, that determines the
intensity at a distance x from the influence’s origin (x = 0). In our experiments, we
model influences with either local or global propagation. Local propagation is used for
influences that affect occupants within a specific range from their origin (e.g., social
proximity). Global propagation is used for influences that affect occupants at any
distance from the origin (e.g., interest toward a specific location). While different
approaches can be used to model an influence’s propagation, in this work we model
local propagation with a Gaussian function Φg, and global propagation with a linear
function Φh:
(1)
(2)
As x increases from zero, the Gaussian function’s slope nears zero, meaning that the
influence of the stimulus becomes negligible. If an occupant has a proximal desire, such
as staying away from a group of agents, the effect of the group is local to the area
surrounding the group, in which case Φg is a suitable choice. Based on either empirical
measurements or hypotheses, the standard deviation of Φg can be tuned to reflect the
distance from a group at which the average person starts to be influenced. The intensity
value can then be adjusted to determine the relative influence of different groups.
On the other hand, the linear function Φh maintains a slope of 1 at any distance x,
resulting in its influence being considered globally. If an occupant desires to navigate
to a destination, the influence of this destination is better modeled by Φh than Φg,
because the influence of Φh does not diminish as the distance x gets further from the
stimulus’s origin.
In order to populate the cells of the influence map with intensities, Equation 3 is
evaluated at each cell cy,z with respect to the influence’s origin O, which is a set of cells.
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(3)
The function δ is used to compute the distance between the cell and the origin of the
influence. If δ computes the Manhattan distance (i.e., the sum of the horizontal and
vertical geometric distance between two points on a grid), the resulting influence map
would be ignorant of the obstacles in the environment. For example, a sound stimulus
in a sound-proof room would be heard outside of the room. To avoid this kind of
artifact, we have δ compute the 4-connected shortest path between the cell cy,z and the
origin O (i.e., a path where sequential cells are adjacent). A 4-connected path is
computed instead of an 8-connected path because it is less computationally expensive.
Figure 2 shows an example of an influence calculation.

Gaussian Function (Φ)

Distance Map (δ)

Influence Map

Fig. 2. Example of an influence propagation on a grid cell by combining a Gaussian function
with a distance map while accounting for environmental obstacles.

Maps Combination. Multiple maps representing single influences can be combined
into a unique influence map using influence-dependent methods. For n maps of type t
stored in set St, the formulation in Equation 4 computes the combined influence map It.
Each single influence map sk is incorporated into the combined influence map by
applying function Λt to each pair of cells in the same position on either map, where Λt
is specific to stimuli of type t.
(4)
For influence types that have global propagation and positive intensity or local
propagation and negative intensity, a Λt that takes the minimum between the two cells
will best preserve the influence of cells close to the corresponding stimuli, and
accordingly, an inverse intensity value will properly express the relative influences of
different stimuli. This is an example of the intuitive approaches we use in this study to
combine influences in order to demonstrate the proposed framework. Nevertheless, we
acknowledge that further work is needed to identify and verify more realistic and
sophisticated ways to combine unimodal maps.
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3.4

Affordance Maps

While influence maps represent the aggregated influence of a specific type of stimulus
on a building occupant, an affordance map combines these heterogeneous stimuli into
a representation that supports decision-making while accounting for activity-based
preferences of occupants towards such stimuli. Specifically, t-many influence maps I
are normalized and then combined into an affordance map A as a weighted sum.
Equation 5 formalizes the computation of A, where function N maps each cell’s
influence value from the range [min Ii,max Ii] to [0,1]. Each weight wi expresses how
much an occupant is affected by stimuli of type i. As aforementioned, attractive
stimulus types should have their stimulus maps inversely weighted based on intensity
value. Suppose that attractive influence maps are separated from repulsive influence
maps, where I1 through Im are attractive and Im+1 through It are repulsive. In this case,
Equation 6 can be used to calculate the affordance map.

(5)
(6)
For an influence of type t to have stimuli with opposite intensities for different
occupants, the stimuli should be grouped in a separate influence map Ita with other
dependent stimuli of the same type (i.e., stimuli that share intensities). Then, a positive
or negative weight wta can be applied to Ita when the occupants create their affordance
maps to reflect this mixed influence. Consider a sound stimulus for example. Depending
on an occupant’s preferences, such a sound may have a positive influence (e.g., the
sound of a favorite music band) or negative (e.g., the sound of other people talking
during a concert). If preferences for sound stimuli may not be unanimous, each sound
stimulus should be calculated as an independent influence map.

4

Using Influence Maps and Affordance Maps to Simulate
Occupant Behavior

We calculate a series of influence maps in an abstract social venue and we demonstrate
how these maps can be used to inform occupants’ movement. In order to visualize
influence and affordance maps, their cells’ influences are mapped from [0,1] to a range
of colors (i.e., [white,color]) or a range of hues (i.e., [0,240]). Figure 3 shows the initial
simulation setup. Figure 10 illustrates how affordance maps affect occupant movement.
We detail the calculated influence maps and affordance maps in the following
paragraphs.
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Building model

Occupant models

Fig. 3. Simulation setup

Semantics Map. This map computes the influence of semantically labeled spaces and
objects on occupants. In this example, we modeled the influence of a stage (M1) and
food tables (M2) using a linear function. Both maps are combined into a new map (M3)
by using Λ to compute the minimum value for each cell, as discussed in Section 3.3.

Stage (M1)

Food tables (M2)

Combined (M3)

Fig. 4. Semantic map (M)

Visibility Map. Unlike traditional approaches that compute a visibility region for a
specific occupant [41], in this work, we model the influence of a specific occupant
towards a spatial region from where a chosen target is visible. For example, consider
an occupant who is interested in moving towards an area where a stage is visible.
Computing the set of cells that are visible to the agent would not solve the issue since
such a calculation can only determine if the stage is currently visible from the
occupant’s position. To address this issue, we compute the set of cells O that are visible
from a target location (the stage in this case) and we generate a map that influences
agents by using Φh. In this example, we compute the visibility map with respect to the
stage (V1) and the food tables (V2), and we combine these maps by using Λ to compute
the minimum values (V3).
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Stage (V1)

Food tables (V2)

Combined (V3)

Fig. 5. Visibility map (V)

Social Proximity Map. We compute the proximity of an occupant to other
occupants, based on previous work on proxemics [42]. Specifically, we compute a
spatial area around each occupant that affects other occupants using a Gaussian function
Φg. We then combine the influences of multiple agents by using Λ to compute the
highest value for each cell. In this work, we compute two different social proximity
maps for each occupant. The first map represents the proximity of an occupant to its
group members (S1), while the second computes the proximity to strangers (S2). In this
way, these different maps can be associated with different weights and preferences
when combined into affordance maps. For instance, occupants may be able to get closer
to the group members, while keeping a socially acceptable distance from strangers.

Proximity group (S1) Proximity strangers (S2)

Fig. 6. Social proximity maps (S)

Cohesion Map. This map calculates a centripetal attraction towards the average
location of a social group’s members [16]. The cell at the average location is the only
cell in the origin O and Φh is used to influence group members toward each other from
any distance. This map is shared by members of the same group because the average
location is not subjective. In this example, the considered occupant is associated with
two different groups (C1 and C2). As with other influence types, these maps are
combined by using Λ to compute the minimum cell values across the cohesion maps of
the group (C3).
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Group 1 (C1)

Group 2 (C2)

Combined (C3)

Fig. 7. Cohesion map (C)

Sound Map. This map calculates the intensity of a sound source that originates from a
building component (e.g., audio speakers) or the occupants using a Gaussian function
Φg. Multiple sound stimuli are combined into a sound influence map using a logarithmic
function that describes the combination of multiple sound sources as Λ. In this example,
we generate two different sound influence maps, the first originating from the stage,
where music is being played (N1), and the second from the occupants, who are talking
(N2). These maps can be associated with different preferences when combined into
affordance maps.

Stage (N1)

Occupants (N2)

Fig. 8. Sound maps (N)

Affordance Map. This map combines the different influence maps using occupants’
preferences and activity-specific weights. In this example, we consider semantics,
visibility, cohesion, social proximity to group members, and sound from the stage as
attractive maps. Instead, social proximity to strangers and sound from people as
repulsive maps. We also generate three different affordance maps (A1, A2, A3) using
different weights for each influence maps (M = Semantics, V = Visibility, S1 = Social
Proximity for group members, S2 = Social proximity for strangers, C = Cohesion, N1 =
Sound from stage, N2 = Sound from people) as follows.
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A1

A2

A3

Fig. 9. Affordance maps with different weights for a single occupant

Occupant movement. In this example, occupants use affordance maps to identify an
optimal location and move towards the identified location. To do so, we calculate at
each time step the affordance map of the different occupants, and we direct the
occupants to their neighbor cell (adjacent or diagonal) that has the lowest influence
(indicated by the red color). If the cell of the agent’s location has an influence that is
less than or equal to those of the neighboring cells, the agent does not move. If it is
desirable for the agents to settle over time, a map with no influence (i.e., a zero matrix)
can be integrated into the affordance map. This map is weighted by wz, which represents
the attenuation of agents. As the simulation progresses, wz can be increased across all
agents, reducing the influence of all other types of stimuli by weight normalization until
they are negligible. Figure 10 demonstrates occupant movement based on affordance
maps.

Snapshot at T0

Snapshot at T10

Fig. 10. Simulation snapshots. The occupants move closer to the stage based on their individual
affordance maps. T refers to the simulation time measured in frames.
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5

Case Study

We demonstrate the proposed framework by means of a case study, which simulates
the spatial behavior of building occupants in a social venue. Influence and affordance
maps inform the movement of occupants while accounting for their different
preferences for the surrounding stimuli.
Simulation Setup. The social venue comprises of a stage, a lounge area with a bar, a
restaurant area with some tables and a bar, a kitchen and a service area with storage and
restrooms. The space is populated by two types of occupants, “visitors” and “workers,”
which have different preferences for the perceived stimuli. Similar to the example
described in Section 4, each occupant calculates semantics, visibility, social proximity,
cohesion, and sound maps, and aggregate them into an affordance map using their
specific preferences.
Simulation Results. Figure 11 shows the initial setup and different simulation
snapshots indicating the movement of occupants using the approach described in
Section 4. Additionally, it illustrates the different influence maps and affordance maps
for the two types of occupants considered. The semantics map Mw shows the combined
interest of workers for the lounge bar, restaurant tables, and kitchen, and Mv shows that
of visitors for the stage, and both bars. The visibility map of the workers attracts the
occupants to an area where the restaurant is visible (Vw), while the one of the visitors
attracts them to an area where the lounge is visible (Vv). The social proximity maps Sw
and Sv both assign high influence by non-group members and reduced influence by
group members. Workers are only grouped with other workers and visitors are only
grouped with other workers. Non-group members can be both workers and visitors. The
cohesion map represents the centripetal force that attracts both types of agents to their
respective group members (Cw and Cv). The sound map differs between occupants since
the workers are repulsed by the sound of the stage, which is considered distracting (Nw),
while the visitor is attracted to it (Nv). Additionally, the workers exhibit small attraction
to visitors’ sounds, while visitors are repelled from other visitors’ sounds. The
affordance maps provide an aggregated representation of the stimuli for the worker (Aw)
and the visitor (Av), leading to different spatial behaviors, using the following weights.

Insights. As a result of the different occupant preferences, the surrounding stimuli
produce different attraction and repulsion forces for workers and visitors, who exhibit
different spatial behaviors: visitors are mostly attracted by the stage and by the bars,
while workers are mostly attracted by the bars and kitchen, as indicated in Figure 11
(Snapshot at T14). This approach can be systematically extended to model additional
stimuli and occupant profiles by tuning their preferences for these stimuli.
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Simulation Setup and Snapshots

Building layout

Snapshot at T0

Snapshot at T4

Snapshot at T14
Influence Maps

Semantics (Mw)

Visibility (Vw)

Semantics (Mv)

Visibility (Vv)

Fig. 11 (a). Example of influence and affordance maps for 2 occupant types. On the left side, we
calculate maps for “workers.” On the right side for “visitors.” T refers to simulation time
measured in frames.
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Social Proximity (Sw)

Social Proximity (Sv)

Cohesion (Cw)

Cohesion (Cv)

Sound (Nw)

Sound (Nv)

Affordance Maps

A1

A2

Fig. 12 (b). Example of influence and affordance maps for 2 occupant types. On the left side, we
calculate maps for “workers.” On the right side for “visitors.” The maps are combined into
affordance maps that are used by the agents to determine their movement.
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6

Conclusions and Discussion

We presented a framework to model how spatial, social and environmental stimuli
affect human spatial behavior. The approach is centered on influence maps – spatialized
representations of the influence that dynamic stimuli exert on a given occupant at a
specific time. Influence maps are aggregated into affordance maps, which inform
occupants’ decision-making with respect to their spatial behavior while accounting for
occupant goals and preferences with respect to the considered stimuli. We demonstrated
the approach by means of a case study where we simulate agents’ spatial behavior in a
social venue.
Compared to existing simulation methods, this approach integrates influence maps
and affordance maps into a unique framework to calculate the spatial propagation of
stimulus in space and how different types of stimuli can be combined into a unique map
to inform occupants’ behaviors. While in this paper we only demonstrated a few
approaches to calculate how stimuli propagate in space, this framework can be extended
to incorporate additional methods.
In this work, we calculated influence maps and affordance maps also with respect
to areas of the buildings that agents cannot perceive. Additionally, we computed
stimulus maps using a 4-connected distance function δ, which is not as accurate as one
that considers diagonal cells. Finally, we acknowledge the complexity of tuning
occupants’ preferences, which can potentially change over time and have a significant
effect on the resulting affordance map.
Future work will address the aforementioned limitations and extend our approach by
(a) calculating maps only for portions of space that are directly perceivable by the
agents, (b) devising a method to automatically tune occupants’ preferences to generate
realistic behaviors, (c) using influence maps to represent also memory-related and
predictive stimuli, and (d) combining this approach with more sophisticated planning
methods for way-finding and day-to-day behavior simulations.
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