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Abstract— Social norms govern human society and are some
of the most important rules that dictate interaction. Here, we
focus on social norms for movement and path determination.
To have robots safely interact in real world settings, it is critical
that they follow these same norms. This requires a representa-
tion useful to the robot, allowing it to enter environments with
increased understanding of how humans move in the space. In
this work, we capture social movement norms by measuring
the alignment of humans in an environment and we are able
to see clear patterns emerge.

I. INTRODUCTION & BACKGROUND

Mapping and navigation through crowded environments
has been a major focus for autonomous systems as robots
leave the lab and enter the world. However, robots enter
new environments blind to any social norms attributed to
a location. For example, a robot that does not know that
sidewalks are preferred over grass or not to navigate through
a group playing soccer can be dangerous to both the robot
and the individuals. This lack of contextual awareness puts
both the robot and the humans in the environment at risk
of interacting in a way that feels unnatural and can po-
tentially be dangerous. Humans bring years of experience
and context to new environments which allows them to
integrate into settings easily. If a robot could have access
to a representation of these social norms, it would make it
easier for the robot to assimilate into the environment. We
will use an alignment measurement to classify movement
social norms into a map representation which a robot can
use for navigation. Within this map we can plan for areas
which may have more challenging behaviors the robot has
to deal with, and also optimize paths such that the robot
follows the standards of the people in the environment. We
will discuss the possibility that a broader subset of social
norms (e.g. walking on certain sides of the street, staying
off of landscaping, etc.) can actually be transitioned from
one environment to another.

Swarming systems are characterized as agents that operate
with simple underlying rules in a distributed and decentral-
ized manner, which results in collective behavior. There are
both natural and artificial swarms, and a common evaluation
metric to use when studying collective behavior is to consider
the swarm polarization [1]. Swarm polarization is a measure
of alignment of all agents with respect to an origin or
center of mass [2]. In this work, we will utilize data that
observes humans following social movement norms. Under
these movement norms there are many possible trajectories a
human can take. We exploit the measure of alignment, from
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the swarming literature, to build a map representation of low
level behavior of humans moving through the environment
such that a robot can move through an unknown space
consistent with the behaviors of people around it.

Within robotics, a variety of work has been done to allow
robots to navigate smoothly through crowds of people includ-
ing techniques using: flow maps [3], Reinforcement Learning
(RL) [4], and Multi-Policy Decision Making (MPDM) [5]. A
recent work addresses a robot navigating around a group of
pedestrians to a goal using Deep RL and prediction of the
intent of the people [6]. A specific example which relates
to what we are proposing builds flow maps of observed
human trajectories by robots and predicting future flow [7].
These approaches are all intended to be used to aid the
robot while it is actively moving in the environment. Our
approach is information that can be used in advance of the
robot entering an environment to allow the robot to take paths
and trajectories that are common and natural to other people
using the same space.

II. METHOD

We used the Stanford Drone Dataset (SDD)3 as a basis to
explore social norms. The SDD consists of overhead videos
from eight different locations around the Stanford University
campus with a focus on people moving throughout the envi-
ronment. The locations contain sidewalks, bike paths, roads,
and many other types of environments. Object paths were
extracted using computer vision techniques described fully in
[8] and contain pedestrians, bikes, golf carts, skateboarders,
and buses. Each object was given a class (e.g., pedestrian)
and a bounding box for each frame of the video. The SDD
contains over 19K objects and consists of many different

3http://cvgl.stanford.edu/projects/uav_data/

(a) View of Overhead Environment (b) Generated Alignment Map

Fig. 1. A visualization of the polarization calculated for a given area.
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types of interactions, groups, and object motion. Using these
annotations, we previously [9] adapted a number of extra
annotations, most notably we collapsed the bounding box
to its midpoint (x,y). Each object, Oj , has a location per
frame, Oi

j . With these annotations we were able to calculate
a measure of alignment from the SDD data. First, we needed
to understand what we are measuring our alignment with
respect too, this could be thought of as the origin in a
standard Euclidean graph. By considering alignment around
a central point we are able to consider many moving objects
and build an average representation of alignment instead
of observing local trajectories. However, because we are
working in pixel space, we hand selected the origins in the
videos to be the middle of intersections or roundabouts. We
will refer to this hand selected origin as a landmark, L. An
example landmark is the center roundabout in Figure 1.

To compute alignment of objects in each frame, we
modify the swarm polarization which typically computes the
normalized average alignment for all agents in the swarm [1].
The modified polarization is now a measure of alignment to
capture social norms. This value is computed for each object
and stored at the position of the object, written as follows:

AOj
=

(
∑N

i ∆di(Oj)
2∑N

i ∆di(Oj)2
, (1)

where N is all frames in the data set, and ∆di(Oj) is the
change in distance between an object, Oj , and a landmark
from frame to frame. For spaces with no objects the value in
the alignment map is NaN . This results in positive values for
objects that go farther away from the landmark and negative
values for objects that get closer. This distance value is
computed as follows:

∆di(Oj) = ||L − Oi
j || − ||L − Oi+1

j ||, (2)

where Oi
j and Oi+1

j is the position of the object from frame
fi to frame fi+1 within the annotated data. This can be done
for all objects in each frame.

We do not necessarily need, nor are interested in, the
alignment at the pixel level, because not every space is
occupied (e.g. some areas are buildings where no people
walk over buildings). In order to separate out the alignment
of the whole video, we used sections of the video in 10x10
pixel squares, G. So, for each G, we get the average alignment
for all objects within that grid. We do this irrespective of time
or duration within grid, such that:

AG =
1

PG

PG∑
j

Aj , (3)

where P is the number of objects, O, in the specific G. These
equations were encoded and run across the SDD data for
preliminary results in building social norm maps for robots.

III. PRELIMINARY RESULTS

Using equation 3 alignment maps were created for the
SDD. The landmark used for alignment was the center of

the roundabout as seen in Figure 1(a). The resulting align-
ment map can be seen in Figure 1(b). From the alignment
calculations, there are 4 values of interest: A value of −1
indicates a strong alignment towards the landmark; A value
of 1 indicates a strong alignment away from the landmark;
A value of 0 indicates no alignment pattern; and a non-
existent value indicates no presence of moving objects. These
4 values are shown by the colors red, blue, white, and black
respectively.

Figure 1(a) shows a simple environment of a roundabout
with walking paths around it. We can see patterns of strong
alignment emerge for this environment in Figure 1(b), not
only around the roundabout but along walking paths as well.
Very few areas appear to have a weak-alignment, which tend
towards the color white.

IV. DISCUSSION

This work encodes information that humans have into
something that is usable by a robot to allow for safe and
natural integration of the robot into a human environment.
Standard navigation, mapping, and obstacle avoidance for a
robot do not often consider the rules with which humans
interact in an environment, instead they focus on real time
avoidance or mapping of what people are doing. By encap-
sulating the social movement norms that are attributed to
an environment we hypothesize that we can have a robot
take these movement norms of others around it in order to
act more safely (i.e., walk on the right side of the sidewalk
rather than the left or middle, as suggested in figure and
results above).
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