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ABSTRACT

Crowd simulations imitate the group dynamics of individuals in different environments. Applications in
entertainment, security, and education require augmenting simulated crowds into videos of real people.
In such cases, virtual agents should realistically interact with the environment and the people in the
video. One component of this augmentation task is determining the navigable regions in the video. In this
work, we utilize semantic segmentation and pedestrian detection to automatically locate and reconstruct
the navigable regions of surveillance-like videos. We place the resulting flat mesh into our 3D crowd
simulation environment to integrate virtual agents that navigate inside the video avoiding collision with
real pedestrians and other virtual agents. We report the performance of our open-source system using
real-life surveillance videos, based on the accuracy of the automatically determined navigable regions
and camera configuration. We show that our system generates accurate navigable regions for realistic
augmented crowd simulations.
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1. Introduction

Crowd simulations investigate the interaction of individuals in-
side and among groups of people, in terms of behavior, appearance,
personality, and emotions. Models used in such simulations aim
for a realistic interaction with the environment; hence, the appear-
ance and behavior of the virtual agents that represent individuals
should fit the context of the scene for better immersion. Quanti-
tative methods assess the realism of such simulations, comparing
the simulated crowd with real-world data.

Augmenting virtual crowds into real-life videos has applications
in entertainment, security, and education. Virtual crowds can cost-
effectively fill environments in movies, appearing together with
real actors; virtual tutors can move inside live environments to cre-
ate immersion in training applications. In such augmented crowd
simulations, virtual agents should be indistinguishable from the
real people and should interact with the real crowd and the en-
vironment realistically. This requires careful inspection of the envi-
ronment and the individuals in the video.
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Augmented crowd simulations benefit from data-driven ap-
proaches for pedestrian and scene inference. Using a model for
the environment and pedestrian trajectories, a virtual crowd can
be augmented into the input video, so that virtual agents plausi-
bly move in the scene without colliding with each other and the
real pedestrians. However, in such a workflow, many steps require
labor-intensive manual processing, including the construction of an
environment model for the virtual crowd.

We introduce our open-source augmented crowd simulation
system that utilizes an automated approach for the determination
and reconstruction of navigable regions in real-life surveillance-like
videos. We make use of existing methods of semantic segmenta-
tion and pedestrian tracking to determine image-level navigable
regions. Then we reconstruct the aerial view of these regions as
a flat mesh and position it in our 3D crowd simulation environ-
ment. From the perspective of the automatically calibrated scene
camera, the virtual agents move inside the navigable regions of
the video, avoiding scene obstacles, real pedestrians, and other vir-
tual agents. We evaluate the accuracy of the generated navigable
regions in comparison to the ground truth, using real-life surveil-
lance videos.

We list our contributions as:

o Automatic determination and reconstruction of image-level
navigable areas in surveillance-like videos for seamless integra-
tion of virtual agents.
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o Evaluation of the resulting image-level navigable areas using
different combinations of segmentation networks and training
sets.

2. Related work

2.1. Data-driven crowd simulations

Many applications of crowd simulations utilize real-life data for
realistic agent behavior. Musse et al. [1], Lerner et al. [2], and
Kim et al. [3] extract pedestrian trajectories from real-life video se-
quences to simulate movements of virtual agents in various crowd
scenarios. Jablonski et al. [4] evaluate the accuracy and the real-
ism of crowd simulations in comparison to real-life footage, us-
ing pedestrian flow. Amirian et al. [5,6] generate crowd trajec-
tories that mimic the behavior of real-life pedestrians, regard-
ing their interaction with the environment and other pedestrians.
Bera et al. [7] learn pedestrian motion models from video to sim-
ulate agents that act like real pedestrians. Instead of learning the
behavior of the real crowd, we utilize the pedestrian data to auto-
matically determine the navigable regions of the scene to realisti-
cally integrate virtual agents.

2.2. Augmenting virtual agents into real-life videos

Numerous works augment virtual agents into videos of real
people and environments. Zheng and Li [8] manipulate virtual
crowds using an augmented reality interface. Baiget et al. [9] gen-
erate augmented video sequences with virtual crowds that react to
the environment and people, utilizing multi-object tracking to de-
tect dynamic entities in the video feed. They generate the environ-
ment using a calibrated static camera and model the context-aware
behaviors of the agents using Situation Graph Trees. In contrast to
our approach, they do not generate the navigable area based on
the input video, and they do not use collision avoidance for the
interaction of virtual agents with real pedestrians and other ob-
stacles in the video. Instead, they generate paths on the ground
for specific behaviors such as walking in a circle or a spiral path.
Olivier et al. [10] use virtual reality (VR) in a collision-avoidance
scenario between a participant and a single virtual agent to inves-
tigate the effect of VR on visibility to avoid collisions.

Rivas et al. [11] propose a framework for coupling simulated
crowds with real pedestrians on completely navigable environ-
ments. Zhang et al. [12] propose a framework for the seamless
integration of virtual agents into videos where agents avoid col-
lision with real pedestrians. They use an alpha map-based so-
lution to handle occlusion between agents and real pedestrians.
Dogan et al. [13] track pedestrians using a HOG-based detector
and Kalman filtering, to augment virtual agents on manually con-
structed navigable areas. In contrast, we analyze the video to ex-
tract the navigable regions automatically.

2.3. Reconstructing navigable regions

The reconstruction of navigable regions requires a geomet-
ric understanding of the scene. To this end, an image-based
horizon approximation can give an idea about the camera con-
figuration. To find the horizon and a suitable third vanishing
point, Li et al. [14] use intersections of Hough lines, whereas
Zhai et al. [15] use deep convolutional neural networks. Tro-
coli and Oliveira [16] generate a histogram of angles using the line
segments of the image and use the peaks to search for vanish-
ing points. These methods rely on the existence of horizontal lines,
which usually exist in man-made structures, but not guaranteed in
every input scene.
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In contrast, various studies utilize pedestrian features to cal-
culate vanishing points, treating pedestrians as vertical poles in-
tersecting at the third vanishing point. Pedestrian trajectories are
then used to calculate the remaining vanishing points on the hori-
zon. Liu et al. [17] use pedestrian postures to find the third van-
ishing point and use this information for automatic camera cali-
bration. Similarly, Brouwers et al. [18] consider the height distri-
bution of the pedestrians to calculate the tilt angle of the camera.
Jung et al. [19] estimate normalized pedestrian height using track-
ing based camera calibration. We utilize both line and pedestrian
features for camera calibration, which performs better in arbitrary
scenes.

After calibration, we generate the blueprint (the top-down view
from an imaginary camera that is orthogonal to the ground plane)
of the navigable regions for reconstruction, which requires met-
ric rectification. Liebowitz et al. [20,21] apply metric rectifica-
tion to correct distorted perspective in images, and reconstruct
architectural scenes in 3D. Bose and Grimson [22] rectify the
ground plane by tracking the moving objects in the scene. Chaud-
hury et al. [23] use line properties to find two vanishing points
in general images, to perform affine rectification that corrects the
perspective distortion partially, without recovering the real an-
gles. In our blueprint generation, we utilize the approaches of
Bose and Grimson [22], and Chaudhury et al. [23].

Various works that reconstruct the scene in 3D using a sin-
gle image or a static camera are also worth mentioning. Bul-
bul and Dahyot [24] use social media location data to populate
manually built 3D cities. lizuka et al. [25] use manual annotation of
specific boundaries in a single image to reconstruct the 3D scene.
Zhang et al. [26] automatically reconstruct the 3D scene based on
the epipolar geometry of multiple views. Hoiem et al. [27] and Sax-
ena et al. [28] use single view approaches that reconstruct the 3D
scene automatically. Although we place virtual agents in a 3D en-
vironment, the reconstructed navigation mesh is flat, which is suf-
ficient for projecting virtual agents onto the video.

3. Framework

Our open-source framework, outlined in Fig. 1, provides an
augmented interactive crowd simulation in Unity [29]. We simu-
late virtual agents walking in navigable regions of the input video
while avoiding collision with real pedestrians. To reconstruct the
navigable scene, we preprocess the input video using computer vi-
sion techniques included in the OpenCV library [30]. The crowd
simulation runs in real-time, and the preprocessing is performed
off-line.

The input of our system is the video of an environment con-
taining pedestrians. We assume this video is recorded with a sta-
tionary camera, using an angle similar to surveillance footage. The
number of active pedestrians in the scene increases the accuracy
of the reconstruction. The main stages of our workflow are as
follows:

1. Pedestrian Detection and Tracking: We detect the pedestrians
in the video and track their positions in consecutive frames.
We record the tracking data, including pedestrian locations and
postures, into a MOT [31] compatible file.

. Navigable Region Calculation: We first apply semantic segmen-
tation on multiple frames of the input video to form naviga-
ble region candidates. We filter out the obvious non-navigable
regions such as walls. We then use pedestrian information to
evaluate each region. We accept regions with sufficient pedes-
trian occupancy as navigable.

. Scene Reconstruction: We extract the vanishing points from the
video and apply perspective correction on the navigable areas
to obtain an aerial view of the navigable scene. We use the
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Fig. 1. The augmented crowd simulation framework.

term “blueprint” for this top-down view. We utilize an itera-
tive Perspective-n-Point (PnP) solution to correct the imperfect
blueprint to match its real-life counterpart. We then convert
the blueprint to a 2D mesh.

. Crowd Simulation: We place the 2D navigation mesh into Unity
and position the 3D scene camera so that the navigable regions
of the video overlaps with the projection of the 2D mesh. We
project real pedestrians in the video that are detected in Pedes-
trian Detection and Tracking stage onto the navigable mesh as
dynamic obstacles. The user can insert virtual agents into the
scene and set their destination on the navigable region with
mouse input. Each agent walks towards its destination while
avoiding collision with the projected pedestrians and other
agents.

We discuss our approach for reconstructing the navigable re-
gions in Section 4. The following subsections describe the other
stages in more detail.

3.1. Pedestrian detection and tracking

We first preprocess the input video to extract the pedestrian
information. Although we assume the video is recorded with a
stationary camera, there may be minor position or orientation
changes caused by environmental factors. To eliminate such dis-
ruptions, we stabilize the video using optical flow [32].

We process the video using one of the available pedes-
trian detection techniques including Histogram of Oriented Gra-
dients (HOG) [33] and one-shot SSD networks [34]: either Incep-
tion v2 [35,36] and MobileNet [37]. We use pretrained versions of
these networks available in OpenCV Tensorflow API [38,39].

To reduce processing time, we assume anything immobile is not
a pedestrian. This also eliminates idle pedestrians; we find this ac-
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ceptable because their role in collision avoidance is minimal. We
detect movement using background subtraction [40] and look for
pedestrians only in these areas.

We detect the pedestrians in the current frame and update the
tracking information using the pedestrians detected in preceding
frames. We use Kalman Filtering [41] to minimize position jumps
caused by noisy detection. At the end of this stage, we only re-
port consistently tracked pedestrians. Tracking information con-
tains pedestrian positions per frame, including the head and foot
positions of each pedestrian. We define head and foot positions as
the endpoints of the foreground pixel blob which encapsulates the
detected pedestrian. We use this pedestrian data in the navigable
region calculation, camera calibration, and dynamic obstacle posi-
tioning. We use foot positions to project dynamic obstacles in place
of real pedestrians. We use the combination of head and foot po-
sitions as vertical poles for camera calibration and to determine
average pedestrian height in simulation.

3.2. Augmented crowd simulation

We simulate virtual agents in the reconstructed scene that
avoid real pedestrians. We generate a variety of realistic human
models using MakeHuman [64] to act as virtual agents. We uti-
lize pathfinding techniques included in Unity to generate a navi-
gation mesh from the reconstructed scene. For collision avoidance,
we use Reciprocal Velocity Obstacles (RVO) [42,43]. RVO is not in-
cluded in Unity’s pathfinding tools; therefore, we use the RVO im-
plementation available at [65]. We use Unity’s pathfinding tools for
global path planning over the calculated navigation mesh where
each virtual agent follows a trajectory with sub-goals to the de-
sired position. We utilize RVO for local path planning, i.e., collision
detection and avoidance, where we dynamically adjust the veloci-
ties of virtual agents towards the next goal position to avoid col-
liding with other agents. In traditional RVO, each agent is respon-
sible for adjusting its velocity and direction to prevent oscillations.
In augmented crowd simulations, the real pedestrians follow pre-
determined paths; only virtual agents actively participate in colli-
sion avoidance. We integrate real pedestrians into the simulation
by setting the maximum number of considered neighboring agents
in RVO to zero. As a result, the real pedestrians simply act as dy-
namic obstacles without any change to their velocity during colli-
sion avoidance.

We project the pedestrians onto the navigable mesh by sending
camera rays through their feet positions on the image plane. We
refresh the projection in every frame and update the position of
these dynamic obstacles formed by the real pedestrians. If a pro-
jection becomes out of sync with the associated pedestrian’s track-
ing information, it means the tracker lost the pedestrian, therefore
we remove the corresponding dynamic obstacle after a few frames.
The projected dynamic obstacle uses its latest displacement as its
current movement vector.

We determine the height of a virtual agent based on the aver-
age height of the pedestrian detection boxes, projected to the 3D
scene. We send a camera ray r to the head position of the pedes-
trian in the image plane. Given the 3D location of the camera C
and the feet position F, we determine the head location H using
Eq. (1), where D is the vector between the camera and the feet lo-
cation on the XZ-plane. We calculate the distance from the camera
to the head in terms of the ray unit vector 7 using D and add it to
the camera location. The height is relative to the unit distance in
Unity. We calculate the height at the beginning of the simulation
for an initial approximation, but it can be specified by the user at
run time, considering the existing bounding boxes.

D= (E(a Oa FZ) - (Cx, 0, Cz)7

H=lPl,c ™
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Fig. 2. The screenshot shows a reconstructed scene including real pedestrians and
virtual agents (in yellow) walking around without colliding with pedestrians or
each other. The original scene is courtesy of PETS09-S2L1 video [44]. (For inter-
pretation of the references to color in this figure legend, the reader is referred to
the web version of this article.)

Our augmented crowd simulation framework starts by inputting
the stabilized video, the pedestrian tracking and camera calibra-
tion data, and the reconstructed navigable mesh. After placing the
camera and the navigable mesh, the simulation starts by project-
ing the video as a background in the camera frustum, and the
virtual agents are visible on top of the navigable regions. Fig. 2
shows a screenshot of a reconstructed scene including real pedes-
trians and virtual agents. In the following section, we focus on the
automatic determination of navigable areas for augmented crowd
simulations.

4. Navigable area reconstruction

We infer the navigable regions of the scene and generate a 2D
navigation mesh based on the union of these regions in an aerial
view. We position the 2D mesh into our simulation environment
with the camera configuration of the video, so that the virtual
agents that walk on the navigation mesh appear as if they are
walking on the navigable regions of the video. This reconstruction
process involves the following steps:

1. We analyze the video frames to determine the navigable re-
gions using deep-learning-based semantic segmentation and
pedestrian tracking.

. We determine the scene geometry by detecting the horizon
and the third vanishing point, using line features from the first
frame and pedestrian data. We then use homography to gener-
ate the “blueprint” of the navigable regions.

. We orient the camera in the reconstructed scene according to
the perspectively-corrected navigable regions. Because the data
used in the previous step contains noise, the perspective cor-
rection is not perfect, which also affects camera placement. For
this reason, perspective correction is readjusted to match the
real-life counterpart for optimum camera placement.

. We then convert the “blueprint” of the final corrected navigable
regions from an image to a 2D mesh that can be placed in the
3D scene in Unity.

In the following subsections, we discuss each step in detail.
4.1. Semantic segmentation for navigable region detection

The first step of the reconstruction process is to determine
the navigable regions using multiple video frames. Even though
the video is stationary, using only the first frame is not enough,
since walking pedestrians would obscure navigable areas behind.
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(©)

(d)

Fig. 3. Navigable region calculation of PETS09-S2L1 [44] using Xception network
for segmentation. (a) the original frame, (b) the navigable region candidates with
pedestrian trajectories (in white), (c) union of the navigable regions (in white), (d)
navigable regions visualized on the original frame.

Therefore we update the navigable region map every N frames
(user-defined) by accumulating the segmented regions. To improve
segmentation performance for videos with hard shadows where
context is hardly distinguishable, we apply the shadow removal
method by Murali and Govindan [45,46].

We segment the frames and update navigable region candidates
using one of the state-of-the-art semantic segmentation methods:
MobileNetV2 [47] or Xception [48,49]. We associate each segment
with a label, which helps us filter out the obvious non-navigable
areas such as walls, buses, and cars. The labels are different for
each dataset that we use in training. We used networks pre-
trained [50,51] on ADE20K [52,53] and Cityspaces [54] datasets.
In the evaluation section, we experiment on different input videos
using various combinations of segmentation networks and training
sets.

We determine the “navigability” of a region not only by its se-
mantic label but also by considering the pedestrian data. A partic-
ular region is navigable if the ratio of frames in which the region is
occupied by at least one pedestrian exceeds a user-defined thresh-
old. This threshold will be referred to as the “navigation density
threshold” for the rest of the work. We assess this per-region in-
stance, therefore identifying a region of a particular label as nav-
igable does not change the navigability of other disconnected re-
gions with the same label. In the absence of any pedestrians, we
determine the navigability based on the semantic label only. Fig. 3
shows the navigable regions extracted from PETS09-S2L1 [44].

4.2. Perspective correction for blueprint generation

To reconstruct a 2D navigation mesh using the image of the
navigable regions, we first obtain their “blueprint”, i.e., the rectified
aerial view. To this end, we utilize various computer vision tech-
niques, including RANSAC-based horizon detection, homography-
based perspective correction, and the solutions for the PnP
problem.

4.2.1. Horizon detection
We first find the vanishing points in the scene to extract the
scene structure observed from the camera viewpoint. In a given
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image, it is possible to find infinitely many vanishing points; in
our case, we are interested in finding only the three: two on the
horizon and a third one that is not on the horizon. The position of
the third vanishing point concerning the horizon depends on the
placement of the camera, specifically its tilt angle.

We assume the camera is looking down on the scene in a
surveillance-like configuration, in which it is easier to generate the
navigable areas in comparison to pedestrian level camera place-
ments. Besides, the areas below the horizon have more coverage
in this configuration, enabling a better view of the ground plane.
In this configuration, the horizon is above the image center and
the third point is below it. We refer to the third point as “nadir”
from this point forward.

To find the vanishing points, we utilize the lines found in the
image, similar to Li et al. [14]. The lines that are parallel in the real
world, which can be found abundantly in man-made scenes, inter-
sect at a vanishing point in the image. The intersections of hor-
izontal lines are positioned on the horizon and the intersections
of vertical lines give us the third vanishing point. We can easily
find such lines by filtering and Hough transform. Given four points
i, j, u, v in the 2D image, where ij is parallel to 7V in 3D space,
we find each vanishing point using homogeneous coordinates fol-
lowing Eq. (2). To find the horizon, we calculate multiple vanish-
ing points using different line pairs, that are all parallel in the 3D
space. We then find a line that connects these vanishing points to
determine the horizon.

pi = [ix,iyv 1],
o i1,
Dj Lix Jy ] 2)
lij = DPixXDj,
vp = li]’ X luy,

In cases where the visual cues of the image background
are not sufficient, we use pedestrian data to calculate vanish-
ing points [17-19,55]. We treat pedestrians as vertical poles that
change position between frames, assuming they do not change
their stance too much. We use their postures as parallel vertical
lines that converge at the nadir vanishing point. We use their lo-
cation changes to generate trajectories to be used as additional line
features. Having the head and foot positions of the pedestrians
in each frame, we sample the head and foot trajectories of each
pedestrian at user-defined intervals. We assume that the height of
each pedestrian is constant throughout the video; hence, we take
the aforementioned lines to be parallel in the real world and meet
at the horizon in the image (cf. Fig. 4).

Because the pedestrian data and lines from the image may
contain noise, we use RANSAC [56] and thresholding to reduce
the noise. We only consider a subset of the given lines based on
length [23]. For every random line combination, we calculate a
score according to the other lines in the subset. If the angle 6 be-
tween the voting line and the potential vanishing point is below
an empirically-determined threshold, the vanishing point obtains a
score equivalent to its length. We use the model with the highest
count as the vanishing point. Additionally, we enforce the horizon
vanishing points to be above any line segment from pedestrian tra-
jectories, which ensures that the navigable area stays below the
horizon. Similarly, the nadir point is expected to be below the
trajectories.

For the camera calibration, we need to determine its intrinsic
parameter matrix (K). In K, we assume zero skew (s = 0) and take
o as the aspect ratio of the image. We calculate the focal length
f using the orthocenter of the triangle defined by the vanishing
points as f2 = |vp; — p||vp, — p| — |o— p|®, where o is the ortho-
center, p is the projection of the orthocenter on the horizon, and
vp; and vp, are the vanishing points on the horizon.
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Fig. 4. The head and foot positions of the pedestrian at different frames create par-
allel lines in the real world (shown in black), which defines a single vanishing point
at their intersection. We extract the red lines from the image (which are parallel in
the 3D scene) and define another vanishing point where they together define the
horizon, shown in blue. Additionally, we use the postures (head to foot vertical line
of each pedestrian, shown in green) to find the nadir vanishing point, which cannot
be seen in the example because it is too far away. (For interpretation of the refer-
ences to color in this figure legend, the reader is referred to the web version of this
article.)

4.2.2. Image rectification

We use the vanishing points for perspectively correcting the
segmented image. To this end, we rectify the image by projectively
warping it as if the generated image is taken from a frontal, bird’s
eye view angle. When we take an image from such an angle, the
view plane is parallel to the navigation area in the frame. To rec-
tify an image, we use homography [57]. Given points in one plane
as x, we calculate the corresponding points in the second plane as
X' = Hx where H is the Homography matrix.

To construct H, we need to have at least four-point correspon-
dences between two planes. In our scenarios, we do not have such
point correspondences as they require knowledge of the scene,
such as a window with a known shape in the real world. An-
other way of constructing H, called stratified rectification [20,21], is
to look at its decomposition (see Eq. (3)). The leftmost matrix H;
is the similarity matrix (metric part), which contains rotation (r),
translation (t), and scaling (s) components. H is the affine trans-
formation matrix, and Hj is the projective transformation matrix.

H = HHH,
srqn st |1/ —a/B8 OJ[1 0 O
= Nbi ST ty 0 1 0 0 1 0
0 0 1 0 0 11lL L 1
(3)

We construct H starting from the projective transformation ma-
trix. In Eq. (3), the bottom line of H, corresponds to the horizon of
the image in homogeneous coordinates, I, = (I, [, 1). The homo-
geneous horizon is obtained with vp; x vp, = I, where each vp is
a vanishing point on the horizon. Applying the projection matrix
recovers the parallelism of the lines in the image (affine rectifica-
tion). The next step is to recover the metric properties of the im-
age such as the length ratios and angles of non-parallel lines using
the affine transformation matrix H,. We calculate the parameters
o and B in H, using the concept of circular points [58].

Each method defines circles with center (cy,0) and radius r,
where the first axis is « and the second is 8. The intersections of
the circles determine the affine parameters o and 8. To find those
circular points, Bose and Grimson [22] utilize the trajectories of
moving objects to be used for ratios of lengths in the image. They
use lines in 4 and 5 to calculate the centers and radius of each
circle. They define each line using two points p; and p,, where
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Fig. 5. The overview of the metric rectification process for PETS09-S2L1. The original image (a). After determining the horizon for the image to calculate the projective
transformation (c), we use the pedestrian trajectories to find the circular points to be used in affine transformation (d). We apply the resulting homography matrix to warp

the image as if the generated image is taken from a bird’s eye view (b).

s is the length ratio, Ax = p1x — pox and similarly for Ay. We uti-
lize the feet trajectories of pedestrians as non-parallel paths in the
image. We assume pedestrians have the same velocity in the real
world and took all paths with a constant velocity. Therefore, s is
taken as 1. Because there are many intersection points for circles,
we take their average. We then use the resulting point (&, 8) in
the affine transformation matrix Hg.

Ax1 Ay, — S2Ax, Ay,
, = .0, 4
_|s(Ax Ay — Ax1Ays)
- 2 2 Ay2 . (5)
Ay; —s2Ay;

We apply similarity transformations to our resulting metric-
rectified image, as described by Chaudhury et al. [23] to keep its
features within the image boundaries. We use the implementation
provided by Chilamkurthy [59]. Fig. 5 illustrates the stages of the
metric rectification process. The initial rectification has errors from
projection, but the camera placement process will refine it so that
it is closer to a frontal image.

4.3. Camera placement

After applying metric rectification on our segmented image to
obtain the aerial view, we determine the orientation of our cam-
era so that the navigable model’s projection on the view plane
matches its real-world counterpart. We use the pinhole camera
model for projection, which projects the 3D points (X,Y,Z) in the
world scene to 2D image points (u, v) based on the projection ma-
trix P in Eq. (7). K is the intrinsic matrix of the camera, and the
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extrinsic part of the camera model is [R|t]. We describe how we
approximate the extrinsic part of the camera model, as we have
already constructed the intrinsic matrix using the vanishing points.

: (6)

P =K[R|t], (7)

To find the transformation expressed in the extrinsic matrix,
we utilize PnP solutions that use point correspondences between
the 2D image points and the 3D world points to approximate cam-
era orientation. A stable implementation of an iterative PnP solver
is provided by the OpenCV library [30], which uses Levenberg-
Marquardt optimization [60].

We use the warped segmented image as the blueprint of our
2D navigable area model, placed in the 3D environment. We use
its four corners as points in our 3D world, which correspond to
the corners of the image. The flat navigation mesh is placed on the
XZ-plane, therefore, the Z axis of the model coordinates are taken
as imageyeign, — v from the image and Y is 0. When running the
PnP solver, we provide the intrinsic matrix K and assume zero dis-
tortions, which would affect the projection. The initial run of the
solver is generally inaccurate because of metric rectification and
focal length errors. Fig. 6(a) shows a sample output. The axes that
represent the projections of the four corners of the model are away
from the corners of the image (see Fig. 6(b)).
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Fig. 7. Example triangulation of the navigable area. We preprocess the model image
with erosion and dilation for refinement.

Table 1

The quantitative comparison of various pedestrian trackers. Overall, deep learning
approaches can achieve more detections at the expense of more false positives;
as seen in lower precision, MOTA, and with higher recall, MOTP than HOG. FPS
is frames processed per second. The deep learning approaches have lower FPS be-
cause they were run using a CPU. The experiments were performed on a personal
computer with Intel®Core™{7-4500U CPU @1.8 GHz, 8 GB RAM, and NVIDIA 740M.

PETS09-S2L1 (768x576 @15 fps)

Method Recall Precision MOTA MOTP FPS
HOG 81.8 76.8 55.5 0314 0.5
Inception v2 92.8 47.6 -10.5 0.241 0.114
MobileNet 91.4 63.2 36.8 0.244 0.188
Custom (1280x720 @30 fps)

Method Recall Precision MOTA MOTP FPS
HOG 18.1 414 -7.8 0.400 0.243
Inception v2 429 31.8 -50.2 0.343 0.075
MobileNet 30 28 —48 0.334 0.115

Assume that there is a projection matrix P that maps the 3D
corners of the model to their projections on the image plane
(Eq. (8)). This projection matrix is the inverse of one that would
map the original image corners in the 2D image plane to the ideal
model corners; as the camera is identical for both cases. However,
the inverse projection of an image point is ambiguous as there are
infinite points that are projected on it. To solve this problem, we
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with image corners (e) to obtain the perfect fitting model (d). In (c) and (f), the RGB lines correspond to X, Y, and Z coordinates in Unity. The model

Table 2

Dice scores of the segmentation results (higher is better) for PETS09-S2L1 [44],
Town Centre [62], MOT16-04(31] and our custom video. “No. frames” is the number
of frames used for segmentation update, “Threshold” is density ratio to filter rarely
navigated areas. High dice scores with lower than 50 segmentation updates indicate
that our approach produce accurate navigable regions with threshold as 0.3.

Threshold
Scene No. frames 0.0 0.3 0.7 0.95
PETS09-S2L1 40 0.887 0.895 0.711 0.711
Town Centre 46 0.945 0.945 0.945 0.912
MOT16-04 35 0.912 0.912 0.912 0.912
Custom video 38 0.833 0.833 0.833 0.833

remove the Y component of the 3D position vector. This turns our
problem into plane-to-plane homography.

We use the PnP solver to obtain the projection of the corners
of the initial model on the image plane. We calculate Hp,jecrion b€-
tween the corners of the model in the model plane and the projec-
tion in the image plane using four-point correspondence (Eq. (9)).
Then by applying Hp*rljmon to the original image corners, we obtain
the corners for the ideal model on the XZ-plane (Eq. (10)). Because
we now know the ideal model, we use homography to warp our
existing model corners to its corners (Eq. (11)). The homography
matrix Hygjystmene 1S found using 4 points correspondence between
each models’ corners on the XZ-plane. After adjusting the model,
we estimate the camera pose again using an iterative PnP solution.
To keep the corners of the adjusted model inside the image, we
minimize the initial model and apply similarity transformations to
the final model. Fig. 6(c) and (d) summarize this correction pro-
cess. We use the result of the PnP solution together with the im-
age frame properties (e.g., resolution, center) in Unity. We use the
field of view calculated from the focal length as the vertical FoV.

- N <X

projection .
initial
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Fig. 8. The example reconstruction of the navigable area model for each video. From top to bottom: the original frame, navigable areas, calculated horizons, the final model
blueprint, detected pedestrians on top of the flat navigation mesh (rendered in black) projected on top of the input video, and the output with real pedestrians and virtual
agents. From left to right: PETS09-S2L1[44], Town Centre [62], MOT16-04 [31] and our custom video. In some videos, the postures of the projected pedestrians do not
perfectly match the pedestrians in the video because of the small errors in the horizon and focal length calculations. We reconstruct the navigable area and place it on the
3D scene successfully even in the presence of such errors.
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4.4. Mesh construction

After determining the navigable regions in the video frame and
obtaining their frontal view blueprint, we need to convert the
blueprint to a mesh on which agents can navigate. To this end, we
implemented a mesh generator that converts the given binary im-
age into a 2D mesh. White areas in this binary image represent
navigable regions. We assume that the area is flat; there are no
stairs or any elevation change in the environment.

We apply dilation and erosion operations on the binary image
to eliminate possible noise, tiny clusters, and holes. Then we find
contours using OpenCV. We use the tree hierarchy of OpenCV that
enumerates each contour from outer to inner. To convert this con-
tour hierarchy of border vertices and edges into a mesh, we use
the Triangle [61] framework. This framework uses the notion of a
“triangle-eating virus” to process the holes, which removes the tri-
angulation from its initial point to the closest segment it reaches.
The planting location of the virus needs to be within the whole
area. To find such a point, we construct the hole as a polygon using
its encapsulating contours and the contours it encapsulates. Then,
we find a representing point inside the hole region, which will be
the initial point of the virus. Fig. 7 shows a generated mesh ex-
ample. After the triangulation, the resulting mesh is exported to
Unity.

5. Evaluation

We test our framework on various stationary surveillance-like
videos including PETS09-S2L1 [44], Town Centre [62], MOT16-
04 [31], and a custom video. Fig. 8 includes the horizon, extracted
navigable areas, their placement into the 3D scene with dummy
agents, and the final output with virtual agents for each test video.

Table 1 shows a quantitative comparison of different pedes-
trian trackers for PETS09-S2L1 and our custom video. Recall is the
percentage of identified pedestrians overall in the video, whereas
precision is the percentage of correct detections overall. MOTP
and MOTA represent multi-object precision and accuracy, respec-
tively [63]. MOTP measures the mean dissimilarity between the
correct detections and the ground truth, where the smaller is bet-
ter. MOTA focuses on mismatch errors that occur when a single
object is identified multiple times as different objects. It can result
in negative values when the detection errors are higher than the
number of pedestrians.

The results indicate that deep learning-based methods achieve
detections that capture a high number of pedestrians but some of
them are false positives. This would populate the navigable region
with more pedestrians than there are in the video; limiting the
navigation of augmented agents. However, for augmented reality
applications, missing pedestrians in the video is a more impor-
tant problem than false positives; therefore, deep learning-based
approaches are preferable.

To evaluate the performance of our reconstruction method, we
measure the similarity of the automatically determined navigable
areas in comparison to the ground truth. We report this similar-
ity in terms of the dice score using different parameter configu-
rations. The dice score represents the overlapping pixel area per-
centage between the ground truth and the predicted regions, in
the range [0.0, 1.0]. We manually craft segmentation maps of each
video to use as the ground truth. We test two available network
architectures for semantic segmentation: Xception [48,49] and
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Fig. 9. Segmentation performance in terms of dice scores (higher is better) for
each video. Overall, the performance is more stable with Xception [48,49] | Citys-
paces [54] combination while decreasing segmentation frequency. PETS video has
problems with MobilenetV2 [47], especially when using Cityspaces [54]. We obtain
the best results for our custom video when using Xception/Cityspaces.

MobileNetV2 [47], and compare two datasets for the training:
ADE20K [52,53] and Cityspaces [54]. In each combination, we also
try different frame steps (skipped frame count between each seg-
mented frame).

Fig. 9 shows the dice score of different network-training set
combinations for each video. Throughout the experiments, we kept
the shadows and fixed the pedestrian navigation density threshold
to 0.33. The results show that the Xception/Cityspaces combina-
tion yields the most stable results in terms of performance. Over-
all, the dice score decreases as the frame step increases, especially
when we use Mobilenet/ADE20K. We did not observe significant
changes in the dice score when we increase the pedestrian naviga-
tion density threshold from 0.3 to 0.7. We think this is related to
the crowd density of the scenes. However, this experiment shows
that the segmentation frequency is an important parameter that
influences performance.

Although we can use all frames of the input video, this in-
creases the running time significantly. We show that we can skip
some frames of the input without losing accuracy. For example,
when using Xception/ADE20K, we can segment one frame per 100
frames of PETS and maintain accuracy. This decreases the running
time of the network by 100 fold. If the frame step is too high,
then the network does not have enough information on the re-
gions occluded by pedestrians. For example, the segmented frames
could include different pedestrians at the same position at differ-
ent times, thus the network cannot capture a clear view of the
occluded region. This effect is more obvious in crowded scenes.
Additionally, in certain cases like Town in Xception/ADE20K, us-
ing a lower frame step results in lower accuracy. We believe this is
caused by the network capturing the noise rather than focusing on
the overall scene. This also justifies skipping some frames.

Table 2 shows the quantitative segmentation results for the test
videos. For these results, we process all videos using the Xception
network based on ADE20K dataset labels, except for the custom
video, which is based on Cityscapes labels. A dice score close to
1.0 indicates high similarity. We tested different threshold values
for each video, where 0.0 means only pre-defined navigable la-
bels are used, not the pedestrian trajectory data. Our custom video
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Fig. 10. Qualitative comparison between example predicted and ground truth navi-
gable regions. Non-white pixels, red and green, are only navigable in prediction and
ground truth respectively. From top to bottom: PETS09-S2L1[44], Town Centre [62],
MOT16-04 [31] and our custom video. The segmentation process obtains satisfac-
tory results as long as the navigation density of the pedestrians is high enough, in
terms of the user-defined threshold. (For interpretation of the references to color in
this figure legend, the reader is referred to the web version of this article.)

poses a difficult challenge because of its complex structure and
shadows. To improve the performance in this video, we remove
shadows and increase the segmentation update frequency. When
we increase the threshold, we can see an immediate improvement
in PETS video, which is most likely due to getting rid of noisy ar-
eas. However, increasing the threshold further starts decreasing the
dice score because navigable areas can be lost in the process. This
does not apply to MOT16-04 and our custom video, however, as
they contain a large singular navigable region rather than many
small chunks (cf. Fig. 10).

Fig. 10 provides a qualitative comparison between predicted
navigable areas and ground truth (manually annotated). Except for
our custom video where the navigable region is distant from the
camera, we successfully segment most of the navigable regions and
surpass small occlusions (such as poles and traffic cones).

Table 3 shows the performance of our reconstruction method
in terms of Root-Mean-Square-Error (RMSE) [17] following Eq. (12),
and failed projection rates.

dist(py, %) )2
RMSE = —_— ],
%:(dist(pf, P

where py, and py are the 2D head and foot positions, respectively,
for pedestrians on the image plane as we project to the naviga-

(12)
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Fig. 11. Differences between the positions and orientations of impostors and pedes-
trians in the video. A camera with a focal length smaller than expected will be
placed closer to the area, resulting in misplaced impostors (left). The impostors are
better positioned and oriented when the focal length approximation is more accu-
rate (right).

Table 3

RMSE values (lower is better) and failed projection rates (lower is better) along
with basic camera configuration for each video. Py, denotes the pedestrian height,
Cheigne denotes the camera height, and NCpeig,e is the normalized camera height ob-
tained by normalizing the pedestrian height to 1.65 meters and then adjusting the
camera height accordingly. Except for low FoV cases (MOT16-04), we obtain rela-
tively good results in terms of RMSE. The custom video suffers from a high failed
projection rate due to its poor area segmentation result.

Metric | Data PETS Town MOT Custom
RMSE 0.051 0.036 1.45 0.110
Failed (%) 0.006 5.99 10.09 52.60
FoV 34.95 24.8 9.83 34.05
Pheigne 24 79 46 26
Cheight 131.45 437.57 569.09 457.83
NCheight 9.04 9.14 20,41 29.06

ble region in the 3D environment. p’;f are the ground truth head
positions of pedestrians on the image plane. RMSE represents the
accuracy of our camera configuration estimation in terms of the
match between the postures of real pedestrians and corresponding
dummy agents in the 3D scene. A low error shows that the height
and posture of dummy agents are very close to that of real pedes-
trians. We sum RMSE for each pedestrian in the ground truth de-
tection (denoted as gt) that we can successfully project onto the 2D
navigable map. Failed projections do not contribute to the calcula-
tion of RMSE. For the pedestrian height, we take the first height (in
Unity units) determined while the simulation is running.

Except for MOT16-04, the RMSE rates are as low as 0.036. The
higher RMSE rate for MOT16-04 is due to its low Field of View
(FoV) angle, which causes the camera to be positioned relatively
high. In such failure cases, the focal length is very different from
the expected value. Even though the focal length does not affect
perspective correction, it becomes important during camera place-
ment. Camera placement takes into account the calibration process
when determining its orientation and we adjust our model accord-
ingly. A shorter focal length results in a camera much closer to the
navigable area than its actual counterpart in the real world, and
the inverse applies to a longer focal length. This causes impostors
(dummy models used for collision detection and avoidance) to be
misplaced in the 3D scene (cf. Fig. 11 for an example from PETS09-
S2L1 [44]). A good focal length estimation is as important as a de-
cent horizon orientation to reduce projection errors.

Table 3 also shows the calculated camera height relative to
the ground (y=0). For comparison, we normalize the calculated
height to the average human height of 1.65 m. Table 4 compares
our results and the ground truth configuration from Town Cen-
tre [62]. We do not have the ground truth configurations of the
other videos. The results show that we can successfully project our
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Table 4
The comparison of the calculated and ground truth camera internal and external
parameters for Town Center [62] video.

Ground Truth Calculated

Focal length
2696.30

Camera height
12.39

Focal length
2455.83

(a) PETS09-S2L1 [44]

AKN

Camera height
9.14

(b) Town Centre [62]
- ——
.\ ‘ [ ~ N

\ L Sl
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(¢c) MOT16-04 [31] (d) Custom Video

Fig. 12. The union of three of the manually created navigable region maps for each
input video by three different users. Each color channel in these RGB images repre-
sents the navigable areas determined by one user. White corresponds to the com-
mon navigable regions and black corresponds to the common impassable regions.

models with a very small error because our camera view is as if
the original camera is put closer to the scene with a lower zoom
(higher FoV).

Overall, we can detect a horizon even under complex scenar-
ios where there are many pedestrians and noisy image features,
for example, MOT16-04. We can fit the corrected navigable area
model onto the 3D scene for the input video with minimal error
in terms of RMSE. Even in cases where the detected horizons have
errors, the proposed navigable area correction method successfully
rectifies the navigable region and matches the camera orientation.
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Table 5

Average (Avg.) and Standard Deviation (SD) for the dice scores and time measure-
ments (in seconds) of the manual approach in the first preliminary user experiment
with 17 participants for each scene. We compare the average user dice scores to the
performance of our implementation.

Manual Automatic
Scene Dice Avg.  Dice SD.  Time Avg. Time SD  Dice
PETS09-S2L1 0.835 0.140 202.6 162.4 0.895
Town Centre 0.963 0.017 230.7 181.7 0.945
MOT16-04 0.950 0.017 309.6 344.8 0.912
Custom video  0.828 0.045 358.5 367.7 0.833

Table 6

Average time (in seconds) for the users to finish modelling the navigable mesh and
position it into the scene with appropriate camera settings. We compare this to the
total running time of our system using the settings that yield the best navigable
region map accuracy.

Scene Avg. User Time (s) System Time
PETS09-S2L1 438 175.67
Town Centre 230 183
MOT16-04 764 93.7

Custom video 805 126.99

With two follow up preliminary user experiments, we compare
the results of our system to the manual approach in terms of speed
and accuracy. In the first preliminary user feedback, we ask 17 dif-
ferent users (70.6% male and 29.4% female) to paint the impass-
able regions on top of each input video. Participants are gradu-
ate and undergraduate university students with an average age of
23.4 4 2.7. Participants use an online tool for painting the impass-
able regions using their personal computers. Three participants use
a graphics tablet, and the remaining fourteen participants use a
computer mouse. The online tool first displays the instructions and
then plays the video on a loop. The participants can pause and re-
sume the video as they desire. The tool starts to keep the time
with the first stroke of the participant. Different brush sizes and
erasers are available to participants. In the resulting navigable re-
gion maps, the black color shows the impassable regions and the
white color shows the navigable regions. In Fig. 12, we combine

Fig. 13. Zoomed in still frames showing the collision avoidance of the virtual agent (indicated with yellow), when a faster real pedestrian comes from behind, using PETS09-
S2L1 [44] video. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 14. Still frames showing the virtual agents (indicated with yellow in the first frame) walking on the navigable regions of the environment, while avoiding collision with
other virtual agents and real pedestrians, using Town Centre [62] video.) (For interpretation of the references to color in this figure legend, the reader is referred to the web

version of this article.)

Fig. 15. Zoomed in still frames showing the virtual agent (indicated with yellow) walking on the navigable areas of the environment, with the user-defined destination
on the top right, avoiding collision with the real pedestrians, using MOT16-04 [31] video. (For interpretation of the references to color in this figure legend, the reader is

referred to the web version of this article.)

the maps created by a subset of three users into RGB images such
that each color channel comes from one user.

In Fig. 12(b), we see that users mostly agree on the navigable
regions. We believe this is because in this scene impassable re-
gions are more obvious. For example, in Fig. 12(a) and (d), there
is high variance. While some users regard grass areas and con-
struction sites as impassable some users do not. This is a result of
the assumptions of the users; in the user study, we do not specify
whether any of these regions should be regarded as navigable or
not. Some users determine the grass regions as navigable based on
pedestrians that walk on such areas. Dice scores calculated using
these user-defined navigable regions are given in Table 5. We see
that lack of consistency results in poor accuracy while in simpler
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scenes such as Town Centre, the accuracy of the manual approach
is similar to our results. However, we believe that consistency is
important if multiple scenes are analyzed by different users, thus
using an automatic approach is necessary.

We include frames from our crowd simulation examples in
Figs. 13-16. In Fig. 13, we focus on a virtual agent that avoids col-
lision with a fast-moving pedestrian that comes from behind in
PETS09-S2L1 [44]. The virtual agent moves slightly out of its path
giving way to the real pedestrian. In Fig. 15, the virtual agent up-
dates its track to avoid multiple real pedestrians in MOT16-04 [31].
Figs. 14 and 16 show virtual crowds of different densities blend-
ing in the environment of the input video, which is made possi-
ble by the correct positioning of the 3D camera and the navigation
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Fig. 16. Still frames showing the virtual agents (indicated with yellow in the first frame) navigating in the environment of our custom video. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)

mesh. Virtual agents in these videos also avoid collision with real
pedestrians.

In the second preliminary user experiment, we ask three users
who participated in the first experiment to model the flat mesh
that corresponds to the navigable regions of the scene in the
given videos. These three users (2 male and 1 female, average age:
24.6 &+ 3.7) are the ones that indicate a high skill level in 3D mod-
eling. We also ask the user to position this flat mesh into the
3D scene with appropriate camera settings. Participants are free
to use any 3D modeling software with which they are comfort-
able. They can view the video and the navigable region map they
labeled in the first experiment while modeling and positioning.
Table 6 shows that our system generates the resulting flat mesh
and places it into the scene with appropriate camera configura-
tions much faster than the average user time. The system time in-
cludes segmentation, rectification, mesh generation, and simulation
loading. The system time includes the user’s line feature parame-
ter adjustments in rectification to obtain the best result in cases
where pedestrian trajectories are noisy.

6. Conclusion

We introduce an open-source augmented crowd simulation sys-
tem that utilizes automatic determination of navigable regions in
surveillance-like videos. The GitHub project including the repos-
itories that contain the source codes of the proposed system is
located at https://github.com/users/YalimD/projects/2. We combine
existing techniques of semantic segmentation and pedestrian de-
tection for accurate determination of the navigable regions. We
compare our results with the ground truth and manually labeled
navigable regions. As opposed to the manual approach, we show
that our solution generates more consistent navigable region maps.
Although the users can identify the objects of the scene better,
their decision about which segments are navigable is subjective
and therefore is not consistent among different users.

As an example use case scenario, we integrate the resulting
navigable regions in augmented crowd simulations. To this end,
we generate a flat navigation mesh using the navigable region map
and simulate virtual agents on its surface. Thanks to the automati-
cally calibrated scene camera, virtual agents appear to walk inside
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the navigable regions of the scene while avoiding collision with
real pedestrians.

In terms of generating the corresponding navigable mesh from
raw footage, our solution works much faster than the average user.
The difficulty of the manual approach is modeling a flat mesh
purely based on single view footage with perspective. The user
needs to imagine the view of the scene from above and model the
corresponding flat mesh. Additionally, for the augmentation task,
the 3D scene camera should imitate the original camera of the in-
put footage. Users need to try many configurations to determine
the appropriate camera settings while our system works faster. As
there is no ground truth available for the 3D scenes, our evaluation
focuses on the generated navigable maps and for the final output,
we present visual results. Since we make use of known techniques
for 3D reconstruction, we expect the navigable meshes to be accu-
rate since the input navigable regions are shown to be accurate.

The use case of the resulting system applies to filling real en-
vironments with virtual characters as in movies. For example, in
a wide shot where the main characters are acting, we can fill the
otherwise unoccupied regions with virtual characters to increase
immersion. In this case, it is important for the virtual characters
to only exist in the navigable regions of the scene so as not to
hurt the realism. Since such virtual characters may walk inside
the scene, they need to avoid collision with the main characters
that preexist in the input video. With our proposed solution ani-
mated characters can be augmented into real-life videos without
any manual labeling.

The same scenario also applies to integrating virtual tutors into
real-life scenes. For example, let’s consider a city guide that uses
real-life footage of different environments. To keep the content up
to date, we may utilize daily footage and thus there could be mi-
nor or major differences in the navigable regions of a particular
scene (i.e., cars or construction may block certain regions). In this
case, our automatic approach can generate the current navigable
mesh daily. We can use the same origin and destination for the
virtual tutor and it will navigate according to the current naviga-
ble regions and pedestrians without a need for manual labor.

The resulting navigation mesh can also be used for navigat-
ing robot agents in real environments using live surveillance feed.
For example, a drone camera can record short videos at specific
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locations to reconstruct the navigable regions for the robot to nav-
igate. While the navigable regions are detected using multiple pre-
vious frames, the current dynamic obstacles can be determined us-
ing the current frame of the live feed. For this example, manual la-
beling of the regions is not feasible as the environments could be
previously unseen and require fast determination of navigable re-
gions. This also justifies our use of segmentation on a limited num-
ber of frames. As our results indicate, we do not need all of the
frames of the input video for accurate reconstruction and therefore
we can get the same accuracy much faster.

Our method can function in arbitrary scenes with minimal geo-
metric information. Even in cases where the detected horizon and
the calculated focal length have errors, the navigable area correc-
tion step compensates the distortion to a level so that the final
model matches the image corners after projection.

The limitations of our work, including the possible further re-
search areas, can be listed as follows:

* Noisy data in the input video can make it hard to find a valid
horizon, which may create cases in which the navigable area
correction process cannot handle. Furthermore, our horizon cal-
culation algorithm is sensitive to parameters such as the pedes-
trian posture sample rate, and scene line configuration.
Our rectification algorithm cannot handle cases where the hori-
zon is visible in the image. This is because the 3D model points
are expected to match with the 2D image points. However, the
points above the horizon do not satisfy this constraint. In this
case, it is necessary to crop the input image so that all pixels
lie below the horizon. Afterward, we should calculate the cam-
era configuration accordingly so that the corners of the cropped
image can match the corners of the cropped model.

Our navigable area extraction method takes only the trajecto-

ries of pedestrians in the video into account when determining

navigability, which might limit the area of navigable regions.

e We do not consider the illumination conditions of the input

footage, and the possible occlusion of real pedestrians by vir-

tual agents. We render each virtual agent in front of the video
and the real pedestrians, even if the agent is behind the pedes-
trian in the 3D scene.

For projected pedestrians to be able to occlude virtual agents,

we can utilize the foreground pixels of background subtraction

and follow a “billboarding” approach: use each pixel cluster as

a textured plane at its corresponding pedestrian location and

use it as an occlusion mask.

e We omit immobile pedestrians in our pedestrian detection
stage for increased performance. Idle pedestrians that start
moving could cause sudden velocity changes in virtual agents
that appear unnatural. Pedestrian detection could work on the
whole image in exchange for fast preprocessing in videos where
idle pedestrians are frequent.
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