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Fig. 1. Interaction-guided scene mapping. We present iMAPPER that discovers potential human-object interactions in an input monocular video and utilizes
them to infer the object layout of the recorded scene containing medium to heavy occlusion. We show the final generated 3D scene as well as recovered

interactions (Scene13). Note that although only the 2D human joint detection (left) is available to our algorithm, here we additionally show reference video
frames (corresponding to A, B, C) to help judge the original scene layout. Please refer to supplementary video.

Next generation smart and augmented reality systems demand a computa-
tional understanding of monocular footage that captures humans in physical
spaces to reveal plausible object arrangements and human-object interac-
tions. Despite recent advances, both in scene layout and human motion
analysis, the above setting remains challenging to analyze due to regular
occlusions that occur between objects and human motions. We observe
that the interaction between object arrangements and human actions is
often strongly correlated, and hence can be used to help recover from these
occlusions. We present iMAPPER, a data-driven method to identify such
human-object interactions and utilize them to infer layouts of occluded
objects. Starting from a monocular video with detected 2D human joint
positions that are potentially noisy and occluded, we first introduce the
notion of interaction-saliency as space-time snapshots where informative
human-object interactions happen. Then, we propose a global optimization
to retrieve and fit interactions from a database to the detected salient in-
teractions in order to best explain the input video. We extensively evaluate
the approach, both quantitatively against manually annotated ground truth
and through a user study, and demonstrate that iMAPPER produces plausible
scene layouts for scenes with medium to heavy occlusion. Code and data
are available on the project page.
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1 INTRODUCTION

Computational understanding of monocular videos that capture
human-object interactions in physical spaces is critical for many
emerging fields such as virtual and augmented reality, smart home
systems, assisted living, and robotics. Such applications require
access to object arrangements embedded in the physical spaces
along with the common human-object interactions performed in
such spaces. For example, our future personal robot assistants should
know our working habits along with the supporting object ar-
rangements in our living rooms or workspaces. Hence, a joint
understanding of scenes and human actions from the input feed is
necessary.

While both scene understanding and human performance analysis
are highly popular research areas, traditionally, researchers have
tackled them as two separate problems. On the one hand, scene esti-
mation methods such as Kinect Fusion [Newcombe et al. 2011] and
Bundle Fusion [Dai et al. 2017b] can produce high-quality static in-
door reconstructions, while the likes of DynamicFusion [Newcombe
etal. 2015] can capture non-rigidly deforming scenes by fusing depth
information across space and time. These methods, however, require
the sensor to be manually moved to see around occlusions making
the capture process cumbersome. On the other hand, human per-
formance capture methods either use multiple sensors [von Marcard
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etal 2017] or monocular video [Mehta et.&017b; Rogez et.&019]

but assume performances to be free from object-induced occlusions.

However, in monocular footage that capture human actions in
physical spaces, objects and human motions reguladgludesach
other during interactions. Filling in missing information due to
such occlusions is ambiguous due to the diversity of possible scene
con gurations and is handled poorly by current methods.

While indoor scene con gurations can be extremely rich and di-
verse, we observe that many of them are linked by a common thread

they are regularly inhabited by humandoreover, in similar scene
con gurations, humans tend to perform similar actionsf(,[Krasner
2013]). Examples of such actions include sitting on sofas, picking up
books from shelves, or walking around obstacles. Instead of tackling
scene estimation and human performance capture separately, we
propose to exploit the captured human performance to better infer
plausible scene layouts.

A fundamental challenge in reaching the above goal using monoc-
ular video in natural surroundings iscclusiorarising out of human-
object interactions. A successful solution needs to tackle two prob-
lems: rst, hallucinating information about partially or fully hidden
objects; and second, recovering from noisy human performance
estimates from monocular videos, especially in regions of medium
to high occlusion. It is believed that, as humans, we focus on the
interactions of the actors with the objects in a scene (referred to as

layout and human-object interaction estimation even for scenes
with signi cant amounts of occlusion.

In summary, our main contributions are:

(i) proposing the rst method that discovers and utilizes human-
object interactions to produce a 3D scene layout from a
monocular video showing human interactions in natural
settings;

(ii) extracting informative space-time human action snapshots
and matching them to a scenelet database; and

(iii) combining the matched candidate scenelets into a consistent
3D scene layout and human performance by a novel global
optimization, and evaluating the proposellapper method
on a range of challenging examples.

2 RELATED WORK

We now discuss selected papers across four main related topics to
better position our approach.

Scene analysis and synthe¥isth the advances in acquisition
technologies, several large-scale indoor reconstruction datasets have
been created [Chang et.&017; Dai et ak017a]. Starting from sim-
ilar 3D scene collections, several previous works focus on analyzing
inter-object relationships [Fisher et 22011; Hu et al2016, 2015; Xu
et al 2014; Zhao et aR014] and hierarchical grammars [Liu et al

“anticipation’ in [Neisser 1976]), instead of separately identifying  2014]. Such discovered inter-object relationships then can be used to
objects and human performances. Detecting such interactions helps synthesize new scene variations.,g. by replacing objects or scene
compensate for missing information ibothobjects and perfor-  parts with those in di erent scenes such that existing relationships
mances. For example, in the video for the scene shown in Figure 1, are maintained [Huang et a016; Zhao et aR016], using a Markov
we can ‘see' the person walking behind the desk and sitting down; chain Monte Carlo based approach [Yeh et2012], or using a
from that, we can imagine both the person’s sitting pose over time  probabilistic graphical model [Fisher et.&012]. More recently, deep
and the location of the unseen chair/sofa. Similarly, for the person learning methods have been proposed to progressively synthesize
picking up an object from the shelf. plausible scenes [Wang et £018]. These methods, however, require
We proposeMapper, a data-driven method, that accomplishes a || knowledge of the 3D scene layouts instead of attempting to
similar feat byutIIIZIng human motions to infer ObjeCt placemem recover them from image or video footage.
a data-prior, we leverage a database of interactions between humans  Another line of work recovers layouts from single images [Huet-
and local objects over time, which we calteneletéextracted from ing et al 2018; Izadinia et aR017; Poirson et aP016; Satkin and
the PiGraph dataset [Savva et @016]). Our key observation is  Hebert 2013; Tulsiani et 22018] or RGBD scans [Nan et aD12;
that state-of-the-art methods (see Section 8) are now reliable for shao et al2012] by matching individual 3D objects. Relationships
detecting visible parts of the human performance, and hence the petween the matched objects have been used to further regularize
local objects being interacted with, even if partially or fully occluded,  the recovered layout [Chen et a2014; Schwing et a013], or a
inthe scenelets matched to such human performance detections can collection of primitives to reconstruct accurate room geometry from
be used to provide good candidate object layouts associated with jmages [Del Pero et aR013]. While our goal is to also recover an
such detected human-object interactions. approximate 3D scene layout of a partially observed scene, we rely

Starting from a monocular video, we use a state-of-the-arthuman  on detected human interactions to reason about occluded objects.
pose detector to identify initial joint estimates over time and analyze

them to identify “informative' space time snapshots representing
potentially informative interactions. We then utilize the snapshots  we have seen advances both in 2D [Cao eR8ll7; Insafutdinov et al
to retrieve matching local scenelets and solve a global optimization 2016; Newell et aR016; Toshev and Szegedy 2014; Wei .2G16]
to extract a consistent subset of these scenelets, arrange them, andand 3D pose estimation [Huang et.&014; Rogez et.&019; Tekin
inherit their associated objects and human actions to produce both etal 2016; Tome et a2017; Zhou et aR016]. In particular, the recent
static objects and a human performance that are mutually consistent, VNect system [Mehta et aR017b] demonstrates impressive global
and agree with the input video. pose estimation from monocular video. Many of these approaches,
We extensively evaluateddapperon a range of scenes of varying  however, do not speci cally tackle the occlusion problem and fail
complexity. Our quantitative evaluation against manually annotated under moderate to heavy occlusion. Only a few pieces of existing
ground truth data, and qualitative evaluation through a user study work focus on predicting human pose, either 2D [Fu et 2015]
demonstrate thatMapper produces realistic and plausible object or 3D [Huang and Yang 2009; Wei et &012], in the presence

Human pose estimatiolVith the recent success of deep learning,
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of slight occlusions from static input images. Wei et al. [2010] and

is an occlusion-free 3D human motion sequence in contrast to our

Shao et al. [2014] leverage user assistance and physical constraints totarget scenes with moderate to severe occlusions.

handle moderate occlusions. These methods do not reason explicitly
about occlusions arising due to human-object interactions, nor use
interaction priors to recover occluded interactions. In contrast, we
utilize the initial human pose estimates from state-of-the-art human
pose detectors to jointly reason about scene layout and human
pose to synthesize both plausible scenes and human motion even in
scenes with moderate to heavy occlusions.

Human-centric shape analystsarlier work that uses observations
of how humans interact with objects focuses on tasks such as object
and event recognition [Delaitre et a012; Gupta et aP009; Wei
et al 2013] and action detection [Yao et @011]. Kim et al. [2014]
propose a shape analysis tool based on a human-object a ordance
model that can be used for many applications including corre-

spondence estimation, shape retrieval, and view selection. Subse-

quently, Fu et al. [2017a] utilize a similar model to generate new
objects by combining functional parts of existing objects, while
Pirk et al. [2017a; 2017b] introduce the conceptrdéraction land-
scapess a descriptor of an object based on the type of interactions
it can be involved in. More recently, Gkioxari et al. [2018] predict
human-verb-object instances from a single image to characterize
human-object interactions. These methods focus on individual ob-
jects and their (potential) interactions. Our goal is to use partially
observed human motion to recover a full scene and a consistent
human performance.

Human-centric scene syntheftecent e orts in scene synthesis
incorporate human actions into scene analysis. Datasets of typical
human actions have been used to infer where speci ¢ actions can
take place in a scene [Savva et 2014], to regularize scene synthe-
sis [Fu et al2017b; Ma et aR016], or to regularize reconstruction
of a scene layout from incomplete 3D scans [Fisher eR@ll5; Jiang
et al 2016]. Although these methods use models of typical human
actions as priors, they do not explicitly use action or motion cues
as input. Thus, unlike our method, they fail to recover occluded
objects.

We were inspired by methods that use human action or motion

3 SCENELETS: REPRESENTATION AND DESCRIPTORS

iMapper heavily relies on identifying and utilizing human-object
interactions for scene layout and mapping. We start by describing
how we represent the space of possible interactions as a database of
“scenelets’, introduce suitable descriptors to query into this database,
and the important notion ofinteraction-saliencyo identify informa-

tive scenelets with strongly correlated human-object interactions
before presenting theNlapper algorithm in the next section.

As our human-object interaction database, we use the PiGraphs
dataset [Savva et a2016] that contains a set of scenes captured by
a commodity depth sensor, each containing a human performance
and a set of associated labeled obje&g(tables, sofas, chairs,
bookshelvesetc). From this dataset, we extract short sequences rep-
resenting interactions between the human actor and scene objects.
We call such short sequences of frarszenelets

3.1 Scenelet Representation

Each sceneled = ff i.t g o gconsists of a short motion clip with
known 3D joint positions and a set of static objects. We denote
with i,t the location of skeleton joink in framet of scenelet.

ObjectsO' = fd;: ::d,gof scenelet are de ned by a placeme,

a rough approximation of their geometry, and a class labé i.e.,
each object is encoded as a triptet 1p; ;b°. We assume objects
can only rotate around the up direction, leaving four degrees of
freedom for the placement of an objegt= x;y;z; °, wherex,y,
andz are the location, and the orientation of the object. Similar
to the original dataset we approximate the geometry of objects by
unions of cuboids, and the Iabbi'l describes the object type(g.,
chair, table, bookshelf) from a prede ned set of categories. Both the
motion clip and the objects are stored in the local coordinate frame
of the scenelet de ned by the pelvis location and the forward-facing
direction of the skeleton in the center frame of the motion clip.
Figure 3 shows some example scenelets.

cues to reason about the scene geometry. Fouhey et al. [2012] com-3.1.1 Scenelet parameterizatidthen constructing scenelets, we

bine human pose estimates with appearance and other geometric

make a design choice regarding the time-duration of the motion

cues to estimate the room cuboid and free (walkable) space inside the clip used for each scenelet based on two factors. First, the speed at

room from a single image or a time-lapse video. Frank et al. [2015]
recover an object layout from a manually de ned set of human
actions. Object types and shapes are inferred from speci ¢ motions
that the human performs, like tracing the edges of a table with the
hands. Similar to ours, objects are recovered by observing human
motion during interactions, however, the type of motions that the
actor needs to perform preclude working with natural videos.

The recent work of Savva et al. [2016] analyzes interaction snap-
shots,i.e.,action and pose labeled RGBD sequences to |paoito-
typical interaction graphs (PiGraphs)link attributes of the human
pose to the surrounding objects. They show how PiGraphs can
be utilized to generate scenes that correspondtaticinteraction
snapshotsé€.g.Jie on bed). Kang et al. [2017] focus on a similar goal
of scene synthesis that explores motion cues. However, their input

which an interaction is performed should not a ect the contents of
a scenelet. For example, if a scenelet captures a fast “sitting-down'
performance then a slower version of the same interaction should
also be captured by a single scenelet. This property is necessary
to ensure that interactions captured by scenelets are comparable.
Second, we assume that interactions are local in spaggthe actor
does not traverse a large distance during the interaction.

We select the duration of scenelets such that the skeletfion,(
the pelvis joint) traverses a constant arc length as this satis es both
time invariance and locality requirements. For increased robustness,
we smooth the pelvis trajectory when computing the arc length
with 10iterations of a moving average. We set the spatial extent
of the smoothing kernel to an arc length radius dfcm (the input
skeletons were recorded 80Hz).
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3.1.2 Scenelet constructidie PiGraphs dataset describes human
performance with a set ol6joint locations per frame. We start
by sampling the center of each scenelet's motion clip at regularly
spaced intervals on the arc length of the pelvis joint's trajectory.
The start and end of the motion clip in each scenelet is then de ned
as this center point half the scenelet arc length. The objects of the
scenelet are chosen as the subset of objects within roughly an arm's
reach (within1 m radius when projected to the ground plane) of
the actor at any point in the motion clipi.e.,the objects the actor
can potentially interact with, manually corrected where needed.

3.2 Scenelet Descriptors

In order to compare two scenele®!; S2 and compute their distance
d1S1; 520 we de ne two descriptors for each sceneletnzotion
descriptor and anobject descriptor. As explained later in this
section, we utilize these descriptors to identify informative scenelets
via their interaction-saliencgcores.

3.2.1 Motion descriptofhe motion descriptor captures the hu-
man actor motion over the scenelet duration and compactly de-
scribes the motion clip of a scenelet with a xed-length vector

as the concatenation of a xed number of static pose descriptors
=1

tors are based ori4 robust joint-line distances as proposed by
Zhang et al. [2016]. The distance between two motion descriptors
is de ned using a weighted ¢ distance between the corresponding
static pose descriptors, assigning more weight to center frames. The
descriptors j should evenly cover the motion and be invariant to the
speed of the motion. Thus, we evenly distribute these samples along
the trajectory of the motion clip in al7D space of the combined
pose descriptor and global skeleton location (taken to be the 3D
location of the pelvis).

3.2.2 Object descriptdrhe object descriptor encodes statistics

of relative object layouts with respect to the actor and is de ned
as a set of histograms with one histogram per object category. The
histograms capture the 2D placement of objects, projected to the
ground plane. Our histograms afe 5square grids (in a coordinate
frame with the center pose facing the forward direction) and each
bin ; describes to what extent any object of the same category in
the scenelet is located in this bin. We de ne the value in a bin as
the maximum coverage of the bin by any object. To handle both
objects smaller and larger than the bin, we normalize by the smaller
of either the bin area or the object area as,

j = max A 1g°\ j emin Al 1g®; AL ;0 |

where 10;°is the projection of object; to the ground plane, j is
the part of the ground plane covered by binandAx° is the area
of x. Figure 2 shows an example of an object descriptor.

3.3 Interaction-saliency for Scenelets

In order to identify informative human-object interactions, we
associate each scenelet with arteraction-saliencgcore. Scenelets
with high interaction-saliencyre likely to contain informative
interactions with objects and they have objects within interaction
range that are typical or characteristic of the scenelet's motion.
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Fig. 2. Object descriptor . Object descriptors compactly represent the
object arrangement of a scenelet. OBe 5 histogram per category stores
the layout of objects of this category relative to the scenelet center.

Thus, we de ne the uniqueness or saliency of a bin in an object
descriptor to describe how typical an activation of this bin is for
similar motion clips. For example, for a sitting-down motion, a couch
or a chair at the center bin of the histogram will have high saliency.
The main intuition behind this saliency score is to distinguish
between objects that are consistently related to a given interaction,
and objects that are near the motion but unrelated to the interaction.
In other words, we associate repeated and consistent presence of ob-
jects as a reliable “witness' to the particular interaction represented
by the human pose. The bin-saliency of an object descriptor bin is
computed as a weighted average of that bin's activation over similar
motion clips, where similarity weight is de ned with a Gaussian
kernel in the space of motion descriptors as

I }<do1 o 190; Okl
Gyt K Iol'o; o kl

whereh! is the saliency of birj in scenelet, l'is the bin value of

scenelet, G is a Gaussian kernel taken over the distarttbetween

the motion clip descriptors de ned earlier (we set= 13, and

is the densityof scenelets at the origin of sceneletWe measure
the density of scenelets as the spatial density of the origins of all
scenelets that were obtained from the same scene in order to remove
any bias introduced due to multiple scenelets taken from nearby
parts of the scene. The summation is computed over all the scenelets
in the database and nally, we de ne thenteraction-saliencegf a
sceneleS! as the maximum of the bin-saliencie.,

m
k=1

m
k=1

I -

H' = m,axlh} o;
i

4 ALGORITHM OVERVIEW

The input to iMapper! is a monocular video showing a person
interacting with objects. Our goal is to synthesize a plausible scene
layout along with consistent human performance that explains the
input video.

When watching performance of a human actor in a scene, there
are several cues that help recover plausible explanations for scene
objects and performance sequences, even under partial occlusion.
Speci cally, both presence and absence of human-object interactions
carry valuable hints: on the one hand, detecting a person interacting
with objects provides information about the potential types and

1project code and benchmark dataset at http://geometry.cs.ucl.ac.uk/projects/2019/
imapper
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5.1 Generating an Initial Skeletal Estimate

We apply state-of-the-art static pose detectors to obtain initial
skeletal estimates from the input monocular video. In each frame,
we detect the image-space skeleton of the actor consisting gdint
locations along with local 3D pose estimate®(,pelvis is always

at the origin). In our experiments, we tested with (i) 2D keypoints
detected by CPM [Wei et a2016] and grouped based on the heuristic
of Tome et al. [2017] or (ii.CR-Net+HRogez et al2019]. Given

a video, for each joink detected in frame, utk 2 R? denotes its
image-space location am’< 2 >0; 1%its con dence. While CPM
directly provides con dence values, fdtCR-Net++we compute
them using pose proposal variance (see Appendix A). We note that

Fig. 3. Scenelet's interaction-saliency. We show a t-SNE embedding a6 initial pose estimates are often highly noisy in the presence of

of interaction-saliencycores of the scenelets in our database. Warmer . - . -
o i . occlusionsge.g.around human-object interactions. We next try to
colors denote scenelets with highenteraction-saliencyThe close-ups

show scenelets with a standing sequence, a si ing sequence, and a leaning match the initial 2D skeletal pose estimates (using a sliding window

sequence. Standing sequences have interaction-saliencpecause they approach) to database interactions by tting them close to the initial
are not specific to the neighboring objects. 3D pelvis path to identify informative space-time segments.

locations of the surrounding objects. On the other hand, observing
a person walking carries information about empty regions of the

scene. Mapper explores such cues and proceeds in three main Our goal is to assign scores to the video frames indicating the
stages, as described next. likelihood to containinformativeinteractions between the actor

(i) Identifying informative interactiontn Section 5, we identify ~ @nd the objects (see Figure 3), based on which we can fetch potential
potentially informative space-time segments of the input skeletal SCene objects. We start by tting the scenelets in our database to
motion as useful human-object interactions. Starting from a monoc- €ach video frame and use theiteraction-saliencysee Section 3.3)
ular video, we rst use state-of-the-art human pose detectors [Rogez ©Of the matched scenelets weighted by their matching quality to
etal. 2019; Tomé et al. 2017] to generate an initial human skeleton determine the probability of an interaction.
track over time. Using the notion dhteraction-saliencge ned in Speci cally, for any frame at
Section 3, we assign scores to parts of the skeletal motion by match- time t, say fS'g be the top
ing against database scenelets and assessing how informative theKsa matched scenelets(¢a= 20
parts are based on thiateraction-saliencgcores of these matched N our tests) with corresponding
scenelets. interaction-saliencygiven by H'

(i) Retrieving matched interactiofs:Section 6, we formulate an ~ @nd matching quality byw; . This
energy function to help retrieve matching scenelets corresponding  duality w; measures how well the
to the skeletal motion segments extracted in the previous step. 3D skeletal joints in frames inside
During this process we encourage consistency measured based@ Window of>t £t + t¥frames _
on how well the tted models explain the presence or absence of (We use 10frames) match the human motion in the scenef!
skeleton joint detections in each video frame. The matched scenelets, @ccordingtothe tting energy de ned in Equation 5. We then de ne

in turn, provide local objects as candidate completions for the theinteraction-likelihoodscore for frame simply as the weighted
occluded parts of the scene. average wjH's ;wj. The inset gure shows an example scene

(i) Scene mapping via global optimizatigimally, in Section 7, where the nal recovered actor trajectory is color-coded based on
we solve a global optimization by minimizing an energy that ad- the interaction likelihood of the corresponding frames. The regions
ditionally considers plausibility criteriad.g. path smoothness and denoted by letters have higher score indicating sitting interactions.
intersection avoidance) to obtain a static scene layout and a consis-  Our goalis to t scenelets only to parts of the video that contain
tent human performance that matches the input monocular video. interactions,i.e.,are informative of the objects in the scene. Thus,
Speci cally, we formulate a selection problem to extract a subset We perform non-maximum suppression of the interaction-likelihood
of scenelets among the matched candidate ones to constitute our OVer the video frames. At this stage, we have assigned scores to
synthesized scene, and optimize the placement of these chosenthe frames quantifying how informative they are for assisting in
scenelets and skeletons to provide a plausible explanation for the Subsequent interaction-based object placement.

input video. 6 RETRIEVING MATCHED INTERACTIONS

5 |IDENTIFYING INFORMATIVE INTERACTIONS We quantify the consistency of alignment of a given 2D skeletal track
futk gwith associated detection con dendm{( gagainst a scenelet

S over its placemenP (see Section 3.1) using an energy function
that penalizes inconsistency as,

5.2 Estimating Interaction-likelihood Score

Starting from a monocular video, as preprocessing we use existing
human pose trackers to form initial skeletal joint tracks over time,
and then identify informative interaction segments using a data-
driven notion ofinteraction-saliency Llfuf< ; cﬁ g S;P°=wr Ly +wolo; (1)
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Fig. 4. Overview. Given an input monocular video, we first extract an initial skeletal track with confidence scores (Section 5.1). We identify informative
frames in the input sequence by assigning each frameiateraction likelihood scofgased on their matching scenelets (Section 5.2). For each informative
frame, we identify the top matching candidate scenelets (Section 6). Finally, we perform a global optimization that selects and places such candidate scenelets
to form a plausible 3D scene and human performance (Section 7). We show the final synthesized 3D scene, the recovered trajectory of the person (in red), and

some of the detected interacting human poses. The reference video frames

whereL; measures theeprojectiorerror between the 2D joints and
the projection of 3D joint locations; antl, penalizes the presence
of occlusionsf skeleton joints in the video that are not explained
by occlusions in the scenelet objects. We next describe the terms.

Reprojection terni(). The reprojection term is a standard back
projection term that penalizes the distance from the image-space
2D joint locations detected in the video to the projected scenelet
joints g as,

(0]

0 t 2.

¢t
O U 2

Ce
t ok

where is the camera projection matrix (we assume the intrinsic
camera parameters to be known) aupl are the detected input 2D
joint locations with respective con dencef(.

Lr

@)

Occlusion termlg). The occlusion term is a novel term that en-
courages consistency between joint occlusions observed in the video
and occlusions of joints induced by scenelet objects as seen from the
camera. In other words, we require the synthesized objects to explain
observed occlusions. This cost is asymmetiie,, missing joint
detections occur either due to false negatives in joint detections, or
due to occluding objects. The reverse is, howevert true: the joint
detector may, in some cases, also predict the position of occluded
joints with high con dence. We de ne an asymmetric occlusion
error as, o
Lo =

© t t

Fvig;: 0 %qf
t k

wherevigl ;O; ©denotes the visibility of joint, given the scene

objectsO and the current camera information. In order to have

non-zero gradients that are necessary for gradient-based solver, we

de ne v as the signed distance ofjoilmt< to the occlusion volume

induced byO that is the volume that remains invisible from the

camera. We then de ne the asymmetric occlusion erfofor a joint

and a set of objects is as,

Fiyoco o ic 05042

@)

ifc 05<0andv >0
otherwise

(4)
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show that the synthesized 3D scene provides a plausible explanation.

wherec 2 »0; 1%Note that this function is non-zerenly when low-
con dence joint detections are explained by visible joints. Finally,
we can quantify the alignment error between given 2D skeletal
tracks against a scenel& as,

()

We solve Equation 5 by a gradient-based optimization and retrieve
the topKgiop = 5 matching scenelets. For e ciency, we only con-
sider the besk|oc. = 200scenelets from Section 5.2 in this section.
Next, we describe how to globally select among these retrieved
scenelets and obtain a nal scene layout.

L?*fuf;ct g S° = min Lifuf ;¢ g S; P

7 SCENE MAPPING VIA GLOBAL OPTIMIZATION

Our goal is to synthesize a scene consisting of 3D joint locations
qlt( 2 RB3for each video frame, describing the human performance,
and a set of object® = fog;:::0n,9 The 3D joint locations at
each frame are obtained from either one of the matched candidate
scenelets, or tting a 3D skeleton to the 2D joint detections in
the video; while objects are only taken from the selected candidate
scenelets. Which of the two models we tto a given part of the video
depends on two factors: the estimated amount of joint occlusion
observed in the videoi.e.,the con dence of the joint detection
signal) and the estimated probability of object interactions.

First, in segments of the video with high interaction-likelihood,
our task is to pick a scenelet among the tegop matches obtained
previously,i.e.,we have to solve a selection problem. Second, in
segments of the video with low interaction-likelihood, matched
scenelets are less useful. Instead, we match the initial local 3D human
pose estimates to the image-space joint detections. In the following,
we describe these two scenarios, and then de ne a global energy
that when minimized produces the nal solution.

7.1 Video Segments with High Interaction-likelihood

Here, we pick among the matched scenelets to both populate the
scene with objects involved in interactions and explain occlusions
of joints due to these objects. Thus, joint occlusions can help in
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both choosing and placing the scenelets. For a given video sequence,skeletons only to frames that do not have any scenelet assignment,
we would like to choose and place a scenelet such that the objects i.e., t = 0. In such frames, the joint Iocatior[ﬁ< for video sequences

of the scenelet explain the joint occlusions observed in the video are then de ned as,

sequence.

We start by modeling the assignment of scenelets in our dataset
to time intervals in the video. Given a video with frames and a where the rst term is only non-zero if no scenelet is assigned
dataset withm scenelets, only a single scenelet can start at any frame to framet, anda1t( is the local skeleton pose computed by using
of the video. The (unknown) scenelet assignment can therefore be Tome et al.olL.CR-Net++P = Ix:y;z; °is the placement of the
expressed with a binary matriX 2 f0;1g" " with skeleton in framet, andT P, °is the transformation to placemer®; .
Combining Equations 6 and 7, we de ne the location of any joint

QPX0 =11 (°T'R%}; (7)

1 if scenelet starts at video frame

Xy = ! in the video as,
It 0 otherwise %
t . — Rt . t . .
The constraint that scenelets should not overlap in time can be QiP5 X© = 1P X + g P X°: ©)
formulated as, In the following, we will omit the explicit dependence af, P; X°
O magin° ando; 1P; X° on P and X for a less cluttered notation.
t = X+t jo L t=1:::n;
o=l 7.3 Scene Mapping via a Global Optimization

whgre n; is the number of frames in scenelbgnd t measures We have now set up our search space over possible con gurations
the integer number of scenelets that overlap with framand thus of objects and actor motions, parameterized through the scenelet

needs to be less than or equal 1o Since only a single scenelet  and pose placemen®@and the assignment matriX . We de ne an
can start at any frame, we model scenelet placement with one set  energy in this space that can be minimized to obtain a plausible

of parameters per fram@ = fPy:::P,, g, whereR = xy;z; ° con guration of objects and actor motions given the observations
is the placement of the scenelet startingtatwith x,y, andz the in the video as,

location and the orientation of the scenelet. The 3D joint locations N .
@ in video sequences covered by scenelets can then be de ned as a Lglobatfuy g X; P° = L*fu, g S; PO+ wsls + Wele + Wmbm; (9)

function of the placemenP and the scenelet assignmekt, where the rst term denotes how well the current con guration
6O magn° . explains the image-space joint detections as described in Equation 1.
q}( 1p; X0 = Xiig+t jo TP+t io°§<' ; (6) Ls encouragesmoothnesamong human performancé; penal-
I i=1 izesintersectiondetween objects; anty, penalizesntersections

wheres]! is the 3D position of jointk in framei of scenelet and between the motion clip and objects.
TR is the transformation due to placemeft . Smoothness terrhg). The smoothness term ensures continuity

Finally, the objec_ts in the scene are obtained from all scenelets of the synthesized motion by measuring the nite di erence ap-
that have been assigned to th%scene as, proximation of time derivative of the synthesized joint locations

OP; X° = TR;0', as, o) )
7150 X =1g L= d o '3 (10)

where we denote withT*P; O° the transformation of objects ii© to t
the placemen®, i.e. T!P;0'° = f1T1p%; :h°j1p: :b° 20 g. where is the index of the pelvis joint at video time of frante

7.2 Video Segments with Low Interaction-likelihood Object intersection termy). The object intersection term dis-
courages object-object penetration. In our at scene assumption,

Here, we t static skeletons to each frame as the segment likely 5| objects are placed on the ground plane. We approximate inter-
contains unoccluded human performance without object interac- gections in 2D, using the projections of objects to the ground plane.
tions. Since the number of degrees of freedom for human poses is Again, to obtain non-zero gradients, which are necessary to resolve
smaller than for human-object interactions, the space of possible jntersections in a gradient-based solver, we quantify the amount of
human poses can be covered more accurately than the space of penetration using signed distance functions as,
possible human-object interactions. Thus, tting static skeletons to 5 1 1 I
ghe video gives better_performance in unoccluded sequences that Lo = L xOdx + Jxodx ; (11)

0 not contain interactions. b b 19,0 ;0

The aforementioned 3D human pose reconstruction methods IR

[Rogez et al2019; Tome et aR017] retrieve the best matching 3D where , is the negative part of the signed distance function of
skeleton pose for a given frame. Such pose, however, is de ned in objecto;, 10;°is the projection of object; to the ground planex
the localspace of the skeleton and does not give us the placement is a point on the ground plandy; is the label of object;j, and
of the skeleton in the scene. We t the retrieved 3D skeleton to  j its orientation. We do not penalize intersecting objects that
our video by optimizing the 3D placement of the skeletam, the have the same label and orientation, since we assume these to be
variables are only placement attributes of the local poses. We t representations of the same object placed by di erent scenelets.

ACM Trans. Graph., Vol. 38, No. 4, Article 92. Publication date: July 2019.
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Fig. 5. Interaction-guided scene layout.

Plausible object layout and human movement as predicted Mapperon various monocular videos. (Bo om-

row) For qualitative evaluation, we overlay, shown from top-view, estimated scene layout versus annotated ground truth. For quantitative evaluation, please

refer to Tables 1 and 2. Please refer to supplemental for videos and results.

Motion intersection ternb, ). The motion intersection term dis-
courages humans going through objects. Speci cally, the trajectory
of the human motion provides information about empty regions
in the scene. For e ciency, we compute the intersection in 2D on
the ground plane and focus on three joints only: the pelvis joint
and the two knee joints. In practice, we have found that taking
the maximum 2D distance of these three joints to objects allows a
reasonable estimatiocr)] of full 3D intersections in our scenes. We use,

(12)

Lm

max min o, g%
¢ a2fqt;a';at gl
where ¢ is the signed distance function of objen,tandqtI gt , are
the left- and right-knee joints, respectively.

Global optimizationWe obtain the nal solution as,

xX?:p? = argn;inLgbba,lfutk g X; P (13)

We can then utilize the optimized assignmeXt and placement
P? to extract joint Iocationsq}( and the placements of objects

from selected scenelets and skeletons.

The above optimization is challenging given the mix of discrete
and continuous parameters, and a highly non-linear energy function.
We simplify the task by progressively performing the optimization.

(i) First, we estimaténteraction-saliencyor all frames of the
video (as described in Section 5.2).

(i) Next, starting with a smaller set of candidatag{.) for the
high-interaction likelihood video segments (as described in Sec-
tion 6), we evaluate a selection of computationally-e cient energy
terms (Equations 2, 3, 10, 12) locally.

(iii) Finally, by committing to a smaller set of high-scoring candi-
dates Kglon, as described in Section 7), we optimize placeménts
of all tted models in the scene, both local skeletons and scenelets,
using the full energy term. Starting from the local optima from (ii),
we optimize Equation 13, which translates to adding Equation 11

ACM Trans. Graph., Vol. 38, No. 4, Article 92. Publication date: July 2019.

and inter-scenelet versions of Equations 3 and 12 to the energy
function.

The scenelet assignmeitt is optimized indirectly by Itering out
candidates in each stage of the decomposed optimization instead of
immediately invoking an integer program. For simpler scenes, we
perform one optimization for all combinations of the few remaining
candidates and keep the combination that results in the scene with
the lowest tting energy.

For each of the three stages, described respectively in Sections 5.2,
6 and 7, we perform an optimization (using the quasi-Newton solver
L-BFGS-B [Byrd et all995]) over the placement paramete?s
We implemented the optimization in Tensor o%vand optimize
using a Titan X (Pascal) with 12GB memory. The gradient tolerance
termination criterion is set to its minimum valu&0 12 We optimize
tting all scenelets ( 1500 to a single frame at once with the terms
in Equations 2 and 10 to estimate the interaction-likelihood score.
For each local maximum of the interaction-likelihood function over
time, we re-optimize the tox|qc = 200 ts as described in (i) in
batches ofL0-25 due to the larger memory requirements of our
implementation of Equation 3.

8 RESULTS AND DISCUSSION

We tested Mapper on a range of input monocular videos of varying
complexity. For each of these benchmark videos (recorded in-house),
we also manually annotated ground truth object placements, 3D
actor poses, and action labels. Table 1 shows statistics of these videos
while Figure 5 shows some examples. After we qualitatively discuss
some results, we report how ground truth was annotated and explain
our evaluation protocol. Next, we provide quantitative evaluations,
comparisons against baseline methods, and an ablation study. Please
refer to the supplemental for the full input videos and annotations.

2http://www.tensor ow.org/api_docs/python/tf/contrib/opt/ScipyOptimizerinterface
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