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Abstract

3D pose estimation is an invaluable task in computer vision with
various practical applications. Recently, a Transformer—based
sequence—to—sequence model, MixSTE [60], has been successfully
applied to 3D single—person pose estimation by decoupling the 2D—
to—3D modeling from pixel—level details. We propose a natural
extension of this model from single—person to multi—person problem,
adding a novel inter—personal attention for 2D—to—3D lifting.
Naturally referring to neighboring frames, this design is highly robust
in handling occlusions. However, 3D multi—person pose estimation is
still challenging due to extreme data scarcity. From an observation
that our 2D—to—3D lifting approach is free from pixel—level details,
we propose a novel geometry—aware data augmentation that allows
us to infinitely generate diverse training examples from existing
single—person trajectories. From extensive experiments on standard
benchmarks, we verify that our model and data augmentation method
achieve the state—of—the—art, not just on accuracy but also on
smoothness. We also qualitatively demonstrate the effectiveness of

our approach both on public benchmarks and with in—the—wild videos.
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Chapter 1. Introduction

3D pose estimation aims to reproduce the 3D coordinates of a
person appearing in an untrimmed 2D video. It has been extensively
studied in literature with many real—world applications, including
sports [4], healthcare [54],games [23], movies [1], and even for an
Al—based video compression [61]. Although many applications need
fully rendered 3D voxels in the end, under its narrow definition, 3D
pose estimation problem treats only a handful number of keypoints in
the human body (e.g., neck, knees, or ankles), leaving the recovery
of dense voxels as a separate post—processing step.

Depending on the number of subjects, 3D pose estimation is
categorized into 3D Single—Person Pose Estimation (3DSPPE) and
3D Multi—Person Pose Estimation(3DMPPE). In this paper, we
mainly tackle 3DMPPE, reproducing the 3D coordinates of every
person appearing in a video. Unlike extensively studied 3DSPPE,
3DMPPE is still largely uncharted due to two main bottlenecks:
occlusion and data scarcity.

First, the occlusion in 3DMPPE is caused by inter—person
interactions. Due to the invisible occluded key points, there is
unavoidable ambiguity since there are multiple plausible answers for
them. Occlusion becomes a lot more severe when a person totally
blocks another from the camera, making the model to output

inconsistent estimation throughout the frames. Due to the ambiguity, _

i L |
1 F - -1_]
ME II_' e |

| &]
1

11!



frame2frame type of models, which take a single frame and produce
estimation for each frame at a time, inherently struggle from
occlusion.

One way of resolving the occlusion problem is referring to
neighboring frames in the video, helping the model to learn lots of
cues about the correspondence between keypoints from the
neighboring frames. For example, VideoPose3D [41], adopts dilated
convolution to attend to neighboring frames, predicting one frame’s
result from multiple frames at a time (seq2frame approach). MixSTE
[60] extends further to seqg2seq approach, which takes multiple
frames and outputs multiple frames’ results at once, taking the
Transformer architecture which 1is widely wused for video
understanding [3, 32, 46, 58] recently. Particularly, it enjoys a
benefit from the 2D—to—3D lifting approach, which learns to map 2D
key points detected from an off —the —shelf 2D pose estimation model,
to the 3D space.

In this paper, we adopt a similar seqZ2seq Transformer—based
2D—to—3D structure and propose POTR—3D, naturally extending
MixSTE [60] from 3DSPPE to 3DMPPE. Lifting the assumption that
there 1s always a single person in the video, our model tracks up to
N people at the same time, introducing an additional self—attention
across multiple people appearing in the same frame.

However, although this extension looks straightforward, a naive
extension of the seqZseq approach to 3DMPPE suffers from

extensive computational cost and lack of training data. Especially, the

5 ] 2- 1_l|



data scarcity is a long—standing problem in 3D pose estimation, since
collecting 3D annotations requires expensive motion capturing
(MoCap) equipment [13]. For this reason, most 3D datasets have a
limited number of cameras (e.g., 4 for Human 3.6M [18] and 14 for
MPI-INF—-3DHP [34]) under limited conditions like the subjects’
clothing or lighting. This is the core reason why lots of 3D pose
estimators fail for in—the—wild videos.

To tackle this challenge, we introduce a novel 2D—3D pair
dataset augmentation strategy. Observing that our 2D—to—3D lifting
approach only needs the key points, not the pixel—level details, of
the subjects for training, we can easily generate an unlimited number
of 2D—3D pairs using given camera parameters under various
conditions, e.g., containing arbitrary number of subjects with various
occlusion cases. Specifically, we propose four types of novel
geometry—aware data augmentation methods, incorporating
translation and rotation of the subjects as well as the ground plane.
Trained on our augmented data, the proposed model, POTR—-3D,
significantly improves the quality of 3D multi—person pose estimation,
verified by extensive experiments on several benchmarks. We also
demonstrate qualitative performance of our model on in—the—wild
videos, which have been a long—time challenge for 3DMPPE.

Our contributions can be summarized as follows:

 We propose POTR—3D, a seqZ2seq 2D—to—3D lifting model for

3DMPPE, which is the first realization of this approach to the best of
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our knowledge, being robust on occlusion.

« We devise a simple but effective data augmentation strategy
for 3DMPPE, allowing us to generate an unlimited number of
augmented datasets and to mitigate the data scarcity problem.

e Our POTR—3D model achieves highly competitive performance
on benchmarks and remarkable qualitative results on in—the—wild
videos with significant consistency, which is essential for real—world

applications.



Chapter 2. Related Work

Human pose estimation has been studied on a single—view
(monocular) or on multi—view images. Seeing the scene only from
one direction through a monocular camera, the single—view pose
estimation is inherently challenging to reproduce the original 3D
landscape. Multi—view systems [b, 14, 16, 17, 19, 21, 22, 43, 59]
are developed to ease this problem, allowing the model to
automatically generate ground truth labels for the single—view
counterpart. In this paper, we focus on the single—view 3D human
pose estimation, as we are particularly interested in applying it to in—

the—wild videos captured without special setups.

2.1. Single—Person 3D Human Pose Estimation

Recent monocular approaches typically adopt neural networks to
mitigate the ambiguity of 2D—to—3D joint mapping [8,19,33,37, 38,
40, 42, 49, 52, 55]. Recent surveys [11, 50] provides a
comprehensive overview on this task. VideoPose3D [41] performs
an effective sequence—Based 2D—to—3D lifting for 3DSPPE using
dilated convolution. Recently, Graph Neural Networks (GNNs) are
applied to 2D—to—3D lifting [9,31,62]. PoseFormer [64] is a pioneer
Transformer—based approach for 3DSPPE, taking the 2D single—

person pose sequence of multiple frames. MhFormer [28] generates
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multiple hypotheses from 2D single—view of single—person.

2.2. Multi—Person 3D Human Pose Estimation

Top—down approaches first detect individual human in the image,
and then estimate location of joints for each detected person [2, 36,
44]. In contrast, bottom—up approaches detect all keypoints in the
image, then group them into each appropriate person [26, 39, 57].

Recently, temporal information from video has been exploited to
produce more robust predictions by seqZframe methods. Graph
Convolution Networks (GCNs) [25] are applied to the task to learn
multi—scale features of human and hand poses [6]. These works
achieve competent performance, but redundant calculation is known
as a common drawback since large amount of sequences are over
lapped to infer 3D poses of all frames. On the other hand, sequence—
to—sequence (seg2seq) approaches, reconstructing all frames at
once, improve the coherence and efficiency of 3D pose estimation.
Lin et al. [29] introduces LSTM [15] to estimate 3D poses in a video
from a set of 2D key points.

Transformers [48] are widely adopted for 3DMPPE, taking
advantage of its strong capability of treating seqZseq problems.
TransPose [66] proposes a Transformer—based 2D pose estimation
from iamges. PoseFormer [64] constructs a model based on Vision
Transformer (ViT) [10] to capture the spatio—temporal dependency
sequentially. Strided Transformer [27] reduces the redundancy

mentioned above by using strided convolutions. MixST_lE [60]

oy
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considers motion trajectories of different body joints and applies the
seqZseq to better model sequence coherence. Our approach is similar
to theirs in applying the Transformer architecture. We consider,
however, not only motion trajectories of different body joints but also
inter—personal spatial relationships, and apply the seq2seq for better

model sequence coherence in multi—person pose estimation.

2.3. Data Augmentation for 3D Pose Estimation

Since 3D pose annotation is expensive to collect, limited training
data is an ordinary challenge. 3D multi—person pose data is even
more limited. Data augmentation is a well—known method widely used
to resolve the training data diversity bottleneck and to improve the
generalization ability of the model. PoseAug [13] and AdaptPose [12]
address this issue by generating synthetic 3D human motions on the
single—person 3D pose estimation problem. Horizontal body flipping
1s a commonly used for 3DMPPE, but no other methods have been
proven to be effective yet, mainly due to lots of physical constraints
for augmentation; for instance, all the subjects should be translated

on the ground plane, and their occlusions should also be considered.



Chapter 3. Problem Formulation and Notations

3.1. Problem Formulation

In the 3D Multi—person Pose Estimation (3DMPPE) problem, the
input consists of a video V = [vy,v,,:,vy] of T frames, where each
frame is v, € R"*W>*3 and (up to) N persons may appear in the video.
The task is locating a predefined set of K human body keypoints (e.g.,
neck, ankles, or knees; see Fig. 4 for an example) in the 3D space
for all persons appearing in the video in every frame. The body

RTXNXKXZ’ and

keypoints in the 2D image space are denoted by X €
the output Y € RT*N*KX3 gpecifies the 3D coordinates of each body

keypoint for all N people across T frames.

3.2. Notation

For convenience, we define a common notation for 2D and 3D
points throughout the paper. Let us denote a 2D point X;;, € R* as
(u,v), where u€e{0,---,H—1} and v € {0,---,W—1} is the vertical and
horizontal coordinate in the image, respectively. Similarly, we denote
a 3D point Y;;x € R® as (x,y,z), where x and y are the coordinates
through the two directions parallel to the projected 2D image, and z

i1s the depth from the image.



Chapter 4. The POTR—3D Model

The overall model workflow, depicted in Fig. 1, extends the
MixSTE [60] from single—person to multi—person. First, the input
frames V are converted to a sequence of 2D key points by an off—

the—shelf model (Sec. 4.1). Then, they are lifted into the 3D space

(Sec. 4.2).
Input Video V 2D Keypoints X |’ 31) Pose Sequence Y |
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Preprocessing 2D-to-3D Lifting Module Transformer Block

Fig 1 Overview of the POTR—3D. The input video is converted to 2D
keypoints, followed by 2D—to—3D lifting, composed of stacked three types

of Transformers (SPST, IPST, SITT).

4.1. Preprocessing

Given an input RGB video V € RT*HXWX3 e first need to extract

the 2D coordinates X € RTXNXKXZ of the N persons appearing in the
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video, where T is the number of frames, and K is the number of body
key points, determined by the dataset. Also, since we treat multiple
people in the video, each individual needs to be matched in the input
and output. That is, the second index of X and Y must be consistent
for the same individual across all frames. Any off—the—shelf 2D
multi—person pose estimator and a tracking model can be adopted for
this preprocessing. In our experiment, we use HRNet [47] and
ByteTrack [61] for each, respectively. Note that this preprocessing
needs to be done only at testing, since we train our model on
augmented videos from a single—person dataset, where the 2D
coordinates can be exactly computed from the ground truth and

camera parameters (see Sec. 5).

4.2. 2D—to—3D Lifting Module

t=2 t=3
. E Face E
J% 93 A 5 : Right hand !
% ""_“"0 i Il Right foot i
/\ v i §
3 /‘ 5 |
- S s
SPST IPST SITT
I | | | [ | | | | | | | | | ] [ | | |
(A © H: (A O B A © A
(A © H: (A © A © B! ¢ 2] }
A © H: {l Y

Fig 2 Illustration of the three Transformers in our 2D—to—3D Lifting
Module.

10 2 M E g



Taking X as its input, this module is to lift it to the 3D

RTXNXKX3 —Tq effectively comprehend the spatio—

coordinates Y €
temporal geometric context, we adopt Transformer encoder blocks
as our backbone, following MixSTE [60]. Each 2D coordinate X¢;p,
at a specific frame t € {1,---,T} for a specific person i € {1,---,N} and
body key point k € {1,---,K}, is linearly mapped to a D—dimensional
token embedding. Thus, the input is now converted to a sequence of
T x NxK tokens in RP, and let us denote these tokens as Z©® €
RTXNXKXD

They are fed into the repeated three types of Transformers.
Each of them is designed to model a specific relationship between
different human body key points: two spatial Transformers modeling
intra—person (SPST) and inter—person (IPST) relationships among
body keypoints, and a temporal Transformer (SJTT) per each body
keypoint across the frames. The role of each Transformer is
illustrated in Fig. 2 and detailed below. The input Z(~1 g RTXNxKxD
at each layer 1 goes through the three Transformers in the order of
SPST, IPST, and SJTT to contextualize within the sequence, and
outputs the same sized tensor Z(®) € RTXN*KxD,

Single Person Spatial Transformer (SPST). Located at the first
stage of each layer 1, SPST learns spatial correlation of each
person’ s joints in each frame. Denoting the input to this
Transformer as y € RT*NXKx3 = SPST takes K tokens of size D
corresponding to x.; € R¥*? for te{1,--, T} and ie{1,- N},

separately at a time. In other words, SPST takes K different body

11 A 21

-
=]
1

L



keypoints belonging to a same person i at a specific frame t. The

output Y € RT*NXKXD hag the same shape, where each token Y i 18

a transformed one by contextualizing across other tokens belonging
to the same person.

The initial input y to SPST is Z(® =X, extracted by the off—
the—shelf models at the very first layer, while at a later layer 1=
2,+-+,L it takes the output from SJTT from the previous layer, Z¢D,

Inter—Person Spatial Transformer (IPST). After SPST, IPST
learns correlation among body keypoints of every individual in each
frame. Through this, the model learns spatial inter—personal
relationship in the scene. This is one of the main differences from
MixSTE [60]. More formally, this Transformer takes N X K tokens
of size D as input at a time; that is, given the input y € RT*N*KxD ]|
N x K tokens in the frame x; € RV*K*P are fed into IPST, contextulize

from each other, and are transformed to the output tokens Yt. This

process is separately performed for t=1,-,T. After IPST, each
token is knowledgeable about body keypoints belonging to other
people in the same scene, as well as those belonging to the same
person.

Single Joint Temporal Transformer (SJTT). The main advantage
of simultaneous processing of multiple frames at once is the
opportunity to consider global coherence throughout the video. In
order to maximize this advantage, the last Transformer SJTT focuses
on temporal dynamics of each body keypoint.

Formally, from the input y € RT*N*KXD " we create N XK input

12 2 2-1]



sequences of length T, corresponding to )(Ul-,kERTXD ori=1,-,N
and k=1,---,K. Each sequence is fed into the Transformer,
temporally contextualizing each token in the sequence, and the

transformed output tokens Yik are returned. Completing all N x K

sequences, we have the final output Y € RT*NXKXD = and this is the
output at the 1—th layer of our 2D—to—23D lifting module, Z®.

These three blocks constitute a single layer of our 2D—to—3D
lifting module, and multiple such layers are stacked. A learnable
positional encoding is added to each token at the first layer (1 =1) of
SPST and SJTT. No positional encoding is added for IPST, since
there is no natural ordering between multiple individuals in a video.

Regression Head. After repeating L layers of {SPST, IPST,
SJTT}, we get the output tokens for all body keypoints, Z® €
RTXNXKXD = This is fed into a regression head, composed of a

multilayer perceptron (MLP). It maps each body keypoint embedding

in ZA to the corresponding 3D coordinates, Y € RTXNXKX3,

4.3. Implementation Details

Depth Normalization. When a 2D image is mapped to the 3D space,
depth of each pixel in the 2D image towards the direction of
projection needs to be estimated. Following the common practice, we
normalize the ground truth depth z by the focal length.

Root Joints. Among the body key points of a person I at frame t,

one is chosen as a root joint (typically the body center; denoted by
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Yi1=(x,y,2) € R3®). The ground truth is given by (x,y,Z), where
(x,y) is 2D coordinate of the root joint and Z is its normalized depth.
For root joints, the model learns the absolute values, (x,y,2). Other
regular joints, Y;;x = (x,¥,2) € R® with k=2,---,K, are represented as

the relative difference from the root joint of the person, Yg;;.

4.4, Training Objectives

Given the predicted Y € RT*NXKX3 gnd ground truth Y € RTXNXKX3
we minimize the following two losses.
Mean per Joint Position Error (MPJPE) Loss is the L2 distance

loss between the prediction and the target:

Ny

1 T N K
Lypjpr = N, TNK Z z z L2Dist(?(n)t,i,k,Y(n)t'i'k)

n=1t=1i=1k=1

where Y® and Y™ are the predicted and true coordinates of
the n—th example in the test set with N, videos.

Mean per Joint Velocity Error (MPJVE) Loss [41] is the L2
distance of the first derivative of MPJPE, measuring smoothness of

the predicted sequence.

The overall loss L 1s given by a weighted sum of the two losses;
. 3
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that is, L= Lypjpg +A*Lypjyg , where A controls the relative
importance between them. Optionally, different weights can be

applied to the root joints and others.
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Chapter 5. Geometry—Aware Data

Augmentation

Thanks to the 2D—to—3D lifting approach, we treat only the
coordinates of body keypoints either in 2D or 3D. Thus, the pixel—
level details are naturally decoupled from their canonical location.
Being free from the pixel—level details, we can freely augment the
training data as proposed below, helping us to resolve the data
scarcity issue for this task.

Specifically, we take N samples (X®,Y®D) captured by a fixed
camera from a single—person dataset, where X® e RT*kx2 y() ¢
RT*K*3 and i=1,---,N . We may simply overlay them onto a single
video, producing X € RTXNxkx2 'y g RTXNXKX3 = ragpectively. This
(X,Y) is an augmented 3SDMPPE training example, and repeating this
process with different combinations of samples will infinitely create
new 3DMPPE examples.

Furthermore, we consider additional data augmentation on the
trajectories, e.g., randomly translating or rotating them, to introduce
additional randomness and fully take advantage of existing data.
However, there are a few additional factors to consider: the ground
plane, potential occlusion, and feasibility of the augmented

trajectories.
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PT /PR GPT/GPR

Fig 3 Illustration of the proposed data augmentation methods.

5.1. Ground Plane Orientation

Although translating or rotating a trajectory in 3D space sounds
trivial, most natural scenes do not fully use the three degree of
freedom, because of an obvious fact that people usually stand on the
ground. Geometrically, subjects in a video share the common ground
plane, with a few exceptions like a swimming video. As feet generally
touches the ground, we estimate the ground plane by collecting feet
coordinates from all frames captured by a fixed video and fit them
with a linear regression model, producing a 2D linear manifold G
within the 3D space. We choose its two basis vectors, {by,b,},
perpendicular to the normal vector of G. We propose four types of
data augmentation in Fig. 3. By combining these, we generate
abundant sequences mimicking various multi—person and camera

movements.:
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« Person Translation (PT): The target person is translated
randomly along the basis {by,b,} on the ground plane. We sample the
amount of displacement Aa, AB on {by,b,} from a Gaussian
distribution N(0,0), where o is a hyper—parameter. Each individual
moves by different amount.

» Person Rotation (PR): We sample an angle o uniformly within
L

" 4]. The subject is rotated by the same angle w across the entire

sequence to preserve natural movement, with respect to the normal
vector of the ground plane about the origin at the mean of all
keypoints.

» Ground Plane Translation (GPT): The entire ground plane is
shifted through the depth (z) axis by a randomly chosen distance
among {—1.0,0.0,1.5,3.0} meters, towards (negative) or away from
the camera. As GPT is applied to the ground plane, it affects all
subjects homogeneously.

* Ground Plane Rotation (GPR): The entire ground plane is
rotated by an angle randomly chosen among [—g,g], with respect to

the basis b;, whose direction is more parallel to the x—direction of
camera. This is to generate vertically diverse views, which are

challenging to create with the other 3 augmentations.

5.2. Handling Occlusions
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L] : Keypoints

i :3D Ball of radius R
(Volume Representation)

Fig 4 Simple Volume Representation of Person. A volume representation of

person needed for generating occlusion.

As multiple subjects in a scene are projected to 2D, they may
occlude each other. In such cases, the occluded body parts should not
be included in the output. At a glance, this looks trivial; we compute
the distance between each keypoint and the camera, and if two or
more points are on the same ray from the camera, we leave only the
closest one.

Since the human body has some volume, however, two body parts
(either from the same person or from different ones) may occlude if
the two key points are projected close enough, even though they do
not exactly coincide. From this observation, we propose a simple
volume representation of person, illustrated in Fig. 4. The volume of
each body part is modeled as a 3D—ball centered at the corresponding
keypoint. Once projected to the 2D plane, the circles are considered
to overlap if the distance between the two circles’ centers is shorter

than the larger one’ s radius. Then, the one with the larger depth is
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occluded. Optionally, the occluded keypoints may be slightly

perturbed, since the keypoint location is not exactly precise anyway.

5.3. Feasibility Constraints

Once the augmented trajectories are generated in the 3D space,
we need to project them to the 2D image coordinate to make them
paired as a training example. This is done by applying the pinhole

camera model. A point (x,y,z) in the 3D space is mapped to (u,v) by

u v 0 o
-5 <]
1 0 o 11tz

where f,, f, are the focal lengths, and ¢, c, are the center location in

the 2D image coordinates.

Lastly, we need to check if they are feasible as a training example.

First of all, the depth z of all target 3D keypoints should be positive.
Otherwise, a subject with negative depth will appear flipped both
vertically and horizontally, located behind the camera in the 3D space.

Also, the resulting trajectory should be entirely located within
the 2D frames. Precisely, we keep the root key points to appear
within the image boundary and let other joints potentially be out of
the scene. For this, we might naively filter out examples that violate
the constraints and regenerate, but this is not efficient. Instead, we
apply PR, GPT, and GPR first, and PT at the last. Unlike other

operations, we can constrain the feasible range for PT individually,
§
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satisfied simply by solving a constrained linear programming:

0 < x+Ax+ <W 0< y + Ay
_fuz+Az “u ’ _f”z+AZ

+c,<H 0Z5z+Az

where, (x,y,z) is an original root joint in the 3D space, (Ax,Ay,Az)
is the amount of displacement applied to this subject, converted from
(Ao, AB) on the basis {bs,b,} to the standard basis (e, e,, e3), and W, H

i1s the width and height of the image.
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Chapter 6. Experiments

6.1. Experimental Settings

Datasets. MuPoTS—3D [35] is one of the most representative
datasets for the monocular 3SDMPPE. It consists of 20 a few seconds
long sequences with 2-3 people interacting with each other. Since
this data is made only for evaluation purpose, MuCo—3DHP [35] is
widely paired with it for training. MuCo—3DHP was artificially
composited from a dataset MPI—INF—3DHP [34], which contains 8
subjects’ various motions captured from 14 different cameras.

CMU Panoptic [21] is another popular 3D multi—person dataset,
mainly used for multi—view settings. It contains 60 hours of video
with 3D poses and tracking information captured by multiple cameras.
Following [2], we use video sequences of camera 16 and 30 for both
training and testing. This training set consists of sequences with 3
activities, Haggling, Mafia, and Ultimatum, and the test set consist of
sequences with an additional activity, Pizza.

We train our model on the synthesized training set using the
proposed augmentation method in Sec. 5. We use MPI-INF—-3DHP
as the source of augmentation for MuPoTS—3D experiment. For
CMU —Panoptic, we augment on its training partition.

Evaluation Metrics. First, we measure Percentage of Correct

Keypoints (PCK). Given a threshold T, a keypoint prediction is
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regarded correct if the L2 distance between the predicted and true
points in the 3D space is within the threshold. We report PCK metrics
with (PCKrel) and without (PCKabs) the root alignment, following
the convention. We use the common setting of T = 150mm. Higher
PCK indicates better performance.

MPJPE is the mean L2 distance between prediction and ground
truth, used for our evaluation on CMU—Panoptic [21]. MPJVE [41]
measures the smoothness or consistency of each keypoint’ s flow
over time by the average of the L2 distance between the first
derivatives of the predicted and true keypoints. High MPJVE
indicates more jitterings between frames, making impractical to apply
the method in practice. Lower MPJPE and MPJVE indicate better
performance. And they are calculated exactly the same with the
MPJPE loss and MPJVE loss.

Competing Models. We compare our POTR—3D method against
six baseline models: VirtualPose [45], SingleStage [39], SMAP [63],
SDMPPE [36], TDBU—Net [7], and MubyNet [57].

Implementation Details. The input 2D poses are obtained by fine—
tuning HRNet—W48 [47]. As it operates in a frame2frame manner,
we track each individuals (.e., stitching) over the whole frames of
the input video. We use ByteTrack [61] for tracking, merging with
the appearance gallery idea [53] to consider appearance variation
caused by movements. While tracking individuals frame by frame, the
most recent 100 appearance features are stored in their tracklet.

Note that these off —the—shlef models are used only at testing, not at
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training, since we train on synthetic data we augment. We use Adam
optimizer [24] with batch size of 16, dropout rate of 0.1, and adopt

GELU activation function.

6.2. Quantitative Comparison

PCKrel PCKabs MPJVErel MPJVEabs
Method
(%) 1 (%) 1 (mm) | (mm) {
From estimated 2D keypoints (No GT Used)
VirtualPose [45] - 44.0 - -
SingleStage [20] 80.9 39.3 - -
SMAP[63] 73.5 35.2 - -
3DMPPE [36] 81.8 35.2 25.8 120.4
POTR-3D
83.7 50.9 10.8 16.3
(Ours)
From 2D ground truth keypoints
TDBU—Net[7] 89.6 - 26.3
POTR-3D
91.0 33.7 7.9 10.2
(Ours)

Tab 1 Quantitative Comparison on MuPoTS—3D. The best scores are
marked in boldface.

MuPoTS3D. According to Tab. 1, ours achieves the highest
PCKrel and PCKabs with 1.9% and 6.9% gain, respectively, from the
previous state—of—the—art. Here we the augmentation consists of
PT and PR makes the best performance. Generally POTR-—
3Doutperforms others at most sequences, furthermore we also
emphasize that ours particularly outperforms baselines on sequences
with some sequences with heavy occlusions (e.g., TS3, TS14, TS20)

.
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and with some unusual distance from camera (e.g., TS6, TS13), as
reported in Tab. 2, and Tab. 3. It indicates the effectiveness of our
seq2seq modeling to solve occlusion, and the benefits of

augmentation which can make a variety of distance.

PCKrel
Method TS1 TS2 TS3 TS4 TS5 TS6 TS7
(%) 1

SingleStage [20] 80.9 - - - - - — —

SMAP[63] 73.5 88.8 71.2 774 7777 80.6 49.9 86.6

3DMPPE [36] 81.8 944 775 79.0 819 853 728 81.9

POTR-3D

83.7 92.0 80.2 93.7 84.0 85.4 75.1 91.5
(Ours)
Method TS8 TS9 TS10 TS11 TS12 TS13 TS14 TS15

SingleStage [20] - - - — — — — _
SMAP[63] 51.3 70.3 89.2 723 81.7 63.6 44.8 797

3DMPPE [36] 75.7 90.2 904 79.2 799 751 7277 81.1

POTR-3D

74.3 70.7 88.4 856 86.5 83.1 77.1 82.8
(Ours)
Method TS16 TS17 TS18 TS19 TS20

SingleStage [20] - — - — —
SMAP[63] 86.9 81.0 75.2 73.6 67.2
3DMPPE [36] 89.9 89.6 81.8 81.7 76.2
POTR-3D

90.8 86.8 87.5 85.7 82.6
(Ours)

Tab 2 Quantitative Comparison (PCKrel) on MuPoTS—3D for Individual Test
Videos. The best scores are marked in boldface.
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PCKabs
Method TS1 TS2 TS3 TS4 TS5 TS6 TS7
(%) 1
VirtualPose [45] 44.0 - - - - - - -
SingleStage [20] 39.3 - - - - - - -
SMAP[63] 35.2 21.4 22.7 58.3 27.5 37.3 12.2 49.2
3DMPPE [36] 31.5 59.5 447 51.4 46.0 52.2 27.4 23.7
POTR-3D
50.9 50.1 42.1 71.0 60.5 58.6 50.4 66.9
(Ours)

Method TS8 TS9 TS10 TS11 TS12 TS13 TS14 TS15
VirtualPose [45] - - - - - - - -
SingleStage [20] - - - - - - - -

SMAP[63] 40.8 53.1 43.9 43.2 43.6 39.7 28.3 49.5
3DMPPE [36] 26.4 39.1 23.6 18.3 14.9 38.2 26.5 36.8
POTR-3D
41.5 50.0 69.6 42.3 49.2 63.2 49.3 69.0
(Ours)

Method TS16 TS17 TS18 TS19 TS20
VirtualPose [45] - - - - -

SingleStage [20] - - - - -
SMAP[63] 23.8 18.0 26.9 25.0 38.8
3DMPPE [36] 23.4 14.4 19.7 18.8 25.1
POTR—-3D
35.6 36.9 35.3 29.3 46.3
(Ours)

Tab 3 Quantitative Comparison (PCKabs) on MuPoTS—3D for Individual
Test Videos. The best scores are marked in boldface.

I ;
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PCKrel PCKabs MPJVErel MPJVEabs
PT PR GPT GPT | Size
(%) 1 (%) 1 (mm) | (mm) |
0.4M 80.2 37.8 10.9 17.0
\ 0.7M 82.8 40.6 11.4 18.7
1.3M 82.8 40.9 10.9 16.8
0.4M 81.0 41.3 11.0 16.7
\ Vv 0.7M 83.7 50.9 10.9 16.3
1.3M 83.0 47.1 10.8 18.1
0.4M 82.3 42.1 10.9 17.1
\ Vv \ 0.7M 82.2 45.9 10.7 17.0
1.3M 83.7 45.4 10.7 18.7
0.4M 81.3 41.9 11.2 17.1
\ Vv \ A 0.7M 83.3 48.1 10.8 18.3
1.3M 84.3 46.1 11.0 16.5

Tab 4 Ablation Study on Augmentation Strategy on MuPoTS—3D. The best
scores are marked in boldface.

MPJPErel MPJVErel
Method
(mm) | (mm) |
Sequence Haggling  Mafia Ultimatum  Pizza Avg. Avg.
VirtualPose [45] 54.1 61.6 54.6 65.4 58.9 -
SMAP[63] 63.1 60.3 56.6 67.1 61.8 -
MubyNet [57] 72.4 78.8 66.8 94.3 78.1 -
3DMPPE [36] 89.6 91.3 79.6 90.1 87.7 -
POTR-3D
59.8 57.0 56.6 59.7 58.3 4.6
(Ours)
POTR-3D
54.8 39.0 43.1 40.6 44 .4 3.4
(Ours; GT)

Tab 5 Quantitative Comparison on CMU Panoptic. The models are trained
on {Haggling, Mafia, Ultimatum}, and generalized to Pizza. The best scores
are marked in boldface.
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We also evaluate POTR—3D with 2D ground truth (GT) keypoints
(instead of those by HRNet [47]) to see the upper bound, reported
in Tab. 1. We observe a significantly higher PCKrel than the regular
experiment, outperforming previous best scores on GT [7]. This
indicates that the performance of POTR—3D is highly limited by the
2D keypoint detector, not the proposed model itself.

As MPJVE has not been reported in previous works, we report it
in Tab. 1 only for methods open—sourced. POTR—3D significantly
improves the MPJVE metrics, compared to previous frame2frame [36]
and seqgZseq [7] methods. By nature, frame2frame methods are
unable to optimize MPJVE, as they do not treat temporal information.
Also, as we directly optimize an MPJVE loss term, the huge gap
between ours and frameZframe methods is inevitable. This means,
however, this practically important MPJVE metric has been
overlooked, allowing severe jittering that are often observed with
frameZ2frame approaches. In contrast, our model achieves even
stronger MPJVE metrics than the other seq2seq baseline [7] on the
2D GT keypoints, proving the improved smoothness of our model.

CMU—-Panoptic. POTR—3D also achieves the state—of—the—art
performance on CMU—Panoptic, 0.6mm leading the previous state—
of—the—art [45]. In contrast to MuPoTS—3D, CMU-Panoptic
contains videos with a denser crowd of 3-8 subjects, making the
tracking step more challenging. The result indicates that POTR—3D
operates well even in this challenging situation. However, as the

same camera setting 1s used for both training and testing, the
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challenge becomes a bit relaxed compared to MuPoTS—3D. For this
reason, POTR—3D trained with data augmented only by PT, PR leads
to the best performance. Also, POTR—3D achieves significantly
higher performance than others on the Pizza sequence unseen at

training, with 5.7mm gain. This verifies generalizability of POTR—3D.

6.3. Ablation Study

We further investigate the best data augmentation strategy
proposed in Sec. 5, specifically, what kind of operations benefit the
most and how many examples are needed. We compare 4 different
combinations of the proposed methods (PT, PT+PR, PT+PR+GPT,

and PT+PR+GPT+GPR) with 3 sizes (0.4M, 0.7M, and 1.3M

samples).

MPJPErel MPJVErel APrel

PT PR GPT GPR Size
(mm) | (mm) | | @150mm 1

\Y% 0.5M 87.1 4.5 65.2
\% A% 0.5M 58.3 4.6 79.8
\% A% 0.5M 58.5 5.0 65.5
\% A% \% \Y 0.5M 72.7 4.8 70.3
\% v \% A% 0.8M 68.8 4.2 83.7

Tab 6 Ablation Study on Augmentation Strategy on CMU—Panoptic. The
best scores are marked in boldface.
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MPJPErel MPJVErel APrel

PT PR GPT GPR Size
(mm) | (mm) | @150mm 1

A\ 0.5M 142.9 3.1 39.5
\Y% A% 0.5M 136.8 6.1 31.5
A\ \ \ 0.5M 138.2 5.3 80.4
A\ \ \ \' 0.5M 67.2 3.7 73.7
\% A% \% A% 0.8M 58.4 2.7 81.4

Tab 7 Ablation Study on Camera Setting of CMU—Panoptic. The best scores
are marked in boldface.

Tab. 4 shows the performance on MuPoTS—3D. First of all,
larger size generally benefits, as expected. Without a limit, the
proposed data augmentation may further improve the result with a
larger training set. Among the combinations, using more variety of
operations generally helps, where the largest one with all operations
achieves the best PCKrel. A similar experiment is conducted on
CMU —Panoptic, summarized in Tab. 6. Similarly, a larger setup using
all operations leads to superior performance in general.

For the experiment on CMU-—Panoptic in Sec. 6.2, the
conventional benchmark uses the same cameras (camera 16, 30) for
both training and test sets. Thus, the model is hard to fully enjoy the
benefit of our ground plane augmentation (GPR / GPT). Here, we
further evaluate on videos of Haggling, Ultimatum captured by
different cameras (camera 6, 13) from the ones used for training Fig.
5 illustrates each camera’ s view point, and Tab. 7 shows the result.

Notations are following Sec. 6.2.
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CAM 16 CAM 6

CAM 30 CAM 13

Fig 5 Cameras’ view points of CMU—Panoptic. (Left) Cameras used in
conventional benchmark for both training and testing. (Right) Cameras

used for testing in Sec. 6.3.

We confirm that the full augmentations significantly outperform
others that care less about the camera view point. Also, we observe
a larger augmented dataset benefits more. Furthermore, the best
option (last row) achieves competitive performance comparing to the
testing performance of Tab. 6, which uses same camera setting with
training. This is notable because we do not use any clue about the
camera 6 and 13. This proves that GPR benefits the augmentation
process to be robust to camera view changes, aligning with our
expectation, and indicates proper GPT/GPR leads the model to better

generalize.
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6.4. Qualitative Results

In addition to the benchmark datasets, we evaluate POTR—3D on
a lot more challenging in—the—wild scenarios, e.g., group dancing
video or figure skating. Fig. 6 demonstrates the performance of our
model on a few examples of in—the—wild videos. In spite of
occlusions, we see that POTR—3D precisely estimates poses of
multiple people. To the best of our knowledge, this is the first work
to present such accurate and consistent 3DMPPE results on in—the—

wild videos. The actual video 1S available on

https://github.com/POTR3D/CVPR2023.

Fig. 7 shows a couple of failure cases of our method. When people
are not standing or when feet are not shown within the video frame,
our method fails to detect the ground plane correctly, leading to
incorrect pose estimation. Another challenge is when the off —the—
shelf tracking method fails. When it misses a subject, we see that our

method cannot detect the pose.
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(a) Input (b) Reconstruction

Fig 6 Demonstration of POTR—3D on in—the—wild videos.
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(b) Reconstruction

(a) Input (b) Reconstruction

Fig 7 Challenging examples for POTR—3D
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Chapter 7. Summary

In this paper, we present POTR—3D, a Transformer—based
seq2seq 2D—to—3D approach for multi—person 3D pose estimation
from monocular video. Introducing an additional frame—wise
attention, we successfully extend the MixSTE [60] architecture from
single—person to multi—person problem and empirically verify that
this approach is indeed more robust on occlusion.

Moreover, we propose four types of data augmentation strategy
to generate unlimited number of 2D—3D pair dataset, directly
resolving the data scarcity issue innate in the 3D multi—person pose
estimation problem.

The effectiveness of our approach is verified not just by
achieving state—of—the—art performance on public benchmarks,
MuPoTS—3D and CMU-—Panoptic, but also by demonstrating accurate
and consistent results on various in—the—wild videos.

On the other hand, there are some limitations on our approach.
First, as POTR—3D does not receive any image or video information,
it cannot estimate the exact size of person. It might struggle to
distinguish a child nearby camera from an adult far from it. Second,
we constrain the number of people to be consistent throughout this
study for convenience. This should be relaxed for more practical use.

Computationally, self—attention cost may dramatically increase as
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the number of people in the video gets larger. Further approximation

to reduce the self —attention cost may be needed.
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Abstract

AFE vlde] 7Igkst 3k Al 74 (3D Pose Estimation) 2 #lf-%-
theFgt Fofel 8" o 7l wEel 2 JHAVE dn FHE
EWAYY (Transformer) 52 7|5ke] AJFA—-A]FU A (Sequence—to—
sequence) E Pl MixSTE [60] = @ AA A 33 AA]
FAA 22 A ERE ] 33 24 F74 (2D-to—3D Lifting) <]
WHe #2Estel A3 ARE Aw 8k v F dTE o9

shgowXA tg A 3Ad AA ZAE T, 71E A8k vlas)
sk A R AE FE(Inter—Personal Attention) EES
AEol FZhstdvr. BE grxol ZIRbsto] e 4 TSl ARE
AAARHA FxFoEM, Aol ks Ede A5 e
Aol A%t HAes BT sHAN, ts AA 3akd A =L
doly F=5 ddolets ndAd FAE Adoh £ A7 UHES
A4 o geHAAA Blojy, 234 ZpAl el 32k AHA 7He] #AE

gEslel, Foldl dolEe vt stebulE o] skt o
A RARHOR FAT S Avks A Adth B RopelA

e 54 9 vuE A gzl AL dolyaledA ds& 54
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