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Abstract

Dense human pose estimation is the problem of learn-
ing dense correspondences between RGB images and the
surfaces of human bodies, which finds various applications,
such as human body reconstruction, human pose transfer,
and human action recognition. Prior dense pose estimation
methods are all based on Mask R-CNN framework and op-
erate in a top-down manner of first attempting to identify
a bounding box for each person and matching dense cor-
respondences in each bounding box. Consequently, these
methods lack robustness due to their critical dependence on
the Mask R-CNN detection, and the runtime increases dras-
tically as the number of persons in the image increases. We
therefore propose a novel alternative method for solving the
dense pose estimation problem, called Direct Dense Pose
(DDP). DDP first predicts the instance mask and global
IUV representation separately and then combines them to-
gether. We also propose a simple yet effective 2D temporal-
smoothing scheme to alleviate the temporal jitters when
dealing with video data. Experiments demonstrate that
DDP overcomes the limitations of previous top-down base-
line methods and achieves competitive accuracy. In addi-
tion, DDP is computationally more efficient than previous
dense pose estimation methods, and it reduces jitters when
applied to a video sequence, which is a problem plaguing
the previous methods.

1. Introduction

Human dense pose estimation aims to learn the cor-
respondence between RGB images and 3D human model
surfaces. It is a fundamental and essential problem in
human-centric analysis and synthesis applications, such as
3D body shape estimation [53, 56], human pose trans-
fer [11, 38], unselfie [30], and character animation [8, 46].
Giiler et al. [1] densely map each person pixel of an ‘in
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the wild” RGB image to a location of a 3D human model
surface using a two-stage top-down framework based on
Mask R-CNN [14]. They sparsely annotate a human sub-
set of the COCO dataset [27] for training. Follow-up works
also adopt the same top-down principle to further improve
the performance via uncertainty modeling [33], multi-scale
strategy [13], knowledge-transfer [48], simulated data [57],
or continuous embedding [32]. All these methods are built
upon Mask R-CNN [14] framework and follow the two-
stage top-down detect-then-segment pipeline. In particu-
lar, these top-down methods first employ an object detec-
tor based on Faster R-CNN [37] to predict a bounding box
for each person, and then crop and resize regions-of-interest
(ROIs) feature maps into a fixed size for each person. Such
a top-down pipeline has several limitations. (1) The bound-
ing box causes early commitment, i.e. if the bounding box
fails to detect the whole body, there is no path to recovery,
as shown in Fig. 1. Furthermore, several people may exist in
the same bounding box which may not well align with a hu-
man due to overlap ambiguity (also mentioned in [48]), (2)
The detected person patches are cropped and resized, thus
the resolution per person is usually heavily compressed. (3)
Top-down methods cannot fully leverage the sharing com-
putation mechanism of convolutional networks, and thus,
their inference time scales unfavorably with the number of
instances (see Fig. 4).

In contrast, we propose an end-to-end direct method in-
spired by the success of direct instance segmentation meth-
ods [42, 49], which is faster and more accurate under multi-
person occlusion than previous methods. In particular, we
formulate the dense pose estimation task into two inter-
related sub-tasks: global dense pose IUV representation '
estimation and instance segmentation. Inferring IUVs in a
direct approach avoids early commitment, overlapping am-
biguity, and heavy resolution compression, as well as makes
computational complexity less dependent on the instance

IThe TUV representation, introduced by [1], is an image-based UV map
with multiple channels.



Figure 1: Top: illustration of top-down methods [32] early commitment and overlapping ambiguity issues (red boxes).

Bottom: data sparsity,e. the ratio of human pixels over the whole image pixels.

number. Moreover, a simple fully convolutional implemen- mentation in one stagége. without a detect-then-segment
tation (as experimented in [1]) produces inferior results due or label-then-cluster strategy. In their SOLO approach,
to the interference from multi-person feature normalization Wang et al. [49] segment objects by locationgge. us-
and wastes much computation and GPU memory in theing instance location categorization to predict object cen-
empty background area. To address this, we propose arter locations. They further improved accuracy and speed
instance-aware normalization (IAN) technique to improve in their improved SOLOv2 method [50]. Tiest al. pro-

the results and sparse residual FCN to save computationpose Condinst [42], which employs dynamic instance-
Furthermore, previous methods are designed for per-frameaware networks to infer an instance mask from global fea-
prediction and produce icker on video sequences. To al- ture maps directly. In this work, we take inspiration from
leviate ickering, we propose a simple and effective 2D CondInst [42] and propose a new direct framework for
temporal smoothing scheme which naturally ts our direct dense pose estimation.

method. Multi-person 2D pose estimation. Multi-person 2D pose

We make three contributions: 1) We propose a direct estimation methods estimate the number of people, their
framework DDP for human dense pose estimation, which positions, and their body keypoints (joints) from an im-
runs faster and detects humans better in multiple persongge. Similar to instance segmentation methods, muilti-
overlap situations than top-down methods. 2) We pro- person 2D pose estimation algorithms can be classi ed
pose an instance-aware normalization (IAN) technigue tointo top-down and bottom-up methods. Top-down meth-
remove the interference from multi-person feature normal- ods [36, 52, 17, 39, 45, 16, 55] employ off-the-shelf per-
ization and utilize sparse convolution to skip the back- son detectors to obtain a bounding box for each person and
ground computation. 3) We introduce an effective 2D then apply a single-person pose estimator within each box.
temporal-smoothing scheme tailored for dense 2D inferenceBottom-up methods [4, 20, 19, 35, 24, 21, 6] rst locate all
problems, which preserves the coherence of projected 2Dthe body joints in one image, and group them into individ-
shapes. ual person instances during post-processing. Both top-down

and bottom-up methods require multiple steps to obtain the

2. Related Work nal keypoint detection results.

Instance segmentation. Instance segmentation methods  Recently, Tiaret al. propose DirectPose [41] to handle
combine instance-level object detection and pixel-level se-the multi-person pose estimation. They extend the anchor-
mantic segmentation. Most existing approaches can be catfree single-stage object detector FCOS [43], with one new
egorized into top-down methods and bottom-up methods.output branch for keypoint detection. Our method DDP fol-
Top-down methods [25, 14, 29, 3, 18, 5] operate in a detect-lows a similar design principle to avoid the limitations of
then-segment wayi,e. detect the bounding box and then top-down methods. Note that, unlike sparse keypoints pose
segment the object within the box. Among these meth- €stimation, itis very challenging to formulate the dense cor-
ods, Mask R-CNN [14] is the most widely known top-down respondence prediction problem as a keypoint classi cation

framework and has seen improved variants [29, 18]. Due toProblem like [41]. Thus, we predict the instance mask and
the high performance of Mask R-CNN, all prior dense pose global IUV separately.
methods build upon it. Bottom-up methods [35, 7, 28] op- Dense human pose estimationSome methods [2, 22] es-

erate in a label-then-cluster wag.g learn pixel-level em-  timate pixel-wise correspondence to a 3D surface model by
beddings and then cluster them into groups. Recently, sometting a prior deformable surface model to the image via
effective direct methods [42, 49, 50] solved instance seg-indirect supervisione.g through body silhouette and key-



joints. In [1], Glleret al. propose to directly map each pixel dition, we also propose a 2D temporal-smoothing scheme
of a person region in the RGB image to the 3D human sur- (Sec. 4) to alleviate the temporal jitters when dealing with
face. The dense correspondence is represented in a chartddeo data.
based format called IUM.e. 24 body surfaces plus one
background category (25 classes in total). With each sur-
face patch, the local correspondence is further represented To alleviate instance scale variation issue in our di-
by a local UV coordinate system. Therefore, their dense rect method, we adopt a feature pyramid aggregation mod-
pose IUV representation has 28=75 dimensions, which  yle [23] to aggregate features of different scales. Speci -
are then summarized into three dimensions according to thecally, each FPN level is upsampled by convolutions and bi-
25 classes. [1] introduces a two-stage DensePose-RCNNinear upsampling until it reaches 1/4 scale. These upscaled
built upon Mask R-CNN [14] and collects a large-scale features are summed togetherXaggy which are fed into
image-to-surface sparse mapping dataset for direct superour instance branch and global IUV branch, respectively.
vision. DensePose-RCNN shows promising results on in-
the-wild data. Following this pipeline, Guat al. [13] pro-  3-3. Instance branch
pose a multi-scale method called AMANet with improved  The instance branch is built on top of a direct instance
performance under scale variations. Wai@l. [45] Im-  segmentation method Condinst [42] whose core idea is to
prove dense pose estimation by utilizing external common- gynamically generate the speci ¢ mask FCN head parame-
sense knowledge. Neveroeaal. [34] propose to augment  ters for each instanée For an image withK instancesk
the data annotations with motion cues for performance im- gifferent mask FCN heads will be dynamically generated,
provement. Zhet al. [5/] introduce a new synthetic dense each containing the characteristics of its target instance in
human pose dataset, together with a new estimator usingne Iters. In particular, as shown in Fig. 2 top, the in-
a domain adaptation strategy to achieve good performancestance branch rst processes the received aggregated fea-
on real-world data. Recently, Neveroea al. [32] pro-  tyresX .44 with a Down Sample Conv module to extract
pose a more straightforward and universal representationg|opal instance feature$ p and reduce the feature resolu-
Continuous Surface Embeddings (CSE), to better repre-ton to 1/8 scale for saving computation. This Down Sample
sent dense correspondences and improve the performancgony module contains three convolution layers of stride 1
These works all follow the two-stage top-down strategy that gng one convolution layer with stride 2. Moreov¥rp is
suffers from early commitment, overlap ambiguities, heavy combined with a map of the coordinates, which are relative
resolution compression, and unfavorable runtime scalingcoordinates from all the locations &hp to the location (h,
with the number of instances. In contrast, we propose ay) (i.e. where the lters of the mask head are generated).
direct dense pose estimation framework with faster runtime Then, the combination, termed Xsp , is sent to the mask
and better resilience to the aforementioned challenges.  FCN head, whose parameters,, is dynamically gener-
ated by the weight generator module, to predict the instance

3.2. Feature aggregation module

3. Framework mask. In other wordsX p contains the global informa-
] tion for the whole image, while the parametegs, encode
3.1. Overview instance-aware characteristiesq relative position, shape,

and appearance). Different from Condinst, our mask FCN

We propose a direct framework to divide the multi- - )
person dense pose estimation problem into two subtasksn€a@d Will produce the instance maskins and dense pose

instance prediction and global IUV dense pose represenMaskM qp jointly for each instance. This joint learning
tation prediction. As illustrated in Fig. 2, our framework design takes the advantages of the existing rich instance an-
starts with a feature extractor backbone - a ResNet network0tations for stabilizing training (explained in Sec. 5), as
(e.g ResNet-50) followed by a feature pyramid network well as provides instance masks for the Global IUV branch
(FPN) [26]. Then, the extracted feature pyramid (1/4 to 1/32 (explained in Seg. 3.4). Note that one can also adopt other
scales) is aggregated via a feature aggregation (Sec. 3.2 dvanced direct instance segmentation networks for our in-
module, and then fed into the instance branch (Sec. 3.3) tance branch, like SOLO [49] and SOLOV2 [50].

and the global IpV branch _(Sec. 3.4), respectivgly. The_in— 3.4. Global IUV branch

stance branch aims to predict the instance-level information, _ _ ) )

i.e. instance masM j,s and dense pose mask g, for We aim to predict the dense pose UV information glob-
each person. In contrast, the global IUV branch aims to pre-ally where all IUVs of different people are represented in
dict the dense pose IUV representation for the whole image.the same image plane. However, merely performing con-
The nal per-person dense pose estimation can be obtained/olution over the large background region is computation-

simply by multiplying the d.ense pose maMde with the 2Similar to Condinst [42], there are centerness and box heads in our
global IUV representation in an element-wise way. In ad- instance branch, but omitted in the gure for simplicity.




Figure 2: Framework overview. The ResNet-FPN based backbone is rst used to extract a feature pyramid. Then, the feature
aggregation module is applied to aggregate the feature pyramid into a global feature representation. Such a global feature
is then fed into the instance branch and global IUV branch, respectively, to estimate the instance-level masks and the global
IUV representation. Note that, for each instance, the Mask FCN weights are generated dynamically via a weight generator.

tion methods [1, 13, 33, 48, 57, 51, 32] alleviate this is-
sue by cropping the feature maps according to the detected
bounding boxes and process them separately in a single per-
son style. Such a cropping-based approach is sub-optimal
as it still introduces some background or content from other
instances. Besides, this suffers from the early commitment
issue. In contrast, we propose a background suppression
strategy to suppress the background interference explicitly.
Speci cally, we rst resize the estimated instance masks

Figure 3: The sparse residual block contains three sparsj N .

sub-blocks. Each sparse sub-block consists of a sparse co oreground masi 1, which is applied to mask the fea-
volution layer [10], an instance-aware normalization (IAN)
layer, and a ReLU layer.

tures in a point-wise manner as follows,

M
Xitg = Mg X agg; WhereM ¢4 = Mis: (1)
i=1

ally quite expensive and wasteful. Therefore, we propose
a background suppression operation followed by a sparséVN€réX rg denote the masked foreground features.
residual FCN module to only deal with the person region of SParse residual FCNAs mentioned above, computing the
interest. We also propose an instance-aware normalizatior]€atures on background regions is wasteful, especially con-
(IAN) technique that performs better than normalizing all sidering that we need to maintain high-resolution features
the instances together as done in [1]. to achieve dense global IUV prediction. Therefore, we per-
Background suppression. As for the human dense pose for_m convolution in a sparse manner to reduce the compu-
estimation task, we are only interested in the people re-tation and memory cost. Speci cally, the dense features are
gion, which usually occupies a small part of the whole rst transformed into a sparse format and then processed
image. For example, the sparsitye( ratio of the peo- by our sparse residual FCN module and nally transformed
ple region over the whole image) on the DensePose-COC ack to a dense format. The sharse residual FCN mod-
dataset [1] is on average 23.7% and ranges from 1.7% touIe consists of three sparse residual blocks. As illustrated
90.9%. Some sparsity examples are illustrated in Fig. 1. in Fig. 3, eaqh sparse reS|du§1I block cgntams two sparse
These large background regions will waste a large amountf#b(;bIOCks W|thbablr es||(dual Sk'? fcor;rr:ecltlo? followed b};a |
of computation and interfere with the learning procedure as ird sparse sub-block (excep or the fast sparse residua
well. Previous top-down multi-person dense pose estima-Plock). Each sparse sub-block includes a sparse convolu-

tion layer, an instance-aware normalization (IAN) layer, and

3Calculated on the instance annotations of DensePose-COCO minivald ReLU layer. Regarding the sparse CionV0|Uti0n layer, we
split. adopt the submanifold sparse convolution (SSC) layer [10],




which can x the location of active sites and thus main- by default. Here we perform the warping and weighted sum
tain the same level of sparsity throughout the network. The operations on the continuous logit-levieé. C is a 75-dim
instance-aware normalization (IAN) layer is described in logit representation.

the next paragraph.

Instance-aware normalization. We propose the instance- 5. Learning

aware normalization to perform feature normalization for

each instance separately. In particular, we integrate the re- As mentioned before, we pret;hct |n§tance Makkos
and dense pose mask 4, jointly in our instance branch

""" (Sec. 3.3). We take this joint approach because of the lim-

tion operation as follows, . : o
P ited dense pose annotation and the limited body coverage.

= 1 X X . @) Regarding the annotation, only part of human instances
e Numel(Nr ! ) i e was selected for dense pose annotation on the DensePose-
S 7w 2 W e COCO dataset. Training with annotated dense pose masks
2. = 1 i (Xnchw i) () only will lead to inferior instance prediction performance.
Nume(M ins) | o Furthermore, the dense pose masks do not cover the whole
' e person, leading to important information missing in our
2= M [ xgchw nei L @ background ;uppression. (Sec. 3.4). Therefore, we_jointly
_ v 2+ ' regress both instance masks and dense pose masks in our in-
=L w2V nel stance branch to improve the learning with rich instance an-

wherexncnw denotes the feature point at location (h,w) ex- notqtions and suppress the backgrqund with instance masks.
ists in NI :ns , i.e. the region of the-th instance. Numel) Besides, we apply th? ground truth instance maskg for bgck-
means the point number in the region of h#h instance. ground suppression in our g!obal IU.V branch during traln-_
We calculate the meany; and variance 2, for each in- ing, conS|der|_ng that the est|.m_ated instance masks contgln

i i many errors in the early training stage. Such errors will
stance mashWI . individually, and then apply instance praqk the learning of the global IUV branch.

normalization [44] due to its better performance over other | osqes The overall loss function of DDP is formulated as,
normalization techniques in our pilot experiment. Note that,

all the instances share the same learnable af ne parameters Lat = Lmask + Liuv ; )
and as they all belong to the person category. Limask = Ltcos + 1(Lmpe + Lug) ®)
4. 2D temporal-smoothing scheme Livv =L+ 2luv + sbs ©)

Previous dense pose estimation methods are designed fothereL mask andLyv denote the loss for instance branch
image-based prediction because it is expensive to collect acand global UV branch, respectively.; = 5, , = 10,
curate dense pose annotations for video data. However, di- 3 = 1 are used to balance the losses. Similar to Condinst,
rectly applying image-based methods to video data leads tgoUr instance prediction 10Skmask includes Ltcos and
the undesirable ickering issue, since the temporal informa- two mask lossed ., , Lm,, . We refer the reader to
tion is not considered. To address this, we introduce a sim-FCOS [43] for the details Of tcos . Lwm,, andLm, are
ple and effective 2D temporal-smoothing scheme, which ts de ned as,
well our global IUV representation. The main idea is to 1 P hw . x g hw .
use the temporal constraint from the original RGB video. =Mins = Ny 1fch;W > og L dice M iss 1M jns )

Speci cally, given the present RGB frame and its tem- hw
porally adjacent framebli+;g= . ; 1.1, ., we adopt (10)
an optical ow estimation modele(g RAFT [40]) to pre- Ly, = NL ltc,  >ogldice (M EBN ‘M EI?[‘)’V );
dict the optical owsff (+jg= r . 1.1; ., whichare P how v
used to warp the global IUV dense pose represent&tion (11)
adjacent frames to on€mp for the present frame using
the following weighted sum: where [M [’ ;M 2,;”] = MaskHeadX'p; nw) are
the estimated instance and dense pose masks, and
Crrjr o = Warp(Crs j 5 for t4); ®) M i’ ;M 5 are the corresponding ground truth. The
X C,. IS the classi cation label of location (h, w), which is
Cremp = Gt o ®6) the class of the instance associated with the location or 0

=T (i.e. background) if the location is not associated with any

wherer is the temporal window interval and is the sum instance.Npos is the number of locations wheog,, > 0.
weight. We set = 2 andf ;g = [0:2;0:2;0:2;0:2;0:2] Our global dense pose IUV prediction ldsg;y contains



Method

AP  APsy APs5 ‘ APy APL ‘ AR AR5y ARys ‘ ARy ARL ‘ time (S)
Top-down methods

DP-cascade (Res50) [1] 51.6 83.9 552 419 53.4/60.4 889 653 43.3 616 0.583
DP-cascade (Res50)+masks [1] | 52.8 855 56.1 40.3 54.6/62.0 89.7 67.0 424 63.3] -
DP-cascade (Res50)+keypoints [1] | 55.8 87.5 61.2 48.4 57.1/63.9 91.0 69.7| 50.3 64.8) -

Parsing (Res50) [54] 55.0 87.6 59.8/ 50.6 56.6| - - - - - 0.392
Parsing (Res50)+keypoints [54] 58.3 90.1 66.9 51.8 61.9 - - - - - -
Parsing (ResNeXt101) [54] 59.1 91.0 66.9 51.8 61.9] - - - - - -
Parsing (ResNeXt101)+keypoints [5/$1.6 91.6 72.3| 54.8 64.8| - - - - - -
SimPose (Res50)* [57] 57.3 88.4 67.3 60.1 59.3/66.4 951 77.8/ 624 66.7 -
AMA-Net (Res50) [13] 64.1 91.4 729 59.3 653/ 716 947 79.8 61.3 723 -
KTN (Res50) [48] 66.5 915 755 619 68.0/742 952 823 64.2 74.9| 0.518

DP R-CNN DeepLab (Res50) [32] | 66.8 92.8 79.7| 60.7 68.0/72.1 958 829 62.2 72.4| 0.242
DP R-CNN DeeplLab (Res101) [32] | 67.7 93.5 79.7| 62.6 69.1 73.6 96.5 84.7| 64.2 74.2| 0.382

Direct methods
Ours (Res50) \64.0 92.4 76.0\ 57.2 65.7\ 70.9 96.4 82.4\ 59.9 71.6\ 0.209

Table 1: The quantitative results on DensePose-COCO minival split. * Models are trained with a simulated dataset.

one cross-entropy lods for body parts classi cation, one  from 0.5 to 0.95. In addition, other evaluation metrics,
smooth L1-losd yy for local UV coordinates regression, APy and AR, for medium people and APand AR for

and one smoothing lods;. The smoothing losks is used large people, are also reported. Our method is implemented
to encourage the model to produce less noisy IUV repre-based on the Detectron2 framework [51]. No data augmen-
sentation, since the dense pose annotation is a set of spardation is used during training or testing. Inference times are
points. In particular, we adopt an edge-aware smoothnessneasurd on a single V100 GPU with one image per batch.

regularization [9] as follows, Dataset. Our method is evaluated on DensePose-COCO

N ‘ dataset [1], which has manually annotated correspondences
Le= — jr nCjel" "M on a subset of the COCO dataset [27]. There are about 50K
i=1 labeled human instances each of which is annotated with
(12) 100 points on average. In total, there are about 5 million

manually annotated correspondences. The dataset is split
whereC is the predicted global IUV representation. into a training set and a validation set with 32K images and
1.5k images, respectively.

+jr wCjelr «Mis I

6. Experiments

For evaluation, we present qualitative and quantitative g 1. Comparisons
results, a runtime analysis, and user study results.
Implementation details. Unless speci ed otherwise, we We evaluate the proposed end-to-end DDP framework
use the following implementation details. We use a ResNet-on DensePose-COCO minival split and compare it with the
50 [15] architecture as the backbone, followed by a 4-level SOTA top-down methods in Table 1. Our method achieves
FPN (.e. 1/4, 1/8, 1/16, 1/32 levels). The ResNet weights 64.0% AP and 70.9% AR with ResNet-50. The perfor-
are initialized by the pre-trained keypoints estimation mod- mance of our model is better than the strong baselines
els from COCO [27]. Our models are trained with stochas- DP-cascade [1] (64.0% vs. 55.8% AP) and Parsing [54]
tic gradient descent (SGD) for 130K iterations with an ini- (64.0% vs. 61.6% AP), and is comparable to AMA-Net [13]
tial learning rate of 0.01 and a mini-batch of 8 images. The (64.0% vs. 64.1% AP). Our model is still behind the top-
learning rate is reduced by a factor of 10 at iteration 100K performing top-down methods KTN [48] and DP R-CNN
and 120K, respectively. Weight decay and momentum areDeepLab [32]. Nevertheless, it is worth noting that the
setas 0.0001 and 0.9, respectively. Following [1], two quan- top-down strategy suffers from the early commitment issue,
titative metrics are used for evaluatidre. Average Preci-  overlap ambiguities as shown in Fig. 1. Besides, top-down
sion (AP) and Average Recall (AR). Both metrics are calcu- methods run slower in larger multi-person scenes and com-
lated at a number of geodesic point similarity (GPS) ranging press image resolution heavily.



Method ‘ AP  APsg APzs ‘APM AP_ ‘ AR AR5y ARys ‘ARM ARL ‘tlme (S)

Ours (Res50) w/d s, w/o IAN, w/o Sparse 62.2 91.5 73.4 559 64.069.3 959 80.3 58.2 70.1] 0.380
Ours (Res50) w/d. s, w/o IAN 62.2 923 73.2 55.0 63.9/69.3 96.2 804 58.9 70.0| 0.234
Ours (Res50) w/d ¢ 63.8 91.8 75.9 57.1 65.8/71.2 96.2 83.4| 59.0 71.9| 0.211
Ours (Res50) |64.0 92.4 76.0 57.2 65.7/70.9 964 82.4| 59.9 71.6| 0.209

Table 2: Ablation study and average inference time on DensePose-COCO minival split.

Method Human preference Proves the results, and the sparse technique aids to signi -
cantly reduce the computation time. Regarding the smooth-
DP R-CNN DeeplLab (Res50) [ ]_ 0.076 ing lossLs, the quantitative results are almost the same,
Ours (Res50) w/ temporal smoothing 0.924 while the qualitative results are spatially smoothed. As
Ours (Res50) w/o temporal smoothing 0.016 shown in the isocontour visualization in Fig. 5, the isocon-
Ours (Res50) w/ temporal smoothing 0.984 tour becomes less noisy when applying the smoothing loss

Table 3: User study for temporal smoothing.

Ls. Such smoothness is desirable because of the continu-
ity nature of human body surface. Furthermore, we also
compare the inference time on images of different instance
numbers with the state-of-the-art top-down method DP R-
CNN DeepLab [32] as shown in Fig. 4. We observe that
our method's inference time increases more slowly with the
number of people in the scene, because our approach's in-
ference time mainly depends on the image's sparsity.

6.3. Temporal smoothing evaluation

User study. To demonstrate the effectiveness of our 2D
temporal-smoothing scheme, we perform a user study on 11

Figure 4: Inference time. X-axis: number of person in- YouTube video sequences of 20 seconds each. As shown in
stances on each image. Y-axis: average inference time inTrable 3, we ask 30 users to assess the temporal smoothing

seconds for each image.

Ours (Res50) w/t. 4 Ours (Res50)

Figure 5: Effectiveness of smoothing Idss.

6.2. Ablation study and inference time

of the results of two comparisons: (1) our method versus the
top-performing top-down method - DP R-CNN DeepLab
(Resb0) [32] (row 1-2), and (2) our method versus our non-
smoothing setting (row 3-4). For each video sequence,
given two randomly ordered video results of dense pose iso-
contour visualization from two methods, users are asked to
pick one that looks temporally smoother than the other. The
results in Table 3 illustrate that our method is obviously pre-
ferred over the alternative.

Quantitative evaluation. Furthermore, we also perform a
guantitative evaluation measured with the most widely used
metrics in the video stabilization eld: Interframe Trans-
formation Fidelity (ITF) index [31] and Interframe Simi-
larity Index (ISI) [12], which are based on the video inter-
frame PSNR and SSIM scores, respectively. We report the
average scores (see Tab. 4) of 11 isocontour visualization

We perform an ablation study for each component of videos used in the user study. We can see that our temporal
DDP presented in Table 2. The ablative settings are as fol-smoothing strategy improves the temporal smoothness on

lows. W/0 Lgmooth : Removing the smoothing lossw/o
IAN: Removing the instance-aware normalizatiomv/o

both evaluation metrics.
Image-to-image translation.We also apply our method on

Sparse We use full dense feature maps instead of sparsethe human pose transfer tasle. translate the dense pose
feature mapsj.e. M ¢g is a tensor with all elements set
to one. We observe that the proposed IAN technique im- popular pix2pixHD [47] as our translation model and gener-

IUV representation input to an RGB image. We adopt the



Figure 6: Qualitative results on DensePose-COCO minival split. The red and yellow circles spot the failure cases (see Sec. 7).

Model ITE ISI 3D body correspondences in diverse real-world scenarios
exhibiting different challenge®.g illumination variations
(indoor and outdoor), occlusions (self occlusion, inter oc-
clusion, and background occlusion), diverse body poses and
views. Although our method achieves comparable perfor-
o ) ) mance to SOTA methods, it may produce noisy results for
Table 4: Quantitative evaluation for temporal smoothing. large-scale or occluded peopled the red circle in Fig. 6)
and fail to detect some occluded small peogeg(the yel-
low circle in Fig. 6). As for our 2D temporal-smoothing
scheme, it can alleviate the temporal ickering for most
cases, but may fail in textureless region or varying illumi-
nation where the optical ow estimation is not robust.

DP R-CNN DeepLab (Res50) [32] 35.04 0.9202
Ours (Res50) w/o temporal smoothing 35.24 0.9253
Ours (Res50) w/ temporal smoothing 35.68 0.9294

8. Conclusion

We present a direct human dense pose estimation method

] (top) and Ours (bottom) with l_)DP Fhat dgals with the multi-person dense pose est_ima—

tion via two inter-related sub-tasks: global IUV estimation
and instance segmentation. The proposed method achieves
comparable results to strong top-down benchmark meth-
ods, and avoids issues like early commitment and overlap
ambiguity. Our method also runs in weak instance num-
Jrer dependent time. Furthermore, we introduce a temporal
smoothing pose-processing which naturally ts the global
IUV representation and enables temporal smoothing dense
pose estimation. We believe such a temporal smoothing
ability can bene t human analysis and synthesis tasks.

In Fig. 7, we show the advantages of our method com- Acknowledgements. Ligian Ma and Luc Val Gool were
pared to the top-down methods [32] of avoiding early com- supported by Toyota Motors Europe. Christian Theobalt
mitment (red circles) and better boundaries (blue circles). was supported by ERC Consolidator Grant 4DReply
In Fig. 6, we illustrate more isocontour visualization results. (770784). Lingjie Liu was supported by Lise Meitner Post-
We observe that our DDP can predict smooth and accuratedoctoral Fellowship.

Figure 7: Results of [
Res50. The red and blue circles spot our advantages.

ate the image frame-by-frame. We observe that our tempo-
rally smooth dense pose can help alleviate video ickering
issue and generate stable video results. Please refer to o
supplementary video for the visualization results.

7. Qualitative results and discussion



