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Abstract

The dynamic movement of the human body
presents a fundamental challenge for human pose
estimation and body segmentation. State-of-the-
art approaches primarily rely on combining key-
point heatmaps with segmentation masks but of-
ten struggle in scenarios involving overlapping
joints during pose estimation or rapidly chang-
ing poses for instance-level segmentation. To ad-
dress these limitations, we leverage Keypoints as
Dynamic Centroid (KDC), a new centroid-based
representation for unified human pose estimation
and instance-level segmentation. KDC adopts a
bottom-up paradigm to generate keypoint heatmaps
for easily distinguishable and complex keypoints,
and improves keypoint detection and confidence
scores by introducing KeyCentroids using a key-
point disk. It leverages high-confidence keypoints
as dynamic centroids in the embedding space to
generate MaskCentroids, allowing for the swift
clustering of pixels to specific human instances dur-
ing rapid changes in human body movements in
a live environment. Our experimental evaluations
focus on crowded and occluded cases using the
CrowdPose, OCHuman, and COCO benchmarks,
demonstrating KDC'’s effectiveness and generaliz-
ability in challenging scenarios in terms of both ac-
curacy and runtime performance. Our implementa-
tion is available at: https://sites.google.com/view/
niazahmad/projects/kdc.

1 Introduction

Human pose estimation and body segmentation are crucial
for human-computer interaction and real-time visual human
analysis. The primary objective is to identify individuals and
their activities from 2D joint positions and body shapes. The
underlying main challenges include handling an unknown
number of overlapping, occluded, or entangled individuals
and managing the rapidly increasing computational complex-
ity as the number of individuals grows [Han er al., 2025].
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Figure 1: PoseNet operation begins by generating keypoint
heatmaps in the feature space using a disk representation Dgr to
identify potential keypoint locations. It then introduces KeyCen-
troid to refine these keypoint coordinates to improve accuracy. Seg-
Net leverages the KeyCentroid K. defined by PoseNet to establish
MaskCentroid M., which is essential for clustering mask pixels cor-
responding to specific human instances.

Human-to-human interactions further complicate spatial as-
sociations due to limb contact and obstructions, necessitating
an efficient, scalable, and accurate unified model for human
pose and segmentation.

In this paper, we propose KDC, a new centroid-based uni-
fied representation for human pose estimation and instance-
level segmentation. It first detects individual keypoints in a
bottom-up manner and then employs high-confidence key-
points as dynamic centroids for mask pixels to perform
instance-level segmentation. Unlike top-down approaches
[Chen et al., 2018; Fang et al., 2017; Huang et al., 2017],
KDC detects humans without requiring a box detector or in-
curring runtime complexity.

KDC is not the first to leverage bottom-up approach
[George et al., 2018; Dantone et al., 2013; He et al., 2017,
Zhang et al., 2019; Ahmad et al., 2025]. However, the model
in [George et al., 2018] employs human poses to refine pixel-
wise clustering for segmentation, and thus does not perform
segmentation well in segmentation tasks. Other models suffer
from the computational overhead of a person detector [He et
al., 20171, the scalability problem for instance-level segmen-
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tation[Zhanget al, 2019, and model complexityDantone et al, 2024, RMPE [Fanget al., 2017, MultiposenefKo-
et al, 2013, making them unsuitable for crowded scenarioscabaset al, 2018, convolutional pose machir&Vei et al,
and real-time applications. Unlike these models, KDC avoid€2014d, CPN[Chenet al, 2014, Mask r-cnn[Heet al., 2017,
the computational overhead of a person detector and suffesmple baselin¢Xiao et al, 2014, CSM-SCARB[Suet al,,
from neither the degraded segmentation performance nor th2019, RSN[Caiet al,, 2024, and Graph-PCNfWanget al,,
scalability problem of pixel-wise clustering. 20204. The top-down approach explores the human pose in

KDC overcomes these problems using two primary net-a person detector, thus achieving a satisfactory performance,
works: PoseNet which generates keypoints, arBegNet  but it is computationally expensive. The bottom-up approach
which produces segmentation masks using high-con dencéike DeepCuf{Pishchulinet al., 2016 and DeeperCufinsa-
keypoints (Fig. 1). PoseNet creates keypoint heatmaps ugdtdinov et al, 2016, unlike the top-down counterpart, de-
ing a keypoint disk representation that estimates the reltects the keypoints in a one-shot manner. It formulates the
ative displacement between pairs of keypoints, enhancingssociation between keypoints as an integer linear scheme
the precision of long-range, occluded, and proximate keywhich takes a longer processing time. Part-af nity eld tech-
points (Fig. 1a). A KeyCentroid is de ned for each key- niques like OpenPod€aoet al,, 2017 and other extensions,
point heatmap locus offset vectors to the centroid of eactsuch as PersonLalGeorgeet al, 201d, and HGG[Jin et
keypoint disk, helping KDC identify the precise human key-al., 2024 have been developed based on grouping techniques
point coordinates (Fig. 1b). Additionally, KDC calculates the that often fail in crowd. KDC aims to speci cally improve
keypoint con dence score using the precise keypoint coordihard keypoint detection in crowded and occluded cases by
nates (Fig. 1c), with the nal predicted keypoints illustrated introducing the keypoint heatmaps using keypoint disks and
in (Fig. 1d). KeyCentroid.

Meanwhile, SegNet performs pixel-level classi cation us- Instance-level Segmentation. Instance-level segmentation
ing dynamic high-con dent keypoints as MaskCentroidsis done in either single-stad®ai et al, 2016; Longet al,
(Fig. 1e). MaskCentroid de nes an embedding space tha2015; Bolyaet al, 2019 or multi-stage[He et al,, 2017;
associates pixels with the correct instance (Fig. 1f) and gerRenet al, 2019. The single-stage approach generates in-
erates high-level semantic maps (Fig. 1g). Leveraging theseermediate and distributed feature maps based on the input
semantic maps, the system produces instance-level segmémage. InstanceFCNDai et al, 20164 produces instance-
tation (Fig. 1h). The PoseSeg module combines high-leve$ensitive scoring maps and applies the assembly module to
features from both PoseNet and SegNet to provide a uni edhe output instance. This approach is based on repooling and
representation of human pose and instance-level segmentather non-trivial computations (e.g., mask voting), which is
tion (Fig. 1i). not suitable for real-time processing. YOLAJBolya et

We evaluated the performance of the KDC using theal., 2019 runs a set of mask prototypes and uses coef cient
CrowdPosdLi et al, 2019, OCHumar{Zhanget al., 2019, masks, but this method is critical to obtain a high-resolution
and COCOILin et al, 2014 benchmarks. To the best of output. The multi-stage approach follows the detect-then-
our knowledge, KDC is the rst real-time model with reli- segment paradigm. It rst performs box detection, and then
able performance to offer a uni ed representation of humarpixels are classi ed to obtain the nal mask in the box re-
pose estimation and instance-level segmentation. This papgion. Mask R-CNN[He et al, 2017 is based on multi-stage
makes the following contributions. instance segmentation that extends Faster R-{Révet al.,
2019 by adding a branch for predicting segmentation masks

* The development of KeyCentroid, a novel method that, - o5ch Region of Interest. The subsequent work in et
directs keypoint vectors towards the centroid within the g 51 ¢ improves the accuracy of Mask R-CNN by enrich-
keypoint disk. This approach helps identify the PreCS€ing the Feature Pyramid Netwofkin et al, 2017. In con-
keypoint coordinates in human pose estimation, thereby ot “our segmentation pipeline introduces MaskCentroid, a
enhancing con dence in the results (83.2). dynamic clustering point that helps cluster the mask pixels to

« The developement of MaskCentroid leverages high-a particular instance under the rapid changes in human-body
con dence keypoints as dynamic centroids for maskmovements.
vectors in the embedding space. This approach effecdoint Human Pose and Instance-level Segmentation.In
tively associates pixels with the correct instance, everthe line of multi-task learning paradigm, joint pose estimation
during rapid changes in human body movements (83.3)and instance-level segmentation have received signi cant at-

tention in recent years. Mask R-CNIMe et al, 2017 was

the rst pioneer method, but it suffers from high computa-

Fional costs due to its top-down nature. PersonlGéorgeet

al., 2014 and PosBlusSeg[Dantoneet al, 2013 are clos-
est to KDC. Both of them can be considered as end-to-end

2 Related Work joint pose and instance-level segmentation models that use a

bottom-up approach. However, there are several major differ-

Human Pose Estimation. Approaches for human pose esti- ences that make KDC more effective, scalable, and real-time.

mation can be classi ed as top-down or bottom-up. The top+irst, they rely on static features to detect or group keypoints

down approach rst runs a human detector and then identiby using greedy decoding; in contrast, KDC introduces Key-
es keypoints. Representative works include HRl@heng  Centroid that calculates the optimal keypoint coordinates, and

* An in-depth evaluation (84) and ablation studies (85)
demonstrate the effectiveness of the uni ed represent
tion of human pose and instance-level segmentation.



Figure 2: The overview of the proposed KDC model. PoseNet generates keypoint heatmaps and re nes them with KeiGeimtrpidving
keypoint accuracy. SegNet usks to create MaskCentroit¥l ¢, clustering mask pixels for precise instance segmentation. The PoseSeg
module integrates these outputs, resulting in accurate uni ed human pose estimation and instance-level segmentation.

uses MaskCentroid, a dynamic clustering point for instancewhereN is the total number of pixely; is the true binary la-
level segmentation. Second, their segmentation does not pedvel for pixelp;, andy; is the predicted probability that pixp|

form well on highly entangled instances due to part-inducedelongs to the keypoint. This loss function measures the dif-
geometric embedding descriptors. Finally, they involve theference between the predicted probability and the true label,
complex structure model with a couple of re ned networks, and the average loss across all pixels in the heatmap is used

making them infeasible for real-time purposes. to train the model. Back-propagation is performed through-
out the entire image, except for regions that encompass in-
3 Technical Approach dividuals lacking comprehensive keypoint annotations (e.g.,

] ) ] ] crowded and small-scale person segments).
3.1 Keypoint Heatmap using Disk Representation  Point-wise Gaussian Optimization. To obtain optimal key-

KDC generates keypoint heatmaps using disk representatid?fint coordinates, we apply a Gaussian smoothing technique

(KHDR) through PoseNet, forming the foundation for humantChung, 202D for each individual keypoint, referred to as

pose estimation (Fig. 3a). In this phase, individual keypointg?0int-wise Gaussian optimizatioiThis approach effectively

are detected and aggregated in the output feature maps. Widuces noise while preserving valuable information, produc-

adopt a residual-based network for a multi-person pose set?d the keypoint heatmap as:

ting to produce keypoint heatmaps—one channel per key-

point—and KeyCentroid, with two channels per keypoint for

vertical and horizontal displacement within the keypoint disk. G(xy) =
The keypoint prediction approach is as follows: Lt

represent the keypoint position in the image, wher@

x2 + y2
> 27 @)
whereG(x;y) is the Gaussian kernel,is the standard devia-
tion of the distribution, and andy represent the 2D keypoint
coordinates. We de ne the range from 0.1 to 1 to accom-
modate variations among keypoints. For high-variance key-
points (HVK) such as the wrist, ankle, elbow, and knee, we
set0:1 < 0:5. Conversely, for low-variance keypoints
(LVK) like the nose, shoulder, and hip, we $£5 < 1,
as depicted in Fig. 3b.

A smaller value, close to 0.1, intensi es pixel values of

keypoint diskDr(q) = fp: kp ok RgofradiusR is fo-
cused at poingj, centered in the disk. Similarlgx signi es
the 2D position of th¢ th keypoint of thekth person instance,

points in the image. A binary classi cation approach is fol-
lowed for each known keypoirjt. Speci cally, every pre-

gicteg kgyp?ci)?terg)éﬁpi ;?s%ir?irg clgis_sti g(tjhcsel:v?/ri]s:ahq]i = 01 keypoints, proving effective in congested and intricate sce-
Pi R P ypoin P = 1. arios. In contrast, a largervalue, close to 1, yields optimal

Independent dense binary classi cation tasks are performeﬁesults in less crowded cases. Our analysis investigates how

for ea(_:h keypomt,lleadlng to distinct keypoint maps. the value impacts system performance in ablation studies
During the training process, the heatmap loss is computegkg 3)

using the binary cross-entropy (logistic loss) function de ned
as: 3.2 KeyCentroid

In addition to keypoint heatmaps, our PoseNet, in conjunc-
B tion with the residual network, introduces KeyCentrkidor
N [vilog($s)+ (1  vyi)log(A $)l; eaph_keypoint as shown in Fig. 2. The object_ive of KgyC_en—
=1 troid is to improve both the accuracy of keypoint localization
(1) andthe con dence scores.

L heatmap=
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