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Structure—Guided Framework for Human Pose Estimation

TU Jun WU Gang-Shan WANG Li-Min
(State Key Laboratory for Novel Software Technology, Nanjing University, Nanjing 210023)

Abstract Recent advances in deep learning have significantly improved 2D human pose
estimation, a core task in computer vision with broad applications in action recognition, human-
computer interaction, rehabilitation, virtual reality, and intelligent surveillance. However,
existing approaches still struggle in crowded scenes, heavy occlusion, and low-resolution
conditions due to insufficient utilization of structural priors and coarse optimization trajectories.
These limitations often hinder the model’s ability to maintain globally coherent pose structures,
resulting in reduced robustness and suboptimal generalization.

To address these challenges, this paper proposes a structure-guided multi-step optimization
framework that models pose estimation as a progressive evolution from an initial coarse prediction
toward a structurally plausible target. The key idea is to construct an explicit gradient map
sequence, which encodes a step-wise structural evolution path and guides the network at each
stage to incorporate human body priors. By enforcing consistency between training and inference
trajectories, the framework enhances both global structural modeling and prediction stability.

The method consists of three main components (1) a fixed single-person pose estimation
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backbone that extracts image features and provides the initial heatmap prediction; (2) a gradient
map generator that constructs a multi-stage structural evolution sequence via cosine-based
interpolation between a predefined canonical pose and the backbone’s predicted pose; and (3) a
structure-guided UNet that performs multi-step refinement, where each step receives the image
features, the corresponding gradient map, and the time-step index as conditional inputs. Unlike
diffusion-based denoising models, the proposed approach does not rely on Gaussian noise
modeling. Instead, it focuses on structural evolution driven by explicit geometric priors.

Extensive ablation studies demonstrate that both the gradient map sequence and the path-
consistent multi-step optimization mechanism contribute significantly to accuracy improvements.
Sensitivity analyses further show the effects of interpolation step count and scheduling strategies,
validating that appropriate structural evolution granularity leads to more stable optimization. In
addition, the framework consistently boosts performance across different backbones, including
ResNet-based SimpleBaseline and HRNet variants, confirming its generality and compatibility.

Experiments on the COCO and CrowdPose benchmarks verify the effectiveness of the
proposed framework. With an HRNet-W48 backbone, our approach achieves 77. 6 mAP on the
CrowdPose validation set, surpassing state-of-the-art models such as TransPose-H (76. 3 mAP).
On the COCO validation set at 256 X192 resolution under ground-truth bounding box settings,
our method reaches 75.6 mAP, performing on par with or exceeding several transformer-based
approaches. These results highlight the framework’s strong structural modeling capability and
robustness in complex scenarios.

Overall, this study introduces a new paradigm for structure-conditioned optimization in pose
estimation, offering an effective way to combine explicit geometric priors with deep feature
learning. With its high extensibility, the proposed structure-guided multi-step refinement
mechanism has strong potential for more complex real-world environments, such as dense
crowds, motion blur, or extreme lighting, and can be naturally extended with temporal cues or
multimodal inputs.

Keywords 2D human pose estimation; structure guidance; structural modeling; gradient map

sequence; multi-step refinement
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N F Ay 5y BE HL R BE — A B ) 2P
r€40, 1, -, T— 1} SR J5 D517 00 42 (51 7 41 v 4
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Bkl ETHILLEEREG] S 2810
EallE2 R

Wy S T, Ground Truth 2575 P, B Al 5%k T

< SRS ORI S8

L SRIREGRAEE . F=B(1);
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3. ERUEIE RS
{P“ )}:01 = im‘erplaz‘eipo.s‘e.s‘(P,.,(,m, P, T);
4. EWIAEDT
{ G" } :generalfe_gawsz‘an_maps({ Pm} );
5. Mo iSO
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BEHLRAEMS 2L 2 €{0, 1, -+, T— 1};
PRG35 BRI «
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g i A
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BT .

SN B i A BB T E e g b %35
T 2% B( ) S IUEMBARAE F,IF AR T390 1R 4 25
FETE Porae [RIAEHD s VR AT P 1 P s 22 A (EL
R B (PO, e P50} 0TI 4 3 95 75 [
{Hm)’ ___’wal)}o

SR BT, ok B i 40 i 15 2 001k
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AR T — 20 G HR 223 5 R Y AR BT 21 AR AR 1 2
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Az AR 74
{ G ‘\)} = generate_gaussian_maps < { P ’\>} );
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8. A 1] 5 UG RRAE -
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10, fRt T A b
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11. END FOR
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W BRI ES AL Y B B s R 2 5 ik
MK T SR W (schedule) 4 358 B 5 20 B H: X Il 2 i
SEME 5 AR RE R R — RN [ 2 A Al T W 45 7E
A B e f 35 7 1 S DI T 4 D ik 1) 2 5 49 25
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GRE R BRI TR . AL A HENE
RSB AR SCR S = 3E N ERINR )



772 it A

Pl

L
&

Eitd 2026 4F

M E S=6 K& L i, MERE BT B, e A AE
S=8H[#FE 73. 3 mAP, X—#a#atE—L Ui, it
KA 25 I ATUAY  SEAEL YN ZRad 78, B imi BRI 1A
AIPERE .

FIEFNLE AR R I GG AR A IR
BEH S=31F Fri A% I e 51 i BROIR AR AP 8. %
AR A R LA RE R I ] it DL e/ B 4 i
B BB B AR T 254 5 S 1 A B S5 A 25 i) I
B FE T HARROR SRR
4.3.2  ZHARAL I BE SR e T L A

TESS 5| R AELE 25K 8 B S B (schedule)
T 2 20 T4 B Be iy 20 K2 Ak TP
iy 235 P YT B AR 1 A0 e R SR S AR AR A AR
A Y I E S WS RE S TE I ) I e A R KL B
Jih S RUAE B8 10 225 (] rh R 2R T 2 2 A8 AR 46 T REAE 5 T
TEUN SR G 0% 40 /NG DL AR 7R A DG B 45 1)
DX 38 R T BE F7 o PRI o 80 32 06 W £ e R AE — 2
JE b SR (R 55000 5 i AP .

ARSCHE LG POt H T R R LA R R SR —
JE Tz N TR S B A I S Y 4% 5% 98 B (cosine
schedule) , H AP FE Y 2540 W DR R4 K, Ja 3 i
e 4s s — &2 R JE E (linear schedule) » B[ 5 K $4¢ BR
LRk Iy A TR . BT 2 AL o BEY B
AR 2 BT 22 5, v] RE S X BRI st AR e AR
AR . 78 COCO KHFHE b 13250 25 5 aniEl 6 fir
IR AL R X EUE T 73, 7 mAP, WAk T s
ik, 73. 4 mAP. HARMHETERE LI 2 AU,

I HOE e L
74.0¢
739}
73.8}
737}

2736

g0
735}
73.4}
733}

73.2 —
Linear

Cosine

&6 7ECOCO BRUESE [ 2R FAAS [F] 25K I B 5 i (schedule)
F L ST | SR HE LR A PR HL 25 R (A2 R TR VI 549
MR IO K R A DI, B HUAS 73. 7 mAP,
WAL SR 2k PR D45 K i e MR BE (73. 4 mAP) .
S5 Ay s% i B A S AL AR S A B B AR B o 2 2
Fa I s ) P 2R TR R , PR REME O o PRIk SRy AR S
A ERIABC )

RT3 B A% 5% 18 B A I 2 0 0108 B o KA KL e
FELEHE | T AR T AL 1 I ST B B AR 78 ) 45 44 o)
Ae T M TR . ARG ReEt S
PERE R, A SCIRZCR AR 7% R FEAE A BRI &
4.3.3  ARFIZESAGTHMES T 38 b

R T PR UEA S N G5 5 1 R 220
HEZRAEAN [ 225 Ak T 28 1% 3 FH 1 5 1 4 A58
AT PP ERBEB AT G AT T X S5,
i 1% T Simple Baselines (ResNet-50/101/152) }%
HRNet W32/W48, SZH4s A0k 2 iR . 3RA T 7
AR ISLSAETHES T ¥ ok — Stk 25 . o,
1E 3 F ResNet-50 [ Simple Baselines [, &A1) H
BARTET 1.3 mAP, 355 73. 7 mAP; 78 )2 KM
ResNet-101 F1 ResNet-152 |, 23 5I#2F+ T 0. 8 mAP
0.4 mAP. /L4 HRNet £ 51 B £ 3 5 1 R 1F 12
HURE /7. F AT )5 ¥ 7F HRNet W32 F1 HRNet W48
FARIREAS T RAFRYIG 45 . 0 5 ERTE T 0.7 mAP A
0.5 mAP, 5235 5] 76. 3 mAP F177. 6 mAP. XL
GERHE— L IGUE T Fr i I iA e AR R R 5 N [R]  R
PESARTERLS T (138 I 15 1 25 R

x2 ARESMBITME THREEREX L

ik gk Ours M4
(mAP) (mAP) (mAP)
SimpleBaseline (ResNet-50) 72.4 73.7 +1.3
SimpleBaseline (ResNet-101) 73.5 74.3 +0.8
SimpleBaseline (ResNet-152) 74.2 74.6 +0. 4
HRNet W32 75.6 76.3 +0.7
HRNet W48 77.1 77.6 +0.5

T AR R T A Z R0 £ LB AL T M 48 (Simple Baselines :
ResNet-50/101/152, HRNet W32/W48) T , 5 #4) 5] FHE 4L (Ours)
5 RIRL (Baseline) i mAP PEREXT LLA5 0. 25 SRR, By
AL SRR LR T B e 45 . b L7
Simple Baselines Z 41 &% [, {6 048 TR BE (35, M R4 IR
FEZEHTN  FF AR AL 25 ] W S 91 5 76 HRNet 251, R
R PERE T S TR T I ARIR BT 3 R 45 (W32 52 T
0.7 mAP, W4T} 0. 5 mAP) Sl T 77 i A3l M S Ha e 1k

HRG S HTHE f e A TBO T PSS —
JETER]— 5 B9 Simple Baselines B4 1M 2% I,
PRFAE R — IR R N FRAE B HURE ) 38 58 % 2540 1 5
34 5 0 R B 52 ) s o E HRNet R 51 (W32/W48)
b AN TR R T AR AN A 23S A T I 28 S AL T 38
FATE . WK EHERTE A S 451 5] FHESE
TE[R]— Z 5 P45 PR Bl 26 RUR A T, M e S
i A2 I 2 W 0 /)N 1 B (AN Simple Baselines H?
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ResNet-50 £ ResNet-152, HRNet W32 & W48) .
X—BURAF G HUBOBOR , B [ B 00 Ak s 8] i/
(8 RTINS FRAT Y I 7E O A B P e L Ak
Rt 2 H AR E MR BEYY £

SR JE— 22 %3 1Y Simple Baselines 5 HRNet B
TP AN ] 19X 2 25 4] FRAT T U 25 31348 25 MRt 32 O A S A
FI B PERE IR S ELEEAHOC . /45 HRNet W32 Fl W48
By 2R PERE I T Simple Baselines (ResNet-152) ,
B P2 MERE 4 b, FRATI T AR IR S L T
SR PR RE$2 TF (4351 29 0. 7 mAP F10. 5 mAP)
1L T Simple Baselines (ResNet-152) X} i f9 34 £5
(0.4 mAP) . IX—&5REN], FRATHT R H A HE L AE
N[5 I 28 25 K T P4 B AT B G 3 M S AR ROR
FER A BELR P RE A B TR 2 85, i — 2P B E T 5 1%
(A 250
4.4 TSR

Nt — D RAIE TSR A A 5 | T 2 DO HE JE A
PRy AR T Y A B I R ) 5 OGBSI AL BB ) AR SC
AT A TR A £ B AT R 1 o AT s — T e AR ]
AL R B s AR A 485 ) (A R S s 38T
T Y B854 s 53— D7 T i e 2B R
ELSEBRTE RN LU, R s iR 52 J Y . 22 A28 755
TRIMERE 37 5 T A H B R VE RN OCHE RS RE T

ZNRENC IR T S e N NS R R W A u i
(4.4.1,4.4.2)  MiJ5 4. 4. 3 — 4w T 24
SR 5N MRS SE . S T B AT A AR AL
L FATE AR R P G — R B e ey R O
A2 2 W HP B R 7 A DA PRIE B PR BI €2 6 LE Y
HETE . MRS b FAT 3 T
L0 541 (0, 03K Baseline (HEAL R ik 5 B 45
5 HAH (Ground Truth),
4.4.1 RKEIE

TN 7 7 o 455 B0 A 5 S g P 37 55 v 2 ) B
Al N B AR 2] S H bR B s i Bl . 181 7 ()
JE7R T AT 48 A0 A pg B R e B T
G A B A DX 35 P 7 (b) - (D R T S5 44 5
SN AL R 1 ) A AR e AR R T (D I
FSCTR T VAR 1 A T 3R A DXl 5 [T 7T D) ek 4 ]
R T HIRR T G 0D S5O0 IS 45 R (S ) i 45 19
255 B0 E T TR L T v X R A S B AT R
HETT .
4.4.2 BRAME

T 8 JIT 75 o 7F 5= 2L 8 14 ™ o Bl IR A A2 2% ) 15
LT AN TE 28 W) B 245 2R T BE TS 2 R 1

- =, ‘:‘;,- A - .- 33
Backbone (blue) v.s. Refined (green)

K7 S5it5] S 2 G AR R AR I TR il () - (D
NIRRT B LS R . DRI iR A TS 1
POJ5 2SR B R A XS L o R 0 A T R 2% 10
LTRSS EVSL VR LA E )

BESCHE KT, 18] 8Ca) AW 7 R 58 A R A2 1Y L )
iy R P G A 88 7 o 7 (AR T B9 D 5 7 2544 5 |
FRIZATACT YA 58 A X0 13 DX W B i
LA 8 () R, F bR G L . 1R 8T
DRI M /R 1 N5 il S 3 S5 PR AL 1 T A
e, FE— PRI T AR | AT E

s ZLAR B AERR IR, 54 5] Sl RRid
JEE SRR AT B DR OB A AT BITE B RE T o BRIV ] L
{E (Ground Truth) FHRARTE #Y S BE SN . SR
1T IS AT APPAG HE AR (N mAP) , R
AT o B RS P (E RS B A4 2R AR SOR
TATIEAR
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Backbone (blue) vs. Refined (green)
S5k 22 20 Al AR v (% DR R RS s ] () - (D
R I S N TCEIAE S SR . BRI AT 5
AL G BB B EERXT L o)

& 8

4.4.3 AT WA S

Fift— R G | S 2 S IE IR EE L2 R
F MR CHEAMMR A 6 LR 44 LA K3 SRR 25 )
SEBR I I S B A5 R — Bk S B e FRATTIE AR
T A BARERMENE RG], B IR Baseline J7 7%
SRR EE 7 A e A BTN 25 R X L

WE 9 fs s FEAR A B 2 NP 50T,
Baseline J7 7% Gl 81 H bR A i) — HUIE DG B A 1
I, FECH ARG E AL FRATH B (SR8 E
S5 2 A R HE B I T O
JFHAAL T B 2R A5 R A T 2 B RRVE (216,

S SR K A5 AR E RE T . TR 10 T, 7R S Y
FLFE 23578 4k W 35 WA 5] v L Baseline J5 ¥ 0 1%
AGE N0 S S 4 1 20 IR O B A SR ECT B R 2L
FRATTH J5 L RE A% B 35 A2 e B DG B A L - 2R A5 4
SERE 5 HLAAR T i B SR AR A O Sk
RAFOLT Wab 2 58t i 11N R/R T 1R
FE AT R A WP 50, Baseline 7745 o1k IE
BN T BOCRE s B BRI LR A AL . RO ik

(a) Baseline (b) Refined (¢) Ground Truth

K9 AR Z A5 T B @4k (Baseline) . (b) i
AITEPARIE (Refined) « (¢) BB (Ground Truth)

(b) Refined (¢) Ground Truth

(a) Baseline

E 10 JLER S BRI S F@ IR (Baseline) . (b
A5G (Refined) « (¢) HAH(Ground Truth)

(a) Baseline (b) Refined (¢) Ground Truth

BEFC AP B 2 A 375 T 19 () 4L AT (Baseline)
(b AT ARG (Refined) () EAE(Ground Truth).,

&l 11

A RRIL T S B BB TR 45 44 R O B i o7 L 4R T
TRARZE R — B I
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XS LR S BRI T 5k 5 1 R 2 A AE
BT S BR I 2 5 T AR R 52 e T O B A kb 4
ROR GBI . B2 50T iy AL 73 by
2L % A T 12~ 16
4.5 SRBEERAEXTLL KR
4.5.1 CrowdPose £ 4 AT L

1£ CrowdPose 0 4E [, FRATTXT T2 4544 5] 5
ZHRALREZR AT T R4, 85 R 3k 3 i
XiF o5 i T LT CNN 015 G5 2848 (4 HRNet
HRNeXt) . [ 1 22 [ 24 75 7% (4l OPEC-Net .DGN) ,
DL M 3T 9 42 H 9 Transformer J7 75 (411 TransPose-
H/A6.ED-Pose. RTMO-1) . 74— fif A 5 ¥ %
5 HAHHE (ground truth bounding box) 84~ . A& 3
J5 #:7F ResNet-152 F1 HRNet-W48 Biff £ M4 T
G353k F 74. 8 F177. 6 mAP. Hirb, 3 F HRNet-
WA (45 AN ik 25 8 2ok i I ik (AL 46 320
Transformer 5 GNN Z2 #4 ) ., # 5 = & 19
TransPose-H/A6(76.3 mAP) £ Ft 1. 3 mAP, #H It
ED-Pose(73.1 mAP) .RTMO-L (73. 2 mAP) % f%
B Transformer J7vk 8 FHBAEH B3 . 58 =m0
GNN 7 # DGN (72.4 mAP) #f b . f %l 12
5 mAP, i —AREL T Fr e 4548 51 5 2 LR ALHL I
TER Ze G se S5 H BB e ) S B LA

%3 CrowdPoseSiF & F AR A ERIMERERTEE

WiReS Backbone b e 1] AP
(mAP)
HigherHRNet! HRNet-W32  CNN-based 65.9
CrowdPose Baseline™ HRNet-W32  CNN-based 66.0
DEKR™ HRNet-W32  CNN-based 68.0
HRNeXt™ HRNeXt CNN-based 70.4
OPEC-Net"™” ResNet-101 GNN-based 70.6
’R-Net"™ HRNet-W48  CNN-based 72.3
DGNP HRNet-W48  GNN-based 72.4
ED-Pose!?! Swin-L [64] Transformer-based 73.1
RTMO-L" CSPDarknet CNN-based 73.2
TransPose-H/A6! HRNet-W48 Transformer-based 76. 3
Ours (ResNet) ResNet-152 CNN-based 74.8
Ours (HRNet) HRNet—W48  CNN—based 77.6

I AKIEIR T CrowdPose $o iR AR 5 B A PEREXS L, TG 7
BAEGE — 8 AT PR T AT PPN . AR SO 56 T ELEAE (ground
truth bounding box) iz , 2% ] ResNet-152 Fl HRNet-W48 B ffi 3=
TR PR T RS ERE

X LE L5 R P P A5 A 51 T 2 A R
T8 22 N S A S 2 o vh B il 5 ik
PER BOE R RE TT . W 5T B AL A

THRAE TR R PERe 4R BB . AR R E R
R 4 6 b T vk AT RE SR FH R A 3 BE R
OPEC-Net 2 320 X 256) » A& CA7E 256 X 192 3X
— A H T s e I B R T HUS 5
G5, JE— A PRI T B TR 2 R AT T Y A R
HizAkhe
4.5.2 COCO-Keypoints ¥4l | (%t H

1E COCO S Uk b AT — 20 A 1 i did Jy
55 FRESM T EAE 256 X 192 43 HER 5K
arfE ST B ERE S RN R A s o R LT R
I 1% T CNN-based ( 41 HRNet. SimpleBaseline
RTMPose) DA & Transformer-based ( #l HRFormer-
B.ViTPose-B. TransPose-H/A6) % £ Fi 2 P 4%
Fy. BT 7 :7F ResNet-152 il HRNet-W48 B
T W4T 43 U T 74. 2 mAP F175.6 mAP, H
H1 78 HRNet-W48 ' 9 45 2R 5 4 |7 & 1 1Y
Transformer J5 ¥ HRFormer-B #f °F ., W ik T
TransPose-H/A6 #1 ViTPose-B (¥4 75. 8 mAP) .
[e] B i 2 07 2 A 1 3 i CNN J7 i RTMPose-
m/1 #1 HRNet-W48.,

*4 COCO WIEE(256X192) TAR A EH HEREXT b

Dk Backbone LS AP
(mAP)
SimpleBaseline™! ResNet-152 CNN-based 73.5
RTMPose-m"™ CSPNeXt-m CNN-based 73.6
HRNet?" HRNet-W32 CNN-based 74. 4
RTMPose-[™ CSPNeXt-1 CNN-based 74.8
HRNet™™! HRNet-W48 CNN-based 75.1

TransPose-H/A4)
HRFormer-B®
TransPose-H/A6

HRNet-W48  Transformer-based 75.3
HRFormer-B  Transformer-based  75.6

HRNet-W48 Transformer-based 75.8

ViTPose-B" ViT-modified Transformer-based 75.8
Ours (ResNet) ResNet-152 CNN-based 74.2
Ours (HRNet) HRNet-W48 CNN-based 75.6

AT IR A2, PT 4 7 8 2 4 T CNN 4244,
TEAT| A Transformer B B Fi 2 T BI AT 5280 5 B
1 Transformer J7 4501 ol H:5-F B9 PERE . B0UE T 254
51 3 Z A HLEHIE COCO B E T i EM S
SR HERBRE T . o — M, R KRS ETE
CrowdPose 4 £ 4L F TransPose-H (A6 fit &) ,
BE COCO ¥4 ERyRIMMEH TZ . 456
PN B 1 22 5, JEHE COCO Xof JHE 4 G B )
PRy FRATHEN , PPAL 25 3 03X — 25 5 AT RE 5 45
F IR TV AE COCO |32 BRF AR i e 1A 5 .
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Background

Human pose estimation is a fundamental task in computer
vision, aiming to localize human body keypoints from images
or videos. As a core component in human-centric visual
understanding, pose estimation supports a wide range of
downstream applications such as action recognition, motion
analysis, human-computer interaction, and animation synthesis.
Despite significant progress in 2D human pose estimation under
controlled settings, real-world performance is still limited by
challenges such as occlusion, complex body configurations, and
structural ambiguity, particularly in crowded or low-resolution
environments. These difficulties highlight the continuing gap
between academic progress and the demands posed by practical
deployment scenarios.

While recent approaches leverage deep convolutional and
Transformer-based  architectures  to  improve  keypoint
localization, most existing methods treat pose estimation as a
regression or detection problem, often neglecting the intrinsically
structured nature of human pose. Some works attempt to encode
structural priors using graph neural networks or intermediate
representations such as heatmaps, yet the integration of explicit
structural information with mainstream architectures remains
insufficient and lacks flexibility. As a consequence, the predicted
poses may satisfy local accuracy but still violate global anatomical
plausibility, especially when the visual evidence is incomplete or
noisy. This limitation becomes more pronounced in challenging
multi-person settings, where interactions and mutual occlusions
further complicate keypoint inference.

To address these limitations, this paper introduces a
structure-guided multi-stage optimization framework for human

pose estimation. Instead of treating pose prediction as a one-step

regression, our method models the estimation process as a
sequence of structure-guided refinements, progressively transforming
an initial coarse prediction into a structurally plausible and
accurate pose. The core of our approach is the use of intermediate
guidance—explicitly constructed sequences of structure-aware
intermediate representations (gradient heatmaps or ‘guidance
maps’ ) —that direct each optimization stage toward maintaining
structural  consistency.  Crucially, the framework enforces
consistency in guidance paths between training and inference,
reducing discrepancies and improving generalization across diverse
scenarios.

Extensive experiments on COCO and CrowdPose datasets
demonstrate the effectiveness of the proposed framework. On
CrowdPose, our approach achieves 77.6 mAP with an HRNet-
‘W48 backbone, surpassing existing state-of-the-art methods. On
COCO, it attains 75.6 mAP, showing strong generalization
ability across different image conditions. The framework is
compatible with various backbone architectures and consistently
improves baseline methods by enhancing structural modeling and
keypoint localization accuracy.

In summary, this research advances the field of human pose
estimation by explicitly modeling and enforcing structural
consistency throughout the pose prediction process. By integrating
structure-guided — multi-stage  optimization,  the  proposed
framework bridges the gap between data-driven learning and
structural priors, offering a robust and generalizable solution for
challenging pose estimation scenarios.
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