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Abstract: Hand joint pose assessment is a critical step in the forensic identification of range of motion, holding sig-
nificant importance in the field of forensic science. To overcome the limitations of traditional methods that rely heav-
ily on professional physicians, this paper proposes an improved hand pose assessment method based on computer
vision. Focusing on 21 hand keypoints, the method addresses challenges such as their small size in images, suscepti-
bility to occlusion, and limited feature information by constructing an optimized detection framework. Specifically, a
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Small Object Augmented Feature Pyramid is designed to alleviate the difficulty of losing small keypoint features; the
SPDConv module is introduced to preserve detailed features; and the Omni-Frequency-Spatial Attention Kernel (Om-
ni-FSAK) module is incorporated to achieve efficient multi-scale feature fusion, thereby significantly enhancing the
perception capability for blurred, occluded, and tiny keypoints. In terms of detection head design, in addition to the
classification branch, bounding box regression branch, and keypoint prediction branch, we further introduce a Locali-
zation Quality Calibrator (LQC). This mechanism fully utilizes the outputs from the classification branch and regres-
sion distribution information to evaluate the reliability of prediction results. It effectively compensates for the insuffi-
ciency of classification confidence in accurately reflecting localization quality, enabling the model to output
high-quality detection and keypoint prediction results more robustly under the same network scale. Experiments on
the FreiHAND and KeypointsHand datasets verify the effectiveness of the proposed method. Compared with the base-
line method, the accuracy is improved by 3.15% and the recall rate is increased by 1.74%, fully validating the feasi-

bility of the improved scheme.

Keywords: Hand Keypoint Detection; Small Object Detection; Forensic Identification; Pose Estimation;

Localization Quality Estimation
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MediaPipe JEA2mi), fR T mAEm M — 2k,

R BL PN B SR H AR SO T8 9 8 1 7 SR U=
18 8:1:1 I LLBIRENL R 20 J I ZR 4R S JRE SR A 14
e E 8244 5K 1032 5KAN 1032 FKE s FREH X
RIAREE A A% AHR ey YOLO #3(, DUESEIGAE A .

4.2 SERHFRSHILE

AHFFAE Windowsll #:4FE R4t M 7Ll 6,
JETC Nvidia Tesla P100 i, Pytorchl.12 7% 22 ST HE
0P K Python3.9 fEiE & . JHI KESLIGEH, B
WERIEAREE RN 300 B n A B AR ISCIRES, wE
WILR2E 21 %5 0.01. &K T4 0.937, HHITHA
Zifasett, & E flipud A1 mixup A 0.5, X k4T
FORIRA, SEIMVIZRE0E 16 2 FEE R (132 fk e
N T BESEE R A R, W E T AL A
YRS, AR T SO AR R 5 AR AR X YOLOVS 15
R PERER . SLIRSHOR B I N R 1 FR:

#1 LI ESHREL

SH LK SHE
Learning Rate 0.01
Epochs 300
Batch Size 32

Image Size 640 x 640
Momentum 0.937
Flipud 0.5
Mxiup 0.5

4.3 THEFE bR

N ATH VS T A i B ST S T A
PERE, AR KSR (Precision) . AR (Rec
all) « “FHIRSEXME (mAP@O0.5) 1F N L iE 48 h8[2
0]. SRR E ST 7R

AT A< T B R T O IE A A o S IE D IR A
ASFTER], e 7RSI A HERA 1, Hat 5 A 208

Precision = (13)

TP+ FP

Hr, TP (True Positives) 7% IE AR I HH (1)
H¥r#E, FP (False Positives) 278 a4 i
HArgE . Fmfeim, BRI D, T g
PO TERR

http://www.computscitech.com

A 0] Z TR ARG U L B IEREAS o5 T S B IE A
ARHILER, ek 7RI H b E R S, Kt EA
EWoR

TP
TP +FN

Hrf, FN (False Negatives) &7 A4 i AU )
ks BAn . A RIS, UBR e,
X H AR AR TR

FHIREESIME (mAP@0.5) &4 Tl AL &
AN A RE R B AR AR, TR KO 2E
FRIREE (AP) SRIME:

Recall =

(14)

mAP@o.5:12APi (15)
Ci=t
Horr, ¢ FORKIMIZE HIHL, m &R B RS AR,
AP g0 P-R -HEE PRI . APSREE | NI
HIFRIRGEE, T /2 10U BIERIECE, AP, /21E 10U &
(ERSRE RSO

4.4 JHRASELS

ASCHEH T 3 ANk, AIIEA ST E G )
R B A 3, PL YOLOvIIn-pose WH&%MyJEsk,
AT B, SRWE 2 fin. BILELSEIAN
CSPConv. OmniCSP 1 LQC =AM, I6iF &4
B HoH G AR PE BRI oA o R ZR B AUAN A B AT AT
DCHERRERET, mAP50 A 63.36%. FUplAE B & AR L,
OmniCSP F I fE, 1l mAP50 2T+ % 64.32%, Tfi
CSPConv 1 LQC 43 #&F+ %= 63.91%F/1 63.83%. M
A9 H, OmniCSP 5 LQC A ABUR N T,
mMAP50 i£ 3 65.32%, CSPConv 5 OmniCSP 4. &k 2.,
N 64.89%. Y =AMEEHAeTRAE Ny, A R B A
i, mAP50 #2728 66.51%, HHELIEZEAEAIPE R T 3.15
ANE S A SEIGSE RIEMT R, = AN RS A
AR R R, HAAEH R RN, Rl
OmniCSP 5 LQC M4 & PEREHR T Tr R ECK, Bk 1
T P AR L (AT R R M . T B AR
e R B R ) TR B A B o A R IR AR A N B, X SR A
BRG] T 40544 — 2 (1 A 8123 DABZD R A, IR P SR I
X FF RS ERNASE . BRI SRR
SRR A, IR PR 2 S A A .
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2 RS SR

SEIg CSPConv OmniCSP LQC mAP50/% P/% Recall/%
YOLOv11n-pose — — — 63.36 62.06 63.67
1 N — — 63.91 65.19 61.06
2 — v — 64.32 65.43 61.06
3 — — v 63.83 65.34 61.53
4 N v — 64.89 65.91 62.06
5 N — v 64.67 65.61 61.82
6 — v v 65.32 66.41 62.53
7 v v v 66.51 67.21 63.80

4.5 XfHSEm

N5 UE AR S I 28 B PR AR DU SR, K e )
YOLOv11s-pose 5 YOLOv11s-pose. YOLOv10s-pose.
YOLOv8s-pose. keypoint-RCNN £ [ b il 5235 7£ 7]
— SOOI A RTINS, FEh IR AR A I R R
BEATEOAE, & SER N LL 25 R an SR PR .

3 WHESLIR AR

Xl mMAP50%

YOLOv11s-pose 63.36
YOLOv8s-pose 62.94
YOLOv10s-pose 62.05
keypoint-RCNN 48.43

ours 66.51

RS, AU BRE APY%YE br Fik 2
66.51%), ¥ AL T I 28 A A YOLOV11s-pose ] 63.36%,
H W8 i T YOLOv8s-pose ] 62.94% Al
YOLOV10s-pose 1] 62.05% . 5 1% 4 151 keypoint-RCNN

4

(a) RE

(b) YOLOV11n-posed& SR

FHEG, ASCHRSHE R B R, H AP%IEIH
38.43%, Ik T A SCHE 1 Sedk B vk . Sean g SRR A,
5] N CSPConv.OmniCSP Al LQC =AM itk i,
BRI TR BRI R . SR EF RIS . 2=
HFEATHEESRR, A0S0 YOLOvV11s-pose 15
5 Z 80 B AR IS A b B A BRI M RE,  BRAIE
T TR CGE T VA R AN SE R

4.6 WAL ST

B IE AR BE AT B B S St PR R, M
YOLOv11n-pose A5 7Y L5 FATT o s AR 2R (g As il 4 77 el &
FBHHT AL M ER A, bRk BRI T BT,
JRAGEUG NS —HE @ AT R, BRI A B R IT
A R, RS, s E N,
YOLOv11n-pose HEALAGII# A7 FEoR wi(b), AHEFLH
SO AR A e IR 4 R EE = HE(C) s

(c) B RNHR
7 CSCHE R ARG I 25 A AT AR B
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12 W %

HE 7 FronfEFE e RRE, PABEReik
B A BT HE 10 SN R B AT, AT B R O i A
MIARIEAE T R R B e o i dEF #sE & R,
YOLOv11n-pose J:Aittits 284 (1) Tl 45 SR 2= %5 5y i Al
WAENFRTRARES, B TAELE b = A F IR ER T 51
1B, HFIR SRR T 1,
T A48 58 K AR AEE B B A% . fEFHRINEDY
&I}, YOLOv11n-pose FEARtiHR Y w6k T4 i 22 J et i T
MAFAE— s Wm 22, 1 SO R BN HERA IR T 45
0, SLIEPAVIREIAE N . TR R TR M, P9 BROR
TRANIFR I T HIWT B IE T, e 48 LA ER,
SO R RO IERA I e AL 2] T R f R e . Bt S
B R FH A FEE B T AR SC ) S0t R AR T3 O RS
AL A 20

5 £ E5RE

A SCER R TF O A I RS A T S R AE
TERN HARRFE 2 0% IS 52m i 2 DL 2R B
FE 5 58 A i A — 55 M L, /£ YOLOV11n-pose )%k
fith EHREH T — R k. ASCitit T CSPConv
B, R 25 1) 3R FE ) oA AR e 07 0F U0 B o R
RMTTEE; 1T Omni-FSAK #ik, it 4/ b
NI KIBSZ EY R R R4 =50 SR SE B 2 RUEE
S R R A s A A Sk oA B B AR HECLQC)
B, 0K aE S e In—2, MR E
HEST B ST A T . SRBe 25 AR, AR T ok
HI AR A B0k J5 ) YOLOV11n-pose A&7 fly B 44 14 fig
BEM T LA, mAPS0 $27F T 3.15%, #[6RiE
F T 1.74%, [FINEEZRESMER = FRWE N
Fafi.

JRE AR ) et 7 VR AR R IR R S O
SEANLRE )7 AT TR T, A E —E A
B BEEBMSEMNE R, SHENE B
LA AUA B R, ] e X B U 57 IR ) £ i 1 £ 8 B
kBRI . 5 SEHE TR IR R T A R B AT
S AR ETR . FNRZAREROR, 1E RIS B [
I PR HERE B3R, $RFALAL Ay PR & X S BR B
MR, Wiz ibae 77, REBEAERIESE
E REE VAL R AWLAE B 55 2 P g s 1 3E B,
N AR R 8 AR OG5 B FE T30 5 1 I 3 ks DU i ik
#i .
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