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Motion detection and recognition model based on fine-grained
motion & situation fusion

Wang Zheng Zhao Xinhui Wang Xiaowei
(College of Physical Education, Zhengzhou University,Zhengzhou 450044, China)

Abstract: Accurately localizing and recognizing human moions in both spatial and temporal dimensions is of significant
importance for applications such as intelligent sports analysis. However, existing step-by-step human motion
recognition methods are often limited by the fixed receptive field of Rol features, making it difficult to achieve effective
modeling and semantic representation in complex scenarios. To address this issue, this paper proposes a fine-grained
motion & situation fusion (FMSF) network that integrates human representation features and global spatiotemporal
situation features through parallel semantic modeling and motion proposal units. The semantic modeling unit employs a
human localization model to generate fine-grained human candidate features from key frames and leverages a 3D video
backbone network to extract global spatiotemporal features. The motion proposal unit then uses a shared Transformer
framework to jointly model these multi-modal features, capturing complex interactions between humans and their
surroundings, resulting in highly discriminative motion predictions. Furthermore, a weighted score aggregation
strategy is introduced to integrate the motion classification results of multiple key frames and short video segments for
long-video motion recognition. On the AVA-60 v2.2 dataset, the FMSF model achieved a frame-level mAP of
30.01% , while the long-video strategy-based FMSF-Prolonged reached 30. 74%. On the Charades dataset, the mAP of
FMSF increased to 30. 68% , and that of FMSF-Prolonged increased to 31. 29 %.

Keywords: human action detection and recognition; step-by-step method; global spatiotemporal situation features; fine-

grained screening
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Table 1 Compares the experimental results with the stepwise method
. mAP_f
Jrik e i\ BFR% BEE O T AVAGo
CITHS X R B 32 KB /s . AVA-60 v2. 2
SCHRL30] F-RCNN 32X 2 I3D-R101-NL K400 58 26. 98 27.19
SCHRL26] F-RCNN 32X2 SF-R101-NL K600 2 27.49 28. 50
SCHR31] F-RCNN 32X2 SF-R101 K700 61 30. 85 31. 85
CHk[32] F-RCNN 32X2 SF-R101 K400 19 27. 47 27.58
CHkL32] F-RCNN 32X 2 SF-R101 K700 19 31. 96 32.09
Cik29] F-RCNN 16X4 ViT-B K400 2 30. 50 30.76
SCHk[33] F-RCNN 16X4 ViT-B IN-1K & K400 2 33. 94 34.10
FMSF F-RCNN 32X 2 SF-R101 K700 2 33. 69 35. 62
FMSF-Prolonged ~ F-RCNN 32X2 SF-R101 K700 17 35. 04 36.59
FMSF F-RCNN 16X4 ViT-B K400 2 35. 47 35.58
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Table 2 Compares the experimental results with the end-to-end method
DS T ST A A= P wilgge  ORE AP
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CHR[37] I 32X2 CSN-152 IG-65M & K400 17 31. 88 33. 56
CHR[38] o 32X2 SF-R101 K700 64 32.51 32. 85
HR[38] Jo 16X 4 ViT-B K710 & K400 2 35. 96 36.08
HR[39] Jo 16X 4 ViT-B K710 &.K400 2 37.51 37.65
FMSF DETR 32X2 SF-R101 K700 2 34.17 34. 90
FMSF-
DETR 32X2 SF-R101 K700 17 35.08 35. 90
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Table 3 Ablation results of model components

IR AW 7 Transformer 4l fi i AP £
R AE 5 5 B R AE HE 42 i 1 -
N/ J N/ 30.01

X X X 25. 84

X N, N 27.14

N X N 29. 67

X J X 26.52

ALV #]L 58 R FMSF B mAP 2y 30. 01203 4
BR 3 UG PERE W TR F 25. 8400 s LA LA
BTG RAY SERREN R T HET 2.87%
(30.01% ~27. 14 %) ; & % . % Transformer HE 22 % i
5 1Y G -fR 6D #% Transformer FEZEBT ., mAP T 0.34%
(30.01%6~29. 67 %) 3% 3 W] iy & 75 B A 9 Ffriix AR AE 2
[B) () SC BRI A 5 280 . B o TR O % L B 0
G U AR A5 5 1 A ) 16 X BRAR TE T 0. 62% (27, 14 %6 ~
26.52 %) I HERE .

2) FASTHEZ K f

AW ILTE Transformer HE 42 55 P b 72 50 HE 22
TR, 3= 4 MAUE ARS8 09 Transformer , — A% 19 4~
Rt 4% Transformer s £ Transformer HEZE i P4 GE 45 B, X
3PP ZE R P A~6 s . T LUE B AH LU ET P&, A
WL E Transformer H#EZEA mAP #2851 T 0. 542,

R4 BEEEREHMIBER
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Fig. 6 Shared Transformer framework architecture
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Table 5 Results of ablation experiments in the

modeling framework

E AN RE mAP. mAP. mAP_

B2 o B mAP_{ ; ;

Bk Bk ik ’ tY b
J X J 29.52  49.74 31.46  20.27
X J N 30.01  51.00 31.91  20.70
NG NG NG 29.60  50.06 31.67  20.36

4) Transformer JZ 14 fil

AT Pl FMSF #91: GE Bl Transformer JZ %075 1k 1 1%
B, 35 6 T AVA -60 B UESE 100 AR B A -
RS R . FTLLE B, B Transformer JZ 800,
REA T4 . (H Y E B0l 7 i RS AR HAICR IR,
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Table 6 Experimental results of Transformer deep ablation

ZH SR /M GFLOPs mAP_{
1 140. 95 207. 04 28. 67
4 142. 39 211. 90 28. 88

143. 02 215. 27 30. 01
10 149. 66 228. 27 30. 01

5) AIH B 77 32 T

R T VEAS AR TR IR BE 57 356 5 28 9 AT A4 6k A 1 ik
X3 P9 SR AR 33 CRID A 4 A 00 A5 700 1) 8 15 B 1R D) R AT R 3K
Wit 5 A R (L 10 AR A A ARG T A 8 2 i 14 6% 3 7 AiF 8%
N, R 7 & FMSF 764 A 5 05 B B T M ERe. 8
FRVE R 2, 16 WA R R B (L IV R O 2 O
T PERER AL . XM FMSF fE48 45 2000 [X 40 A 9 it 1% IX.
WP R EREAR TN R

K7 BHEREHEMIBER

Table 7 Results of fine-grained screening ablation experiments

RAER mAP
0.9 28.55
0.8 29.27
0.7 29. 56
0.5 29. 64
0.1 29.74

0 (top-K) 30.01

6) ARG A

ATHE T ILF T HF R SIEIRMNA RS 7.8
o F KAk 23t Ak top-k LAk, AR SCHY SR A SR W L 45
Bk 8 fiac, T LLE B, FMSF {8 J 59 in Ak s 418

A YR BESE RS
3] 00038] 00048] 00088
00077] 00129

0.0077
0.0048|

0.0038|

2T B AR,
*8 RERMHEMIBER
Table 8 Results of ablation experiments

with polymerization strategies

RA K mAP_{
5N 25. 06
- #4744k 27. 36
top-K jt 1k 27.95
JIIESE Fex 30. 01

7 B 16 st e 31 L3 il

9y FMSF 767 [R] B[] fi £% 90 1 34 47 B () 25040
HeagpgbERE. W LLE B Y e AR A L i B o [ — 1.5,
L5 et B T Rkt fE .

R9 HEREBEEHMIBAR

Table 9 Results of time-offset ablation experiments

i £ i mAP_{
[—1.0, 1.0] 29. 87
[—1.5, 1.5] 30.01
[—2.0, 2.0] 29.76
[—2.5,2.5] 29.58
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Fig. 7 Fractional aggregate weight heat map
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Table 10 Results of calculation efficiency comparison
e
) AT e P
ik KA (i < GFLOPs mAP_f
Hk[26] F-RCNN  32X2 SF-RI0OI-NL 119&.28 29.00
XHk[32] F-RCNN  32X2 SF-R101  160&56 31.70
XiHk[29] F-RCNN  16X4 ViT-B 180&.73  31.80
k[ 36] I 32X2 SF-RI0OI-NL 253  28.30
CHkL37] I 32X2 CSN-152 122 31.10
iik[38] T 32X2 SF-R101 137 30.10
CHk[38] x 16X 4 ViT-B 357 36.10
FMSF  F-RCNN  32X2 SF-R101 160864 35.62
FMSF  F-RCNN  16X14 ViT-B 190864 35.58
FMSF DETR 32X2 SF-R101  160&11 34.90
FMSF DETR 16X 4 ViT-B 190811  39.50

(a) CHR[38]
(a) Literature [38]

(b) A&3CT7 i
(b) The proposed method
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Fig. 8 Visual comparison
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Table 11 Results of generalization evaluation
SRS ik mAP_{
AVA v2.2 FMSF 30. 01
AVAR.Charades FMSF 30. 68
AVA v2.2 FMSF-Prolonged 30. 74
AVAR&.Charades FMSF-Prolonged 31.29

M 11 B LA, 7E5] A Charades 3% J5 , FMSF
B mAP_f /i 30.01% & T+ = 30.68% . BT 0.67%;
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Prolonged #H lt FMSF A< B 3 B8 48 4< Ab 34 W05 &2 2= 9
YRR 58T X R RIS A Charades XA 2 FE ALY
H# NG sca , WAHXT R8T 3 2 il g . XS g5 R
BGAIE T AL ATT SR s R ASE T 4 R S B, R S O A X I e
18] B Y 2 2= SR 5 e Ak 04 47 58 B 1 42 i 5 280
AR B S 5 038 R RE T, E— 2B SR TR . RS
SEF T h, 0 Sk — 25t Ak HOHE i 5T 5K B LN 4 Pk ik
Charades 1045 55 i tF 455 B 5 1), D0 A5 W] e AR 3 I 32 A 1k
RETRTE .

34 i

AR SCHR B9 FMSF J5 3 1 3 A 25kl & 20067 BE N ) ik
HEARRIE S & R 2 B e A5 B, S TR & 2 A 3 & v A
AR BRGNS0 50, A4 TAE 4 4 07 B HE Rol
FEAE @ R BR M, FMSFE i B 285 Transformer fE48, 7543
ZWMAYS LT XZRM 2, NTREEET E
HemrtmoifERxs, FE, 51 I BUR A R A
e s WA Bh VR TR BB 416 T R0 L s i e T L AR
TR AE 042 P B 0 A2 g 65 4, B R 7 K s 5 R 1
ERRTHETAIMEBE . Rk B9 BF 5T O AT — AR R
T 45 5 v S5oR AR D 1Y) s DA B AR BB A I 42 T
e A& & LR W F1 . Besh, i FMSF () 8 AR~
Je 2 AR AL U B AT S5 . 2 NS ' AT AT N
TN LA R T 44 G 500 A i SO AR, o b R R L S



I 4§ ATmERNEERRE O ERNS R

G

FHIAHLAE B2 58 B 5 e SR
£ % Uk

[1]

(2]

[3]

(4]

[5]

[6]

[7]

(8]

VR VGRS R A, 5. 6T 2 RO 8 1 1 3 AL
AT RS 5k LT ], B I & 42 R, 2023, 46 (21) -
114-122.

XU CH Y, FAN F Y, KE G ZH, et al. Behavior

recognition method based on multi-scale channel

attention mechanism [ J ]. Electronic Measurement
Technology. 2023.46(21):114-122.

PIVEEEE S 004t 5 1 T I A AR 0 A 4 22 I 5% 1) AR AT
SN ]. HF I HEH R L, 2024,47(10) :27-33.

SUN Z Y., GU J. Human behavior detection based on
radar time-frequency transform and residual network[]J].
Electronic Measurement Technology, 2024, 47 (10):
27-33.

EI BB IR 55 2T AR YOLOVS 9 %%
B9 S W AT ORI S AT S LT ], BT I B R, 2022, 45
(16):137-141.

WANG X, CHENG H X, LUO X L, et al. Research
on abnormal behavior detection algorithm based on
YOLOv5  network [ ] J.
Measurement Technology.2022,45(16) :137-141.

KARACSONY T, JENIL A, TORRE FD L, et al.

improved Electronic

Deep learning methods for single camera based clinical
in-bed movement action recognition[]]. Image and
Vision Computing, 2024, 143. 104928.

YU F. FANG Y Q. ZHAO ZH X, et al. CAGNet: A
context-aware graph neural network for detecting
social relationships in videos[ J]. Visual Intelligence,
2024, 2(1): 22.

LIU H, MA Y N, HU Q Y, et al. CenterTube:
Tracking multiple 3D objects with 4D tubelets in
dynamic point clouds [J]. IEEE Transactions on
Multimedia, 2023, 25: 8793-8804.

DIBA A, SHARMA V., ARZANI M, et al. Spatio-
temporal convolution-attention video network [ C J.
IEEE/CVF International Conference on Computer
Vision, 2023: 859-869.

RAVISHANKAR H, ANITHAKUMARI

SARVAMANGALA D R, et al

R D,
Video compression

through advanced video saliency aware spatial-

temporal integration and attention mechanisms[J]. SN

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

Computer Science, 2024, 5(7): 926.

ZHENG Y Y, TAO F ZH., GAO ZH Y. et al.
FGYOLO: An integrated feature enhancement
lightweight unmanned aerial vehicle forest fire

detection framework based on YOLOvS8n[]J]. Forests,
2024, 15(10) . 1823.
LEE J, KIM S, KIM S, et al.

Discriminative action

tubelet detector for weakly-supervised action
detection[ J]. Pattern Recognition, 2024, 155: 110704.
LIMY., ZHOU D, LIU X ZH, et al. Simulation of
E-learning virtual interaction in Chinese language and
literature multimedia teaching system based on video
algorithm [ J J.
Computing, 2025, 52: 100764.

AKHTER I. MUDAWI N A, ALABDULLAH B I,

object tracking Entertainment

et al. Human-based interaction analysis via automated
key point detection and neural network model [J].
IEEE Access, 2023, 11: 100646-100658.
DENG W B, ZHANG Y T, YU H. et al. Knowledge
graph embedding based on dynamic adaptive atrous
convolution and  attention mechanism for link
prediction[J]. Information Processing &. Management,
2024, 61(3): 103642.
HUANG Z P, WAN Q, CHEN J L, et al. ADATS.
Adaptive roi-align based transformer for end-to-end text
spotting [ CJ. 2023 IEEE International Conference on
Multimedia and Expo(ICME). IEEE, 2023. 1403-1408.
LIU Z K, CHEN S H, GUO L T, et al. Enhancing
learned
ACM
2023

vision-language pretraining with jointly

questioner and dense captioner [ C ]. 31st

International Conference on Multimedia,
5120-5131.

ARKIN E, YADIKAR N, XU X, et al. A survey:
Object detection methods from CNN to transformer[]].
Multimedia Tools and Applications, 2023, 82 (14).
21353-21383.

DANG M, WANG H X, NGUYEN T H,

CDD-TR: Automated concrete defect

et al.
investigation
using an improved deformable transformers [ ] ].
Journal of Building Engineering. 2023, 75: 106976.

ZHANG SH, XUE Y, ZHANG H, et al. Improved
task scheduling

hungarian algorithm-based

optimization strategy for remote sensing big data

¢« 83



55 48 % L I A S
processing [ J ].  Geo-Spatial Information Science, [28] TONG Z, SONG Y B, WANG ], et al. Videomae:
2024, 27(4); 1141-1154. Masked autoencoders are data-efficient learners for
[19] FAY M P, FOLLMANN D A, LYNN F, et al self-supervised video pre-training [ C]. Advances in
Anthrax vaccine-induced antibodies provide cross- Neural Information Processing Systems, 2022, 35:

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

species prediction of survival to aerosol challenge[ J].

Science Translational Medicine, 2012, 4
(151): 151126.

HUANG ZH, NG T, LIU L, et al. SNDCNN: Self-
normalizing deep CNNs with scaled exponential linear
units for speech recognition[ C]. ICASSP 2020-2020
IEEE International Conference on Acoustics, Speech
and Signal Processing, 2020: 6854-6858.
KISSIEDU A N T, AGGREY G K,

MENSAH M G, et al.

ASANTE-
Development of pneumonia
identification system: A comparative analysis of some
selected CNN architectures using Adam, Nadam, and
RAdam optimizers [ CJ]. 2024 IEEE Smart Block4
Africa. IEEE, 2024 1-12.

REN SH Q, HE K M, GIRSHICK R, et al. Faster
R-CNN: Towards real-time object detection with
region proposal networks[ J]. TEEE Transactions on
Pattern Analysis and Machine Intelligence, 2016, 39
(6): 1137-1149.

DENG J, DONG W, SOCHER R, et al. Imagenet: A

large-scale hierarchical image database[ C]. 2009 IEEE

Conference on Computer Vision and Pattern
Recognition. IEEE, 2009 248-255.
ROGEZ G, WEINZAEPFEL P, SCHMID C. LCR-

Net+ +: Multi-person 2D and 3D pose detection in

natural images [ J]. IEEE Transactions on Pattern

Analysis and Machine Intelligence, 2019, 42 (5):
1146-1161.
ZENG W, HUANG ] J, ZHANG W, et al. Slowfast

action recognition algorithm based on faster and more
accurate detectors[J]. Electronics, 2022, 11(22): 3770.
LIANG J W, ZHANG E W, ZHANG J, et al. Multi-
dataset training of transformers for robust action
recognition [ C]. Advances in Neural Information
Processing Systems, 2022, 35: 14475-14488.

YANG M, GAO H, GUO P, et al. Adapting short-
term transformers for action detection in untrimmed
videos [ C]. IEEE/CVF Conference on Computer

Vision and Pattern Recognition, 2024 18570-18579.

84 -

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

10078-10093.

ZHANG R, XUE J X, LIN F, et al. Enhancing

recognition with fine-grained body

2024 1EEE International

human action
movement attention [ C J.
Conference on Multimedia and Expo, 2024 . 1-6.

XU M Z, XIONG Y J, CHEN H, et al. Long short-
term transformer for online action detection [ ] ].
Advances in Neural Information Processing Systems,
2021, 34. 1086-1099.

BABAZAKI Y, IWAMOTO K, TAKAHASHI K,
et al. Heterogeneous feature fusion for improving
performance of action detection [ CJ. Journal of
Physics: Conference Series, 10P Publishing, 2024,
2759(1): 012001.

ZHENG Y D, CHEN G, YUAN M L, et al. MRSN:
Multi-relation support network for video action
detection[ C]. 2023 IEEE International Conference on
Multimedia and Expo, 2023: 1026-1031.

KIM H W, CHOI Y S. Fusion attention for action
sparse-dense and global

recognition: Integrating

attention for video action recognition [ J]. Sensors
(Basel, Switzerland), 2024, 24(21) . 6842.
SUS W, GAN M G.

Online spatio-temporal action

detection with adaptive sampling and hierarchical
modulation[ J]. Multimedia Systems, 2024, 30(6): 349.
YU S Q, CHEN L L, ZHANG X L, et al. VTR:
Bidirectional video-textual transmission rail for clip-
based video recognition[ C]. 2024 IEEE International
Conference on Multimedia and Expo, 2024 . 1-6.

SUI L, ZHANG C L, GU L X, et al. A simple and
end-to-end spatial-

IEEE/CVF Winter

efficient pipeline to build an
temporal action detector [ CJ.
Conference on Applications of Computer Vision,
2023: 5999-6008.

SINGH G, CHOUTAS V, SAHA S, et al. Spatio-
temporal action detection under large motion [ C].
IEEE/CVF Winter Conference on Applications of
Computer Vision, 2023: 6009-6018.

WU T, CAOMQ, GAOZT, etal. Stmixer: A one-



I % F. ATk EREEERAGHMELEN SRR 57 1

[39]

stage sparse action detector [C]. IEEE/CVF
Conference on Computer Vision and Pattern
Recognition, 2023: 14720-14729.

CHEN L, TONG Z, SONG Y B, et al. Efficient
video action detection with token dropout and context
refinement[ CJ]. IEEE/CVF International Conference
on Computer Vision, 2023 10388-10399.

EEE T
F U GBAGAEED UL, PRI, B 7 WO R E R
HA.

E-mail: wangzhen19862zu@126. com
RETE I BB, R T IR E A BER,
SIS A e = R N SR T Ay A 1 B B K (R AN

VIR =N €T T



