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Abstract: Objective Existing pig behaviour video datasets remain limited in their coverage of behaviour categories, anno-
tation of welfare-related behaviours and annotation granularity. These limitations hinderthe training and evaluation of mod-
els for multi-class, fine-grained pig behaviour recognition in complex group-housing environments. Furthermore, some

datasets are not publicly available, further limiting fair comparisons between methods and the reproducibility of experimen-
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tal results. Meanwhile, background interference, occlusion between pigs and frequent interactions in complex group-
housing environments make it more difficult to extract behaviour-relevant local regions and temporal dynamics. This hin-
ders fine-grained behaviour recognition, particularly for behaviours that rely on local interaction cues, such as fighting and
nose touching, and those involving continuous postural transitions, such as standing up and lying down. To address these
issues, this study aims to develop a video dataset of pig behaviour covering multiple basic behaviour classes, fine-grained
postures and movements, and welfare-related behaviours. It also proposes a spatiotemporal feature-modelling method for
complex group-housing environments to improve fine-grained pig behaviour recognition. Method The 13-class Pig Behav-
iour Video Dataset (PBVD-13) is constructed from publicly available red, green and blue (RGB) videos of pigs in group-
housing environments, with individual behaviours annotated at one-second intervals. It comprises 13 behaviour classes,
covering basic activities, welfare-related behaviours such as exploration, toy interaction, fighting and nose touching, and
fine-grained postural and movement behaviours such as standing up and lying down. The dataset provides a basis for multi-
class pig behaviour recognition in complex group-housing environments. To address the difficulty of adequately represent-
ing local interactions and continuous motion changes in complex behaviours, a spatiotemporal perception and enhancement
network is proposed. It employs a low-frame-rate spatial branch and a high-frame-rate motion branch to extract behaviour-
related spatial features and local dynamics, respectively. The spatial branch characterises relatively stable behaviour-
related regions, while the motion branch captures local motion changes between consecutive frames. The network further
integrates spatial attention, motion feature enhancement and long short-term memory (LSTM) temporal modelling to fuse
features across different temporal scales and achieve fine-grained pig behaviour classification. The source footage com-
prises publicly available recordings of eight pigs housed at a research pig unit at Scotland s Rural College. Twenty videos
are selected for fine-grained behaviour annotation. Each complete video serves as the smallest unit for dataset partitioning,
and the data are divided into training, validation and test sets in a ratio of 7:2: 1 to reduce the risk of information leakage
caused by adjacent video frames being assigned to different sets. Behaviour recognition performance is evaluated using aver-
age precision (AP) and mean average precision (mAP). Dataset benchmarking, model comparisons, ablation studies and
external validation on the independent HotPig dataset are conducted to assess, respectively, the dataset’s suitability for dif-
ferent technical approaches, the recognition performance of the proposed method, the contributions of individual modules
and the method’ s applicability across datasets. Result PBVD-13 comprises 13 behaviour classes and 13, 500 behaviour
instances. The four welfare-related behaviour classes comprise 3,513 instances, accounting for 26. 02% of all annotated
instances. Benchmark experiments show that recognition performance varies considerably across behaviour classes. Com-
plex behaviours, particularly fighting, nose touching, standing up and lying down, remain challenging to recognise, indi-
cating that the dataset supports model training while presenting challenges for behaviour classification. The proposed
method achieves a mAP of 75.92% on PBVD-13, outperforming the best-performing comparison model, SlowFast, by
9. 41 percentage points. Its AP values for fighting, standing up and lying down reach 60.75%, 52.37% and 41. 98%,
respectively. Ablation studies show that removing either spatial-attention module, the motion-enhancement module or the
LSTM module reduces mAP, indicating that spatial feature enhancement, local motion modelling and temporal information
extraction contribute to overall recognition performance. Furthermore, the proposed method achieves an mAP of 76. 64%
on the independent HotPig dataset, providing preliminary evidence of its applicability across different datasets. Compared
with existing pig behaviour datasets examined in this study, PBVD-13 extends the number of behaviour classes to 13. It
retains basic activity behaviours while incorporating welfare-related behaviours, including exploration, toy interaction,
fighting and nose touching, as well as fine-grained postural and movement behaviours, such as standing up and lying
down. The publicly available dataset also supports reproducibility and comparative evaluation in future research. The pro-
posed method also achieves higher AP values than the comparison models for complex behaviours, including fighting,
standing up and lying down. These results indicate that dual-branch spatiotemporal feature modelling contributes to the rec-
ognition of the 13 pig behaviour classes considered in this study. Conclusion This study constructs and publicly releases
PBVD-13, a fine-grained video dataset covering 13 pig behaviour classes, and proposes a spatiotemporal perception and
enhancement network. The network integrates a low-frame-rate spatial branch, a high-frame-rate motion branch and subse-

quent temporal modelling to extract behaviour-related spatial features and dynamic information. Benchmarking, model
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comparison, ablation and external validation experiments show that PBVD-13 supports the training and evaluation of multi-

class pig behaviour recognition methods. The proposed network achieves promising recognition performance under the

experimental conditions and demonstrates applicability to the independent HotPig dataset. PBVD-13 provides a data

resource for multiclass pig behaviour recognition in complex group-housing environments, welfare-related behaviour analy-

sis and fair comparison of related algorithms. The proposed network provides a methodological basis for jointly modelling

local interaction features and continuous postural changes. As the current dataset includes only eight pigs and a limited

number of videos, future work should expand the dataset to include more pigs, farming environments and behaviour

instances. The model’s generalisation should also be evaluated under varying husbandry conditions , individual differences

and levels of occlusion to improve its practical applicability. The dataset and source code are available at: https://github.

com/qiqiqi7777/PBVD-13-dataset.

Key words: Pig; video dataset; behavioural recognition; spatio-temporal features; attention mechanism
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Table 1 Comparison of existing pig behaviour recognition datasets
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RORRERE S A 58 T N5 S s e) sh A28 1k, 4 R F
TPAEAT R b ) Jmy FR AR iz B AR
SN N 11 a 2e 1 e S 1 o ST = e
2533, AT A RS s BE R 53 BB fE
HEAT A R AR AT, DA 1 AR AU XS 5 R 8 AT Ry R I
S RAERE
ST RIS E] 53 52
AT 38 253 1] 73 32 R FH T3 22 I 46 ) A ) 2 [
FRAESEEAS 1Y , 55k 25 Jpby i, JFAEAR AR 5k 26 2
Z I 3E A 4 AW 25 (8] 5 1AL (frame-level spa-
tial attention module, FL-SAM ) , LA${455 47 A #H 5 [X 35§,
1472 [E] e W E T, a5
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Fig. 4 The overall framework of our network
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Fig. 5 Spatial Feature Extraction Structure

WAL S Jes % T AFRRIE X e RO Kirp
C.T H W53 5| 3R 38 18 L, if (8] 48 B RR Ak 5] v B2
555 . FL-SAM X B [a] 46 B F A9 B — A 0
PEAT 25 [ 7 L, 658 « URRAE , B el i
s b3 2H A FR P EOCAS ] Jr 3508 DX Sl 7 i [0 4R 0F , I 45
Ao A B IAUH A B 2 AR A, DL b AN T
BRI S8 (R RRAE T Bl AR B 23 a) 32 3
AN o B TR IAUE T IR G Rk, TR A7
Shy S e DI TR A SR, S R X, Ha A
U .

A,=<r@3nw?;(ReLU(BN(ConﬁiI(X)))))(1)

X=X0A (2)
o, o () F R Sigmoid BREL, © RIRIZE IR I,
H TR T 48 73 3 T2 B 671 57 2 ORGSR
KL PR FL-SAM B SGTFEAT O AR 5C DX 14 25 18] Wi Bz o
AL BEAS 19 38 1 3R A8 T AR L I i A5 SR DX I, 411
il 5 SAME T, LAy UG 5 AR i3 53 52
23 (A RFAE R IR BE T, I Jim 22 S B Bl R 1S o
FE B (Key Motion Feature Enhancement Module,
KMFEM ) #2 {1 5 2L 531l ) 2 ] S 5

2.1.2 @i

1 12398 Bl 3 3R F Wt (8] 25 43 5% 22 ) 2%, O AE
AN VR AE AR U BET A KMEFEM , LA 5 AR 8 5 S 38
B ERBIRE T . Hd  KMFEM H (1933 2Rk
KRR A5 R WA 6 B o

—_—_——— e — — =

VER U5

Xi[B,C,H,W] | I X2[B,C,H,W] | X3[B.C.H,W] | IRTVA[B,C,H,\\']I X1[B,C,H,W]

{ JE B TR E R 5

e e e e e e e e e e e ey =,

K6  KMFEM "Rz S hF ik s sk 454
Fig. 6 Motion feature enhancement structure in KMFEM
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FEFAE SR BUS 51 A KMFEM 5  KMFEM 3 %55 i
2% [A) 7 5 ) 1Y 0 5 0 B RS SR PR A ok AR B T s o
RAFHE R IK, Hodh FL-SAM f925 [l v & S Bt i
EE2. 1. 1 eh | Bl 6 3 5 B s Hoz s R e 3 i
b LR RE SR P TR AR R X, X, e ROV

© diHE % B 2 T



8, ®IRA, BHFE, KX
TH 18] 137047 A B 3E 1T A MR EIR A FIIE (PBVD-13)

KMFEM & 563 i 52 25009 FL-SAM A= J800 1 17
ETERENIEA, 5 A, IR IS R AE R
IRX, 5 X, 0 BEIS X IAUT FAH SR R A E T 22
IITEL
M, =ReLU(X,,, - X,) (3)
AR B 1 17032 378 1k, DT 28 AT R A
R DX 380 A 3 245 e o7 400 1 A T S M L B L R
BB RE 2 s 5. s sh 245
ORI R A R WG & SU e G
B4R 138 Bh 22 43 AR B A 224 i TR A 0t 175
ZERE Lo
Xowii1=X,., + Conv(M,) (4)
W Rk 2= R G Ty 2 TR AR SR I 21 B A
AR B [ A BR SRt 2 11 SURRIE . Sl 24
KMFEM #5828 2 1S 5 J e i3 45 S i iz 2l 4 o
REAE P, JH PP 3 T 3 AT R AR S Bh A AR A
B, DT 1 e A A A 7Ry v AR 32 sl Ui
MERE ST, I FEAR Stig sh 5k B AR T3t 47 1R 51
Y520
oA S BRI 256 43 [ R E 5 1 32 B AR A A
RO A, e X o MR 43 SORFAE HEA T I ) 28 X 5%
AR5 o WA S R AR5 5 FORIF,
Hmfa BE A R TR T,, B T, = o, Kfra
WG4y SR R RUEER 32, SR B A5 K R a )
YR UGS R TR B TR SR A IR IR S5
LI — AR Re LU ST , {f FLI [R]C BE i 7, %0 5% 2
T.o BfiJG B B DT 5 i 6 17 2R e iE 5 R i 23R
TEUTIE B GRS T D% 1S BB 2SS R F
F = ReLU(BN(Conv3DM:a(F,))) (5)
F, = Concat (F F)) (6)

rp F R B )0 57 5 B4 R MRARAE , Concat,, ()
TN A AE AT PR . AR SO AR 4y S s ]
KEE 5 16 F1 8, iR B o 2, Zid FiRZ R
BRI S AR MR 43 SOR i W48 43 3243 3 37
R 5 123 ()T SURFIE 5 33808 BRI

BEJS I HIH— AL B3R B AR TEAE  7EPR
A3 S A5 I TR 25 R AR B 43 B EAT ROT Align, DA
PEICH AR AE AR XS R ) SR EBARAE , A JR 2245 [
B S Y R A

2.2 BYEHFAEIEE M 4
T s 25 JRRHT I 248 B2 RO B B R IE 5 DG I Bl
ACFIEZ 5, A SO A0 A 1 I 23 R i 4 5
25 T XA A AR R AT 25 (] 5 5 I R] A,
Pl 4 Fir 7, 32 0 465 ph AR ot 30 2 (i) 39 5 53 52 5 v i o5
Y 43 S
Horp AR WA o3 325 | G TE 20 R) 1 ) i
(Channel-Level Spatial Attention Module, CL-SAM) ,
FH T HEG5RAT A OG0 23 113 SUAF R 5 fe i 58 43 3 )
FIJH LSTM %47 Ry A8 Ak ik 7 v i) ik [R]ARORE G 52 A7
U, B ARl P SR 3 SCRFIE SE AT M2k
2.2.1 RS AR5 35
TEARMTSAS 73 3, A% 58 4 RV [T v A [7) 18 3
XA R 53 2 ) E PR W d 2 S, 980 T A
B SIURAG R A5 I 55 AT Ry B 5 hE
J1o P, A SCTE ROT Align $ IS 3] 9S4 25 1]
FRAIFSEAE L, 51 CL-SAM X 4FAF UEF T3 18 a8
Xt P AR F e R7 " 5 e R T Sig-
moid BREAE IR IE T 28 AR, B TS K A 5
LR AR 2 JC 3 AR S 15 238 5 AR 1R F7, B R L
N
F'=0(F)OF (7)
K, o (1) F 7~ Sigmoid P PR, Hofr B M (0,
1), 26 i A SRR W 9 A s O 360K
BICRIE . iz 0y 2, R4S BEE I SR AT A OC
REAEMR R, [6] I e G SR B T
2.2.2 MR ARy 5L
T 1R WU 0 S v AR 5 T AR AL X LA AT 4% X
o35 ik S B AR S () S5 AR (H I [R) A2 £k
T AR AT R o PR, AR SO T LSTM X 47 4 28
A REFEAT IR P A, R AR AN 7 s
G, N T RAE T Wb XS AT o A A A BURk Y
DI, FRATO AR B A T B R A5 A5 3 — 456
WP I RN X =[x, %5 .. .2, ], P x, e R HE
7N ¢ WUXE R 1) 9B Bl AR AE ) B, T 3R 7R I [E) 3 31 4
B BJS BB ] F 5 i A LSTM 47 8 A 8, 2
PRI RRRRR DL iR 2
h, = LSTM(%,(h,_,c,_,)) (8)
X, b5 e, 730 RN BOBCIR S 521 BRITR A
i LSTM , 28 BEAL 25 > B A7 g 1 i ) 24 & | 1 5l
AR, DATTHG SR ASE R X ] B5URRA T o Y 358
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Fig. 7 LSTM-based temporal feature extraction
AEST

e 28 WG IR 43 A5 B 1 2 [B] 38 58 R AT 5 55
i A7) AR B B I iz SRR IE EAT PR RS O
AR R SEINAT 32 T8 3 s (A1 o 5 I Ji) e
BRI A PEAL , i Hh B 2 RRAE 344 5% D0 2 e g AT
RTINS 5 23847 R i I 23 3R IR BE
2.3 FMNIER

Zliﬁﬁﬁéﬁﬁqzi@*%ﬁ(average precision, AP) il
YI{EFE Y85 B (mean average precision, mAP){ER 3
ZFM e b, T S BRR [R R AT R 20 TR
SIPERE o X T A1 2, ARG AR AL % 2501
TIUI & A 1155 Precision-Recall 12, 415 1t K45
I AP mAP Sy 44T S AP AP X {E,
TIFH BRI 13 20817 0 ERVBAR U RE . X
T30 17 b o B g AT oA AN 7 v, HCAP .mAP Y
FHRIAT 55 B9 PEA RE S, Horp e A DL IE [R] o %5 i H
PRERLSFT 2 T4 2R

3 WIESITME

3.1 HREAEHME K MEEIE

Sy Bt PBVD-13 X A [] 2 BB 47 S R 50 7 1
(3 FHPE , DT VPG S 46 vh 52 AT o B TFURIME B2, A
SCHE IR ZE BAT AR M R B AR I 2k IR AT BRSO IE .
Hoir, ST_TransNeXt (Hao %5 , 2025) £ % F* Mobile-
NetV2-Autoformer 155 B ifi 17 R IR B AL AL (Pu 55,
2025 ) 3= 2] LA N 25 R AR R AT AT S S0 U
YOLOv8-EAPNet (Liu %5 , 2025) fil DM-GD-YOLO

(Mao %5 , 2024 ) T 2R JFH o 2] i A HE 42, 7 58 18 2
H bre O B[R] R T AT S T o 3@ AN R AR
KL AE PBVD-13 I (5250 45 5, A0 BTz B0 45 XA
[] 5 12 1 3 P DA B 25 R AT A B IR MEE .
o AT AT AR T B 1 AP mAP 2 BTN 23 2
AE , T iy 2] i K6 00 7 9 P PR 445 5 ) B 32 381) H s o
WS AT R N HI 4 5, PR AR R AT
PBVD-13 X AS [\] £ A 8% 2% /9 3 FH 1 T 2 )R 51
MEFE

W 3 PR, 45 )5 4 PBVD-13 | A FE /K mAP
IIATE 61. 46% & 68. 63%, 7 W E i 4 B B by
OIS K Ve S5 AR 7 < B i S MRV )
R AP ik R AT 90% , TG 37 B il < i i A
022447 0 RO BEBH S B AIC, 30 25 SR AN I 40%
TR S 1) 2 3R R B2 R B, PBVD-13 E B 6% Bk
A 7R BF 2 W R AT B T % )RR 5g BN
AR AT J 8 s X ME B, A — o T
F5 PRl

%3 FRARFMFEEPBVD-13HIEE L ELR

Table 3 Benchmark results of representative methods on
the PBVD-13 dataset

AT RPN AP(%) i 2317 A AP(%)

ATRZEM ST Trans MobileNetV2- YOLOVS—  DM-GD-—
NeXt  “Autoformer EAPNet YOLO
oK 85.10 88.41 91.70 91.51
B 95.37 93.15 97.21 98.57
fip 78.24 79.73 79.50 79.99
A 79.00 83.55 81.71 85.53
b/ TRYA 92.50 94.21 93.05 95.37
3 63.30 88.55 82.43 83.64
i 71.59 83.30 77.53 82.39
RR 59.71 67.17 66.75 68.71
gh’aﬁ 88.61 80.42 79.97 80.44
3} 19.11 37.82 38.42 39.55
L il 20.71 29.31 19.30 20.19
e 27.37 48.10 29.91 29.00
Uil 18.31 18.53 17.28 17.85
YK mAP  61.46 68.63 — —
Kl mAP  — — 65.70 67.13
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LEA R, PBVD-13 REMS L H A Rl AR 4k 1
AT R AT TR I RN 51740, R Z2 8 5 e
02 ZR U BE AT o0 L X5 B — 2 AR5 IR M i A
R SR WE LA B i nT 2 2 M B X R 58
BB ARG 5 2 AT R AR A v R Bk
0%, TR B 2B SR IR T AT R o T i o AR AL S 5
B
3.2 XJLEsRIE

kB UE AR SCHRE HE B s B 0 i ) 45 1 A AR
P, A5 1€ B ACTION-Net (Wang %5 , 2021) . TSM
(LinZ£,2019) .13D (Carreira Z¢,2017) DA M SlowFast
(Feichtenhofer 55, 2019) /£ N X LAY . 7R 58— 1)
TR IRE N & BRI R U )1 25 56
UE A AR A 43, Y1255 003K B B 253 4 A [R]  \
TAREREA A B R HEEA T AN A DX URRIE 4R, AR
UEAN R 5 A — B0 25 N AT LR

W 4 FTR AR SO A 13 288045 M UIMT 55
FEUST 75. 92% B9 mAP, 55 %t Fe AR Y SlowFast
PR 9. 41 A o HME BB 3R B 3 MM i
R i B o ) )2 VAR E N LI AR VB = 7 B ] I £
AP 439135 5] 60. 75% . 52. 37% F141. 98% , Bk I 24
I B X L 5 2R A3 Sl 4 e 23. 42,14, 01 F1 21. 36
ANEG A ERERY], AR SO LR B A RO RAE
AAT R I R R B AR S I P RRE

it — 2 PP A R A A% S S I RS
T SR (Params ) 128 B 4 (GFLOPs ) Al
HEHLH L (FPS) . ASCHIRI S 5E R 34. 67 M, 5
SlowFast [ 33. 95 M 8 W4T ; SZ AR AN 25 R AIE AR
B ), FHH 5 G 0 2 70. 95 GFLOPs, #ff
Ji 347 23. 40 FPS,{H mAP 35 3] 75. 92%, # SlowFast
B9 AV EH A . SRR AR SO RIS I —
TR TF A Y (R s R4S 1 S B I AR PR RE AR 44
BT G R 28R A -

3.3 SMEBEUIBELIE

itk — 25 R TR AR AR RE T O B AR
B IE MR AR SCFE HotPig (Bonneau de Beaufort %5 ,
2025) ST B 4 T ARG AE . 256 Hh bR AR 4
HotPig 14 6 517 J 4 e 28 43 5 23 i H 248 R oL ) %
b, FLAY 2% S5 70 B 45 DI RE AL 1 5 PBVD-13 5240
PR —E0, RAEFXT HotPig A ELARTT R 285 4 1%
SR ES B

SR W (3R 6) , A LT L HE HotPig 111

R4 FEEEEPBVD-13HEE LM1TAIRAEREX EL
Table 4 Performance comparison of different models for

pig behaviour recognition on the PBVD-13 dataset

Behaviour ACTION-Net TSM 13D  SlowFast' Ours

ok 71.50%  96.7%  70.4% 81.28% 81.63%
bl ey 98.60% 59.52% 96.57% 95.06% 95.75%
Fip 7721%  77.15% 91.71% 74.37% 96.67%
A 7937% 81.71% 89.03% 82.45% 94.23%
ITAYA 92.25% 93.06% 92.63% 92.24% 92.29%
3 73.65% -~ 80.41% 80.42% 81.75% 82.77%
1 77.33% . 78.76% 81.26% 82.28% 90.13%
R 62.90% 64.51% 61.29% 66.28% 72.48%
S53HE3 86.70% 78.93% 19.43% 77.07% 85.33%
43} 20.11% 30.22% 37.33% 36.92% 60.75%
£ fulit 18.71% 11.92% 22.08% 36.53% 40.00%
o 25.34% 25.18% 33.52% 38.36% 52.37%
it i 17.21% " 1472% 20.62% 19.54% 41.98%
mAP 62.30% 60.98% 61.24% 66.51%  75.92%

x5 FRARBENERESHERLEILL

Table 5 Comparison of model complexity and inference

efficiency
Method Params(M)  GFLOPs FPS  mAP (%)
13D 27.25 28.41 70.37 61.24
TSM 23.53 32.70 73.97 60.98
ACTION-Net 27.75 34.43 29.54 62.30
SlowFast 33.95 50.38 30.66 66.51
Ours 34.67 70.95 23.40 75.92

mAP ik E| 76. 64%. 25 R UL, BT 88 O i A Sk
FEARAL R BRF PBVD-13, 78 A [m] B0 48 St 5 Fn 45 Sk 2
s N EA RGN PERE .
3.4 HELEIE
3.4.1 WA AT

ARYR S50 43 ) % B 253 SRR P 265+ ) FL-SAM Al
KMFEM #&8, DL K i 28 4 iE 1 5 ] 26t i) CL-SAM
55 LSTM B 5 47 11 Rl 5L, I 5 o6 B A AL i 47 %t
Fearir. S0 R R AR f ik BRdi A G840, iy
S HUORFE— B, SR B R AR 7 R

TH Al S 95 25 SR W, A A 1S AL g B2 71
HAEEAEH . B BRI 28 AN 25 1 FL-SAM 45
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R 6 PFTIRFATE HotPig MR EI IR S LY IGIESE R
Table 6 Validation results of the proposed method on the

HotPig dataset
FGIIES el AP(%)
drink 77.47
eat 84.79
lying 93.17
HotPig move 75.13
social 34.31
stand 94.95
mAP 76.64

RT AREERIHBSIEER
Table 7 Ablation study of different modules

Behaviowr  Oups NOFL= No  NoCL- No

SAM KMFEM SAM  LSTM
oK 81.63% 77.42% 77.55% 76.37% 84.45%
B 95.75% 96.31% 97.15% 96.76% 95.97%
Fif 96.67% 94.49% 94.85% 93.83% 95.41%
A 94.23% 92.15% 92.59% 90.82% 90.61%
WisT 92.29% 94.93% 94.69% 94.02% 94.79%
25 82.77% 80.14% 81.31% 80.18% 80.94%
f1E 90.13% 86.37% - 81.44% 83.39% 84.02%
WR 72.48% 65.34% 75.54% 69.47% 71.83%

S55HAAS) 8533% 83.54% 82.55% 86.20% 96.61%

3} 60.75% 64.53% 56.79% 44.84% 50.25%
L fil il 40% 33.11% 36.45% 33.43% 28.63%
5 52.37% 44.99% 49.67% 55.20% 39.37%
Simi R 41.98% 40.30% 25.92% 36.42% 23.29%
mAP 75.92% 73.36% 72.81% 72.38% 72.02%

He)g , AR mAP i 75.92% & & 73.36%. H
H SRR ROK T S Bl " AT R T R
SRR Z 65. 34% .77, 42% F133. 11%, XEH T
IR AT R B Sk 5 R A H X A A ) AR
fIE, 1 FL-SAM BE f% 3 5 A5 AU X DG 5 Jay 3408 DXk 114 5C
T, T2 R (I)2 23 (R RRAE R A g

& Bk KMFEM £% H )5 , B8 mAP & [ &
72.81%. o, 7L RN A 2 A AR b gy
fIE AT R N BB R B S, 4 O B A 81 44% Al
25.92%. il KMFEM BEA% I 2 ] 25 431 558 5

DX 38 (1432 Bl AR AR N7, DT 8 P14 750 o) Jet sf 2 745 A
TER AR RE T o

% 55 IF 25 R AiF 388 55 9 2 Hh (Y CL-SAM R 5
PRI mAP B[ 2 72.38%, Horp, 43" g 5
UK AT R T BB R B, U 3" o
60. 75% [% 25 44. 84%, X & F CL-SAM BEfg i —
A Ak g J2 08 SCAS TR A, 3 A A X617 A 32 44 L
AR X R FRIRGR T, W EETHE 2447 0 1910 5]
eI,
B % LSTM J& , 45 8 mAP F [ & 72. 02%., H
R BT 5 RN AT R R B B, A iR 2
39.37%F123.29%, XEH T iR A AR
B P RS AR 1T, BT 2 [R5 B DA S8 3 iR L Bl
WAL LR 1T LSTM BB 6% 38 43 A 1) 8] P 8104 A2,
A RTINS AT R AR L ) PR e
3.4.2  BIREVER 4T

I Ja AR SCHE— 2 AT T R [ L2 A XA AR
PERE M, LI A5 AN 8 s o S5 RN L5
LSTM (20 & #& A RE T AN, 08 W e e B0 A 7 2R3
SEAELEAEH . Hri  KMFEM 5 LSTM #9404 Bt
8T 8B 1 mAP, 2 B 5 IS S IE 5 K I AR
Z AL ELA R0 M

K8 MERRAEGIBLER

Table 8 Experimental results of spatio—temporal module

combinations
FL-SAM KMFEM CL-SAM LSTM mAP
v v 70.11%
v v 69.54%
v v 72.19%
v 69.7%
v 71.87%

BN, 415 FL-SAM HY 20 & B AR R AL T R A0
FH FL-SAM R 25 4528, U8 IR = 56 B X dul 04 52 fig
UG A R TL2S AR IE R IR RE T o SEHid K B, 13T
SrALA T, BT CL-SAM, SRS 8 8% (R F5 4
I PERE . X FTREJE B T ROVRAE IS , Bl A 26 TR i
B, FEARHE B R S PR LR SUE &L,
MR —E R E 2R 1 e 2 2 TB) e S it o
AISZIR . VAR, A Z TR I T A R I 2
HANKEER LRI TRTERE
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3.5 4HERTAL ST

SRyt — 25 B IR B 25 R D £ 5% S A T Ry DX S Y
FRAF SR BUAE 17, AR SO0 FL-SAM 5 KMFEM % H 14 4
AR HERT T A A4 3B, ] 8 BT o

) e :
EarS
T

(b) 5ICHHZ) (c) F3h (d) 314+

(a) S Al

K8  FL-SAM Z [ [ 5 KMFEM 32 s )i i #ik 4%
Fig. 8 Visualization results of spatial responses in FL-SAM
and motion responses in KMFEM ((a) nose touching; (b) toy

interaction; (¢) motion; (d) fighting)

& 8(a) 5 (b) /35l &R T FL-SAM 7£ “ & fil filf
5 5HeH H 8717 0 A i 23 [l i 25 5L ] DA sE
SIS YRR A% AT AR AR TG L3 g B IX I, &8
(¢)5(d) /R T KMFEM {E“#3h " 5“4 3" F71 Ry
(A3 Bl 1 25 5%, B R A% 28 H AT S AH 1 Bh A AR
AR, TR B 0 i 5 S8R T4

Sy itk —25 43 B 2 [ R AL )2 SRRE
() 388 B A5 R | A S0 CL-SAM i 13 174 388 38 0 )07 #E 1 7
TRIAAE b, E 9 s . B RR T 2535 [0 1
5% 25 W 2R BRI 256 HEERAE 1 TR B0 S48 R
T le—1 11 88 -3l 1A (1 AT ML AL45

SEREH gead A AN R iR e | AUD i e
XPAT R A G DXl ™ A= e s i 1, Uk B CL-SAM fig %
ARANHITUARTE 5058, JF G oA T X s
M FEIKBETT .

R Y0 IE LSTM X A7 Sk 5 P AR b 1) A 1 g, AR
SCHE— DX kR B AT R BB R AR T T
ATAAE AT, & 10 B .

S5 RRH] LSTM RBUE A R KA T M ARt Ft rh
MBS PAE R X A B R A R e R IR AT
HA B P ik

B9 CL-SAM 38 i vy vl #ifk 2k

Fig. 9  Visualization results of channel responses in CL-SAM

N
(a) Hifkib

110 LSTM i P4 S ] A6 25
Fig. 10 Visualization results of temporal feature responses in

LSTM ((a) Lie Down; (b) Stand Up)

4%

AR SCIH 1] 32 2 HE SR PR EE T AR FE A8 AT iR S
Ha AR SCAT R 3 e oK A T A% 13 AT
13500 4~ 7 M S () PBVD-13 RSB G 4 . 76 {4 B2
Yok R BN B BRI S SRR T O B RN I, E
— YR T A ATHE GRS IRENEAR RS 5is
AT R, LUARE S I B S 4 3E R filln 4 2
FEFIAHDCAT A, N EE T T BB AEAT 25 FriE
L I AR IR AT S 7 5 1T )

SR E ], PBVD-13 ELA LU il 2 > 1k
() s 5 31 Sk Al 2 0 i 45 5 A DKL EA Ty
T EAR PR AR SRR T £
FERNREAT AU PR S R L S . A SR
b AR SO Y R s R 5 I 2% 7 PBVD-13 |
HUA 75. 92% [ mAP, I 76 40 57 HotPig £ 45 45 1 It
1376. 64% 1) mAP, #f— B 50Uk 1 I 48 )7 ¥ 7E A ()
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