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Ak 6 LA EREEERTI, #GsE RFE. ok
R T4 R ORI 8 R B e, DA O ZE 48 4 e R 5
HEMREHASE,
1 RIEE R
1.1 HEXR&E

B R EH LT T EAERREEN, Nk
WAFBE S =W EEEE, T 2019 6 H 1 H
9:00-14:00 (I, YeiRaEZ1) HLH 3 MEH TR 5,
BAMEI R 10~30 [ K, BREEE 5~8 HA%,
FEREK/NZ A 3.5 mx2.5 mx 1 moikHL 5 2 H#E 20~105d

MIRE R A I 35 Sk, KA ERE 700D BBk, &
AP AR BBk 0.3~3 m NS, TR TR
AN TR RN G DX 3o BT 5 B 3 5t 1 5% A 0 I T 245
SRARHE, IR IR Sk, HORE %
B NIER S, R, ASE AR A 5
B R ERBOR, i 2Rk S A A AR T 9K
15052 NG 1N (7T 9N SRR 11 AN = B 4 4
ANIE SR 6 280 Fn i IR BB AT D G 8 5 B A B Ao
IS HOREOR Y B SR A V0 ] R A OR B 2k
HR R P AN (T AR v, H R SR A A v U
R 1R,

R HFERE 6 RETENX

Table 1 6 types of gestures definition of pig face
#4 Gestures B AR = K Gestures sketch BAFHIA Gestures description
PR QIEg? PRI TR T, WG 5 B RV 19 7 10°
orizontal face \ ] /
AP

Horizontal side face

IR IEK

Bow down face

N

(SR}

Bow down side face

3k IER

Look up face
EiE i

Look up side face

SRARAL T B, W P IR 5 U IR L AN 1 7 1) e ffy £ 10° LA A

PIMRESIOL T8 SRV G P B (UK S5 S50 () R AN S5 K~ 7 [ S A it -10°

PR TS VR W P A (U e S0 ) S e MV A T 1) S A it -10°

PRI T BRVE R, W e MU 5 ST () R M S K P 77 1) e it +10°

PR T BV W S A ALK 5 30U ) S e AU KT T 1) S Al +10°

T FAIIE55E SORYEH R AR 7 5 SR PR e R AR SITRE KT D5 1 B J5 9B, AR SRR 7 10 R J7 5

Note: The positive and negative angle is defined as positive when the angle between the lowest point of mouth and the line of neck is above the horizontal direction of

neck and negative below the horizontal direction of neck.

1.2 HEmAE

Vg R IR AE I AT R Z B A DA 8 A 0 Ml i
POy iRV A E1TE S

1) S SRR (AT ) S A AT AL B, %oF 3 B 38 1)
1 920x1 080 43 ¥ % PMG 10 L i 22 (AR AR # A DA L
Rt 2:1, TERUGIEFRMEN 2 048%1 024, FKH
labellmg o /F Ay i & i s bnvE T, Hod FE & 1a~1b
PR

[ xoriemk [ ke

Horizontal face

WESE:

Horizontal side face

ISV SR GRS SERE
b. Filled with edge black
pixel value

a SRALHLEARILE
a. Captured video frame
captures picture

Bow down face

2) AR IR N 73 30N 416%416,  HO ik
WEE R AR 2 ST PR R BT R A, K
HON 2 048x2 048, IPERIUKI K A s islE, AR
LR 416x416, LU/, REBIHIIZ0EE, 7
IFXPER 1D FTARIE G AR AL B AT AR NAR AR A, LASR
U e PG RO HG EAR AR S, L FE AN Te~1d P
e HIE 1 AT, BARFERSRAR AL T BRI Y,
{EILIRAIFAR 2D, MASSCRI HBATARE -

NI

Look up side face

EEP R4
Look up face

(SR}

Bow down side face

c. 7 d. RO 4

¢. Combination d. Size compression

Bl it
Fig.1 Data processing
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2o b3k 2 BAEE, ASOHREIRERIE 989 5K,
2 HECIER P 5 SR K 2y Mg T, L 504 KA RISRAE,
65 sKAENIIESR, 420 FRIE VIS . IZEET 3712
ANAFEIEAE, WA 2 106 MERAME, *IZES
MR R LSRR B E Gt 4R IR 2 Fos. il
2 g, NAEESNRREL 6 MBS A ALK
s AT 10, A TR % i R AL B 5.1 RHE R
B
x2 NEEMNREZRNESLAINLE
Table 2 Numbers of categories gestures on training and test set

ATER ATl ek SO s e e

iR Horizontal Horizontal Bow down .. Lookup Lookup
Data set . down side .
face side face face face  side face
face
AL
l).”’fﬁ‘% 636 1288 315 561 326 586
Training set
i B
AL 422 697 194 284 220 289
Test set

2 AR

2.1 Tiny-YOLO #&%!
YOLOVI1. YOLOV2 1 YOLOV3 & Joseph Z5!'¢'8
P& H 0 H bR A I8 A A 8L, Tiny-YOLO 2 & & 1k

YOLOV3, Hph& 1 fp BRHE & 7 M 21 (feature

pyramid networks , FPN ) Fl 4 %% F1 W 2% % ( fully
convolutional networks, FCN) A, #5784E k) 5 & 5.,
TR AS B o v, 3 R R,

Tiny-YOLO #5832 iy 45 A1 2 5 ith Ak Z PHER
HB M mE 2 Frow. B8 N EIE o PR N
416x416x3, Zid— R4 3x3 fl 1x1 HFL WAL FR
FEHRAE, RPN UG T FRAEER EL, TP R e S
FREE RS 3 KIS 7 s, 8753 i)
FORFFAEE 73 HR 2 55 < oy Fr 2 m < BB E . BT AR R R
B ARE SR UG B B o L) 22 80K, Tiny-YOLO 5IAZ
JROBERFAE S BB B DLARAIE XS AN [R] K/ H A5 3 B A 1R 1)
FriPERE . BEAL 20 2 MRERHER, WK 2 0.
@FTR. 2 RIEFHEEX T F— BAr ol e A 2 MRl
Zi 3, Tiny-YOLO 5| ANJEMR KE#IH] (non maximum
suppression, NMS) BOGIER 7T A% A6 IIAE LA 4550 T4 4
H AR ME— R MAE, AL B B, BEEE
1o 1H Tiny-YOLO B FERHESR UL 2, SPRHE ]
AR AN DX IS5 R T A [RIBCEEARL, 17 7 A M i e A A
H, R BORE IR E ERTA AT X i [X 3R
ENTTRREANE, MR TAFAEM. BB, e
SEME RS BRI, SRAHE I DCERRAE, AT SR e AL v
T

! ®
o gl = - — — — — i_
> 26%26%256 13X1iX256 13x13x22
AR R CoNVA
416x416%3 28 v
I\ LN AT
CONV: BB 416541653
bOOL. {C‘L?a;ﬁﬁlon operation ). ®
UPSAMPLE: R HEe I "3’6\_’ - i_
" Upsampling operation ’ 26XI%6X384 26x26x22

E: LZOREBRHLE, HZREINFHERE RS, FRREETMEREE, O, @252 EIE K 2 oA [ RZR S 4

Note: L represents low-order feature map, H represents high-order feature map information, F represents high-low-order fusion feature map, (D and @ represents two

different scale detection results for input images.

B 2 Tiny-YOLO A28 ¢ 44 B
Fig.2 Model structure of Tiny-YOLO

2.2 XF Tiny-YOLO 155 B 4 ik
2.2.1 I NGBiEE AR

BRI AN [R]85 B RSl 45 SR DTk BE AN [R], ARSI N
i#IE)E & /7 (channel attention block, CAB) A S 43 11F
A8 ] (0 R P AT AR, WIS [ — R AL T AN [
{7 B BAMFE R EERERG L, A58 a8 L P s
G S IR 59 A SCHRRAE, T B AR Y R AE e
RS RE AL AT, HEMWE 3 Fis. &R T
PRBE M R FIC AR A AR IS R, 3R VRl R 46 5
NARFAIE ] 2 () 4 B35 A SR A MR R R 55 B BT IE
TR, (BB R R AE B A B — s TE R
B ERRBACN BB RSEEH, HI5S 7R E R EURIX

SN B VE R AE BRI . T4 JR) R ORI E R JEE
e % i e R S 5 M S O 7 PR B S i, T —
B SEALBUR X I AR b 42 R PR IR AR . D, AR
3 CAB BERAE AL Gl T VE = B o in N 4R i oK itk
B, B S PYRIEREAT & R 8 S BRI AR S A
PIIEE AL E [ DL G SRR B AT B TE e, S
RFAE ) 7 5 R A HE RO

HZOBAFIE 3 rEREMER 2 R, Hi5Eo
(1~ 3.

B.(H)=0(Hl+Hig,y ) D)
H;iG:VI/lT'VI/()T'HEVG (2)
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HS =w"-w'-HS, (3
Hrh B H)FoR &MU AIEE R )E S, HdEi
FRAEAE BT T 5 SACHM R IE Bl g AT ik %, HY, 5
Hy, o0 3R 42 R 3500 A0 55 4 R B R AL B 4 25
R, HYS .5 Hy,, o iR os G R 2 ab BEE ) 42 R S35
Wt 5 & R & KM E, HO4E YA
H o Hy o H o Hiye € RO, Hodt ¢ ORI RRAE B

HERE, ok sigmoid BRI, TR IEE A E
WL 2] 0~1 2 (8], Wo'5 W, 7 BIRREZE S E0ERE,
A5 15 5 e KA B E L L E o A, W 5 W oy

BN W 5 W, M, AR W, e R

R s FORIART T, SEhRRF
o RN .

WleIR{;X
N8,

\/.<1.\ H\ MAX

—(conv] &0} ’®_"
o *m»'*‘—»mm/ B(H)|
g

Higher

Lower E 4R Kb 1t Global max pooling
(T 4 )5 F- #4931 A Global average pooling
#: Higher £/REMMRHE, Lower RRMKHIHFIE. HS,, 5 Hy,, MAIRRAE
JAFERA S & RE OO, HY, 5 Hy, 5 R G REE A S 1 4R

AL &R KA E, W 5 oW 2 IRRBREESEUERE, okoR
sigmoid FIE AL, Bo(H)R/RRAIREEIE T = 115 B

Note: Higher represents high-order features, Lower represents low-order features,

HS, and Hj,, represent global average pooling and global maximum pooling,

respectively, and H'S, and H,;, represent global average pooling and

global maximum pooling values after hidden layer processing, respectively, W,
and W, respectively represent the hidden layer parameter matrix, o represents the
sigmoid activation function, and B(H) represents the finally obtained channel
attention information.

B3 didEE Ak
Fig.3 Channel attention block

2.2.2 FIANEREZ AR

A GBS REE BN R R SRR R, AR LGIAT
[B]7ER /) (spatial attention block, SAB) it LUGHSAE K]
WG R BT AR, AN R E R B A [F A E A B
AH R 25 (R A LA JE o A ) T8 T A 7 70 0 R A1 A 1)
B — 1838 N A SRR R L A R, AR R
DX R TR AIE B A B — A, B BT A e TE A R
Qb B HEAT 22 R T it A S s oA Rl A 4R A DUORBUER
E B AL B (B AR,  FH DARR 78 1800 v B AL ek
BRI B O RAG R, A T RRAE B A SN
BRI AT 07 126 DU HA 3 FH T A0 408 e 0 248 2 A W P
fiE, HiZOEAEmE 4 HELIENR, HitE A (4 .

By(L)=0(CONV (L6 + L ) 4
Horh B(L)Fo s & AR R B S, H AR R
HEAE FOF PR T 51 S R HTR G P 7 2 15 B e, 5,
5135, 4B AR T AL 5 A R B A B 2

B HEEIN L, L, e RY™, b Flw 53 3R @
FREEIM R E S %S, ofkor sigmoid BIEH K%L, CONV
FORBIIZKANN 1T, BRZNEON 1 KERERE.

L ..
Higher & |

//U\ — (CONV#| e () e () ——
0\\[ﬂl/$ 5 —6,—+o—

Lower

15

AVG

ﬂ 4 J5) e Kbk Global max pooling

ﬂ 42 5T #4ib 4 Global average pooling

F: Ly 5 Ly HRORERTERLE SRR, B(L)RRR
AR A FE R E B
Note: L%, and L}, respectively represent the global average pooling and

global maximum pooling operations, and Bs(L) represents the resulting spatial
attention information.

B4 ZizE AR
Fig.4 Spatial attention block

2.2.3 mkbidiE b w2 E /)69 DAT-YOLO A4
ASCHRH LA CAB 5 SAB 5] DAT-YOLO(dual
attention tiny-YOLO)#EA!, X} Tiny-YOLO #2447 24 ik,
T BRI EE R 2 M A I R A, A g 4
Uik 5 Fi7n - DAT-YOLO #£ Tiny-YOLO # 7! H1 5] N i i
R 1Y S (A R PR AR DL B R A IR R 2
FROE, SRR 5 FARPY RRAE AT @ v 1R, R
B AE I ) Fi 51 e R AR AT A (R R 0k, nIEAN
BER A RS HE N AT TR AR AR H AR
1o FBEFRIRES B AR M FESRAR A B, SMILRT
KA B AR JE I 3 T AR ZE K, DAT-YOLO fR¥ T
Tiny-YOLO [1) % R FERFIE B BB LLARAIE XS AN [F) K/
A BRI R PERE . DAT-YOLO A% O 5
HEAMNEBIERT R, HitE A (5 .
F=H+L+B.(H)-L+By(L)-H (5)

Hor H R EYRHE, L RNENRHIE, BoH)FR RN H =
B REAE AR BB E R B S, HA T 5 SR REE 3
THELESE, 4N B (H)eR™™, By(L)F R HIICHHE
MEA R AT R IE R, 4N By (L) e R™™, F
Kra it A E R e B, H4ER KD N
F e R, @B HE o K/NERM KF. CAB LLK
SAB HREUBIER A, RhE S PIRHE BIE N R @R E
ESIRETPNS
2.3 EENTMISRR
AR H A I A5 A T S5 A FE mAP LA
FREH - B % (precision-recall, P-R) HiZkZ 1k
VE P At DA B 4 s 000 A0 4 i 3 28 A Rl PE e
P-R 4R i it () & AN [F] 4 5] 28 5 060 B 49 [0] 287 s KR
) (1) 568 B OL, AL IUAS BE AP 48 P-R B2k N7 T AR,
mAP F5 [ —BERUXT 6 M A R R AN 1) AP T 351H .
Precision. Recall. AP & mAP E XUz (6) ~3 (9)
F7R
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Comvs — —  |CONV*2 —bi_
______________1_3_Xl3X2_5_6 . 13x13x22
: ;\ bdier 52 UPSAMPLE*] |
416<416x3 0 [REREEE 26326

I

\

I

|
CONv: T BUE |
gorgf]?/}ion operation |
A Ped ‘
POOL: Pooling operation |
UPSAMPLE: LHRFFIRME
Upsampling operation |

I

|

I

\

I

\

I

|

i

&

"\t)b

26x26x768
5

7 ®
P2 e _.i_

1
|
1
|
1
! 416x416%3

|

1

26x26x22

e Bo(H)- L FoRZ5 M RMIEEIE I 5 AR AE R R, Bo(L) - B FORZd R MMRAIE 22 8] 5 25 (M m YRS E 5 2

Note: B.(H)-L indicates low-order feature information after high-order feature channel filtering, and By (L)-H indicates high-order feature information after

low-order feature space filtering.

B 5 DAT-YOLO #7% £ #A
Fig.5 Model structure of DAT-YOLO

Precision = TP (6)
TP+ FP
Recall = TP 7
TP +FN
AP = .[OIPRdr (8)
1
mAP:EqucAP(q) (9

Horp TP FoR BRI IE KB oM IE IR AR R, FP 3R
AR TN IE SEBR N S REAS iR s PN R 2
NFSERR N IEREAR SR P, R 4R R R 5 ]
By CHRRNZSIGEE A6, CERRARE i
i, i KBUETE RN 1~6.

3 RETFESH

RGP S E AN Intel(R) Core(TM)i7-6700CPU@
3.40 GHz 4b¥EEE, 8 GB Z1THAE, | T % &, 12 GB
GTX Titan X GPU, %%y CentOS7.4. K keras™ HE 42
AT AR RS . KBEIEED RIIZGE. RIFE K
WA 3 AN, HAIZERANA 504, BHESE R/
N 65, MAREAR/NA 420, NEEFRAAFEH, REEI
277 4 Tiny-YOLO 5 YOLOV3 2S5 %1 8 A>Tl
TEGRERIRAREE Fab AT, YIZRR — Mk (batch)
B 16 5K B A, T 1 IR AEFRIZGERIRIRAN 1 IKIER,
A E BRI ECN 3008 TR K H 5 Redmon!'®!
— B loss $51 2% BR £, K 1 IE RLAE FEAL T 532 (adaptive
moment estimation, Adam) PURALKERL, YIah S Fik
BN 00001, AF KA E M H BN (batch
normalization) BIHEAT IEMIAL . o A5 B G I AS 1] /)
HIZE %G, B\ Faster R-CNN [FI45HE (anchor boxes) [
AR, EIE A K-means HVEN I ZRERHEAT R,
BRI S A Tiny-YOLO R AR D5 @8 FlU R 73 1) AE

B2 PPN E RN TE AR R ) B AR HAHE, 28 3R15 4
AN, HR/N AN (23x27) (37x58)  (81x82)
(135x169) , HREo HHE 2 M, &EllE
KIGHAT R, RE FHRT 2 MiA, EERNE /T
%, B YOLOV3 RFIERY, A5 9 AMHESHE, LR/
AN (10x13)  (16x30) (33x23) (30x61) (62x45)
(59x119) (116x90) (156x198) (373x326) , HAHi
3 AN RSORE ST S A A /N6 G, HR D 3 AN A
I PR 25 /N, T 3 AN UNE IE A AR D A R G
X% . fEitH mAP fE AR fH B, Z M PASCAL
VOC2012 mAP PP FEAR00E X5, B SR 5 F
FIFRVEMER TOURME T 0.5 FLAS I 50 40 [F) I 40
T I

4 HBR5SH

ARCFEBRE S 1 CAB B E SAT-YOLO (spatial
attention tiny-YOLO) T HiA! . R SAB 5ty &
CAT-YOLO (channel attention tiny-YOLO) FARY DLl it
2 HE R IBRAE Tiny-YOLO RAIFR EA M. H
Rk — IR = I E BAE R A R T Re,
T YOLOV3 #8475l #4 & CA-YOLOV3 (channel
attention YOLOV3 ) . SA-YOLOV3 (spatial attention
YOLOV3) 5 DA-YOLOV3 (dual attention YOLOV3) ¥
B, PR EPEREIR .

4.1 IRBIRIGNAEE 55

7 3 4 Tiny-YOLO i 8! 8 Fh 15 AU] AL 4 6 Tl #8
BRI AP LLAEAR mAP, AN [EIA A [A] SR FH A7 (5] 1
RIS H, I R 3R AR A i A Rk,
Hh &g — RIER AT B2 ATINERE ) NG NE
EERENAGIANENER SR GIN 2 FESE & 4
AR, DAISUFVER S ML 240k

R 45 R L
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1) 3T Tiny-YOLO HJFHERIEKPMIAG . K3k IE
Ji6 . A8 LG 22K 1 AP A T2 T YOLOV3 ()
TR, HXMESKIER SRR AR ok, R 2 1)
Al AEXMESK BRI ¥ AP {H 51, Tiny-YOLO
RAEAFE T YOLOV3 RAIBAIIRE T 2.20%~
8.59%. Tiny-YOLO F 14514 B X 7K - 1 e ARG Sk A i 42
SRR IS B fE AP {H, (HH(EE YOLOV3 RN
N AH R 3 S B A A ATy R e e 4 17
Tiny-YOLO R FIF R ) 4K mAP FaF5-5 AL RV 5
FEE) YOLOV3 RABAA IR & T 0.46%~1.92%, H.
XTEE N 2 ZREE IR 74, DA-YOLOV3 #
AT mAP 18i% 5] 81.92%, DAT-YOLO BAFil mAP
fHIAE] 82.38%, HfF | AN R AR, 1% T2
H5) ONH TE 53 7 AR R T mAP FEFR,

SA-YOLOV3 i #ll mAP 1§ i& %] 78.30% ,
CA-YOLOV3 Fiilill] mAP {HiA %] 75.80%, SA-YOLOV3 il
TR T SA-YOLOV3 Tz R, SAT-YOLO #&7%! ii
M mAP {Hik % 79.43%, CAT-YOLO R Fiill mAP {H ik
# 77.72%, SAT-YOLO TR T CAT-YOLO il
BUR, IX R B ME B H 2 = /16 YOLOV3
Al Tiny-YOLO RAEAIMERERE K., B YOLOV3
W8 2R IR, ABAEAR ORI B A s, HERES T
Tiny-YOLO FRAFIEAL, i ERILKZE UG, HAFER
fERE J7ibR5E, (HIRZ P2 Tl Re <y Kbh BV R ), 3
R LR EETIER B A AL | dhAh, ARSCRER
AR BAY S 8T S E G R TR
FEAL NI RE L FEEERENE A, REMSEER
AEMARIERE . T EIRRIS SR, A 52 HAh
Fabn oy AT £ A T MRS Tiny-YOLO RAIFEAL

2) Tiny-YOLO HRFIAL) DAT-YOLO THAEL
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Table 3 Detection precision(AP) and mean detection precision (mAP) indicator values of test set for different
sub models in facial gesture categories of pig

KL K5 E Detection precision/%

R TR ST RIS
- i N § § N i
Model Submodel  KTEK KT Sk G kiR kg~ Mean detection
. Horizontal side : . . . precision/%
Horizontal face face Bow down face  Bow side face  Looking up face Looking up side
YOLOV3 74.45 72.57 77.66 70.71 67.27 74.99 72.96
CA-YOLOV3 77.73 78.11 75.26 73.71 73.58 76.42 75.80
YOLOV3
SA-YOLOV3 81.68 76.42 78.96 78.69 77.04 77.01 78.30
DA-YOLOV3 86.58 78.27 87.41 76.76 79.04 83.46 81.92
Tiny-YOLO 78.63 72.33 85.42 66.03 66.56 74.96 73.99
. CAT-YOLO 82.60 78.19 83.85 70.53 73.39 77.76 77.72
Tiny-YOLO
SAT-YOLO 83.07 79.20 86.50 77.43 72.82 717.56 79.43
DAT-YOLO 85.54 79.30 89.61 76.12 79.37 84.35 82.38

4.2 RREIFUMNEER TP 5 FPHE SR

NI Tiny-YOLO ZR AR 4 Ry HRXT 6 Ffh s
AE TR, W= 6> « X (7 F TP, FP
[ FEARE R AR R R . W TP FP (A AZRI, 75X
BRI ) 25 RFBMEEAT T UERAT, H R REREEE
RT R ERTIE A EEEREREN03) , #

1 0 4 1ok 1R TRU AE 4% BB S B AE AT B T HES, B
Je Tt B A P A T A 5 B SITHE TR (1) TOU 1, #5 TOU
KT EBE (A3 10U BHER N 0.5) , TP 24 /T
HENIN TP 1, [R]FKs o B B SRRy o ORI, 5 R0t
2% L SIAE (1 A T AE S8 5N FP h, #5628 Tiny-YOLO
RYNRERY 4 Fh 7RV TP 5 FP HIIE 6 s



%18 W ML, FET I Tiny-YOLO RERY (1R 3E 57 A 5 6 3 8 A 46 175
2TP ERFP " e SN .
) . J’( FN (40, SRR AR FIAR R T 45 5 TP, FP
S /K- IEN S /K IE) — e - N E
=2 =& (TP 6 i 4T FN $OMH, PR o3 — Kl 5
% g KD % g HEXCER T AN, TP EURATA 4.1 35K, Wi# %l
- oot 2giom B FN 45 8. RANKBID P-R 2k T 7 TARER 9% 3
SRkl S o k) PR o "
'S 4 S 4t oot RS ZE %28 ) _E i AP A, EIEREREEIT A b A,
= 0 200 400 600 800 1000 = 0 200 400 600 800 T 000 T 2 N
#r F Count # H Count TR SRR
a. Tiny-YOLO b. CAT-YOLO
E SO E SO ]0
= S AT IE] _ S AT IES 5 - 1.0
R 5 ATl R & AT z09 2 09F
%3 & Ik e £ 8 MKk k) £os g 0.8
R L g BE sl 3 .7 — Tiny-YOLO(78.63%) & (71 Tiny-YOLO(72.339
53“—: L o i?j;_ L E &' [—CAT-YOLO(82.6%) X 7 —CAT-YOLO(78.19?
S sk &g sk 20,6 | — SAT-YOLO(83.07%) = 0.6/—SAT-YOLO(79.2%) \
& LM 7L RGP R —DAT-YOLO(85.54%) 11 = —DAT-YOLO(79.3%) : :
= 0200 400 600 800 1000 0200 400 600 800 T 000 05— OS> Toe os 10
c SATYOLO 4 DATNOLO Al Recll ety
-OAT SOAL a. AT IER AT
- b.H tal side f:
;TP FRBUR BN LS IR ERIREABCR: PP 2R BB I 30h 2 Horizontal face .
ASUREARE . 1.0 1.0
Note: TP represents the number of samples that are predicted to be positive and 809 0.9

actually positive, FP represents the number of samples that are predicted to be
positive and actually negative.
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Fig.6 FP and TP values predicted by four sub models of
Tiny-YOLO series models for six facial gestures categories of pigs
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Note: The data in the brackets indicates the AP value of the current model for the
corresponding model, and the value is the area under the current model P-R
curve of the corresponding model.
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Fig.7 P-R curves of four sub models of
Tiny-YOLO series models for six facial gestures categories of pigs

M 7 el EE, IANERE VLG 3 Fhy i
P-R W 235 A1 TR ik & 7745 B 1) Tiny-YOLO #:4¢ |77,
X & RN Tiny-YOLO Al A5 24 fir $i B A5 FRREAIE AR )
B AN A r BACFFAEREAT X AR Ar, WA X5
PR D25 S oTwk BEAE [F), HSRbRe,  REAS DU A A ] A
FREAERAHFEEMNERGEE, X B PR X IR i DAL
] AR Y O b A AR AR AE B, UBRVE R G
S R0 B TR A I A A AT A o X T s g N 1
PR IPLHITE L, SAT-YOLO THAI7ERR$R kL IER
FAAN I H A8 EH fh 2867 F CAT-YOLO T I
77, VB SIEE E R AR, A R R 6T X )
RENHE ., thsh, 4 FhrBBHIGCKIER . 0k B,
Fa MRS 3 NEEZEHE) Recall fH/NT 0.1 B, Precision
{HIYERRAE 1.0 fil, Z R ANK, HEEE Recall fHH9/,



176 Ll THE2AH (http:/www.tcsae.org)

2019 4F

DAT-YOLO T B H &, FH XM Precision {E 14
AT HAR 3 MrB8, HreiakiER. Bk 2 A
K5 FA RN . BR DAT-YOLO TR 7K~ 1F
5 KPR . ARSI 28 3 R B EA R, (HE X
N 2R A SA TS T IR PR, ULEALE FIR I 2
FhER I O o] i KR EE SR TR A M, RE 7 /0l
e i BERE =k ikl IR = WAL Ve
4.4 IRBIFUGNEE RS

N E 0 R B R O Ak R, 7E AR 4 B
Tiny-YOLO RFIEAL 4 Fh-r AL AT I, el 3
MERI AL EE R 8 Fim. HA AT TR s TR 25
DL e R B, TR0 45 5 b TOIAE Zc B A R o R
RN TN AT LA R BEE .

/KT 1E K Horizontal face  [17K V-l /;Horizontal side face
%3k 1E/K:Bow down face % K:Bow down side face
[14A 3 IE K Look up face F 5K Look up side face

JLOGHE
Truth box

Tiny-YOLO JIE

CAT-YOLO

SAT-YOLO

DAT-YOLO fE .~
a. 51
a. Image 1
B 8 oK AT 4R
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Detection of facial gestures of group pigs based on improved Tiny-YOLO

Yan Hongwen?, Liu Zhenyu®, Cui Qingliang®*, Hu Zhiwei*, Li Yanwen®
(1. College of Information Science and Engineering, Shanxi Agricultural University, Taigu 030801, China;
2. College of Engineering, Shanxi Agricultural University, Taigu 030801, China)

Abstract: The face of the pig contains rich biometric information, and the detection of the facial gestures can provide a basis
for the individual identification and behavior analysis of the pig. Detection of facial posture can provide basis for individual
recognition and behavioral analysis of pigs. However, under the scene of group pigs breeding, there always have many factors,
such as pig house lighting and pig adhesion, which brings great challenges to the detection of pig face. In this paper, we take
the group raising pigs in the real breeding scene as the research object, and the video frame data is used as the data source.
Latter we propose a new detection algorithm named DAT-YOLO which based on the attention mechanism and Tiny-YOLO
model, and channel attention and spatial attention information are introduced into the feature extraction process. High-order
features guide low-order features for channel attention information acquisition, and low-order features in turn guide high-order
features for spatial attention screening, meanwhile the model parameters don’t have significant increase, the model feature
extraction ability is improved and the detection accuracy is improved. We collect 504 sheets total 3 712 face area picture for
the 5 groups of 20 days to 3 and a half months of group health pig video extraction, the number of pigs is 35. In order to obtain
the model input data set, we perform a two-step pre-processing operation of filling pixel values and scaling for the captured
video. The model outputs are divided into six classes, which are horizontal face, horizontal side-face, bow face, bow side-face,
rise face and rise side-face. The results show that for the test set, the detection precision(AP) reaches 85.54%, 79.3%, 89.61%,
76.12%, 79.37%, 84.35% of the horizontal face, horizontal side-face, bow face, bow side-face, rise face and rise side-face
respectively, and the mean detection precision(mAP) is 8.39%, 4.66% and 2.95% higher than that of the general Tiny-YOLO
model, the CAT-YOLO model only refers to channel attention and the SAT-YOLO model only introduces spatial attention
respectively. In order to further verify the migration performance of attention on the remaining models, under the same
experimental conditions, two attentional information were introduced to construct the corresponding attention sub-models
based on the YOLOV3-based model. The experiment shows that compared to the YOLOV3 submodel, the sub-model based on
Tiny-YOLO increase by 0.46% to 1.92% in the mAP. The Tiny-YOLO and YOLOV3 series models have different
performance improvements after adding attention information, indicating that the attention mechanism is beneficial to the
accurate and effective group gestures detection of different groups of pigs. In this study, the data is pseudo-equalized from the
perspective of loss function to avoid the data imbalance caused by the number of poses of different facial categories, and
actively explore the reasons for the difference in the accuracy of different facial gesture detection. The study can provide
reference for the subsequent individual identification and behavior analysis of pigs.
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