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PZrdE 260 G KGR IHEREE . HR K ResNetl8 ( residual neural network ) Tl 2545 5 - gk A7 1E R824 > |, | i Bk
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PAFBAF IR . EAh  ZETZI0E 2B X 45 LU 2 (Y AR AE 8 TR R b X 43 1 25 09 26 i XS 5 3 1 26 1 4 B X
B R AT ZonH R RS AR A 4 S0 UE T X8 LU = B TR S DX 30 AR B R SR AR AR e A SR
W 245 (1) 25, AR SCANGE ST YOLOV3 (you only look once) LA B ZEE: R %5 (siamese network ) 38 1E T #3111 2EA B R T 5
AEABLEE W G 45 1T LB X 1L 25 4 43 1) oR FH = e A 48 2 pR 0 55 38 UM 2K eR P by P — 1 82 pR B, - 56
WETZRWAERNE, ER WL 0 5 =R N 93.077% , MR T Triplet-Loss 151 2% PR %L 74. 615% (1)
) CrossEntropy-Loss 89. 615% HEAFA TR AT, LI ASCIR I AR TR EE 2 > 1 @Al RUBE 19 475 10 =6
TN AN B 55 B HER 252, T ELAE % LU = B 4 1R 00 O T B A % K B 2 R AR L, A8 B 1 o TEU3 = 19 B
B3, ARBLEE 5 1 S AR 5 TR SR AR T

KR R IR B B3R5 s Triplet-Loss ; B G512k pR 8 10427 )
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Abstract: Objective It is essential for the quick response in tracking information of animals for intelligent agriculture and
animal husbandry nowadays. Individual identification of animals has been one of the challenging issues in real-time monito-
ring. Different from traditional methods with high harmfulness such as imprinting, our deep learning based method is adopt-
ed to implement image recognition for the several of animal and human as well as the unclear multi-features relationship.
Method First, our computer vision method is demonstrated for individual recognition of dairy goat based on deep learning.
The 26 goats’ pictures-oriented are acquired including the head and other parts. Fancy fancy principal components analysis
(PCA) is adopted as the data expansion methods to expand the dataset. A sum of 1 040 goats’ images are randomly
selected for training, and 260 images are used as independent test sets; single shot MultiBox detection (SSD) network
based dataset preprocessing is initial to be required. Our demonstration uses the siamese network for preliminary learning.
The network structure and learning rate optimization algorithm are employed to adjust the parameters but not suitable for
individual identity classification. It verifies the goat itself in terms of the highly similar data set. The effect of whole goat
image is better than single head image. This obtained result has been greatly improved from the training of original head to
the whole body in the context of is the solo Triplet-Loss function. The original image input of the Triplet-Loss function is
composed of three pictures. Because the dairy goat is proven to have high similarity of individual based on the siamese net-
work , it is not required to conduct the data sets integration derived of the Triplet-Loss function as well as the set of different
goats images is complicated based on manual method. Next, Triplet-Loss function in dataset has its potentials compared
with the siamese network method. Our joint loss function and transfer learning model residual neural network (ResNet18)
obtain the goat information in terms of deep network structure. Finally, the joint loss function takes Adam as the optimizer
algorithm, our demonstration can get qualified recognition as the hard batch ( difficult triplets) of Triplet-Loss function are
not required in the context of Triplet-Loss function and CrossEntropy-Loss function and related parameters. In addition of
goats, we use the Triplet-Loss function and siamese network to option the feature for the goat face region and the whole goat
region verifies the features of the goat face region recognition is not good in terms of high accuracy rate. Our illustration is
not only uses you only look once (YOLOv3) network and siamese network to identify goats, but also uses transfer learning
model to learn. The siamese network verifies that the goat itself based on high similarity data set, and the Triplet-Loss func-
tion and CrossEntropy-Loss function are used as final loss function to verify the effectiveness of the method. Result The SSD
network was used to preprocess the dataset. The demonstrated results illustrate that the accuracy can be improved from 86%
to 93.077% by combining the joint loss function with Adam algorithm. When the joint loss function is used with Adam opti-
mization algorithm as well as the joint loss function accounts for a certain proportion, other correlation can be realized by
adjusting the parameters, the result will be obtain better recognition effect. Just compared with 74. 615% of Triplet-Loss
function and 89.615% of CrossEntropy-Loss function, the highest recognition accuracy is 93.077% . Conclusion Our
higher recognition effect of goat analysis is based on the model of deep learning. These goats cannot just get more effective
facial features recognition but can obtain higher accuracy derived of the whole goat body. Intelligent research of individual
goat should be conducted based on the segmented attribute of each part of the goat body. Furthermore, our research can
lower high labor costs issues based on deep learning model in terms of computer vision archives.

Key words: deep learning; individual identification of dairy goat; Triplet-Loss; joint loss function; transfer learning
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XA N (2016) 4 3 X 3l AR 35 AT 52 A5
SCEAR AT B S0 i BRER A BT 5 ke i
TTR2TE, HZ T8 48 0 2h S 58 A R T & f A
FEPERE R TIOIN , DA TT B B T A AR A fE IR O, A~
PRI A I 52 IR A N 8 B B O sh i 1 ik
filt, ARSCRAPYACARMRHE R E B RE W LU 3= I BIF TR
G R — R TR ST YU S AR Y O 12
X SRR A L A R 8 A AT UL B AEA R W
F B RFHEE B AR F RS = T, R
B 22 W A8 HEAT W L o B AARRRAE 27 o] | B )5 B2t AT X
WL 2N ARARAE I8 A = 04 401 2% RS 58 SURR
% PRBCEE A5 T SRR BB 45 K R, 5 5 TR 215 B i
ZRINREIR . AR CFZE TR 1) FH Triplet-
Loss 5 CrossEntropy-Loss Bt -& 104k B9 7 32, i (9 2%
TEZA BB S AL T 15 s PUNBE Ty, 38 = 91l =
AMARBI B HERS 2, 2) F5E 0 3 L = USSR
SSD (single shot MultiBox detector ) 47 % #i& £ 1Y 7
AbFR S R A 1 B Js N 1B AR T e B
RS2 o 3) it 28 A [ 2 ( siamese network ) B33
L= B> A 2 18] B0 R B2 w8 B9 %5 A, B Triplet-
Loss Jr UM YIZREICR , A4 &5 073 1 =S4 B 4311
S B R 2

1 MExXIE

SR 5 N BIAE L, 24 )8 T K5y
BT, I H AR 09 73 23005 S AT H o i 145
A B RIS, 3 5 AT RRAE SR I
B — e — NI R Ja i AR E
BAFIEFFHEAT 028, B LA 58 B W3 1L AR B

RN AT DA 5 AR
1.1 ETF DeepFace DeepID 5 DeepID2 HJ A B2
SE %

Taigman %5 A (2014 ) $& H T 3 T4 BUph 28 X 2%
B BRI 7 1 DeepFace , 258 1 R 4 4 000 1~ A
(N UG R AT U0 25, I R 3D A A 4
AT XS IR TSR 2 4t 9 2 B )I 25
AR 2 NMERE R EERE, R 3 B
BRI BT BBCE 2 R R E 2R
R O6F I ) NI ARAAIE 55— 22 1 4 softmax 432
2o IR AT N EAESE LFW (labled faces in
the wild) FVERAZHE N 97.25% . Sun %5 A (2014a,b)
£ 1 T DeepID ( deep hidden identity features)
DeepID2 &5 753 , i FH I B6r Uk 5 43 25 447 0 2% 1|
£ /NS BN €7 S B N L B S |
97.45% 5 99.15% . {HJZ, T DeepFace 7 £ K HL
AR BN S5 T7 204 BE AR UE HERR >R | 1 0% 11 = 8 32 5
SAEAE R S 1 5 HC A T = 4% L = 25 () A
FF LA bR AR AN TS A T & Ok SR, X T
DeeplD 5 DeeplD2 , 4445 ¢ v A7 72 K & T A K
I, 2 X6 FE TR A HER 83 o e, JCHAE 225 R0
b AWH IR E T4 BRI B
b, B SVERENL B 278, il T3 10 3 09 4F sh e A,
MELLRAR [ 1 B R, BASI H s 4 vh o] fg
FEfEZ R & A By AR H A R BT LIZ R M
BAEGATH
1.2 E-TF one-shot learning # A B 1R 51 & %

Vinyals 55 A (2016 ) $2 11 T —Ff A U0 3500k
one-shot learning , 1] DL 7E Il ZRFE AR & 1418 D0 T 52
IBRSHERY 328 . A E R TTHRTE TR T
matching networks, ¥ {3 & S HLHI AL IZHLE 51 A
Pz AT 55 A 200 AR AR AR A AT 1 25
AT DUBAS B ROR | fif Tk T J0 163145 R i A7 R0
PR I S S, ABACRH S rh g L = 4 4G A
TN 75 22 ARAS AN 38 FH T O BR 5 B AN [m]
B £ B2 AN [] A R 55 A S P4 25 A 00 Tw) st A1 A 4
FEA IS /D | Ty A R SE R R A TR R
1.3 EFTEAENEHARIRANEZ

Chopra %5 A\ (2005 ) 2 H T 2542 W 4% ( siamese
network ) , FH PR/ AH [7] 19 45 BRI 28 I 246 21, o AT
BI5 B PRI 28 ISR 45 TR S 15 25 ) LU A R PRI
THEAN A BUR Z RN AL RE T2 25 1)
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WHAAMRSEAT I, B AR AT (2019) 2 ek
19 VGG-16( Visual Geometry Group network 16-lay-

er) F AR 22 W 28 5 VR X W AR MR ER TR
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2% ResNetl8 ( residual neural network ) X474 1L 2 A9
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(27 2 SHEATVRAN , 38 2 A DGR 2 D) R S 36 %o L A )
HRAERCR
2.1 7IF SSD ML FHEETMLERYT &

s R S s BT, TS T RE M PRIk
WHLAEAR R B RRAE S B 58 8 AR 0F 50 1 St id g
XF SSD W 4% (R4 45 2016) K5 1Y H bRt 4540
# T R 4R | SR 5 6 BE AR AN P AR Ay, R
FHBNEE et VRO LU VR R S DR R (0
M Fancy PCA (fancy principal components analy-
sis) S5 77 AU R YA, PR B = Sn 4L K pR K
AT EL Y negative XT Fll positive X 1) B 45 45 41 & 1)
TR EE,

SSD Hy 25 45 A 1 B 53 VGG-16 it
F R PRI RS (1 R i AR AT 55 2 R 0 A
e b0 0 2 i AR AT e S TR e o AR
o2kt 4 A ROBE Y RRIEAR B, E AT 55 2 42
YRCr RS B R MR RS VT 5 545 3 0 0 2 T o ik ke S
bR s AR I HERS B AR A5 2 . X I 4
2 eREIC R TRTINE (o7 B P-4 2R NS00I 288 A 45 2 2L

TEASEHG SR SSD 9 £ I SRt 2, Xk 4
LU= A BE S A TR 2D A, FAL BRES SR ANIE] 3 (a)
(b) Fr7s R I W L AN 68 [, o AN A7
FAER YR B W 3 (e) Fis
2.2 FIRKREMEMEISLFRHEHRITFES

WL AT AR R A ARLRE 5 045 s, BT LA
B RY T BT JE ) P 28 45k EL 2 30T U oY
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Fig.2 Technology road map
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Fig.3 Use SSD network to preprocess the dataset

((a) input image;(b) SSD network detection effect; (c) image detected and cut by SSD)

ZRAE R 23 R B2 T < RO T M 1) L, AR T 5
TEHUIE 22 #2845 (ResNet ) (He 45,2016) . ResNet
FIFPHE % 4 ( shorteut connection ) IR W 45 45 #4
AR T LIRBE, Z A A AT LATEAR S A
4= 2 AVHE ST M AT DL ST S 2 4 4 | X Rl 28
WA /N, I HUAT DA R B2 2 A 3,
AT FE 5 LU= 04 B 453 TEON Bk i X 8 S5 R 43
fdi FI3ET ResNet18 11 Fl il 5 X 26 45 A SR 400 s Ak
W28 AT I RS 27 2], i JF AR BE L) 1A 1k 19 45 288
W25 4544 ResNet18, BT AUR M TR, 18 R 17
FERIZM B2 E8EE, AN E e —
1k (batch normalization, BN) JZ, SZI6F 0, % A 5%
ERNZE L8 AR I 2 S5 4], 25 A I 2% 1 TR R A
2 TARGF T

2.3 FIFRBRAE KR REAE S M 4% By 45 5k oR
2.3.1 Triplet-Loss Il

HE T LU SR 22 TRDARBLRE 25, PRI O i Jo o 1Y)
BRIy B AR I A R AR IR/ N5l AR
MEBC S A MR DUR S EUR , AR IO A RO 5 1L
PG EA —E BBk . A SCTERR SR B D A
RAFHE i B 0 258 S, R A Triplet-Loss (ki
I PRESCN 245000 | 38 5 38 K PRI E — 0 4H (hard-batch )
1977 A R LA, DI i D DR RRCH I R AN 2 5 1 ke
BT A R HE ] L

MG 250 ResNetl8 M5k 2 5 , FRRAE HE F4:
PEIUE B PR 12 R UH — 1k, B Ry — A
128 4E Y FEAE W] 1, SR J5 B Triplet-Loss 56 iU 5 1Y
Y&k, Triplet-Loss AT LIRS & T [l — MA B HEA 2 (1]
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224G/ K R W] — MR 22 B K Wil e
NI B 4 Fros , FEM% anchor F1 positive &[]
— R G — HE R A [F] B4 anchor Fil nega-
tive SN [AEAYAR LS, H = Jod B2k R ECH

L= 2 LGy £ -
(el = fCa) I + el (1)
Arp, NARERINET =t A A G 8=, f(«)
SfCal) Ff(a?) o3 fREIENR anchor, positive Fil neg-
ative , o fR R IE FUFEAN 2 [B] () margin {8,

M (1) AT LA Y 45825 R ER anchor 5
positive 7 5 4E 25 ] Hh 1 BB 25 3T, 5 negative 5
BRI,

Xt F Triplet-Loss H ] LA 214 34053 25 1) hard-
batch 214, siamese network % £5% 1) 52 56 2% S R BH |
WL A B Ay AR ARLE (9 AR AN 5 SRR A1 IX 43

hard-batch ZH4 .,

positive positive

05 (05%F)

anchor

(053F) .4‘

negative

negative

(105%F)  (10%2)

K4 Wb Al g i

Fig.4 Training process on individual dairy goats

2.3.2 CrossEntropy-Loss 772

S SR AR R oR RCTE DL 22 93 2 TRl R
AW FER P SN 0 % o B 15451 0% pR B
AL G TR . 32 S FH O A e 3 2 8] B BE B, A
T TG 22 B 8 A/ N, 38 SUIR A (DB, ABE 3 701
L5 (E AN, A T RSEEAR A p Sy I B A
L BER M ¢ BRSSO H(p,q) N

H(p,q) == 2, (p(x)log q(x) +

(1 = p(x))log(l - g(x))) (2)

K, v 2B BE AR &
i AmFsE 4 3 Wyl e N = 3,
Fitip = (1,0,0),5FrR%iH ¢, = (0.4,0.5,0.6),
¢ =(0.5,0.5,0.6) , 0 H(p,q,) =0.92,H(p,q,) =

0.82,
ATLEW, ¢, 5 p ST/, P 5 BER 5010
B2 SN
AW ELEET LogSoftmax PR %{5 NLLLoss
PREL, Rl
H(p,q) =- 2, (p(x)log q(x)) (3)

ST, HBEHUERE, p () B g(x) 400N
B
1 RN

exp(x] class]) )
2 exp(x[j1)

- x[ class ] +10g(2exp(x[j])) (4)

S, 2 BRI R, class F275) K OB

FIH CrossEntropy-Loss 1F 45t 2% s £ i i 1 1
ITESE 2 =l |78
2.3.3 BRGHIKEE

WK 401 2K R BORE 22 2400 2R BRI, 5 Ok, W 3
IRZE R RN A AL BUR , A58 R H Triplet-Loss
5 CrossEntropy-Loss BXA LA 19 5 =X, il 9 48 76 2
MREURA AT B mRAERE T, B

loss = Aloss,; . + M00SS Cyknropy (5)

P, loss,, FRAMIGE I PREL, 105 i 10 %=
JUAL I JC PREL, A S = Jn Al i O sR A S L, B
A =0.5, 105y W3 SRR BREL, n HAL
SRR BRELI S E By = 0.5,

loss(x,class) = — log(

3 KBERSWETLE

X228 SSD Hikk BEAIR 28 SSD Fi Ak B A K4 4R
BEFTUNZR TR, 9K J5 72 57 RE W3 L = 2 AR DL EE s
£ X YOLOV3 (you only look once) ( Redmon
Farhadi,2017) .siamese network . ResNet18 ( it 5% pR %X
Triplet-Loss ) . ResNet50 ( i 2% PR % Triplet-Loss ) |
ResNet18 ( 1 2k pK U CrossEntropy-Loss ) . ResNet18
(BRAH PR F1 ResNet50 (55401 2 pR L) 452 M
IR PEATR LS5, R 20 SR A5 RN R — S 8010 IS
B e S
3.1 HEEFLEIITEE

K H SSD 2% Xt K dfs 4 T Ak B, 2 R 4R
/NHg 32 IEAEE YN 11, %20 %5 0. 001, HLfb # R
F AR AL 11 (Adam) PRk s, BEALR T 09 & N
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i, EXEW, TLE, FEE, =W, 0K
KEIREMUETRSHEMEDLFESHIR

1, BEATLR A TR B i T R BE S 0 IR
0.2, T IHA8A B LU SRR B 5 s 1 T 34BN &
B (0.9,0.99), ResNetl8 FEHIAEZ: SSD W 4% i
REBEFNAZE SSD 9 28 il b B 1 %5040 45 1 118 2550 2R Xof
Lan2e 1 frs, AT LA X8 48 E 4T A B mT DA
AR T U R

x1 EFLEMATSELIESE FMAREILE
Table 1 Comparison of accuracy between on

preprocessed dataset and not

R b(EiEE S W%/ %
ResNet18 £ SSD Wisb ¥ 93. 077
ResNetl8 K2 SSD Fiskb 83.000

YOLOv3 o 2% 78 105 111 = K3 48 it i 45 21
%3 PR G SRR — R, SR H R
i 2] R PR R A A RS A 2K T ] it ol
UL N R SRR IR EE . rTRUAR SO 1h +
Bl X o ik AR 0 (38 3) , A T B IE 1 9310
AR EGAR IR o5 B9

Fz 3 YOLOv3 &3} E &Ml L 3FE A& & 1046 I8 R
Table 3 Results of individual identification of the
same breed of dairy goats by YOLOv3

E L R R e 4h

3.2 YOLOV3 M%&35e x4tk

K YOLOV3 5 45 X6 550 405 £ 5 Pk 247900 40 3
IE, BHO% B KN 64, — K IPEX AV 2R g8 AL
KRN 4,23 F K 0.000 5, 5 KEICRECH
32 000, B E N 0.9, B &1 &~ 0. 000 5,
BRI E N 1.5, 2% 2] RGP EE R R steps
J7 2 A EE R E R 1.5, IR E N 0. 1,

ARSI A P28 AR T 52 I A
ES R IR S S I N S Sl NI U S DR S A0
YOLOV3 48 XA 7] it Fofr A A 18 61 100 265 S 4n % 2
R, FE 5 AR — A, AT LUE
YOLOV3 1] L4 58 AR O i A 0 6 Ak DX 23, (H 80 R 4
2% 1N 2 BRSBTS AN B SE RN YT LSS oA S A
DX AP RORASBRAE, U0 W AN ] gt ol 1) 244 22 ) R A
P 2N

2 YOLOV3 M3 R E G FHEA iR
Table 2 Individual detection results of different
breeds of sheep by YOLOvV3

ESE RS At A YA PR/ %
0 BMALWLFE  GZ_goat 1.67
1 iES H_sheep 52.92
2 pEITES Milch_sheep 100. 00
3 ES T_sheep 7. 41
4 HHEEFE XJ_sheep 100. 00
5 INEE XW_sheep 67. 10

ARG LEIIES4 7S SEYIRE /%
0 02_sheep 0
1 10_sheep 0
2 40_sheep 0
3 46_sheep 0
4 47_sheep 0
5 52_sheep 0
6 54_sheep 0
7 60_sheep 0
8 64_sheep 0
9 94_sheep 0
10 100_sheep 0
11 107_sheep 0
12 108_sheep 0

MFE 2 MIFE 3 W] AR R 91 2L 4548 2 19y
FICAE S X 0 AN [ ity ol S DA TR] 28 it Aol o X3 A [
AMRES B B MERE , YOLOV3 R 45 A REVE 2 %
AT
3.3 Siamese network SKI& X bk

SR 2R A M 28 A 1L =R Rt b 231 LB AR
& % ( stochastic gradient descent, SGD) . RMSprop
(root mean square prop ) Fl Adam ( adaptive momen-
tum ) AR FEAT 200, 45 R A5k 4 s, al LA
AR5 S RMSprop I B HERR 5 52. 6% |
B HNPIR T O AR SE T, 3 RO b 4
B ML Adam P UHERRREC2E . JLIREE IR
FWA R 1 FE RMSprop B

BERT3 LI  BAE ABABE w5 R, R VGG 1™
283 LI A B AR g L A R AT RS L, L8R
iR 5 Fras, ATLAE B AR 1 28454
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Table 4 Comparison of accuracy among different optimization strategies by siamese network

/%
SGD 51.35 50. 98 50. 23 50. 38 49.78 - -
Adam 49 - - - - 50. 38 -
RMSprop - - - - - - 52. 60
T AR RIEAIREL, y RS, Bates () FRRVE S8, o 180G I A IR FRR MM AR < - " Ronz ki T
TOXS L Jag P ] AT S

RS VGG M FRFEMEAEN LR
Table 5 Experimental results of sheep face and
whole sheep by VGG network

/%
%] 2% Az AEMER R
FI 53.00
VGG
B dLN 67.90

TE L P R oR L4 A

ARA: 2 TR Rl oA — 20 T, R AT
A7 2T AR W F AR T I 227 2 A K
3.4 Triplet-Loss 3238 X3 Lt

#4 Triplet-Loss 1k g 45t 2k e %K, L VGGFace #
ResNet 1247 19 £ 45 4 43 5 %68 2 Jhz F1 2 38 AR 17 %
PEINIFFEAT R0k, S8 i RN Ry 32, S04
YN 40,2 3 30 0.001, % ] Adam AL %%, 5256
25K 6 Frn, Al LLFE Y, Triplet-Loss 1E A5 2%
PRI HE A 25 B B Ay 1 2 5, O HL AR R EARR
SR OLTAERE R R T2 2T RCR . SEgma Rk
WSR2 R ARBLEE % LU 2 A PR U3 B B 4 453 2K R 4K
S H SR ETR TR IR A IR B ARG 2

< 6 Triplet-Loss AR EEH I RAETHFEINIIELER
Table 6 Experimental results of transfer learning with

Triplet-Loss as loss function

/%
] 2% HBAE TR
VGGFace FH 64. 615
ResNet50 R 63.076
ResNet50 ES LIS 74. 615

E O P SRR LS 5

3.5 CrossEntropy-Loss 3236 % Lt
4 CrossEntropy-Loss 1 k51 2 BRI, 2% FH X 4%

45K ResNet18 4342 SGD 5 Adam 2 2% > Al 1k
TRWEXT RPN T X EE . BEPLER B F R (SGD)
A28 A2 2] AL w1 S 36 240t KN 32,
BEAEEYA 11,2 21 %07 0. 005, B it 7 0. 9, B
BURRF (B 1, BEHLR S A K rh &8 0 ST R B
0 BIREER N 0. 25 B i AR AL T (Adam) PLAL#R 5
12 095 ) AR RS 1 S 50 S Rt RNy 32, 1R
FWR 11,25 2 0,005, BEYLF T HIME N 1, B
ML A K E R TR IE N 0 IS 0.2,
FHT IR B2 DL R BE V- J7 i AT 3 i) R Ak
(0.9,0.99), LE LR MK 7 P, /JLLE
CrossEntropy-Loss /£ A4 ¢ pR & HEH R A L =T
PR RS B B 4, SCUR S AR R R
I3 PRERT DL IR B3 5 I HER K {H Triplet-Loss E
AR PR — R AT B i dE AT A AT
2N BN E T, BT LA 2% A PR A eR B0 Sy B 5 43
e RER

%7 CrossEntropy-Loss 15 5 i #f it
TEMEAL Rt EIIR B 2 R
Table 7 Experimental results of different optimization

strategies under Crossentropy-Loss function

) 2% AR RIE
ResNet18 SGD 89. 615
ResNet18 Adam 88. 846

E L P R R LA 5

3.6 BXAHKEHSLIITEL

4 Triplet-Loss Fll CrossEntropy-Loss P Fji451 2k pRi
BAEEAE NI BREL, 73500 1 9 2% 4545 Resnet18
F1 Resnet50, LA SGD , Adam F1 RMSprop 427 > KA
AT XS - H AR PRI AT X . SGD Ry 2] A
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i, EXEW, TLE, FEE, =W, 0K
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PSR ME (1) 5L 56 SHA NNy 32, B AREE K 11, 2%
23 A0.005, s F 4 0.9, BEHLFFRIME A 1,
BEHLEE 4 A oK &P n R E N 0 AR R
0.2; HIE N AT (Adam ) A0 AL #8541 by 2 2] R4
PR (1) 52 38 SHAE TNy 32 AR EE R 11,2
21354 0. 001, BEMLFPF REN 1, BEHLK 5 A 7K i
HHER P TCE B E N 0 FIAERR 0.2, F T3 B
DL B 7 B 3s AT - B I R 5000 (0.9,0.99) 5
i Ta) 347 77 MR B B2 T % ( RMSprop ) Ak %8 B4k A 24 )
R AL T WG B S S B KN R 32, iR IR R
11,242 %4 0.000 5,38 H T4 0.9, FEHLFF T 1)
B4 1, BEALKE 5 Ak R e RIBEE N 0 14K
FNO0.2, FIHHEECN 0.9, SLIRLERINE 8 Fixw,
ATLAE 1 RS SR BB R R 2L, LA Adam
R 2] FAALT WS | 5% 25 22 2% ResNet18 B T
R E

x8 AEAMZLEHNRABKGIAKELERE
AL R R FBEIRRI K ER
Table 8 Experimental results of sheep body recognition with
different optimization strategies and different

network structures under joint loss function

25 254 Pl g HERR/ %
ResNetl8 SGD 86
ResNet18 Adam 93. 08
ResNet18 Rmsprop 78
ResNet50 SGD 78

K9 S A AR REER ResNetl8 R ) SLIG 45 R
Table 9 Parameters A and 7 are the experimental

results with different value

A N WERG /%
0.1 0.9 88. 85
0.2 0.8 87. 69
0.3 0.7 89.23
0.4 0.6 89. 62
0.5 0.5 93.08
0.6 0.4 86. 54
0.7 0.3 88. 46
0.8 0.2 81.15
0.9 0.1 81. 54

TE L P R R L4 5

R FHER A B0 % pR AR B 2R pR A, S8 A Rl
BURTRMERT ResNet18 4% i 5256 25 AN 9 FioR
SEH S B KN 32, ARFE R O 11, 2 S RNy
0.001, A& W AR Al 1 ( Adam ) LA AR 505 2 ) %
Ak ns , REALFPFAOME R 1, BEDLEE 5 A Tk 2 p
SYTCRBE N 0 MR N 0.2, T H 586 5 DL
FRRE- T B2 17 - E M R 0K (0.9,0.99) , M
FIOMLIEH, Y25 A =0.5,7=0.5 i, p#HE
ITES &% SEOH[ENEN IRy & S S ZE

4% B

N T B AR LRI A AU AR SCH

T I PR R B s 5

T =T 2 E Y Triplet-Loss 5%, i a3k 5 56 56 iF
TIONERNA RE R AT, SR DL 45980 1)
AEA R 2% 5 YOLOV3 [ 268 I T 13 L = J: A 12
JE v, T AT B8 22 AR 52 B, SO B e R 4
AR R T EE 93 10 2 A AR AR, 2) A WFSE
TE Triplet-Loss F hard-batch ZH & [n] @ [, #]
YOLOv3 FIZEA: 28 B IE 1 Wh 1L AR Z [N T
BB MG A AR RURE w55 9 [n) R, ik B T A B i B
A ARARL R B 4 R, AT A 5 2 P Bl ) hard -
batch, 3) #&F Triplet-Loss 5 CrossEntropy-Loss Bk
AR T 9 25 TE 24 eR BB G DL AL T 3 i
TRAERETT . 4) MHBLTARG I ik, ARSOESREE T
TeBzfih MCRLAS | = 0% A TC 405 T I IR 2 T ik
TGS A ERPRIC N I E . 5) ABFsE
AW L= EHECR AT SSD AT MG AL BT DT £ 5 K
PR et A REdE /N JC O S, 6) 28 3C
T EATAFAEAS L | TSR AR 56 0 45 52 0 A 5 1L
FW ARG, 45 % & 5] A Mask R-CNN
(region convolutional neural network ) 45 % 4% 45 ¥4 X}
FREHATHEBAL R, S22 AL = 0 AR
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