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Abstract. Quantitative measurement is the basic work of biological research and breeding management,
and its results are of great significance to the production efficiency, cost control of animal breeding and
assessment of economic benefits. In recent years, with the development of image acquisition equipment,
image processing technology and computer vision algorithms, the research on animal counting based on
computer vision has also made great progress. Artificial counting often needs to rely on breeding
personnel to observe and count the animals one by one, which is not only prone to omissions and errors,
but also requires a lot of time and human resources. Computer vision-based counting methods can realize
automated counting, which to a certain extent reduces the workload of breeding personnel and improves
the breeding efficiency. The research related to farm animal counting in the past ten years was counted,
and the farm animal counting algorithms were analyzed and discussed from both traditional machine
learning and deep learning. Among them, the traditional machine learning method mainly relied on
manually extracted features for recognition and counting, with fast computation speed and small resource
consumption, but lacked the understanding of the global semantic information of the image; counting
algorithms based on deep learning had a stronger generalization ability to complex scenes, and achieved
better results in the counting task for farmed animals, which was the mainstream direction of the current
research. In addition, the applications of farmed animal counting in the fields of aquaculture, livestock
and poultry farming and special animal farming were sorted out and summarized. At the same time, the
current publicly released farmed animal counting datasets were summarized. Finally, the main challenges
of farmed animal counting research were analyzed and discussed in terms of datasets, application
scenarios and counting methods, and the future development trend was outlooked. Specifically, by
constructing larger and richer public datasets, improving the accuracy and generalization ability of
counting algorithms, and expanding the counting models in specific scenarios to a wider range of
application scenarios, the research on farmed animal counting would make greater progress and
development, so as to truly play its role in supporting agricultural production.
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Fig. 1  Evolution of development of computer vision-based algorithms for counting farmed animals
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Fig.3 Counting process based on density map generation
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Tab.2 Open datasets in field of animal counting

() HERRTE T T RR R 4R

B Bl

FYg/iE S F PR R - Hodm B
TIAN % (63] W RUBRTE F{% 2984 iF
ALBUQUERQUE %' fa R WURR WA 20 A4
SOARES % (%7 LS HE A7t FE% 5058 i
R € W MEARTES mask ARTE IR 1140 IR
KAY %197 1o HEFR 13 M 1597 4

4 IFig

BT IR AL 4 5% 58 3 W T T BOIE 5T RE A A 2K
AR F15 9 1 AR, Rl a0 N T B i 22, B
R 25 IR S Y RO S R
4.1 HIEE

TEXT 7 58 2 Wy R A7 T B a BF 58 v, 1 A T i
Fr e S i S BTGB SRS A WA e R AR
B8 Ry 52 % KA bR T B I 2 00 A%, S BUBHE 4R
VERCONRIME . PR, BB B A 5 T 1 F S AL o 1 5
5 Bl Wy T BOIE 5 TR T i o R Ak = R 4 o
O R TR LR A TR o o] U, B A AR
SRR SRR e 5 A E R
KZR BT LA ey i) = e Jo e 4 K030 4 A7) 2 A O 5T
(07 1) o TR IR T BB B A D T A AE AN
JIE (1

(D) Bl st = o 7ol dt 2 T IR 2 2 > B4
BRI, XA [7] 19 31 80O 55 r 75 28 19 B0 B A 1
AR, QAR50 H A i 20 5 AR AR 3 i A
RIGHEOLT , FHE KIS 7E 1000 ~ 3 000 i 11 [F
(LICINDRT Yiths b € EFE N b e 7 RE RN LIPS AN
it 5 AR I S BRI OL T AR 2
Z IR o T 52 B R A Bidl I nl fE 2 18 B Al
b BR ) 3 ORI SR 4R B L 8 K i Kode 4R > Rl
i A LA 3K SRR BER N, AL AT DU 2 0 o A T
(1 S ) B8 46 2 5 Sk, 38 I Bode 1 2 ke
i ] DUE b R BT LS i R R S R A 0 0 4R A S5 AR
J RS R AN Diffusion 45 A BRE 7 R A i Xk £ 4
S IAT Y T, DL AF W AN A T RO 4R
Br T RS B BE 2 Ah, AT L R G & R
B A5 R BEAT B 2 9 AR . 20 A 1 M e A
EARFE T RMAEE FEEER, MRS N
W REY T, 4G/ &8 A B T 3h 9 i
BT ST, B8 B2 i Bk 0z A Pk o A R AT KOs
e I T DU Sk B Bl b T TR B 2 1T AR
DL MG BT, AN, M 2 ) 5 2 4E 5%
o7 > FAR AT LU 3 B R ) AR O 45 3R 1) K 4 %
1 55 R BT 4 M~ > A AT 55, AT AT LA A T A
i 9 K 2 ok 3 bR RO 55 19 U R
W R AT R Sz AR RE T .

(2) Bffe 5 o et ) L, 7 K00 46 A G o e
Bl SR 1 B (0T BB S R AR P A 4 ) X S
BRI A+ B2 R, £ Rode R SR I i G
it 28 U 3 1 R d SR 52 A, W AE 55 1 AT 5T
H s A0 SR, AN 7] 37 76 36 9 3 204T 55 v] B 22 A
I7] 26 7 1) R Bl >R SR 4% A, Bl % TR B3R AR I T
(7 2R B4t K, nl 66 1 Jo NP AT P8R 48 5 %t
TORAFEAY R AT K P BB &% 7
G AR A BT 52 K, 50 OE 25 09 R R S R
IR 18] 85 B2, 75 %504 SR 45 IF N AN W 0L 42 3l 9 A7
(98 A, T 25 350 0L 5% U R R 4R I B, LA X B
WO AT 9 (49 A Wi 5 R R0 5 R AT RHE R 4R R A E R
BV A I A T E Jr =XMUYo
I3 EEH AT DL B KRR Al 2 R B E AR 0 KR
SO . 7 R AR B I R 7B T R AR R AT
Ay ¥ [ AL, P35 B0 B 10 22 R R AR A AR A
IFi) 4 J3E 7K P K30 £ R AR 2 1) 9 SF- 4 6 SR T AR
TYAE N G5 ik 2 52 B — Fb 28 BB i e . it
G, S R B B ) R AR A 1 5 M IR O T oK
PEAT Ve $ , SR HUIE 5 1 R 5 5K W, O 2 A7 3 B2 1 9
HEMBGAIE . 7R I2BR N IV 25 B B AT 3 R i R
AT R He 4R 0 5 A S Wy e AR R L R PR B T



324 /4

IR

2023 4

PURE L RIS W) I8 Bh A 55 T 3 BT AL SR
% R AR BT OB 2

L5 L, v o A R A R BT 9T R B B W BE
AR EEAT ARG B o R ORI | T e ) Bl 4, R I
I PR R R B 2 A, A TR S 5 5 A 2SR
6 AN RS 2 > A5 77 1 R T S8 AN S8 Bl , 42 v K dis
(1 e TP ) A, 2 ORI 30 B R AR 11 1 A ik
R A B T 37 6 s W T BRI 4 1R BE 4R T Az A
AE 7 Y Bl
4.2 MHAZSE

EF7 58 2h P THEOBE 58 b, 9% 58 b 5 04 A R A
LS VT BT 5 T A X R, SR R ik e Ty
% R E T Rz AL RE T S B
FUbR B 180 SCBE B o R 37 B8 3% 5 BT T
I B T R4S

(1), T s AR AL Taz gh Ak
BRI 2 i B R R DL . A R BRI
TP BRI A S B E A T S AR AR
) MR 1) A2 A DL R AN [R) 35 PR A7 A A 2 5 B0
PRI 2R 22—, 2 b B b R i i R A
i, e 1 X aloK ek A kS AR sl K T 8 3l e fE
BOHARY R IR AL T 300 22 o Y IR] AU
TR HLALE (14 37 58 3 W 3+ BB T I 6 — R HE
T, T B X 3 4 37 S F G R 4 A o O i R O
PRI SCRE BT A o 25 T %A TH A9 3k T DI
P52 ) 25 B2 23, DT 22 it 1% b 3h ) A b 1 55
e Y )T, (H G 32 BRI PR 25 W R (e A 25 7
R s T IAE . AR B8 7E R S0 5
BRI bR x5 5 AL 2 8] B 8 sl TR A 5, AR 3
TRIE AR BT LHE— 2200 5 5t vh F AR X G 23 1) 56
F AR AT 2 ORI T TR L S0 S 4 T e B I A X
G A T B O P 9 T O RO g5 i ofE
{7/ iR e

(2) BB T, ety 2k T HLAL5E Y % 41
Syt OB R Iy TR I 2 VR 2 IR TR
FIRER S KT H AR R DK 82 Ol 4 55,
ol R Y 1 T REORS JE 45 9 AR BE T I 5 5, X
Ba R A B W o AT S ) 2 A A A (A
A ULERRAR AL LD AME IR AR 5F) Bl R R, DURIBOE
EIIRISE S %€/ B) | DONERAS~IE7/Ra i QISR e S el
HERAVE ot mT LU o R H0 2 5l A T 5 2 AT ALY
7 AR T RO R ) R A

()G F R — FEBA 2T IR PLI 5
I ST BORE S b, R 2 MO TR E R
SE Sl R 28 B R R) L, Il ST 8 S AL A i
BB Rt HOBE X R E B9 — A EUL R 3 B ok A7t

B BEE R A ) BRI kR B 4y 2 3 R AL/
FEAR 2 3] J5 1 Ji IF X 11 B0 55 19 WF 5%, Ik B A i
s8R W4T, BB SC 3 | A AS W] 2
B A BUE 5510 D, AN RE AR T 80T
R Z MR R AW IT R R OB ERZ
— o WAHN ARG T IR AR I ok B £
FEHH 2 T E ) B R ) I iR 8RR 8 X R
B br 247 8 B 4811, 2 S5 B0\ S 56 3 4 B L S
A E5 o0 U 1 O A

(4) 5k 5 bR s a5 G A . 2 5
P R TR S 2 R S it A 1 B B B R 4 B
W SEATS 45 B8 AE 55 55 = 0F 9% B B, ik = A 52 bR 5% 0
Y BB o AE R B, SRR R T B AR A A
S B S Y S5 F T AT P A, T g AR
AT 8O R AR B 1 T B RO, R R R R Y
R RIS TN TS 2 s NI DR 0 G R N
T3 AN T B R R T S PR A o il B R AT A R0
L Y S 2B R S it A0 6 R 15 A I R R I B L 4K
8 2 G0 0 5 A i AR RN B A H m 3R A Ot
BB 1 2 25 77 i LR R, HL A T 22, R
TR eI S S Y . THBORE 1 5 &5 1 T
ok N i e | A N A N R
— R RE AL FRE A G HE A IR . R ORI
SRS R A R B R BB S RS A Y
I 5 2 W) T EORE 12 A
4.3 it#AE

BT IRES W EGEE HRr e 2 R s it
B EW AL RRM R RIS AR S B TIRE 2=
o 4N Transformer 455 A FH 25 40 22 18 019 1
PAEEG A br ki % R B AR S B b IR ER
STz N, K R F AT Transformer i 47 53 54
W) TR S ARG BT Sy, H IR BE AR
THECT R A TR A B v, 0 R T 2R 2 4 my
SR Ok E AT W B 2 T TR 4 KRR B i 2K B
T AR T AR Ok TG MR 2 o O B AE NRE I R
GO I T BAF M A5 BT ROk T W A
T S IR S YT B AR A G B> K A
bR TAE .

AN, BT XN [ R AE AR, TH RO 2 0] DU 4 H
R SRR S5 A A7 el i, DA o T B0 o B v R
NV TER & FRGE S R A sh W 55 s BT X
RIS 0 58, AT DL 2% Al o AL sl B R
HEAT RO 2R B, M 4l 2 ) % B O3 AT I OO BE 4 1 1 A%
Ve O R A0 T80 3, S BRE 8 KT BBl PN X 37 B
Wy T BOR I 5 & X = N R JE SR BB SR BN LY
AR R, B %% B2 O A 5 R DU 5 el 1 BORE



BT

Ffp A SET IR AL ) 37 58 S Wi O R Ak ik 325

JER T B R TP AR A 22 S BN S B0 T R] ad
b T B AR TR O AT TR, TR SR BE Y
PRI 5 ROK AR FR AR U, i T KR R0 B
T A FH A WA AR AL R 4 R BB AT G R T
PRI PR K S50 v, o i e el R R R T R
T AT ECR G o BN Rr R S R X T 2 e D A
FRE , TR e 0 AR AT AT, S I 3 SO R i
REARRARZSFE 3, A, e T80 vk £ 2]
(R FRFE P R & A0 AR RS S TERLELAL 4R
LIRS TR T, R By kA Z T B A G, —
K A E B & B, e SR 5T ORI R R R
We e B S B R AR 2 A AT B S e R
et AE B AG M 45 2 A B8 1 VAR T AT 2 AT, ROk
AT FH Diffusion 45 A= g 2 A58 AU A B8 BT & 1 FE A
F AL BE—1F 7 (Vision — language ) 2858 4577 15 55
HEVTEORS BE 85 X8 F R LA IR U &, R
RIS ™ T, ROk ) 223 25 5 TR AR S A DR e

P TR] A 5 PR XS WU A IR T 2T i o ey, g o e
I )RS 00 R 8¢ 5 X AT R e E e B
9 S EAT RO SR I | B T BORT BERE 2 G  BR
THBOR K T ZEATFET7 19 o

5 #%RiE

i g 2 TS ALIL A 1 37 5 s W T BOT Ik
IS A0 R 6 B AR R A5 07 1) AT 0, Bl T
ST ML B (9 37 5 s W T H BT vk % SR sh
B R B o BT RHUSE R A 3 LR 5E sh )
THECHE A AT LA s 8% 55 B 5 3l 40 550 0 A 1) S
WS G, Bl 2 T SR 5 S Wi Rk g g
T BRI S JETT 1) o Bl PR AGOR SR A L AR AL B
TR G HULGE 59 A Wr & &, 2 T 5 HL AL e
(14 3% 58 Bl 4 3 KR A ST A Y N K
TR, O Al v Jo i A JR N A ol e [ g R
A3

2 £ x #

(1] e NRIEFIE 2022 4EE REFF R REIHAMRIT]. P ESTF,2023(3) 12 -29.

[2] GUO H, MA X, MA Q, et al. Lssa_cau: an interactive 3D point clouds analysis software for body measurement of livestock

with similar forms of cows or pigs[ J].

Computers and Electronics in Agriculture, 2017, 138:60 — 68.

[3] ok, vri, HAE 5 WIXERBERREM BT 5T ] B ERERE A ,2017,34(4) ;165 - 166.
ZHANG Lei, XU Jing, TIAN Zai, et al. Research and implementation of intelligent counting sheep system in pastoral areas
[J]. Telecom Power Technologies, 2017 ,34(4) : 165 —166. (in Chinese)

(41 P ZEUVE AR, 56 0L BRI RO BRI BFIE ()] W PR 202145 (2) 159 - 67.

LU Hongbo, LI Mingzhi, LI Shangyuan, et al. Design of scallop seedling specification recognition and counting device[ J].

Marine Sciences, 2021,45(2) :59 - 67. (in Chinese)

[S] BB, arsy A SR 75 B R 7 A 3 UL R B PP B 2 T [0 ] BUARAR M 2 45,2014 (4) 137 - 41,

RANJAN V, SHARMA U, NGUTEN T, et al. Learning to count everything[ C] // Proceedings of the IEEE/CVF Conference on

LIANG D, XIE J, ZOU Z, et al. Crowdclip: unsupervised crowd counting via vision-language model[ C] // Proceedings of the

BRI KRR ATER. R G EGE PR S HARHTRCREGEL ) ). AR T RHOR 22741 ,2017,37(6) 1437 - 441.

LIANG Yansen, ZHANG Tianhao, HE Zhiyi. A remote image acquisition and target counting system for livestock farm[J].

TR R, BERAR SR FGR TR i g A B et e R T [T . T ML T 5 #101F,2016,33 (12) 173 - 178.
ZHANG Tianhao, LIANG Yansen, HE Zhiyi. Applying image recognition and counting to reserved live pigs statistics[ J].

WOV A VR I, 45 LT R 2 RS A T I i 4 A fa pH AT ] vl AR ,2009,36(2) 29 - 33.
TONG Jianfeng, HAN Jun, AKIRA A, et al. Counting method of upstream juvenile ayu ( Plecoglossus altivelis) by acoustic

ALBUQUERQUE P L F, GARCIA V, JUNIOR A S O, et al. Automatic live fingerlings counting using computer vision[ J].

AWALLUDIN E A, MUHAMMAD W N A W, ARSAD T N T, et al. Fish larvae counting system using image processing

YEH C T, LING M S. Portable device for ornamental shrimp counting using unsupervised machine learning[ J]. Sensors and

[6]
Computer Vision and Pattern Recognition, 2021 ; 3394 - 3403.
[7]
IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2023 . 2893 —2903.
[8]
Journal of Guilin University of Electronic Technology, 2017,37(6) :437 —441. (in Chinese)
[9]
Computer Applications and Software, 2016, 33(12): 173 —=178. (in Chinese)
[10]
camera[ J]. Fishery Modernization, 2009,36(2) :29 —33. (in Chinese)
[11]
Computers and Electronics in Agriculture, 2019, 167 105015.
[12]
techniques[ J]. Journal of Physics: Conference Series, 2020, 1529 (5) : 052040.
[13]
Materials, 2021, 33(9): 3027 —3036.
[14]

NGO T N, WU K C, YANG E C, et al. A real-time imaging system for multiple honey bee tracking and activity monitoring
[J]. Computers and Electronics in Agriculture, 2019, 163 . 104841.



326 P SN 1R = R4 20234

[15] PANDIT A, RANGOLE J, SHASTRI R, et al. Vision system for automatic counting of silkworm eggs[ C] // International
Conference on Information Communication and Embedded Systems (ICICES2014). TIEEE, 2014, 1 -5.

[16] BET,RHEIL, TATk, 5. 5Tk YOLO vi-tiny B9 58 75 X5 /3E A 31U 580 s mm s (1] Aol Uik~ 41,2023,
54(7):300 -312.

ZHAO Chunjiang, LIANG Xuewen, YU Helong, et al. Automatic identification and counting method of caged hens and eggs
based on improved YOLO v7-tiny[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2023,54 (7) :300 -
312. (in Chinese)

[17]  ER,mRME, 250, 5. Al SRS T 5T IE &R &8RRI EO0r L [T]. R4 ,2022,53(10) -
252 -260.

WANG Rong, GAO Ronghua, LI Qifeng, et al. High-density pig herd counting method combined with feature pyramid and
deformable convolution[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2022,53 (10) ;252 - 260. (in
Chinese)

[18] AKCAY H G, KABASAKAL B, AKSU D, et al. Automated bird counting with deep learning for regional bird distribution
mapping[ J]. Animals, 2020, 10(7) : 1207.

[19] CSURKA G, DANCE C, FAN L, et al. Visual categorization with bags of keypoints[ C] // Proceedings of the European
Conference on Workshop on Statistical Learning in Computer Vision. ECCV, 2004.

[20] LIU W, ANGUELOV D, ERHAN D, et al. SSD; single shot multibox detector[ C] // Proceedings of the European Conference
on Computer Vision,2016.

[21] REN S, HE K, GIRSHICK R, et al. Faster R-CNN: towards real-time object detection with region proposal networks|[J].
IEEE Transactions on Pattern Analysis & Machine Intelligence, 2017, 39(6) :1137 - 1149.

[22] JENSEN D B, PEDERSEN L J. Automatic counting and positioning of slaughter pigs within the pen using a convolutional
neural network and video images[ J]. Computers and Electronics in Agriculture, 2021, 188, 106296.

[23] ZHANG L, LI W, LIU C, et al. Automatic fish counting method using image density grading and local regression[ J].
Computers and Electronics in Agriculture, 2020, 179, 105844.

[24] RASMUSSEN C, ZHAO J, FERRARO D, et al. Deep census: AUV-based scallop population monitoring[ C] // Proceedings of
the IEEE International Conference on Computer Vision Workshops, 2017 2865 —2873.

[25] ODEMER R. Approaches, challenges and recent advances in automated bee counting devices: a review[ J|. Annals of Applied
Biology, 2022, 180(1): 73 - 89.

[26] HE K, GKIOXARI G, DOLLAR P, et al. Mask R—CNN[ C] //Proceedings of the IEEE International Conference on Computer
Vision, 2017 2961 —2969.

[27] XU B, WANG W, FALZON G, et al. Automated cattle counting using Mask R — CNN in quadcopter vision system[ J].
Computers and Electronics in Agriculture, 2020, 171 105300.

(28] MAZAY, 454, I FJE. 3 T ook 920 7 H0 3k i B e R R et [T ] Rl TR 244z ,2020,36(19) 1177 - 183.
HU Yunge, CANG Yan, QIAO Yulong. Design of intelligent pig counting system based on improved instance segmentation
algorithm[ J]. Transactions of the CSAE, 2020, 36(19): 177 - 183. (in Chinese)

[29] HUANG E, MAO A, GAN H, et al. Center clustering network improves piglet counting under occlusion[ J]. Computers and
Electronics in Agriculture, 2021, 189, 106417.

[30] NGUYEN K T, NGUYEN C N, WANG C Y, et al. Two-phase instance segmentation for whiteleg shrimp larvae counting[ C] //
2020 IEEE International Conference on Consumer Electronics (ICCE). IEEE, 2020 1 -3.

[31] GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich feature hierarchies for accurate object detection and semantic
segmentation[ C] // Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2014 ; 580 - 587.

[32] GIRSHICK R. Fast R — CNN[ C] // Proceedings of the IEEE International Conference on Computer Vision, 2015 1440 —
1448.

[33] REDMON J, DIVVALA S, GIRSHICK R, et al. You only look once: unified, real-time object detection[ C] // Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition, 2016 779 —788.

[34] SUR, YUEJ, LI Z, et al. Detection and counting method of juvenile abalones based on improved SSD network [ J/OL].
Information Processing in Agriculture, 2023, https; // doi. org/10. 1016/j. inpa. 2023. 03. 002.

[35] ZHANG L, ZHOU X, LI B, et al. Automatic shrimp counting method using local images and lightweight yolov4 [ J].
Biosystems Engineering, 2022, 220 39 - 54.

[36] HOWARD A, SANDLER M, CHU G, et al. Searching for mobilenetv3 [ C] // Proceedings of the IEEE/CVF International
Conference on Computer Vision, 2019 1314 - 1324.

[37] BOCHKOVSKIY A, WANG C Y, LIAO HY M. YOLO v4: optimal speed and accuracy of object detection[ J]. arXiv preprint

arXiv:2004. 10934, 2020.



BT

Ffp A SET IR AL ) 37 58 S Wi O R Ak ik 327

[38]

[39]

[40]

[50]

[51]

[55]

[56]

[57]

[60]

[61]

[62]

JIANG K, XIE T, YAN R, et al. An attention mechanism-improved YOLO v7 object detection algorithm for hemp duck count
estimation[ J]. Agriculture, 2022, 12(10) ; 1659.

WOO S, PARK J, LEE J Y, et al. Cbam: convolutional block attention module[ C] // Proceedings of the European Conference
on Computer Vision (ECCV), 2018 3 —19.

WANG C Y, BOCHKOVSKIY A, LIAO H Y M. YOLO v7: trainable bag-of-freebies sets new state-of-the-art for real-time
object detectors[ C] // Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2023 ; 7464 —
7475.

CAO L, XIAO Z, LIAO X, et al. Automated chicken counting in surveillance camera environments based on the point
supervision algorithm; LC — DenseFCN[J]. Agriculture, 2021, 11(6) ; 493.

LARADJI I H, ROSTAMZADEH N, PINHEIRO P O, et al. Where are the blobs: counting by localization with point
supervision[ C] // Proceedings of the European Conference on Computer Vision (ECCV), 2018 547 - 562.

HUANG G, LIU Z, VAN DER MAATEN L, et al. Densely connected convolutional networks[ C] // Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, 2017 ; 4700 —4708.

CARION N, MASSA F, SYNNAEVE G, et al. End-to-end object detection with transformers| C] // Computer Vision-ECCV
2020: 16th European Conference, 2020; 213 —229.

ZHU X, SU W, LU L, et al. Deformable DETR : deformable transformers for end-to-end object detection[ J]. arXiv preprint
arXiv:2010. 04159, 2020.

MENG D, CHEN X, FAN Z, et al. Conditional DETR for fast training convergence[ C] // Proceedings of the IEEE/CVF
International Conference on Computer Vision, 2021 3651 —3660.

ROH B, SHIN J W, SHIN W, et al. Sparse DETR: efficient end-to-end object detection with learnable sparsity[ J]. arXiv
preprint arXiv;2111. 14330, 2021.

QI F, CHEN G, LIU J, et al. End-to-end pest detection on an improved deformable DETR with multihead criss cross attention
[J]. Ecological Informatics, 2022, 72 101902.

GEFFEN O, YITZHAKY Y, BARCHILON N, et al. A machine vision system to detect and count laying hens in battery cages
[J]. Animal, 2020, 14(12): 2628 —2634.

ZHANG H, LI W, QI Y, et al. Dynamic fry counting based on multi-object tracking and one-stage detection[ J]. Computers
and Electronics in Agriculture, 2023, 209 107871.

JIANG P, ERGU D, LIU F, et al. A review of yolo algorithm developments[ J]. Procedia Computer Science, 2022, 199
1066 - 1073.

BEWLEY A, GE Z, OTT L, et al. Simple online and realtime tracking[ C] /2016 IEEE international Conference on Image
Processing (ICIP). IEEE, 2016 3464 —3468.

WOJKE N, BEWLEY A, PAULUS D. Simple online and realtime tracking with a deep association metric[ C] /2017 IEEE
International Conference on Image Processing (ICIP). IEEE, 2017, 3645 —3649.

CAO Y, CHEN J, ZHANG Z. A sheep dynamic counting scheme based on the fusion between an improved-sparrow-search
YOLO v5x-eca model and few-shot deepsort algorithm[ J]. Computers and Electronics in Agriculture, 2023, 206 107696.
WANG Q, WU B, ZHU P, et al. Eca-net: efficient channel attention for deep convolutional neural networks [ C] //
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2020 11534 - 11542.

TERVEN J, CORDOVA-ESPARZA D. A comprehensive review of YOLO: from YOLO vl to YOLO v8 and beyond[ J]. arXiv
preprint arXiv:2304.00501, 2023.

LI X, ZHAO Z, WU J, et al. Y-bgd: broiler counting based on multi-object tracking[J]. Computers and Electronics in
Agriculture, 2022, 202 107347.

GE Z, LIU S, WANG F, et al. YOLOx: exceeding yolo series in 2021[ J]. arXiv preprint arXiv:2107. 08430, 2021.
ZHANG C, LI H, WANG X, et al. Cross-scene crowd counting via deep convolutional neural networks[ C] // Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition, 2015 833 - 841.

BOOMINATHAN L, KRUTHIVENTI S S S, BABU R V. Crowdnet: a deep convolutional network for dense crowd counting
[ C] // Proceedings of the 24th ACM International Conference on Multimedia, 2016 640 — 644.

ZHANG Y, ZHOU D, CHEN S, et al. Single-image crowd counting via multi-column convolutional neural network [ C] //
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2016 589 - 597.

SINDAGI V A, PATEL V M. Generating high-quality crowd density maps using contextual pyramid CNNS[ C] // Proceedings of
the IEEE International Conference on Computer Vision, 2017 1861 - 1870.

TIAN M, GUO H, CHEN H, et al. Automated pig counting using deep learning [ J]. Computers and Electronics in
Agriculture, 2019, 163 . 104840.

ONORO-RUBIO D, LOPEZ-SASTRE R J. Towards perspective-free object counting with deep learning[ C] // Computer Vision-



328 P SN 1R = R4 20234
ECCV 2016 14th European Conference, 2016 615 - 629.

[65] XIE S, GIRSHICK R, DOLLAR P, et al. Aggregated residual transformations for deep neural networks[ C] // Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition, 2017 ; 1492 —1500.

[66] WU]J, ZHOU Y, YU H, et al. A novel fish counting method with adaptive weighted multi-dilated convolutional neural network
[C] /2021 20th International Conference on Ubiquitous Computing and Communications ( ITUCC/CIT/DSC1/SmartCNS) .
IEEE, 2021. 178 - 183.

[67] LIW, ZHU Q, ZHANG H, et al. A lightweight network for portable fry counting devices[ J]. Applied Soft Computing, 2023,
136 110140.

[68] HUJ, SHEN L, SUN G. Squeeze-and-excitation networks[ C] // Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, 2018 7132 - 7141.

[69] ZHANG J, YANG G, SUN L, et al. Shrimp egg counting with fully convolutional regression network and generative adversarial
network[ J]. Aquacultural Engineering, 2021, 94. 102175.

[70] ZHU J Y, PARK T, ISOLA P, et al. Unpaired image-to-image translation using cycle-consistent adversarial networks[ C] //
Proceedings of the IEEE International Conference on Computer Vision, 2017 2223 -2232.

[71] 28, X0 . AR RETE /K 7= Fr 50 v 50 T 2 M S ROk B [T ] 8 3kl (b4 30) ,2020,2(3) < 1 - 20.

LI Daoliang, LIU Chang. Recent advances and future outlook for artificial intelligence in aquaculture[ J]. Smart Agriculture,
2020, 2(3): 1 -=20. (in Chinese)

[72] #r &) EAE 55 R IR Bt WP st [T ] R T AR BR ,2022,42(24) 144 - 45,64,

(73] SRIREE, IR, BRIR, 55 T HLE LA K = R AT B e 43 [T ] 5L T ,2023,43(9) 12970 - 2982.
ZHANG Hanyu, LI Zhenbo, LI Weiran, et al. Review of research on aquaculture counting based on machine vision[J].
Journal of Computer Applications,2023,43(9) :2970 —2982. (in Chinese)

[74] JING D, HAN J, WANG X, et al. A method to estimate the abundance of fish based on dual-frequency identification sonar
(DIDSON) imaging[ J]. Fisheries Science, 2017, 83 685 —697.

[75] ZHAO Y, LIW, LIY, et al. Lfcnet: a lightweight fish counting model based on density map regression[ J|. Computers and
Electronics in Agriculture, 2022, 203 . 107496.

[76] SHEN W, PENG Z, ZHANG J. Identification and counting of fish targets using adaptive resolution imaging sonar[ J/OL].
Journal of Fish Biology, 2023, https: // doi. org/10. 1111/jfh. 15349.

[77] ZHOU J, JI D, ZHAO J, et al. A kinematic analysis-based on-line fingerlings counting method using low-frame-rate camera
[J]. Computers and Electronics in Agriculture, 2022, 199, 107193.

[78] DUAN Y, STIEN L H, THORSEN A, et al. An automatic counting system for transparent pelagic fish eggs based on computer
vision[ J]. Aquacultural Engineering, 2015, 67 8 —13.

[79] 2. LT ARRAMEBE RSSO T]. EHCE ER 3 (R THR) ,2022(8) :45 - 46.

DONG Xuean. Industrial and intensive pig intelligent breeding technology [ J]. Graziery Veterinary Sciences ( Electronic
Version) , 2022(8) :45 —=46. (in Chinese)

[80] 5k 3at. B X8 77 A A8 B v A7 78 1Y i) SR o X e [ 7] . v [ 3l 49 £ 4, 2023 ,25(7) 108 ~ 109.

[81] XUz A [l 55 U5 =0 ARl pIE 5 PRI XES AR K R RE B PA) i B R 52l [T ] AR A5 4, 2022(4) <1 - 3.

[82] x04kJy ,whHPE, /. HEGEATFEREBE AN IR RALT]. PEFLE,2021(12) :47 - 52.

LIU Jifang, HAN Shuqing, QI Xiuli. Application progress and prospects of the livestock and poultry informatized breeding
technology in China[ J]. China Dairy, 2021(12) :47 —=52. (in Chinese)

[83] WA, Tk M, B, 5. S 2R 3R 88 T A MR B 5 B shit R S Wr e [T ] R LA 4 ,2023,54(6) 2297 - 306.
YANG Duanli, WANG Yongsheng, CHEN Hui, et al. Individual identification and automatic counting system of laying hens
under complex environment[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2023 ,54(6) :297 - 306. (in
Chinese )

[84] DE LIMA WEBER F, DE MORAES WEBER V A, DE MORAES P H, et al. Counting cattle in UAV images using
convolutional neural network[ J]. Remote Sensing Applications: Society and Environment, 2023, 29 . 100900.

[85] RIVAS A, CHAMOSO P, GONZALEZ-BRIONES A, et al. Detection of cattle using drones and convolutional neural networks
[J]. Sensors, 2018, 18(7) : 2048.

[86] DE ANDRADE PORTO J V, REZENDE F P C, ASTOLFI G, et al. Automatic counting of cattle with Faster R — CNN on UAV
images[ C] // Anais do XVII Workshop de Visio Computacional. SBC, 2021 1 -6.

[87] SOARES V H A, PONTI M A, GONCALVES R A, et al. Cattle counting in the wild with geolocated aerial images in large
pasture areas[ J]. Computers and Electronics in Agriculture, 2021, 189 106354.

(881  BRMHHN. 45 b 28 U 2 ¥y I % R i S5 L0043 A [0 ] v [ 4B, 2020 (16) 1146 ~ 149.

ZHANG Lili. Forecast and analysis on the development prospect of special economic animal breeding[ J]. China Feed, 2020



BT

Ffp A SET IR AL ) 37 58 S Wi O R Ak ik 329

[89]

[90]

[92]
(93]

[94]

[95]

[96]

[97]

(16) :146 - 149. (in Chinese)

A . 5 PO 32 4 DXRR R 2 55 S 37 A IR A i 3 43 BT (D). R - E BT R 2%, 2011

FU Changbo. A survey and market analysis on special economic animals’ breeding in Chongqing[ D]. Chongqing: Chongqing
Normal University,2011. (in Chinese)

FHEE BRI AE R R ML E YN IR I A T AR PN [T ] BF AR g W4 4k 2017 ,38 (1) 222 - 27.

HAN Feng,CHEN Shaozhi,ZHAO Rong. The economic benefit evaluation of captive breeding of sika deer ( Cervus nippon)
[J]. Chinese Journal of Wildlife, 2017,38(1) :22 —27. (in Chinese)

PR Sz TR, 55 R E AR IRY X BERE ISR PR 10 A2 A8 XS [T ] WL AR S A2 4R ( FAR B4 ) ,2004(3) 274 -
76.

CHEN Yingying, BAO Lianyan, SAI Daojian, et al. The improvement of habitat in Dafeng’s deer reserve [ J]. Journal of
Shandong Normal University ( Natural Science) , 2004(3) : 74 - 76. (in Chinese)

Er vk, PR, AT B L 45 TR K BN TSR B I [T]. & B ERE (B F ) ,2019(1) 113 - 14.
STARCEVIC v, SIMIC M, RISOJEVIC V, et al. Integrated video-based bee counting and multi-sensors platform for remote
bee yard monitoring[ C] //2022 21st International Symposium Infoteh-Jahorina (INFOTEH). IEEE, 2022:. 1 -6.

BJERGE K, FRIGAARD C E, MIKKELSEN P H, et al. A computer vision system to monitor the infestation level of Varroa
destructor in a honeybee colony[ J]. Computers and Electronics in Agriculture, 2019, 164 104898.

PRATHAN S, AUEPHANWIRIYAKUL S, THEERA-UMPON N, et al. Image-based silkworm egg classification and counting
using counting neural network [ C ] // Proceedings of the 3rd International Conference on Machine Learning and Soft Computing,
2019 21 -26.

BERIR K. 3 H 8 S PR [ EB/OL]. 2021 — 10 —24[2023 —05 —07 ]. https: // challenge. xfyun. en/topic/info? type =
pig-check.

KAY J, KULITS P, STATHATOS S, et al. The caltech fish counting dataset: a benchmark for multiple-object tracking and
counting[ C] // Computer Vision-ECCV 2022 17th European Conference, 2022 290 - 311.

(355 282 In)

[14]

[15]

[16]
[17]

[18]

[19]

[20]

WANG L, XIONG Y, WANG Z, et al. Temporal segment networks: towards good practices for deep action recognition[ C] //
European Conference on Computer Vision. Springer, Cham, 2016 20 - 36.

PASZKE A, GROSS S, MASSA F, et al. Pytorch: an imperative style, high-performance deep learning library [ C] //
Advances in Neural Information Processing Systems, 2019.

KINGMA D, BA J. Adam: a method for stochastic optimization[ J]. arXiv preprint arXiv:1412.6980, 2014.

LOSHCHILOV I, HUTTER F. Sgdr: stochastic gradient descent with warm restarts[ J]. arXiv preprint arXiv:1608. 03983,
2016.

GUO H, MA X, MA Q, et al. LSSA_CAU: an interactive 3D point clouds analysis software for body measurement of livestock
with similar forms of cows or pigs[ J]. Computers and Electronics in Agriculture, 2017,138 .60 - 68.

HUANG G, LIU Z, VAN DER MAATEN L, et al. Densely connected convolutional networks[ C] /2017 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). IEEE, 2017 2261 -2269.

TAN M, LE Q. Efficientnetv2 : smaller models and faster training[ C] // International Conference on Machine Learning, 2021 ;
10096 - 10106.



