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Review on Image-based Wildlife Detection and Recognition

KE Ao, WANG Yu-Cong, HU Bo-Yu, LIN Qi, LI Yong, SHUANG Feng
(School of Electrical Engineering, Guangxi University, Nanning 530004, China)

Abstract: Wildlife monitoring is essential for wildlife conservation and ecosystem maintenance, and wildlife detection
and identification is the core technology to achieve monitoring. In recent years, with the rap?id development and
widespread application of computer vision technology, image-based non-contact methodshave attracted extensive
attention in the field of wildlife monitoring, and researchers have proposed Varioﬁs methods to solve different problems in
this field. However, the complexity of wild environment still poses éhallenges for accurate detection and identification of
wildlife. In order to promote research in this field, the existing image-based wildlife monitoring methods are reviewed in
this study, which mainly include three sections: wildlife image acquisition methods, wildlife image preprocessing
methods, and wildlife detection‘and recdgnition algorithms. These methods are discussed and classified according to the
different processing mechanisms of image datasets and wildlife detection and recognition algorithms. Finally, the research
hotspots and existiﬁg problems of wildlife monitoring based on deep learning are analyzed and summarized, and the
prospect for future research priorities is proposed in the study.
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J& , FIFHUIZRIEF I 3 S48 % S BB RFAE JEAT 43 2%, S
B4 W ) H A -5 1R300 3X Bl 7 R AT DLAR B8 R
RRAIE PR 22 A A R 58 7 1) A 255 a3E AT B TRE A 1 2 55, v
AR S RS 5 R RS B RS . 91 4, Kamencay
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A NVl o R AT BUALFE, 985 55T PCAL LDA
F1 LBPH (local binary patterns histograms) 5§ /7 1£#2
B FHSAE, $5 5 A 43 28833847 43 25 Qiao 25 A1
FIH HSV €8 25 1] 1 2 €6 R A0 A0 5 28 (1) IR I 5 5 5
Z B BE RS DL K 55 i B R A b AR AR A R AE, R
SVM FIR SR ST 15 T B 31 73 26 X 677 0] H
— LA JE R AR A R4 ) 43 KA AT 40 2K, (BRI
Frftmr. BeAh, XS FEE A T B H R g —4
Hbs B 5 XS 15 0, FLm i A BILR B B AR
B e 0 AR v B AR S AR A AN AL T B A
BEXTIX NGO, Yu 25 NP it A T80 & b i
B AEZh W) H bR X R, HFIH ScSPM (sparse coding

spatial pyramid matching) )77 723K U & 2 I ‘%ﬁl »

BETTSEI 18 FhEF A B 4325,

(2) B AEZN X3 LB B R -

T P A o, T 9 K
T 9 A 500 o B M ) 6(d) PR TR, (Ei% K %R
SR MCET AR S R R A — 8 1R PR A, 38 T s 2 d
o BT EG 2 R4 R R e B AR S I A Rk X
T L3R B 75 B 2 K& N ) BEUE. BT 2 v 3,
FEN G 7 B AR S P X s IR Bk B OV,
2R 77 R S BHR o B 2 A BB B, SR 5 DL
AN UG HL O A B B TEREAT 43 FAT 5. B, Rey 5 AP0
PR HOC $FAE, JFH3& B )= IR BoVW 4f
fiE, 48 f5 3£ F EESVM (ensemble of exemplar support
vector machine) 733528 SLILEF A= B W HI A S0, AT
A5 3 A IR U A B W G XK. Feng %5 A7 I
16 ST i 0 B g 4 B 8 O 30 A I S5 7 V23R B PR 11
B EVEX K. Alsahwa %)U@Ei'}]/}_ﬂ;ﬁ]ﬁ B % T
P HOG A4, 36 TR AR 0T E eI — (R
FRREE, 2R T SVIM Y328 B HEAT 40 2, AT IX 43 1 45
MG RIE 2.
32 ETREFINGE

& 45 1) B T N CARHAE SR I 7 vk 7 B BT HREAE I
S FH o R AR 04T 70 28, (BAFAERFAEAN i L A 1 22
LU A PR T L. R B2 2 > 7 UG AUl ey T3z S
IR Z M 2% H B4 SR K IR RAAE, R Ik il o B A
BRI 5 00 3 ER AT T 1), AR E R R T
RS2 I W D7 VEAE B AR DX X B8ORS 8U/MVE DL 1Y
RLFH. Ak, N0 T BFEAR S 2] (zero-shot learning,

28 HiteZiiA Special Issue

. B

ZSL) FJ™ UEFEA S 2] (generalized zero-shot learning,
GZSL) .

(c) AR (d) HARIX k%L
EEV L NI EEE

(a) HARlX (b) & HHEZ
AL BT 5 X
KRG G

6 Kﬁ?ﬁ@ﬁ‘]lﬁﬁ]ﬁ%%“)\@%

321 FRBGEE TRk 15

(1) 253 R R BT AR B 5 2R X 4%

CRER ER X SRR, W 6(a) TR, Jh g

A X A B R EROK, T HL T S X R A B
IS, L 2R 100 10 5 L 2 A FH 10X % 42 AR R 2 AR AR A
S AR ZND IRFAE, FEA X e REAE 35 AT BT AR Zh ) 1) 1R
5. 40, Okafor % N F K P R (A RFAIE -5 4 AR
2 4% (11 AlexNet Fl GoogLeNet) 4 & 1 43 SR 7Y
SCEL T B A E 04> 35, Norouzzadeh 25 AP
AlexNet. GoogLeNet. VGG Fl1 ResNet 1] X 45 F5 7|
SEHL T B AR S R R AN T ESE AE 55 Trammell
2 NPIE iNaturalist 20845 1R A 2 Rl B0 4 0 2%
HAT T AW 5r 2K, 1AL, Tang ’%‘%\[Sllﬁ%tﬂ i
B MBS I T, ﬂ)ﬂf@*ﬂﬁélﬁl%%ﬂl AL,
8ot WL TS AL S 17 v 4 T A 5% FLBA
TE{‘H‘\'jﬁj&,\if'jﬁ T H FRIGH %5524 Favorskaya 25 \BY
BT —Fh %4 8 DANAS (158 B 5 5 2 25, 1% X 2%
FE AR P2 AN OR KR AU LL I AR WL R B L kAT
Wk, AR R BT RG] 2, ESER I #0
HE G H. X L 2% 2 B A B 1 S X D>
RGO, o 2K B 2 52 378 5L R AR B R

(2) =TGR X I 1) B A2 30400 73 258 il I 4%

P4 B AR 2 4 s N 28 29 3 L1 PRI i B L
Z T S X, B X e EUR AT 70 R IR B IR A
AR, 1 6(b) Fras. B0 A8 SR B R s, 4
AT R BE, W IE A S SR P ARRAE SR B 7 v SR A
A5 B AR B W) (1) B R X 3 (region of interest, ROI),
SR JE 7 M 25 6 ROT SEBL T B9 A sh W 4 25, 1 7
JE7R T X RITVER — O L.

i UL ROI $2 U 75 RPN (region proposal
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i H AR SN A

network), GA-RPN Al Adaptive-RPN %%. RPN /21§ Ff 4>
B ) % S B, 5 ) oo 4 4 = i 451 A RRARRALE,
AT R 3 2B R A 3% [X 4. GA-RPN 3@ i R 1 45 54
HE A0 B AN FE w5 B B AR A, B T AR R R AR,
Xt — s B W A 55 L R Y 3E B 22, Adaptive-
RPN & HU A I Hedi 2% (ToU Loss) 1E 4 2% ok £, =45
PEAGAZ I B, UGt ROBE BUss . EA I F B AR X 35
J&, 8 CNN /28] B bR X Ik AT 73 38, 8 5o FIK

Y Gt i VR P 5 0, R LT B oy B 45 FONP,
U-Net™™!, SegNet!™1%. Sy 7 41 51 15 1l #E f 26 - S2 L oy
)i () 57 A SRR, Xie 2 NUHRH T —Fh 4N SE-
ResNet f2%, iZ /45 5T SENet 1yF: = HLH]FIT ResNet
ARSI M 2%, F]Toxf 5 P AE ) 3E4T 7335, Timm
25 NI InceptionV3 BiB7E costa rica camera trap
dataset b S 1 M0 G v e 5 B B AR S ) D
A% 10 Bl A W0 702, FLERRIAE] T 79%.

il RPN
| GA-RPN

[ empsrE

i| Adaptive-RPN

¥

Y (=

5

il FCN
. At 7 H
" FEAE B i U-Net

SegNet

2 EIH

-

K 7

B T BB AL 1 R fi ke, 5 SIS B ) St
ST g BN B 5 P i B AGL I 1 B AR S A
Xt F 2 il 1, Parham 25 AT SE 11T — 4~ CNN
TN DESs, TRl dE i A & B i B . A2
3 B Z ) DR, BT SRR S A (A A
YR B AR O T RGO, Bk
annotations of interest (Aol) f£5%, LAF i 28 R R b B

(R4 S 2, 3 3 LA B A vk, T LAY e A Ak F I i)

R, L YOLO AFF (BB o s i 175y
. T8 BF A B U P R S PHITE 2 P15 9 4K
S I E AR S I Feng 25 AC@ it CNN 9 % 32 Bt
B P 0 55 (X 4, F3E T SPIHT 4 5238 (K I &
TAERK R eR. B EG s, RGN T &
TEE JIHLHI I SA-ResNet152 /¥ 48 %f B A4 S W AT HE
PERIBREE, SHLA 6 FhEFA:ZhHIT) 492K,

(3) 2T R BT AL S A 5 3R 5 0 4

Wik 6(a) FE 6(b) Fraw, B A= S 78 1 A 2
VRS AE R IX AR, [ b, 7E 30T BF AL S s B
RO 3 [ B, 370 5 e 7 A 3 AT VR ), S I
(1) b XA 3 BRLIEF 2B B4 43 2. X S 4 38 3 .

BTGB ET R BN R H R RS AR

[ U Ao R AT 55, 28 T IR 5 ST H AR K I 5 R
28 32 B3 PR FHHESE: Two-stage F 41 H1 One-stage
%51|. One-stage HE 4% B4 HUIU A VR 02K 3 W e o
A R, e FEAR X (LT Two-stage fE4E
Bt RPN W% EI@EEWED( FEOF X 3 A B AT RS 4l
i, LA S R L B, (ELFE A X0 B
JEARTT X P RME L AR, o, conv AREB,
RPN R X35k AE Bl X 4%, feature map A& R G (HFE .
IR One-stage HESLf B4 40 SSD Al YOLO %5 A 4
TENG B AR RS B HUAE T B R RCR, (R e o 2
75 DA 5 P 21 BF A= sh ROk, i, o — B AP
KH T % T DarkNet-53 &M 2% ] YOLOV3, i@ il
WESRIL T R0 R 50 B X A [ X 35 RGB EHE A1
ZLAMEHZ ) 8 BT A S F ALl 5 AR )5 xS0 E
S NS T 3T 4 - R 0 1 XU 18 B A s B 3
PRI J79%, & 56 H ) DarkNet-19 K 5742 5h 4 il 76 XI5k
MNETA s I G 2 1 R, 857 ROT G EdE P2, F
BRI B A ROT B S AL T VGG16 XUEIE
AR 22 Y 28 AT RFAE S ORI Rl 2, [R) IS SE 3 T B A2 30
P IX I ARSI AR 0, FE RIS T B IR L. Song
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A NP 1o 70 4 e AR LR 3K 0 s e P A5 0 o 1 8
PRSI RE A, £E 48— (0 Bodia 48 S5 b 7 Y 17 B £ k3
RIS (SLIC) MR FITT %, Ko BB PR ) FI k2
MR X E XTI, 5B EML, BIERREAH

Two-stage

i One-stage

r[:]
[ AR o convi B conv RO conv B feature map

TGS K5 SR EORFAE. O 1 A R A R 40 1] R,
ZEHTAHAE NPT T — S T W B B 1A S AU
45 E K B AR R TT iR, SRR TR 22 2T I P
BT RN ZR 4.

feature map

K convs

B8 AN [FIG Bkl T 5 ) ) 2 B 24

(4) 55T WU B 2 S U5 9 59 X

Fh 2 3 A R L e 1,
T R A S WG 5 R £ A 2R O S B A
Y E@iﬁ?@&iﬂ%‘f, i FEE S T 2 TR B A B
YIRS 5 iR 5 07 . A 6(c) FTas, MR B AR sh i Wl
FR R AT, A S TBG 1R 7 it B AR AT DAAE T 5 B 1 55t X
B, BRICE 2 BARE R, AT A T B A sh i A
TR, 0, MR e 25 N PR LAS B R R AE 1%
SR EUGMU TR 26 2, A i BUR MURIAR G R 1. 285
FIH YOLOv3 #5588 4 Ak ot B 10 ARFAIE J], AT 4 2
7 Context-aware YOLO #E%Y SZEL T 40450 7 B A= 5h 4
R 55 TR 5 A 2 ) 56 - M 0 s e A 2 T
ARG, R HEZ JIHLE] . InceptionV4 Fl GRU #4
@7 —MET Attention-CNN-GRU 154 5445 2 M

2%, XU R I SEBL T R R L T AR S kel S

. EAh, %Tﬁ@%ﬁiﬁ]%ﬂﬁ?ﬂﬂ@@ﬁpﬁﬁ%ﬁ% L]
i, Eﬂ%}\[éolﬁmfﬁﬁﬂﬁi)ﬂ\ﬂ@‘% e P AL 1 1)
JPHIR %, IS, S5 ke B A YOLOv3 #Ad S5
T AR S i T R
322 HARXIEN G

FIREI TR Z R AR EUR BN . B bR & EERR
IR, SR, J5 T J0 AL/ 8% T2 1 B A= 3 47 el
Bod s BABCRH EGR T, BB AN H AR H
HEE %, Hir MRS EEAR, W 6(d) Frox. X4
FRTEIX KNG A HEAT H A bryd AR AR 73 R M, 491 2,
B 1B K R B s Ve B H AR DX/ HH br
R 2 % W 1, Kellenberger 25 NVt 9 Fros
{1 s 1) B D) 4% 3304 K R A B A0 FAO R

30 % iteLEik Special Issue

MLP1
ReLU
[Dropout|

512x512%3 32x32x512 32x32x1024 512x512x1
B9 SCHR[62]H I E Fr il X 45 AE [

%48 1 S5 F FH ResNet-18 A THFAEHEEL, FHi@ T
R 7 AT N ZR. BeAh, RN T 2 A2 2RI
HL (MLP), 1% 8RNI B A 5 JE 26 PR30S B3 ReLU
Dropout 1EM{6FA Softmax i B4 141, Kellenberger
%Am%$7~ﬁ%?1%#2ﬁm@%E%ﬁW%
P25, 122 0 4 J 2 i 1 AR, S D BRI E R S
BT X4 B S BRAOE  o B . R FEREY
Kol ST VF 2 B8, (11 Li % A1 Tong %
NSHR AL T 78 BAT WA /N B AR 2 10 K37 5 g i
% ARV ST 5 SRR IO 24 AE B8 (1 5% L 23 B, SR/ B R
DX S /NI 00 T BB AR S B As R AR S B4 T
S22 7 . 0T BT AR B 43 ORI WU PR B A 5] BL A
X2 () S 25 U 3 B,

323 FNFEAREZ]

TE B A= Bk D 5 R ) I 2 A, ) T S L IS B
VIREAR, HAE AR RUD, R TREV SR Wit (14
Bl G FIX B REAR, LG CNN Y2844 K = 2 i
S5 SV RHE, FEAEHME DV R AP0 RAE . FHEAR
2 2] (ZSL) J& — MR FIBE & 2 21 71, v LR
Frac I 2550 i1 O 22 218 NE & Bl e AnT LA
At & STREAE, AR 5 R0 AR H B i 2R ) (A AT I
), IR ERZ 2 1T 12 B R,
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K3 OREOISIERG

1145 EI 5 TRAL#E LB A D %
1) FEhFEHROI
Az ahEERE (1) s E " AlexNet™. GoogLeNet™. VGG%¥P, ResNetZ&F. SqueezeNet'™!,
53R EAEEER @ feG A MROLER MobileNet™”. DenseNet™®'. ShuffleNet™'. Xception”"'%
N &S| N N N F
(3) ROIFZEL 2%
i BB (e
- . o ( Two-stage: Faster R-CNNU'!, R-FCN', Mask R-CNN!*!, Cascade R-CNN"4%;
FFAE R PR SRR ) [10,26,45,53] 1751 . 1761 771 [78]
Sl BENEER One-stage: YOLOZ 1'% SSD!*)| RetinaNet' "', M2Det'""). RefineDet'",
R ot \7@) TridentNet™. DSSD™, DSOD!!4
Z N

AT RPFEARAR R M, Xian 2 NPOTEX A
M SIN T SRR s, e LNSHRE IX 81
FERHIERIE (BlInAR, PR B PE ), A
AT IR RN ZRAH LR, XA IRAE — ERE
JEESEHL TR 2RI H Y. ARSI R K, Akata

S NPHR T — AL A IR AHESE (SIE), A

S RO SUAE B, npe e b . SCAE SRR (i
) RIS BT 2N DA IR B bR P
T2 T v ZSL APt R LA 1, Tiang 45 AP
3R TR RS O L% (TCN), B b SR MR 5
I FFR. %70 [ 3 — A R S R R T
o LU SR 2 A2 75— 3, AT 2K 590 (AR Lot
PN EHR B R B AR, 4280 7 o HAREI&
BB, K2 BOBRE A 5] R E TSRS X
JBMEAE RIS B, LR SR [ 5 5 A 52 5 1
K2 RN AE S B ARTT, 1ESZBRBLF h, XA KT %
HEAT B (R AR AR B R . A T R — i,
Xu 2 NPT T — P RTE Lo 4H (low-rank semantics
grouping, LSG) 71, LA Wi ) )7 RBEAT T REAR 2 5],

TR AL ANE S5 B2 R A EESS R, I AT I
e RS B OB B Y

ZSL ity PR 5 H I Zr et ok s DL fr SRR A
YR AT, PSS DS B 4 A R L, AT R
HEANET S %, DAL TR BOAS B PT J2H s
LR L. SR T AE ZSL AL BE R A B A sh iR 7
3R, Chao Z N H 11 SUFREA S 3155 (generalized
zero-shot learning, GZSL), £ Al B dE A 15 7y WL 280
AT, FEAG BATT o 2 B B 20 IR B A b 1 2 )
. Li S NP T — R AL B REACSE 5] (PQZSL)
J7i%, T 22 I NI B AL A, B A0 R IR e 447 1 R 1=
HI it FH T AR 2 2% (ANN) 8 R . Z 716 ok
U R 43 5 1) 1E A8 18 S 1) v, SR 5 R = Ak
(PQ) X #AN S/ M BEAT B4k, £ %7 AWA i 481 CUB
R4 1% ZSL R GZSL T4, X &h Fs g5 ik 4
firos, Horh, mrAce F P BRI L ; Top-1 #R
Top-1 HEMZ; U %758 07 WRHIF Top-1 8 2%
S 2R T WK P34 Top-1 #EH; H K78 U AT S 1Y
RIS SIE S e 7N A i

%4 BRI AWA FICUB F 1 HAAE 5 (%)

ZSL GZSL
Methods AWA CUB AWA CUB
mrAcc Top-1 mrAcc Top-1 U S H U S H
DEVISE (2013)"” 567, 542 335 52.0 13.4 68.7 224 238 53.0 32.8
SIE (2015)"™ 73.9 65.6 51.7 53.9 113 74.6 19.6 235 59.2 33.6
ALE (2016)*" 61.9 59.9 40.3 54.9 16.8 76.1 275 23.7 62.8 34.4
£:xGAN (2018)"*% — 68.2 — 573 57.9 61.4 59.6 43.7 57.7 49.7
PQZSL (2019)" — — — — 31.7 70.9 43.8 432 51.4 46.9
TVN (2019)™" — 68.8 — 58.1 27.0 67.9 38.6 26.5 62.3 372
TCN (2020)%* 70.3 — 59.5 — 494 76.5 60.0 52.6 52.0 52.3
MCGM-VAE (2020)*” 65.02 — 63.54 74.78 57.45 64.98 58.00 51.06 5431
E-PGN (2020)°1 - — — — 62.1 83.4 71.2 52.0 61.1 56.2
BB-00D (2020)"* — — — — 55.9 94.9 72.6 53.8 94.6 68.6
DRN (2020)* — — — — 50.1 81.4 62.1 46.9 58.8 522
LSG (2021) — — — — — — — 49.6 50.4 50.0

SE-O0D (2021)¥

— — 67.60 93.83 78.58 54.67 95.74 69.60

Special Issue & i%5ik 31

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

2024 4F #5334 5511

4 B SRS

AT RS T — ST B A8 2% S FR FE 24 21 1Y)
B 2 SRS I 5 TR B, AELHR PR R AE S AR G A
AfE R, HAUR A AR, RE Bk, B85 E
AT B B A Sh P AS 0 55 RUR AT A7 1D ) 850 2
AR I B, HpRln .

(1) B A= SRl R 5

HTIA M A shEdE g+, R iNaturalist
A CUB-200-2011 K stszmaisi/), H BRI &R 5.
ST, FEEFAMRAR IS A S il R g b, BGEE 5F
BZME 5, HZB8M R R MM R, b, AFRY
FRREA A R WA SO, Rtk 75250 oiRe
PO FEICE RUX BRI . PUMEPESR. BRI R A A
187 1) R T VX BT AE SRR R 9 25 A, HR AR
SCHRIOSTAOBIEFE T 1, B 75 S mTBA K2 o
2K, Btk 72 RS20 B B TRV R HCET A B P i) 7
IR LA I M T, 55 EUR R T 15 2 B
AT AR = B AR S AR R B R A S,

(2) BF A Bk 5 1R ) 24

AT 10 B A= sh e -5 1 3 X 48 5t 52 2% 1)
Yse. UG L2 A H AR AN 76 5 55 15 10 I AR A
FHAR, T 6 o) 266 = B0 Hb RS B AR Sh P B AR, X
S % b bR B AR D HL B AR R, AT A I A
PR, AR T8 AL 38 1) AR BT A 3 (A I 5
V) 7] B S 300 11 i 281 i DX 48 AT SR A 2> TR, ko 52 2
175 100, 1) B 25 S ARG W5 R 3 P T 48, T R A . 4

T AL R R e B2 2 ek N L AR

e BB FERZESENOUT IR, & B E S
005 1R 53] P9 2 B 9 ) B -

(3) FE AR A 4%

FERS 21 31 SORCEL AR O AR 1 4k 72 25 ST A 5)
Py ARSI 5T B A S i R G A
S, PRI E SRR B B B AT R A S e I 5 R
ool T BRI 28 4. SR, H AR 2 H R 448
MZHEZ, W T RGNS ERE m, XA
2y L S e R A SIS A O — Bk

(4) /NFEAS R A 27 3T A D TR ) I 2%

TR P 2 31 D5 AR B A S B AL A R 50 A 55 v i
W KB C AR R AT U2, LIRS RAFIIE
RER I, (B T L8 H B 26 s W e T AR, UAC 4R

¥

w

2 T ileL5ik Special Issue

ARV R AR G T A . AT EE 2 R, A
6 WA AR o 2 ST RIAEFL A B 0, R RA 1 A L it
FY 2K 3, A e 5 LAY B 9 T8 K T R R A2 3
B, B 5 38T IR AR 1 50 R U 1 45
ek B 925,

(5) 5 A B WA AT K

i, 3T WU A S BB AR B R
D, KB BT R 1 — T 7 . B AEE
HyE SRR A IR T 7 AR @R T AR 2
LT S TE F AR ERER 7 VR T DR R A
SIS A5 RO (O A IIRE A%, 3o T Al B WA
SRARHE AR SRR S 50 LA K 1% A F R 7 T
ORI TR, ST 2 b 51 BB 5
USKS ERRUEAT LR 50K, DA T RSB0 17 A
FURFAE. DRk, T9F 51 A0 S St B2 S R B A A,
J FUAT SRACHGR M F 350 530 4 B LA A B3 X

S R

1 T4 0T 50 4 e R BT LS P Rcb 2/3. A 25, 2020,
36(11): 5-8.

2 BERRE . B AR S OR A I R R 2 A AR ROE R
2021(10): 184-185. [doi: 10.3969/j.issn.1007-5739.2021.10.
075]

3 R, ERR, BWDG, &N %E‘;%\Tﬁ%ﬁ%@i HR
PRAP XM B H ¥ 3 795 4 J R 2= AT 75 . DU )11 3h 4,
2019, 38(2): %14—219. [doi:+10.11984/.issn.1000-7083.
20180273] &

4 (I B TAR 7R TR RER B SR AR 47 X I A 7 4 3 VAR

FARY T 5. NS E Ol 2018, 41(5): 33-35.

Allan BM, Arnould JPY, Martin JK, et al. A cost-effective

and informative method of GPS tracking wildlife. Wildlife

Research, 2013, 40(5): 345-348. [doi: 10.1071/WR13069]

6 Xu WT, Zhang X, Yao LN, ef al. A multi-view CNN-based
acoustic classification system for automatic animal species
identification. Ad Hoc Networks, 2020, 102: 102115. [doi:
10.1016/j.adhoc.2020.102115]

7 Steen KA, Villa-Henriksen A, Therkildsen OR, et al.

Automatic detection of animals in mowing operations using

thermal cameras. Sensors, 2012, 12(6): 7587-7597. [doi: 10.

3390/5120607587]

Cilulko J, Janiszewski P, Bogdaszewski M, et al. Infrared

W

oo

thermal imaging in studies of wild animals. European Journal
of Wildlife Research, 2013, 59(1): 17-23. [doi: 10.1007/
$10344-012-0688-1]
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