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Abstract

Wildlife detection is of great significance for better carrying out wildlife protection, maintaining
biodiversity and ecosystem balance. With the advancement of science and technology, wildlife de-
tection has evolved from traditional manual search and human eye recognition to the stage of
rapid detection using machine learning technology. However, the current detection models have
the problem of low detection accuracy. Therefore, this article applies the Swin-Transformer tech-
nology to the wild animal target detection model, and compared it with other excellent models.
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Experimental results show that compared with other excellent detectors, the average precision
value of Swin-Transformer detection is 0.958, which is at least 5% ahead of other detection mod-
els, and the detector achieves the best results for most categories, even for rare categories, the
accuracy can reach 91%, which greatly improves the detection accuracy.
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1. 5|8

XAV ZREVERAT T, Rl W R B AE R AT R T, SREAE R KRB AT 0 1
BAZ, FECERVE, BESFEEREN TR E. N T 36 2 5T I s, dniE e
BRI 71U S A % wint el i BT AR R m, Gt RIS . MR EE R RS
TR AR R AR, ZE AR R 7 ANUE0RE >R BR 22 (5 FH AR ML B N D 3RELEE R, 204N RS . BhfE
LIRS B FA S R A T DU N e IR RO, AENLRERE & R T B ARG B3 71 BT,
AFL 2 dn ] DA B 5 U v ROGR IS 2 T T AT L O

B TR EE 2 ST B ARk WA B A SR DT TR BRI, 1558 T BE AL 2(GPU) A B K g
SR 22 PR VR 2 SRR TSI VR B . 2012 4, Alex Krizhevsk Z5[1]7E ImageNet ILSVRC 13k 153 76 %2,
PRI 5 4, B2 R LESF, VGG MZ[2]. GoogLenet [3]. ResNet [4]. Densenet [5]
IR 28 25 KE AN T ) 1, [ B T BT B XU B P A AR B A T SR, BB B H AR A AR Y
FAL$5 SSD [6]+ RetinaNet [7]. Yolov3 [8]. yolov5. yolox [9]5F; XUMrEL B A AR 7Y & AL
FasterRCNN [10]. MaskRCNN [11]5F. G R UL, FE T XU B H brke A RYRS B2 =y, (H A I T B
18, T BB HARK A BURS FEAG, A I B AR, JF HLBE YOLO RAIMIKIE, killks %= iE
WAEIZ L4/

HAT, A A5 2 005 B ORI B 2 51 S B9 AR sh W BUG R 0 24 b, XISCE S 1232 — 3t T
JEOGHR X 3RO 5 R ZE W 2 (CNN) 87 AL S F B 2 iR 77 v, RN T 5 38 7 S i [
FERRY XA HE W B A, T8 RS 13 152 HH B2 W 26 5 F 2R RS il , 38 81855 14)
Sr et 7T Faster R-CNN [10]. YOLOV3 [8]# 84 (et 34 H bRkl 55092, RMIET S 152 T B
128 P 2% (14 1 5 B S PEBORE I, SR AR RS [ 1 6] HH T B ARA I ) AR AL R AN B b, FEH 225517148 H
BET IR B AR A 22 I 255 (1 P9 52 o M IX i A B AR S B R, B SE 18] LA SR R A A [ 19 A H KR
JE 2 S L T 2RI, AR IR ZAKEE[20 1R £ K& (2113 H 1 35 TR B 2% IR AR AR K R 454
SR, DA B S aEE S A SRR A H AR — R A R B R D . K BT R B
M BIA SIS AES B AR, S5 RA A,

El M Transformer [22]7F H 285 5 A FLEUS = M it e 2 )5, iF A — B 2 E 8 Transformer H T
FEF AT . 2 1 A& 25040 iGPT [23]. VIT [24], BT Transformer XK 7 51) () A0 32 ) J=5 BR A
24 Transformer F T K& 40240, HZE 2020 4, Facebook ff 72 [\ & Hi DEtection TRansformer
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(DETR) [25]2 )5, transformer 7E TSI 58 H AR BB 72, 2021 4, MSRA 2 /& AIRAE 1)
Swin-Transformer [26], TEZrJE. Kl 73 #MESS FAIEUS T BRI .
A, A Swin-Transformer N T B A2 sh 46 ) Atk

2. Swin-Transformer

Swin-Tranformer Z5/J W 1 fin, —386 4 4 Stage, MHA KA (A E R RSN 224%x224)
WRIRZES I, FRAE I RAT AW FEAIC, JEGEHSG I, RRAE B P R RHIE B2 B AT K, 5B &
25 AT DURFAE R R AR AR L. 120 FE 3 B IR AT

B R N B 25, 0l XK Jr (Patch Partition) B4, K B R 3245 2 K1 43 AN TR B/ e, B /B
TERTAEIE ERE RN AN — &, X — 4 SRR token, KA M EH G B, HEZEPIA
M Bt (Stage) 2 JG AT 43 25 RIA,  SEANE B B X L4 1 (Patch Merging) 1 Swin-Transformer Block 21 /%,
X P I AR F 2 PEACRRAE B o 22, o 5 — B BB At N S AE 4 0 2 4 i (Linear Embedding)
JE i \%] Swin-Transformer Block 7, Z&PEZRADIAN B0AS T HAAE HEIE S, FEA PR HE R .

2.1. X3R4 (Patch Partition)
N R NG R AR, T B B HEAT patch partition KbEE, K B B BN B MR R B AR N

HxWx3
Patch Partition
Linear Embedding
Stage 1
Swin Transformer block EXEXC
474
Patch Merging
Stage 2 /
Swin Transformer block Exﬂxzc
8 8

Patch Merging
Stage 3

Swin Transformer block EXEXl‘C
16 16

Patch Merging
Stage 4

Swin Transformer block —x—x8C

Figure 1. The architecture of a Swin-Transformer
1. Swin-Transformer PX4& 2244
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patche TE—N/NRH 4xdx3 MERWM, BIHEE 4x4 MERI X YR R H AT 5], A
X P A i R R E R A — 4 &, mEKER 48, BArA M2 X T HE, 15318
RAEE. R, WA REIE Hxwx3 (4N 224x224x3 ) &5 X el 73 Ab 3 5 A8 N 4L 2 N
56x56x 48 [ Z4EHIFE, Hr56x56 FoRXHMEE, 48 AliEL. £ AR1)

x° = Unfold (Im age) (1)

2.2. Z144R18(Linear Embedding)

NN Z S T I R R (AR R TE A DO RGBT B 4L, X — I AR i 2 2 Bl
(Muti-Layer Perception, MLP)SZHLA, #rH4EfEH C £ox, BRIMER 96, FrLAZid Linear Embedding 2
Jafit 56x56x96 , 1X—idFER LAH R (Q)F R

X = MLP(xO) (2)

2.3. Swin-Transformer Block

& 2 FiR, Swin-Transformer A% HBLZH A% Swin-Transformer Block, Swin-Transformer 3522035
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x x
1 1
\W=MS/ |
i i
\ | N
A
K21 x2n

-/

Figure 2. The architecture of Swin-Transformer Blocks (2x)
[&] 2. Swin-Transformer Blocks P4&£5#(2x)
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B4, %k Hi¥ & JZ (multi-head self-attention, MSA) A [F] 12 |2 & FIHL(Muti-Layer Perception, MLP), 7E%F
A~ MSA FildE/> MLP #ibk 2 5 5 2 MTE L (Layer Norm, LN)Z, FEESAMEER 2 5 N A ER. i
SR Swin-Transformer [X Jl]/& £ 3k H 73 & JZ (Multi-head Self-attention, MSA) A F, BIE NE 0%k HE
& JZ(window multi-head self-attention, W-MSA), [f&# NEALE 1%k H ¥ & JE (shifted-window multi-head
self-attention, SW-MSA)ZH il . X —id FE 7] LA A (3) R w -
23.1. HOZLEAER

ZRAERIIEE RIS AR, WE 3 B, Ho@EE, (b)2& W-MSA #ELSR, (ol
SW-MSA £55t. W-MSA A5 _F R AE R i 8x 8 AN X BROYLLFALIR 25 2 DN B, B A BT 4x4 4
X, W-MSA K NE R0 A EEGRE D, REEANFNEDNETBEEHE. BE— 1B
HhxwE D, BNEOEE MM ANXE, W-MAS B4k FE R

= W = MSA(LN (™)) +27

= MLP(LN(ch” )) 3

3
22 = SW — MSA (LNxz" ) +x ®
2t =MLP(LN(J?2"+1 ))+5e2n+1
HITEER R
fEED

56

Figure 3. The result of window division using different multi-head self-attention

E 3. RBTEZLEIENHITEONSHLER

LN(xZ""l) St MR 2 JF13 B 56 x 56 x3C WIFERE, SRIGHHERES 738 =4y, A Transformer 1
Q. K. V EARHE, BAMRHIELERE N 56x56x96 , NG PR E . SHIGEAE, MBI ZIE DH
3ANHIBUASERE, 4EFE N 3x64x49x32, H 3 FoRZIGER NN 64 LRXIAE, BTHARNT
56x56, HTXIAANNRT, Fib—ILR T 8x8 MXHL; 49 RRTAN RIS MGEEEE: 32 &R
B2 s AN /2 kAN BE R G 8 = ANRHEARIE R (4) i 47 A E

. OK”™
Attention (Q, K,V ) = Softmax +B |V “4)
(1) sotos
H, 0. K. V53R FIR Transformer [ =ANMFHIE; B RoRHXLBEIRZE; d, [261RNFHIE K 77 2%,

N
Swin-Transformer ¥ 15 X 380 M\ DA X By 5467 A0 2500k LA 1R 507, AR 4 fR 4 A 30(4), MSA Fi
W-MSA HiHHEE R ENXG) X(6)7 AU T
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Q(MSA) = 4hwC* +2(hw)’ C 5)
Q(W — MSA) = 4hwC? +2M *hwC (6)

HF & O 8E /N F XEE, W-MSA i8R & ARG R 220 R . W-MSA EIRFFIK
TIEE R, HREAEASN window Z [HEkZ A5 BACH, TRH#E—2 51X shifted window partition K fi#
YA A B 1A JE A I Il

23.2. BUBOZLEIER

Swin-Transformer Block 2 — )= AL & 1 2 3k HIE B2 & DAL E BT 325), 15333 MAEEH
wWH, Wk 3R, BalE BT A8 E— EASMAE S AR 5] &R, #aBERh T
oM AT AE A 8] B 10 1 P A3

ERALF & LRI T7 B FIN T A=A, g EE 2 ME 1, JERE 0K —, 1R
N 1.25 f5. BGER R 77 SORME XA R, W 4 o, @l W RRSIM TR, B'k #
(@F AT =AE RS B 5 —F113 2(b), RJE0b0)R S —FIK & RS R E— 515 5)(c), 3x3 KIE
AR 22 FE H .

(a) (b)

Figure 4. Illustration of an approach to shift windows for SW-MSA
4. SW-MSA $1%& OE A

BRFNEOZ )G, SW-MSA VAT EHFHEFR S, EABIZR)Z 5B E D2 B A
SRR 2Rk, fETFRE EERE AN, RAZE X MIE B, ks 5] Mask #LH], B FHERE
JE 85 N\ 3 softmax R, 2450 FE S0 M AT mask ABIIRS, R B0 A1 BR AL B #Y mask FUE W E N-100,
HAREN ORI, BB 5 s,

24. XPEH

AR R ERES Stage FFUARTMRRAE, FT46/No R, 1 RE 38 38 B0k 1 JE2 i RA T 580
M PG R E AR T, SN T Y, FREE TR —EBHE

BRR B RAE WIS, ILEAT 7 A 7 1) b, (8]0 2 i BOe R . ARG HHRAE — R/ — 8 k&,
T BT . DU EIE 4R A RS 4 5K Hy, W S48/ 2 %), B Rl — AN 2 B
3. BiREME
3.1. BURERE

B AR % = % R X R ZLAMRN LI R BIAT ORBF A s 0 B P BRI, WP AR L5
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Figure 5. Mask mechanism in SW-MSA
& 5. SW-MSA = mask #1l

BERE 10 WU — 5K B, XFEORAE T REANZ R B, ST LAsb TAR R . fmo B A i B i 28 10
WA R ARER RIS BURE T EEFENE, MBI AR

3.2. BUREST

Bt 6043 FKEFr, FONRA N, BATREEEER RO 25, BRIESE, HDy 1:1. Hrhilgk
209 3022 SKIEF, BUELE 3021 SRR . RERE TR |, IRERAE TR, B A iA T, AN
MR EE 2.23%~47% NS5, R, Il SR A [ 0 2% b BRI AN i e 0 ZORARH i

Table 1. The number of different categories in different data sets

1. NREBEETTEXRANNHERR

W * ST Bt it

o

135 2842 2122 596 107 241 6043

3.3. SEIEHIETALE

K AL BRAE AL M 2% AR N 2+ BRI SRt LA i e T JRLda 1 A RO A
K 294000 x 3000, 4 1A, INPRIZRERE, EINSEIRR T E T 4RI — R, AR5 F
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B dE AT 30, A R B G s R e S AR T e, B b LG, e KT 3 B R N B X 4%
AT IIN R
4. IRGERE R

ARCNGSMIRA FH R EFRE 435k 3 T 58 =N E B A s a4, N\ BG40 2224, 224],
S AR BT SR RO TN SR Y ok B AE AR A =] K AR I COCO BURE271IZh IR AR . Yl griffb 28 K F
Adam, WJUEE>)% A le—4, batch-size K/NH 8.
4.1. SCIOIREE

R SC T FH SE U0 IR B VRN HCRE 4 B a0 2 B

Table 2. Experimental environment in this paper

® 2. AXKEIFE

SIS IR B
BIERG CentOS 7.4.1708
cuDNN 7.6.03
Python 3.7.10
Pytorch 1.8.0
GPU GTX 2 080Ti
BAF 11GB

4.2. THNIRE
ARICKH AP (average precision)VE N4 BE ISR A VP R PR, SUEECR, REFREMIZSEREML . 5
AP FHRH LM S B 46 ToU (Intersection over union). #Eff ¢ (Precision) A & A [l % (Recall).

Figure 6. Ilustration of IoU
E 6. ZFLLER

ToU BIZZIFEL, s TIINAE 5 S SEARAHZZ 8 7 S AH IR 5040 LAl B 6 rhag (il 7 5 3 (o 43 THI AR
FfE, MRIESEARRE, AP 7 R=NAEFEIR: APgsv APgssv APgsgos, LA EL AP s NHIHEAT UEEH .

TP (True Positive): ToU > 0.5 PIATIIHER S (7] — RiHH —K)

FP (False Positive): IoU < 0.5 H#6lIHE

FN (False Negative): %A 0 2f¥] Ground Truth {14 &

MR Bk e S, HEf 26 (Precision) LA & A A1 Z6 (Recall) i 53 il an (7). (8):

TP

(7P + FP) @

Precision =
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Recall : L (®)

(TP+FN)

RIFER(7). RE@®)1FE] P-R M2k, Bl p(r). AP wi FIIRHERE, iRyt 2xt PR iz ki)
Precision {ERIMEH, BIX(9)FT~.

AP = J';p(r)dr ©)

43. KWERSHH

AFRERAT IS R 3 i, Hdt, APos. APgrsy APgs.gos 73RN HUAEIZRUE T mAP (1)
45, Params £ S 45, FLOPs 42 floating point operations [{I4i 5, FRINiF miaH %, Al LA kil
EERMET I E 4% . FPS J& Frames Per Second 1455, RN B EP A H R F ik 2, ms/p Rk
Ab PR — 5K P B T S IR, T A AR R AL B P 38U . Swin-Transformer 75 =R T (1945 FARS L T 3L
RIEIE D 52%, HRRIHES THEMFIHZE, SZHEMNREESHER S, BMERER, AH
B R s e ig . (R A LR TR IR K B, N AR IR A%, Swin-Transformer REREIELE 95%
HERA G OLT, B B o

Table 3. The results of different models
2 3. TEHEBIENILER

X 2 24 Bk Backbone APy s APy 75 APy 5095 Params FLOPs FPS ms/p
SSD300 Resnet50 0.774 0.560 0.511 13.67"™M 12238 G 21.1 474
Retinanet resnet50 0.887 0.773 0.688 36.21 M 216.1 G 253 39.6
Faster RCNN resnet50 0.869 0.700 0.608 41.15M 21544 G 235 42.6
MASK-RCNN resnet50 0.904 0.685 0.616 41.15M 21544 G 233 42.9
Yolo3 Darknet53 0.809 0.522 0.502 61.55M 194G 78.0 12.8
Yolox DarkNet53 0.802 0.604 0.533 9.0 M 26.8 G 79.5 12.6
Swin-Transformer Swin-Transformer 0.958 0.853 0.759 76.56 M 590.07G 7.60 131.6

TEANR R R b, SR 4 Pos. BT 8IS, S ERE S RORHIPRR, (H2
Swin-Transformer 7E%&F— A0 4, A IKS FEAR RIS 91%, JCIHAE B HE IR/ squirrel 2K, A5 AE
R 4 13%, XU BRI BCE /D F94FF, Swin-Transformer W45 & NHERR, XTEEH# D1
YR oy

Table 4. The results for each category of different models
4. TEMRERTE—LANNEER

[ 2% 44 B badger beer birds goat rabbit squirrel
SSD300 0.865 0.962 0.716 0.940 0.764 0.400
Retinanet 0.944 0.974 0.889 0.973 0.758 0.784
Faster RCNN 0.935 0.972 0.858 0.959 0.765 0.729
MASK RCNN 0.942 0.971 0.859 0.964 0.901 0.789
Yolo3 0.930 0.953 0.693 0.937 0.804 0.538
yolox 0.878 0.950 0.713 0.926 0.865 0.480
Swin-Transformer 0.996 0.976 0.926 0.969 0.968 0.913
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