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Abstract: [Objectives] The Przewalski’s Horse Equus ferus przewalskii is a nationally protected species in
China. The reintroduction projects in the Kalamaili National Park have become a successful example of
restoring endangered species. Precise individual identification of Przewalski’s horses is crucial for the
appropriate design of conservation and management strategies. Advances in computer vision provide an

opportunity for the development of individual identification, with a high degree of accuracy in characteristic
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recognition. [Methods] In this study, we collected 31 477 images of 20 Przewalski’s Horses in the Kalamaili
National Park and used convolutional neural network of deep learning to develop a new individual
identification model (Fig. 2). We employed the YOLOv8 model to detect the head images of Przewalski’s
Horses and segmented the head images as regions of interest (ROIs). We then used EfficientNetV2 to extract
image features from the ROI dataset and identify the individuals (Fig. 3). Furthermore, we used VGG19 and
YOLOVS to extract image features and calculate the identification accuracy, precision, recall, F1 score, and
confusion matrix (Figs. 4, 5). [Results] To validate the model performance, we compared the EfficientNetV2
model with VGG19 and YOLOVS under the same conditions. The EfficientNetV2 model achieves the
accuracy of 96.44%, precision of 94.81%, and recall of 94.57%. The VGGI19 model has the accuracy of
89.51%, precision of 90.96%, and recall of 89.51%. YOLOvV8 reaches the accuracy of 89.33%, precision of
83.90%, and recall of 83.52% (Table 1). The results indicate that the EfficientNetV2 model has the highest
accuracy, demonstrating excellent individual identification performance. [Conclusion] This study focused on
20 Przewalski’s Horses in the Kalamaili National Park and developed an individual identification model for
Przewalski’s Horses. Our model can be applied in future studies of Przewalski’s Horses, such as accurate
individual identification, long-term monitoring, and behavior analysis.

Key words: Equus ferus przewalskii; Individual identification; Deep learning; Convolutional neural network;

EfficientNetV2

W IREY S (Equus ferus przewalskii) 7&HIAT
1) 7 B RS — IR Y, RRE—
P R E ARSI Y, B BRI
(International Union for Conservation of Nature,
IUCN ) Wil f& 1) M 40 5 44 % vF il o8 B3 f&
(Endangered, EN) Z#)#f (King et al. 2015,
Turghan et al. 2022). EHOL ST X
Ji&, KBz AT T WO L Ay, e
AR B AR50 X BT Hh 530 5 A 1 55 T 1
iy, FEFAMREE T 20 KA CaAT BAE
1984), {XAZTE RS> N TRl FR R MU M. H
1986 4F, @it EA . N TEFHS, B
HMUEE IR, FRE - [T S Bk T
RIEHHC. 2001 4F 8 H 2 2021 4F 8 H, Hril
S Iy BEGE A 5T b0 )y 2 BT 50 o T
17 #2128 VL3 [REF By (HESIRSE 2023). K
P BE R A (44°38' ~ 46°03' N, 88°26' ~
90°09" E ) b AL HEE] /R Rk v R B 7 RV AR
%, SR 1.47 5 km?, J&TRILTEER. 25
B g, mEsAe. SRR b
PREAR T B — AR 2 A AR TE A R

MM R ECAMRIR (Haloxylon ammodendron)
P PE (Calligonum mongolicum) 5524
A, PLEFIEEI R (Stipagrostis pennata)
AL (Stipa glareosa) 55 AFEYIHA AL
TR G (IROCE S 2016, i libh s
2024). A B RS LY (E
hemionus) 55 PR IGAT i K504 ) B EEA B 1,
I I T s e Th B T B RS
FSA R B s 2 B 5 N R R ) B

SR ZN AR AR MR A R AT
i B AN TR A FE i 25 Al (Cronin 2012,
Crouse et al. 2017). HHf, LS4 swA
PN R0 BB RHAIE 22 5 2 BRI T, 8
HA: 2B EERR R MARR A, A5
TR H AR A bR R BN R A, BRSO hR S
B G PTEE R 0] Be 2 X B W= A 4 T
KEUR], R ARIER S B RSN E R A
e TR, BTSSR, 28
VAL XE DL A 0 A v 48 1) R OB o 5 55
2013); DNA nlJ7 i r 5E HAgE, (HEFAME
sl i o0 SIS AR IR T A, ARAEARTIIRE



59 R TEE: T BRI 2% ) R S AR <643 -

PN A S Eh W SEAR DU L FEAIR B Pl e (3
Mk 2024) . LR, FTEB LR %
( convolutional neural network , CNN ) #l
Transformer 55 151 5 JR ) B0 B2 2 2 77 VA4S £
TR RE . IR EE A S EG FER IR
) TTERN T B AR, SN AR
F IR BIRPRE  25i0 id BRERAE A 23R
B R A, I8 2 A I SRR AR R 3R
BEGNZZREER, 2EGIERMMES T &E
S H) 2 N B SEH . Transformer 418 H AR
%5 A (natural language processing, NLP)
R it T EE T2 40 1 R Ak B 7
Vision Transformer (ViT) N4 B G E-Fh
— A, AR A BT A0 B — AR N R
Transformer A, MK Transformer Y H
R IR R T B AR 4R (Dosovitskiy
20200 4 VIT RENS S IF 3t BRI R K 22 i A
B, HEERMEMNEMEL, VIT FitEE R
FEH e, TR A ) F R W R, IF HAE
EUE ) R B P2 B E RN S5 Rk, fEdb
PRSI0y S AR AR RLEE AT S5 1), AR
L4 T H RES AR AR R I . I B AR
22 ) 25 Doy 3]ty 15 MK B\ B0 B 30 %%
ISR IURFE AT B AERE 732, 72 BUER R A
MRS EH EGHEMIE . HirsHms
W 2% O 2 (E B 42 1l 42 22 M ( Rhinopithecus
roxellana ) ( J5 kg 2017 ) . PP ( Pan
troglodytes verus) (Schofield et al. 2019). K&
Wi (Ailuropoda melanoleuca) (Chen et al. 2020) .
FrAE (Ursus arctos) (Clapham 2020) .
W (Trachypithecus francoisi) (fi[lEFEE 2023)
FMAEALFE (Panthera tigris altaica) (2 Hl
2024) SECRAP SN IS E] T OF AN A .
HARIE T B A N 85 DR AP sh )/ AR
A AT VIS O e, H2x T4
A TR ARFAE 22 7 AN BH 2 B0 GREAT AR BT 2R
HA— Pkttt . E KB 52 SR RA 4L
HEh, ASFERE SR B R AL 4
s AT W HE DL S EAN A ) B v b v

o O T SBUR oK 28 Bl Y DR 37 ) PRI 1 ik
ATHERRANARA, ARBIFFE IR T X /R AE
R R B S BRI B, R T2k
THERMEM R MARIE R 2R REER
FHER BRI IREF 5, DURh e R II R
PERE T B, 8T8 [REF S OR3P S AR SR
WELAE. AWFFCHR IR 52 SR, JE Xt
ENP) AR BRI A B R, 7T
RARPIF B s SEE 225,  BEimov e
ENPN ORI RN PEAL B A T SRR T ISRy, TR
N 25 [l S B PR R I BOR S

1 MRET%

1.1 BEBRE

SCISEER T 2024 FERPLEEEK A
PHAS ARG B R . RRiZ RE KA
el BT T8 P B 5 B AR OR A IX T AR 817.7 km?
B 1a) o AHIFF0 M8 FH A 28 48 el 20 DL EF S
31477 5K A i, BEUCET 5 i) ] i A
1 024 2| 3 085 5k A%, “FIRILEF L 1 574
TR . SN E SRR B A ) U T SE
15 G R AR IR 830 PR R 0% e s 3 IR B 1 4
B+ 7 BT S B0 T SO0 TR A T AR, IR
AERS, TR RETRE A RO T RAS
7 (E1b~d.
1.2 AMERFGRE

BT QB /MR RRE 2 R AR, K
Z A G A B D B SR E AR AR,
HEGHOE TERIAETIHEE (B 1b~
), AFIT1Z F A AR A 28 0 28 6k 7 QT 1 3k AT
AMATU] o 3 PRHF T4 AN ] AN ) Ak e B AR — 5
H BRI SR B S 0 R RRAE
X 7RI 32 AR 7R SR R0 B A [X s K
NI VA B i A B Ak VR €55 8L (Groves
1994) o BT Fr R B ) B 87 QBT B DU R 2 25
AFEL AEARE, HAERZERER, FIH
TR AN B AR 1 b 12 ORI 3R 591) 21 R 35 1) X 20
fEo BRI, ASH S X 2 R IR H 5
TR SR EBAE N X s, A AT



- 644 -

BN AE Chinese Journal of Zoology

60 %

HFRSHRAS AR (B 2). 25— Rl L i
%5 YOLOV8 H bl Ry, 4 Bl (5 o 108 IR Y
Ok w8 R N R #e B . W b R & B
EfficientNetV2 ALEATHFIER LA L R 53
K, AT EG I IRE S AR E BT M

)L/D\%IJ o

1.3 ¥ RESLIEGAN

H e E AT I S L, MR
MREHRERE . 1EJFUGHEE S T BEALIEEL 270 5K 1E]
J, A Labellmg {1 T.H (Tzutalin 2015)
X B I S AT AR o T bR B A
A YOLOVS Ml grsidase, #&IiIgk

=z 88°40" 89°00" 89°20" 89°40" 90°00'E
=3 ) =3
s [ P s
o 7 s )
< * <
= =
<+ <
[ 5 A
N s T N
L AL N :
=] o >
S If ional- i

& + KalamalIlNatlonaL. | &
<t N <t
> <
(=3 | ©
(=} =
7 o
<t <
> =
5y 54
< <
< <

88°40" 89°00" 89°20" 89°40" 90°00"E

B1 FRZEERAREYRES

Fig. 1 Przewalski’s Horse Equus ferus przewalskii in Kalamaili National Park
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a. Map of Kalamaili National Park; b - d. Three individuals of Equus ferus przewalskii, with similar characteristics.
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Fig.2 Overall process of the proposed method for individual identification of Equus ferus przewalskii in images
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BN stands for Batch Normalization; Conv stands for Convolution; SILU stands for Sigmoid Linear Unit; SE stands for Squeeze-and-Excitation
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Table 1 Comparison of accuracy, precision, recall,

and F1-score among three models
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YOLOvV8 89.33 83.90 83.52 0.83
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