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Classification of Vector Mosquitoes under Deep Learning
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Abstract: Mosquitoes are the transmission media of various diseases. The moniforing of vector mosquitoes is the key to
preventing mosquito-borne diseases. Traditional manual identification methods of vector mosquitoes have high costs and
low efficiency. Therefore, a classification method of vector mosquitoes under deep learning is proposed, which is based
on transfer learning and three ImageNet pre-training models including fine-tuning ResNet18, DenseNet121, and
MobileNetV2. K-fold cross-validation'is adopted under small data sets with 900 mosquito images, and Aedes aegypti,
Aedes albopictus, and Culex .mqsquitées are classified to evaluate model performance. The average peak accuracy reaches
95%, 97%, and 97%, respectively. Finally, 344 mosquito images are predicted by using the model retrained under the data
sets with 900 mosquito images. Specifically, the lightweight model MobileNetV2 achieves the highest precision, recall,
and F'1 score all of 0.95. According to the final prediction accuracy of the three models, it is concluded that the
lightweight model MobileNetV2 performs better under a small number of data sets. The experiment changes the previous
model fine-tuning modes. The learning rate of the model classification layer is set to be 10 times that of the previous
layer, and the prediction accuracy of Aedes albopictus is improved by 5%—6% compared with previous experiments,
which solves the training convergence problem of a small number of data samples and further expands the applicable

environment for vector mosquito recognition.

O HEETH: HrE HRFIAHE S (822RCT13)
ORI ] 2022-10-12; A& B TAT: 2022-11-14; KA [A]: 2022-11-30; csa 7E£R Hi RIS [A]: 2023-02-24
CNKI [ %% & KI5 ] 2023-02-26

234 W FH K Research and Development

© EREERREST  hup/iwww.c-s-a.org.en


http://www.c-s-a.org.cn/1003-3254/9072.html
mailto:cas@iscas.ac.cn
http://dx.doi.org/10.15888/j.cnki.csa.009072
http://www.c-s-a.org.cn

2023 4F 55324 5

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

i H AR SN A

Key words: mosquito classification; deep learning; transfer learning; ImageNet; K-fold cross-validation; convolutional

neural network (CNN)

SERICRANE 3600 20, AL, 120, L
o S B R ABORP, P IS RE AT AR 8 A BV A, 1%L
REALRRIEIR, R REAL SR IAT P SR 55, BB 43R
GRS R, ST AL HERE AINBR, i i AN 51 B PRI R
J&, FEASERBE AN WAL, A BRISUBAL Yy R0 5 Tt
Y, JEUA IR IRAT XIS W™, B BT AR
AN SR OB AT T AR A E KA
45 N AE BRI 22 2005 Jre st PR K fis 3521, At 5 TR
I (WHO) Kor, B HUEE B (0 T2 BOX 4Rk B
T BE MR B T I, HUBO R AT RS I i 5 /b
80% I, Al pH ARGk 3.9 2 AP Shxiscitye
TRAEE SR I MR R, 25 RIS BRI 28 v b il
I 301, SR EUIC e R -5 T s F) A A A
f. Aok s TRV, TR A R AR X 2,
AP RSN 9% 70, B2 580 TAEH A 1 FE
#E AR R R S T AR RN B, TX ST TR 2 1
I R TN B A ik, B — A B B2
(17532, A BT 5 iR 4 5 IR, b AR B
FEN 1, FEARRA, FF MU IR s i fH s ).

TR, N LR RemLas > SRR R Sk,
E T8 2 GUSUS T FU R, FER 22 AN A 3L AR AU
(1) S FH 18 221 A S0 AR T8 2 ST RR 2
STHTHERRBESCR AT T A SR, DAL ok
N T AU 5E () G 48, 50 B B4k 50 2870 9 B R AEAN

PSS HE IR, (E 35 JUEFAE 77 1, Fernandes 250 $2 H f

PR 22 D 45 1) 35 A3 5 R AGH N 45 B APRsy, S 4 E 1
A& 0 SR RIS R S A0S B I SRS AT 232K, A
BRIIZ MBI T REs T L RBRER 2%
5, Mo, oIS T 97.65% IR, (1%
TR AE MR P /NI S 2 P A SR HU e B A,
W73 SRR AEAT MR 75 (1) L SEIA T h AR AT RE 2 BRAIS. 4k,
AR R A E S AL L, ANE ST
FEAL A AE J7 1, Fuad 251 1 Sanchez-Ortiz 25!
P& A R FE A AR 28 I 2% U R 3 B AR i 4 R A 4
JEEE, 7 B T ImageNet!™ i)l -4 % Inception-
V3P I AlexNet!"", ## BUS T B OHET R, AEIX 4
B e A igr )y ORI AR 3 R AP inr 4y e, (B 2 SE G 1) s
BRI AE IR PR B N IR, N B Sk BRI 5T 2 v LU AR

WM. Park 250 3030 7 VGG-16!"", ResNet50),
SqueezeNet!'" iX 3 Fh ImageNet Filill Rtk 7Y 76 0 EL 45
8 AN ) S A g H 1 PR A5 B B AT K 1 i R 15
T, AR g R R TA B 97%, {H SZIG ) — 8 0 H s £
FRAE SR TR T ORAR, Bl B AN 05 0, 7E K
PRI RE 2 B 2%, | %

Motta 25U FIH '3 Fhts Bl 2 M 2 LeNet!'®),
AlexNet. ‘GooglieNet! 7 X 15 J 5. 14 5L HHsC R e
A P 17 N S 1 5, 388 3o 15 S D 45k B R 2
SIEBEATXL, fERUERY B, LeNet MIICT 70 R HERR R
N 57.5%, AlexNet A 74.7%, GoogLeNet A 83.9%. 7E
AR B, 18 FH GoogLeNet K78 T fe 45 N 76.2%;
f# ] LeNet FI AlexNet 733813 52.4% 1 51.2% (145
S, LIS I R AR IS AR B AR AR, (H MR ZREEA
LR IS SO R AT, BRI HER R AN, kgt 4R
3 T v h SRR B 2 ST I R e L 40 SR 8 8
B8, 277 VR0 BRSO 2 A ) 380 U A 1 28 =ik 98%, Ml
AL 22 IA 2] 90.5%, 15 H )7 v 75 2L 2 Br s EHE 1)
T 5, T R S T4, 76 LS S N 2 T 2.

I T4 (Mosquito Alert) ﬁfﬁﬁ%%ﬁm], Pl
PRI 19— AN SR TR 19—k & TR RO T
%%U?}%%ﬁﬁ%ﬂﬁﬁ%ﬁ%?ﬂ&)ﬂ, ZFE R AR
FLP 4 5 e et s PG b % SRR AT 5 v, H i o )
(AR T RO 5%, 1 A USRS, FEUGOM A M i
EEX PUEEF (A5, Pataki 2% 1 Adhane 257" 0
T ImageNet il Z:FH 7 ResNet50. VGG16 111
B & B aUPBUH AT T B S 2R, B s L
B ROC. AUC [k DL I R HERf 2 i 28, S0 1 B
ERBARERE IR, B R o R R i, SR
It 5 YA XEGAE 7 ik, S 38 R AE A a8 B T
94%, {HF & 1) PE d0RA 352 J AP isg 5 Y3 A PR AR 28 3k A7 4y
K, TN 25 2 B R o RIS 2 .

15 2 T2 & g BRIl M, A SO
FIAZT G BT RS e a g, 5 & s DL A P2
U3 AN s ek PR R R R 4, Z IR TF A iR
J AP IR KD, RSO IS T ), i b B EdR A
TR K 358 IR AIE 97779 ResNet18"1, Dense-
Net1217%, MobileNetV2** ix 3 Al 7l % £ 438 18

Research and Development fJf 737 & 235

© TEREBIK R

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


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

it E RGN

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

2023 4F #5324 5

SR, VPP A I AR D BRI AR T IR RE, 285 R
Ve FE LT 18 2 e B S B EFT I R, &) il
WIZRLF AR AT T TPA A R 1) SE PR I

1 EEAEE
1.1 K32 XEIE

K #7532 X 384 (K-fold cross-validation)* % i@ &
T H s S D A5 0L, 1 B SR B AL R 40 e A S =
U FHEE) kA T5, BIRARE I 1 A>T HE4E
NIMREE, AR k-1 T EIERIIGRE, LT kIR
S, THEAAF IR I HER R . SRS R AR, A
HY ke RS 5G VP Fi b 16T 3B R PEAS A AL (1 PR 8. AH
KHFFERM, b EBK, TP, £ 5 5
10 B EVPAl AR PE AN o R 2 1 T 2R G PR
AR 10 4748 UL TT 2%, s SR AT 1 .

Yot g !
| 0 vl
' A\
|, D, ||
e s

[oo]a]n[o]o]

D,

D,| muaﬁ%%

|D1 DD D5|D(, p,| b, | D, Dm| iﬂﬂiﬁ%%‘% Z;w
|D||D2|D3 D, | Ds| D | D, | ‘;JHM%%

E110 rac XaGiE R = E

1.2 IHF
M2 (transfer learning)”” H41i@
(fine-tuning)**" TN LR 7Y, (43465 7Y 1E il (5 2 0 5
PR, B = E ] 2 Fﬁﬂ?, B R AR R
e, H AR

EEAEAE/E S

LULT e ﬁ
b

K2 AR E R

1) fEJREHE 4 (W0 ImageNet) _EFIZ— /M
IR E Y, gAY

236 W7t JF K Research and Development

ok %%[26].5 5

HAREH

2) B > TN R TR A (] 1 e £ ] £ A A,
SIS HL.

3) B2 HARBEAL I )RR D9 H R SR SR R 20 A
2, FFRENLAIIR L 7 SRR AR R 24

4) 78 H At gk BN SR B AREERL, MSKIZR H br
BRI 73 SRR, T2 AR T SR 2 2 MOk AT ol

2 I HURHIE S 4R AR A e A

2.1 BHFFHENR {
IR B Ay A2k H’Ei*%\ i) #4 4

%%ﬁ%%ﬂﬁﬁﬁﬁzﬁ St SR JUHEAT 5 S b

2, TRt S 1, 7 S350 3 BRI

A0 AR R R AE A B 3 TR (R RVE: http://www.

mosquitoalert.com/en/info-mosquitoes/disease-trans

mitting-mosquitoes/).
@
N

& \ W

/
s

(a) LU
B3 g iR BR SR ARAE

FEl 3(a) EECHFHCR: — RN G 79 B 65 [T
AT LS 3 OB 9 — 2 1 283K 1R 50, @ 25y 2 ¢ |
AT EUEBE L B 3(b) 2 B OPECR — R £
(e T, FRCUE O 1R SR 10 4 5 12k i
5, QLA 1 (0425 1 3(0) RO — R (o
R 0 T, (DR GO R L 1 32 0 e
1, @B (0 L AT, B 3 o] R, SOPHEORI
T AHSOH LR 1R .
2.2 HRBNEEF

VR 2 5] v B 2 46 1 2 LR AN AL 2 £
B, P 35 B 2 ST 0B SRR AT R 5, T
R TR SR 2, HH T 90 263 1 LA S P A
B FEE S5 5 0 0 R, SR [13] 8 L 3 0 1 U4 P
JAEM 25 s {8 B BN (batch normalization) JZ SR A Hefh
T B FIVRR 1 915 5k 0 R, 5 190 4% o 5 B 2 48 B Ay
Ml 0 22 90 24 8 FE AT, 354045 J2 2 1) (93 IBE 2R, A
ST T P4 TSR, T LR v T 2% 36k 1 i
TG 4 TR

DenseNet 5372 HTE S 5 E S8, 184

(b) # J A

(c) JEIRL

© TEREBIK R

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


http://www.mosquitoalert.com/en/info-mosquitoes/disease-transmitting-mosquitoes/
http://www.mosquitoalert.com/en/info-mosquitoes/disease-transmitting-mosquitoes/
http://www.mosquitoalert.com/en/info-mosquitoes/disease-transmitting-mosquitoes/
http://www.mosquitoalert.com/en/info-mosquitoes/disease-transmitting-mosquitoes/
http://www.mosquitoalert.com/en/info-mosquitoes/disease-transmitting-mosquitoes/
http://www.mosquitoalert.com/en/info-mosquitoes/disease-transmitting-mosquitoes/
http://www.c-s-a.org.cn

2023 4F #5324 5 http://www.c-s-a.org.cn HEWMARSGNA

AIETEIRIE (channel) b (R SEHURHIE 5, X P 42 K% 300 5K, B T4 J s G B gad /b, i 1
B AL 1k DenseNet 783 BRI 5 A 5 /b (1) MR 2 v 5 42 3 2 TR, A D T4 8 i (S 3 e
THIE T SEILEE ResNet EEARAIPERE. T ARAERINE] 5 R BHUEMGREAT KT BB . e, Aok
Fe s A B AE. A2 R IR 344 kit B R A s A
(P f 28 F0, Forr 152 sk B aeBrisdE g . 92 TRk KA
P IR 100 K AEBCEIE. EEEEE &2 )96 - b
Identity e, RAF RANAS —, FEREAT B8 AL BRIV, S 42 L Aol 4
BUE Fe/IN — AN KGR R 256, S8 5 M EME Aot AL BY
BAG—1 224x224 KN, B4 AHH z-score ¥ IRy
AEFEAT VA —f AL 2, ﬁﬁl%%{ﬂﬁﬁ\ﬂ:i’ﬂﬁﬂﬁ{ﬁﬁ

4 FhERH Z25r 8 0 A 1 ﬁ‘%ﬁi&ﬂi ~

x—
Dense block z= H (1)

@
’ﬁﬁj*u Mo %U%%TE%E’J?%@%MT/ME% KK
»

o R EGWME 7 FiR R R http:/www.mos

N - quitoalert.com/en/mosquito-images-dataset/).

A 5 iﬁﬁ*ﬁﬁ% g !

MobileNet %?/ﬁ;éﬁi 1"] TG IR AE 5 B 0 A
SRR RE BRI AR 11 B0, SOARRE T 4
B, Ik @R B JUR M2 M %, FlTHai
RN AL E B AZ 48 5N T P 1 B (0 2 J i 2
B T8 ARBON 7y A e B, 7T LUA RO AE SE IR AN ER
VE 2 T8 HEAT LS. IR BE T 7 AR 6 P,

1

D, K7 fREESEH S A S (% VBRI (5B
D, 2 47)s EEEI (3 m
(a;Depthw1se convolutional ;lters %}Aﬁ @Ji j—\t% f‘tﬂ% E/] I_J é%EQh Eﬁ%% F wJ

Rl 2% o (G RE AR (0 PR, 0 /MR B S B0 1Y

% % % % » Regzﬁetl& DenseNet121. MobileNetV2 #4750, 4
SCILES O K 3 b T SRR A K 4 B ATLASE B R B

(b) Pointwise convolutmnalﬁl{ers (stochastic gradient descent, SGD) 1E A4 &%, 172K B

e “"EF%%% o iﬁzﬁﬂ%&}lﬁ-ﬁi‘mﬁi (‘cross e‘ntropy loss),fbflﬁﬁj\j

\ 0.7, B 11453 2K bR BUAE I S5 b A2 B N S0 30 s /ML, AL

B2 11 ST R 6742, ResNet. DenseNet. RN F B E A 0,001, Y/ BRI ) 6 1 52
MobileNet CL4 &M E Ui AOFIZE R 2%, A T H AL Wit RIZEVIZE 25 4 epochs J5 {2 1E, batch size ¥ E K
SEIRAFAESS ST, UEASORE X 3 FANIE Y 16, 70522 ST % B 0.001, 8 [ 2 25K (StepLR)

Y I 2 AT AL TR 7 . {5755 ST A 7 4 epochs 5 IR AT 442 ST %00

0.1 4%, B 43 22 B BB O 3 452, HRTA
3 SEEE T SEIG AN (2, Adhane 25 BRI, % TR 1
31 SWEE FIE AT JE AR — AN/ N (2 ST 3R HEAT Y 45, 3 T i

AL AR AT ER A BTG 1 1 244 FHUNGR ORI 70 28 8% I RCR AN, AR SR K 12 2Ua
s d R, BEALIEL 900 SKic R EHR BEAT 10 9752 X (190 R 2 2 FBE IR ST R 10 i, Hoh 218
ARSI, bR S AU EE . 1 SO (RN P PRI IG5 2] 5.

Research and Development fif 72 7 & 237

@ TEREERIREGSTT  hiip:/iwww.c-s-a.org.cn


http://www.mosquitoalert.com/en/mosquito-images-dataset/
http://www.mosquitoalert.com/en/mosquito-images-dataset/
http://www.mosquitoalert.com/en/mosquito-images-dataset/
http://www.mosquitoalert.com/en/mosquito-images-dataset/
http://www.c-s-a.org.cn

i E RSN

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

20234F 5324 F 5

SZI GPU A AutoDL ] RTX AS5000, &1 4 24 GB,
CUDA KA 11.3, PyTorch fiZA% 1.11.0, Python ki 3.8.
3.2 xtEbsIg
3.2.1 10 #7148 XEHIE

SIS e iEid 10 H7 A8 B UE VE il ResNet18.
DenseNet121. MobileNetV2 =FfiEELLE 900 5k /&1
HEGHAEE E IR, B 95% HIBEAEE, THHE A
TE NSRRI AE b 1) ~F- 357 W A1 HE 1 26 215 [X [R) RSP

Wik, Xtegs ik 1 R, A6, ]k 3 B A A
— T B 2R U R i A Rk dh & 1 8 o,
TR AERR R 2 9 .

* 1 BT GEANRE LTI MR R ATk
G/ 27D ResNetl8  DenseNet121  MobileNetV2
Train Accuracy (%) 98.90£0.06  99.22+0.04 98.60+0.08

Loss 0.04 0.03 0.05
Test Accuracy (%) 94.89+0.34  97.00+0.27 97.11+0.26
Loss 0.18 0.11 0.11
)
0.8 + —— Foldl
—— Fold2
— Fold3
0.6 + —— Fold4
—— Fold5
o \ —— Fold6
S o4 — Fold7
ah —— Fold8
—=— Fold9
o | — Fold10
0.0 f . A X X
0 5 10 15 20 25
Epoch

(a) ResNet18 10 7 I ZrAEf = il 28 A o< i 28

1.00
095
0.90 —— Foldl
—o— Fold2
§ 0.85 + — Fold3
5 —— Fold4
S 080y —— Folds
—— Fold7
0.70 + 4 —— Fold8
—=— Fold9
0.65 —— Fold10
R 10 15 20 25
Epoch
1.00 + e e o s — —
095
—— Fold2
§ 085 | —— Fold3
§ —— Fold4
Z 0.80 —— Fold5
—— Fold6
0.75 —+— Fold7
—— Fold8
0.70 —= Fold9
—— Fold10
0.65 n L L L L L
0 5 10 15 20 25
1.00
0.95, |
L
0.90
—— Fold2
§ 0.85 —— Fold3
5 —— Fold4
> 0.80 —— Fold5
—— Fold6
0.75 —+— Fold7
—— Fold8
0.70 r —=— Fold9
—— Fold10
0.65 A L L L L
0 5 10 15 20 25

Epoch

-

08 + 1 —— Foldl
—— Fold2
‘ —— Fold3
06 F —— Fold4
—— Fold5
- —— Fold6
8 —— Fold7
4t
=0 —— Fold8
—=— Fold9
oz | — Fold10
0.0, | . A S
-0 5 10 15 20 25
Epoch
—— Foldl
—— Fold2
—— Fold3
—— Fold4
—— Fold5
L 05T —— Fold6
E 04 F —+— Fold7
—— Fold8
03 | —=— Fold9
oo | — Fold10
0.1 F
0.0 f ,
0 5 10 15 20 25

(c) MobileNetV2 10 Il k=R i £ A4 2% ih 2%

B8 3 FERLAE 10 4758 SUIAIE T VI SR 5 h 2 A ZRat 2% 26

238 7 H K Research and Development

© ERSEBIK T

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


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

2023 4F 55324 5

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

i H AR SN A

0.95 |
0.90 |
Y
2 085 | WM
= ")
8 “
< |
0.80 | 4|4 —— Foldl —— Fold6
| —— Fold2 — Fold7
075 g+ — Fold3 —— Fold8
AT —— Fold4 Fold9
—— Fold5 —— Foldl10
070 1 1 1 1
0 5 10 15 20 25
Epoch
(a) ResNet18 10 97 Il R 2 ih 2
1.00
095 + ).
0.90 |
> I
g
3 085 |
<« / — Foldl — Foldé
0.80 F | —o— Fold2 —+ Fold7
| —— Fold3 —— Fold8
y —— Fold4 Fold9
0.75 ¢ [ —+ Fold5 - Fold10
0 5 10 15 20 25
Epoch
(b) DenseNet121 10 7 ill ZrHEf 5 2%
1.00
0.95 |
> 0.90 |
2
2
< 085
—— Foldl —— Fold6
— Fold2 — Fold7
080 |/ — Fold3 —— Folds
—— Fold4 Fold9
—— Fold5 —— Foldl10
0.75 & L L . )
0 5 10+, 15 %20 25

\ ) Epoch
() MobileNetV2 10 7 Il ZrifE i = Hh 28
.

Ko 3 FRLAE 10 3758 SCIAIE T AP s < il 2k

it | FIE 8 20, 3 Pl ZRBEALAE 10 4™ epochs
ZJE Bk, v, R RS A S AT A O, T

D BB AR T B AR AP (SR, 7E 95% BAE
N, PN R AE 2R FFTE 98%-99% Z [A], 3 PRzl
TEMNZREE R IR 4, IR R AE 0.01-0.04 Z [H] /N [
WeAh, AR —Hr P ERA R i AP Rt LT E A
T B 5 28 i 458 1) 68 2 0 T DAl A 2 7 /D B i 4
T RETR RS E WS, #h 2 A BOR BT R, Sk
TR B R S E R T AT NI R R
3 PR IR S XA B SR BEIA B 95% M B b, MIP KL EG T
3 P A AR D B A A T RE U AR I 1 A KRR )
Bh, T8 95% BLAE IR, AT (T 4001 e o 5 i 2
ST 34905k A 40 2 20 I E 0404-0.08 2 ]l 0.2-0.3
Z [a], 15%\1_2 I‘ﬂ%{d\, AR 5, 3 PR REAE /D 2 5
%1‘\1%%%@&%?%%%%@%%. TEF 3 I SRt
FRILFAH A RS 0T, X6 EE 3 o 7Y fl > 257 00 4k 4 1
#, DenseNet121 F1 MobileNetV2 L ResNet18 = 2%,
VI, 10 #7238 XIGAUE T, DenseNet121 A1 MobileNet-
V2 fE B AR MR SRR N ERE ST
ResNet18.

9 JE/R T 3 FhELAE 10 3748 XIS TESEE R Y
il HEr R 4, AR 1 T ULEWE H,
3 gAY B AR B HUAF B e R~ 3 DR A 2, (RATIOR
083 W X TR R T 2R B BRI &, D E RS
25 A [R] R RE B A SR AN () 2 B () A B0V Ak B ) 52
SR B, 3 RS AR v Rl 2R IR A B — N R
{8, BRI b R, NP3 28 5 2%
R HERGFF, DenseNet121 MobileNetV2 HETfI R R
%51 95% B k. Tij ResNet18 %7 95% i /2 bl
T, 10 7438 5 U — 7RI 43 (R E R S AR R 1 4y 2
PERERL B K, 45 2SR 2R A0 1T, ResNet18 YIIZ5iE
iff 2R 5 0K T A 2 s B R M e 22, 2 3D A 4R
FA 52 M 45O, LW Hb 33 B 7E S50 HH DenseNet121
MobileNetV2 F I T ResNet18.

[F) FF 48 FH A2 X5 E 7 v, fE I ZRAH R /g 25 A
epochs 2 P, AN 3CAZ XBGAIE SEEG 1) 7 Y il i vE A R 5
Adhane 257" 28 Y6 IE 5256 1)1 27 04 HE R 2R 3k AT
b, ansk 2 fok.

%2 A5 Adhane ZP BRI VGG16 1 ResNet50 F IR AER 2% L (%)

it VGG16 ResNet50

ResNet18

DenseNet121 MobileNetV2

Accuracy 93.86+0.54 93.21+0.62

94.89+0.34

97.00+0.27 97.11£0.26

R 2, ATELVE Y, AT 55 ¥ B R 4 iR A3
JRUA RIS 3R, JLrr 2R 254 2 RONRTZ 1 10 £,

55 Adhane %5V ¥ B 1T Z 5 40 FE M 22 ) AR,
TE IR AH A epochs Z N, AR SCH A ResNet18. Dense-

Research and Development fif 72 7 & 239

© ERSEBIK T

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


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

it E RGN

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

2023 4F 55324 5

Net121. MobileNetV2 =Rk Y 5] >F 2570 38 v 7 2R 13
T O VGG 16 Al ResNet50 f 1 15 1k v 1
B, R E R E AT E RO 2] R, fE— 1%
J5 b BB v Y 2% B TN R AR A SR UE A |, i %)
1 SO T 35 M A 2R AN AE 94% Fida, AR SR
3 g H ) A B v S Y HE R R AT 97%, B IR TE
95% A, W Ta) e b i v 7 0 45— Fofu g e 7)< 257 00
PRI 2R, X L, 0 S0 B B W4 BT E Ay K2
DAAS ] F) 2 2] 2602 AT AT 1, A A3 a1 6] isg s i 71
eSS
3.2.2  ARASTR

10 H728 XIS UF O S0IE T 9 28 358 B ke 2 40

ATAFIE, H 3 BRI LT, SRR 10 47
3 UBE IR 2 3, 763 900 0 A 4

BEAT N GR, DRAFIZREEAY, B 5 7E 344 gk isg PG b ik
AT, F TR R A SRR B, TR 3 R A Y1
SRAER R A e A g mh 28 w10 s,

1.00
095
090
>
2 0.85
3
Q
< 0.80
0.75 j —— ResNetl8
~=— DenseNet121
0.70 —— MobileNetV2
0 5 10 15 20 2
Epoch
(a) HERAZE
07 | —— ResNetl8
‘ —=— DenseNet121
06 F | —+— MobileNetV2
05
2 04
o
=
03
02
0.1
0.0 k . | . * *
0 5 10 15 20 =
Epoch
(b) F

Kl 10 ResNetl8. DenseNet121. MobileNetV2 7E 900 5K
e i P15 a4 b I SR AR R 2R i 28 RN 95 ok il 28

240 72 H K Research and Development

RS FROI PEAR b e SR FE 2% 2 4 98 4 h, YIRS 1)
W) % A5 R A b dE AT M, 38 T DU I LT fa bR adk
1758 m ATl K5 HEZR (precision, P). # [ % (recall,
R). F1 score (F1), iR AXUTF:

TP
P=— )
TP+ FP
TP
R= (3)
TP+ FN
PXR
Fl=2x 2 (4)
P+R

Horbt, TP. FP FN NG ZLFIME | 5B o o B2
. A SCSEH 30 Feab A S — IR R A
28, B 3 26 MA 5 A 6] 1 V45 40 9 B3 2 O
WEBER 71 1, SRS 0 FL, AN 3 R [ 5
BT H, W 3 R,

%3 BUBBNR. REE. AEE. FIAL

1Y R ZH (MB) P R F1
ResNet18 45 0.91 0.92 091
DenseNet121 33 0.95 0.94 0.94
MobileNetV2 14 0.95 0.95 0.95

SEAE 10 fk 3 4T, B 10 H, 3 AR A TR B A
900 K i B A I £ - I 21| ZRAE B SR AR AE 95% LA I,
10 4> epochs Z JE B #TWLEL, R 3 /1, XFLHE 3 Fhfdi A
TR AR HESR . A [0 ZF A F1, ResNet18 [ S2BRrTiM %
HLA At i 2191 27 (9T 14, DenseNet121 I Mobile-
NetV2 ] 3 M543 &% T ResNet18, Figs 4 3 AN
P9 2 KRR FERAE 1, /b HOR 5% ResNet18
(AR 2 A8 7 B WK, 76 /b B B 4 F Y i 4%
BN A R AT I G5, 3t e AR R R R
Rz ARE 1. S Ah, TEREHE A R I 0 R, X B
DenseNet121 H1 MobileNetV2 ()73 [ %41 F1 7] LAE
i, MobileNetV2 F I T DenseNet121, H 3 Fifg s
EF] T 0.95, Uit B> B HE £ 6T MobileNetV2 R
ZARE TR,
33 FUMZER S

SNRE— D AT 3 R L T ) A 2K v SR AN A [
SR DA 22, K H AR X 3 2R ing HR 4 2 B A 22,
Xof bl 3 PiASE R T 114 5 — SR E R T 2R [
o ResNet18 T ) 3 250 HHk e 25 1 44 [ 5
Py A1 Ry 2%71%; DenseNet121 Tl ) 3 28 dUks v R A0
BRI P, A1 R, #71; MobileNetV2 Tl ) 3 2
FEUERFNE [BR ] P, Fl R, R, W3R 4 Fik.

© TEREBIK R

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


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

2023 4F 55324 5

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

i H AR SN A

Fe a4 SLURIORS A A ) 45

% 6  DenseNetl121 Tl 45 S IR 5 fE

NRIEEES BRI EECE FEIL
Py 0.90 0.93 0.91
Ry 0.95 0.89 0.93
P 0.96 0.94 0.95
R, 0.97 0.96 0.90
P, 0.94 0.95 0.96
R, 0.98 0.95 0.91

B
BRI A8 FERL
15 J AR 89 2 2
ToE SE G 2 146 8
jeive 1 4 90

27 MobileNetV?2 Tl 45 5V 56 14

F 4, WEE 3 FRBEBL TN (A [ 2 45 R, W K&
PR Tl i) A [ FR 5 B s # T 0.95. 0.97. 0.98,
3 PR AL A 1 R AP IS PR A 22 v g 5 R BRI ) 43 R AL
S5 ) IR T ) A TR SR 2 R4 i 9 0.93
0.90. 0.91, 3 PASRLAE PR IS VI E A 24 rho0t RIS 43 2K

ROR — i, ResNet18 £ [ SUHHSC I REAS 2 v B ) 44

[m] 2 285 BAN 9 0.89, U BH A5 AL 4t [ AR s Tt Bl 7
HEPRFT I R AR B R B 2, @ﬁg%%?ﬁiﬂlﬂ{ﬁiﬁ
K, 254 ResNetl8 % 3 Fe s Fil il (1 K5 i 2 7, 1X b
BRI 22 B AR TR 3 o g e 5000 F K v R, 15
B 1 SISO ResNet18 1) Tl 28 SR 52 e AH XH 5K
DenseNet121 Al MobileNetV2 X [ U T 1) 7 4]
REER RN 0.96. 0.95, PRI RLLE [ SUFHIBORE A
2ot SRR 5 R R E, 4 S P AR X 1
SRS, SUB ST R v 26 R0 B 2R () 45 R
PR T S R 50 352 R AFHISORT 1 S0 AR S 1) TR0 2850 SR A B
JX W DenseNet121 F1 MobileNetV2 X /28 15 1) T U ¥ 1H
HARNEE]T 0.95. 0.96 MK, 1A B2 R A
0.90 0.91, it BF P o 55 28 F 000 &5 SR 52 e o2 Wi A %o
BK.

FUFH 3 s 2R FUIN 45 SR A 9 9 4 6 T DA ED U A

AL ST SRS DL, T PR AR OLT, TR R

Hfl
AR S i
B R A 90 3 3
ME AL 2 \ s 6
PRI S 0 "4 91

5
\

%8 ASCH AL GHE TR 5 Adhane %0

<

X EEEE R (%)
LY ] % Accuracy
ResNet18 88.82
AR DenseNet121 96.05
MobileNetV2 95.39
VGG16 90.01
Adhane®1 ResNet50 87.93

® 5K T HiR. 1
# 5 ResNetl8 Tl 45 F IR G5 [
FLAH
BB B BRI
AR 87 8
TRIME SEErae 5 135
JEIS 0 9 93

M3 ol TR N 45 SR F VR VB R R, AL B T
TEAf R 20 R s HRORE AR, e rpr 3 oA 28 7 SR Jarmig b R
AR _E ST SIS TR AE R 26 0 Adhane 2501 526
AT, W3k 8 AR,

8 H, ARSCHUR LA BB Ak Oy 5K, 1 B A
PRIEEE S FONHIE S R 10 1%, 55 Adhane 252
%t b, DenseNet121 A1 MobileNetV2 X FH SUAH I 7 TR
MAERHZEAE 95% LA b, b Adhane 252" VGG16 5
HER AR T 5%—6%, i W] A SCSRISMSE 1 1 ) 77 X
B {7 /D B M SR T th e e AR RIS B 25 LRI
B, e T*;;-:%Mﬂ [ HERf .

.ﬁﬁﬁ?%%ﬁﬁi, 1% ResNet18. DenseNetl121.
MobileNetV2 5 3 Ffrisg sy & 44 7 i Ak 5 22 53 )
91.57%. 94.48%. 94.77%, DenseNet121 HI Mobile-
NetV2 TRIRCRAR Y, i T IHRRE A B A1, o
LR T AE RS e 22 52 BURE A SR 2 (I R SR R 5,
HEER3 PRENTNERER. HREE, F1 44
P4, MobileNetV2 ] 3 Mabr#B7E 0.95, =T Res-
Net18 Al DenseNet121, fH#: 2 T, MobileNetV2 7£/> i
Hhi e N RILFEAZE, 1M MobileNetV2 fHE &2 H %
Ak, R, iG-S ER B, 515 I HUr 2
FEINAESE. 25 b, ARSI 3 AP HH, MobileNetV2
TER R R R A I DU, 72> EHE S T R I LT,

4 diw5EE
X A% G2 9 B R 4 S TR BB, HORA

Research and Development iff 7 & 241

© TEREBIK R

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


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

i E RSN

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

2023 4F #5324 H 5 H

fa, ARSCHRH T RS 2T I s R A R TR
JEAE 900 s A BUSE HE 4L I, FIFHIE# % > 4f Res-
Netl18. DenseNetl21. MobileNetV2 = Fhit# A (¢ FH
10 3728 XEGAE J7 25, A3 7 3 P AL fE > B AR 42
A DAEUAHR UF (1 M RE R A, S Ja R FH 3 P2 7 B A
900 i H UG B 4 - BRI 25, JFFH 344 skt K
GG 3 PR [ B S T B8 F7, 45 B f 28 0 LA
HEFR. HEZHKLL K F1, MobileNetV2 F B, AEXt
UG, 3R R AP, RIS 3 s R AT v R U T
k.

ARSI B R R

1) E TS, 8 10 #7538 XRAIE 5 %, WF
TR ARILE /> BRI AR T B RE IS BT ) TR AR, R
i A B AE /D B AR AR T AN SR 1] 7.

2) B3 T AR I B B T i AR G 2 A
Gy Z R A 2 51 %, Adhane 2571 % B #R
A 2 A R 2 3 204 L 0 E1 SO 4 S HE 7 2
FEim 1 5%—6%, #t— B HE 7R R R ACR.

AR ST 258 iy s R R AR B T L SE B T
SR G S R I NP T e A 75/ A S e S N
(24 ol B, A4S S50 I ZR IR 5 T 5 22 1) s e
Sy RIREE, W BT DATE o5 Aot R ) 4 e TAE SR &
TAEN G, PR B A R s TAR SR, I ol it e
iR PR AL B, B — Mtk T AL
56 (s S R 3 38, S B A A [ PR, oAt
REAE 3698 5 100 e JF 3 N, o DR L 2 1) 4 3%,
PRFIN, ASTR] A I8 i 2 T v FEE AR RS A, 7217 51

EAH AL, T R T 2 R RS

DAL P29 e R ) 20 ROF HE i, ot — P i R ey
FRITE AL 3 !

El
5

T BE

1 AR ISCHEAS G AT R AIE S R B i R 2 5T [ Wk
AL SC T AU WK, 2007.

2 EFIRH, BRANTT, RETD. B I O Y R R A A%
OB FUHE e T B B AR R AE Rk A, 2021, 32(6):
653-659. [doi: 10.11853/5.issn.1003.8280.2021.06.001]

3 WHO. Global vector control response 2017-2030. https://apps.
who.int/iris/bitstream/handle/10665/259205/9789241512978-
eng.pdf

4 PNHERE, TR I, RO, S ML A S] AR R R A G
TRBIEFE o R ST g ob [E A Ao B dzs il ok &, 2021,

242 i FH K Research and Development

oo

10

12

13

32(4): 503-508. [doi: 10.11853/j.issn.1003.8280.2021.04.024]
Fernandes MS, Cordeiro W, Recamonde-Mendoza M.
Detecting Aedes aegypti
classification with convolutional neural networks. Computers
129: 104152. [doi:

mosquitoes through audio
in Biology and Medicine, 2021,
10.1016/j.compbiomed.2020.104152]
Fuad MAM, Ab Ghani MR, Ghazali R, et al. Training of
convolutional neural network using transfer learning for
Aedes aegypti larvae. Telkomnika, 2018, 16(4): 1894-1900.
[doi: 10.12928/telkomnika.v16i4.874i}]

Sanchez-Ortiz A, Fierro-Radilla A, 'Arista-Jalife A, et al.
Mosquito larva glassiﬁcation method based on convolutional
neural networks. Proceedings of the 2017 International
C(‘mferenée on Electronics, Communications and Computers
(CéNIELECOMP). Cholula: IEEE, 2017. 1-6. [doi: 10.11
09/CONIELECOMP.2017.7891835]

Russakovsky O, Deng J, Su H, et al. ImageNet large scale
visual International Journal of
Computer Vision, 2015, 115(3): 211-252. [doi: 10.1007/s112
63-015-0816-y]

Szegedy C, Vanhoucke V, loffe S, er al. Rethinking the

inception architecture for computer vision. Proceedings of

recognition challenge.

the 2016 IEEE Conference on Computer Vision and Pattern
Recognition. Las Vegas: IEEE, 2016. 2818-2826. [doi: 10.11
09/CVPR.2016.308]

Krizhevsky A, Sutskever I, Hinto\n GE. ImageNet
classification with deep convolutiz‘)nal'» neural networks.
Communications of the!tACM, 2017, 60(6): 84-90. [doi: 10.
1145/3065386] |

Park J, Kim DI, Choi B, et al. Classification and
morphological analysis of vector mosquitoes using deep
convolutional neural networks. Scientific Reports, 2020,
10(1): 1012. [doi: 10.1038/s41598-020-57875-1]

Simonyan K, Zisserman A. Very deep convolutional
networks for large-scale image recognition. arXiv:1409.
1556, 2014.

He KM, Zhang XY, Ren SQ, et al. Deep residual learning for
the 2016 IEEE
Conference on Computer Vision and Pattern Recognition.
Las Vegas: IEEE, 2016. 770-778. [doi: 10.1109/CVPR.2016.
90]

Iandola FN, Han S, Moskewicz MW, et al. SqueezeNet:
AlexNet-level accuracy with 50x fewer parameters and < 0.5
MB model size. arXiv:1602.07360, 2016.

Motta D, Santos AAB, Winkler I, et al. Application of

convolutional neural networks for classification of adult

image recognition. Proceedings of

© TEREBIK R

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


http://dx.doi.org/10.11853/j.issn.1003.8280.2021.06.001
https://apps.who.int/iris/bitstream/handle/10665/259205/9789241512978-eng.pdf
https://apps.who.int/iris/bitstream/handle/10665/259205/9789241512978-eng.pdf
https://apps.who.int/iris/bitstream/handle/10665/259205/9789241512978-eng.pdf
http://dx.doi.org/10.11853/j.issn.1003.8280.2021.04.024
http://dx.doi.org/10.1016/j.compbiomed.2020.104152
http://dx.doi.org/10.12928/telkomnika.v16i4.8744
http://dx.doi.org/10.1109/CONIELECOMP.2017.7891835
http://dx.doi.org/10.1109/CONIELECOMP.2017.7891835
http://dx.doi.org/10.1007/s11263-015-0816-y
http://dx.doi.org/10.1007/s11263-015-0816-y
http://dx.doi.org/10.1109/CVPR.2016.308
http://dx.doi.org/10.1109/CVPR.2016.308
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1038/s41598-020-57875-1
http://dx.doi.org/10.1109/CVPR.2016.90
http://dx.doi.org/10.1109/CVPR.2016.90
http://dx.doi.org/10.11853/j.issn.1003.8280.2021.06.001
https://apps.who.int/iris/bitstream/handle/10665/259205/9789241512978-eng.pdf
https://apps.who.int/iris/bitstream/handle/10665/259205/9789241512978-eng.pdf
https://apps.who.int/iris/bitstream/handle/10665/259205/9789241512978-eng.pdf
http://dx.doi.org/10.11853/j.issn.1003.8280.2021.04.024
http://dx.doi.org/10.1016/j.compbiomed.2020.104152
http://dx.doi.org/10.12928/telkomnika.v16i4.8744
http://dx.doi.org/10.1109/CONIELECOMP.2017.7891835
http://dx.doi.org/10.1109/CONIELECOMP.2017.7891835
http://dx.doi.org/10.1007/s11263-015-0816-y
http://dx.doi.org/10.1007/s11263-015-0816-y
http://dx.doi.org/10.1109/CVPR.2016.308
http://dx.doi.org/10.1109/CVPR.2016.308
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1038/s41598-020-57875-1
http://dx.doi.org/10.1109/CVPR.2016.90
http://dx.doi.org/10.1109/CVPR.2016.90
http://www.c-s-a.org.cn

2023 4F #5324 5

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

i H AR SN A

16

17

18

19

20

2

22

mosquitoes in the field. PLoS One, 2019, 14(1): ¢0210829.
[doi: 10.1371/journal.pone.0210829]

LeCun Y, Bottou L, Bengio Y, et al. Gradient-based learning
applied to document recognition. Proceedings of the IEEE,
1998, 86(11): 2278-2324. [doi: 10.1109/5.726791]

Szegedy C, Liu W, Jia YQ, et al. Going deeper with
convolutions. Proceedings of the 2015 IEEE Conference on
Computer Vision and Pattern Recognition. Boston: IEEE,
2015. 1-9. [doi: 10.1109/cvpr.2015.7298594]

ARG FE T I Gt SRR L 2 LR By B R 4t [
A3 ] Gk BIEBITER, 2019.

Mosquito Alert: A citizen platform for studying and which
transmit global diseases controlling mosquitos. http://
www.mosquitoalert.com/en/. [2022-09-10].

Pataki BA, Garriga J, Eritja R, er al. Deep learning
identification for citizen science surveillance of tiger
mosquitoes. Scientific Reports, 2021, ‘11(1): 4718. [doi:
10.1038/541598-021-83657-4] " | '

Adhane G, Dehshibi MM, ﬁ/lasip D. A deep convolutional
neural network f:or classification of Aedes albopictus
mosquitoes. IEEE Access, 2021, 9: 72681-72690. [doi: 10.11
09/ACCESS.2021.3079700]

Huang G, Liu Z, van der Maaten L, ef al. Densely connected
of 2017 IEEE
Conference on Computer Vision and Pattern Recognition.
Honolulu: IEEE, 2017. 4700—4708. [doi: 10.1109/CVPR.20

17.243]

convolutional networks. Proceedings

23

24

25

26

27

28

29

Sandler M, Howard A, Zhu ML, et al. MobileNetV2:
Inverted residuals and linear bottlenecks. Proceedings of the
2018 IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Salt Lake City: IEEE, 2018. 4510-4520. [doi:
10.1109/CVPR.2018.00474]

Yadav S, Shukla S. Analysis of 4-fold cross-validation over
hold-out

classification. Proceedings of the 6th IEEE International

validation on colossal datasets for quality
Conference on Advanced Computing (IACC). Bhimavaram:
IEEE, 2016. 78-83. [doi: 10.1109/IACC.2016.25]

Wong TT, Yeh PY. Reliable accurac‘y estimates from k-fold
cross validation. IEEE Transactiens on Knowledge and Data
Engineering, ‘20v207 32(8): 1586—1594. [doi: 10.1109/TKDE.
2019.2912815]

Rodriguez JD, Perez A, Lozano JA. Sensitivity analysis of -
fold cross validation in prediction error estimation. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2010, 32(3): 569-575. [doi: 10.1109/TPAMI.2009.187]
FEARR, &7, (115, & TR It e A 3,
2015, 26(1): 26-39. [doi: 10.13328/j.cnki.jos.004631]
AP, #r/N e, IO AIEAR S W TR, P,
2021, 32(2): 349-369. [doi: 10.13328/j.cnki.jos.006138]
Cetinic E, Lipic T, Grgic S. Fine-tuning convolutional neural
networks for fine art classification. Expert Systems with
Applications, 2018, 114: 107-118. [doi: 10.1016/j.eswa.2018.
07.026]

\ Ukont s M)

Research and Development fJf 73 7 & 243

© TEREBIK R

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


http://dx.doi.org/10.1371/journal.pone.0210829
http://dx.doi.org/10.1109/5.726791
http://dx.doi.org/10.1109/cvpr.2015.7298594
http://www.mosquitoalert.com/en/
http://www.mosquitoalert.com/en/
http://dx.doi.org/10.1038/s41598-021-83657-4
http://dx.doi.org/10.1109/ACCESS.2021.3079700
http://dx.doi.org/10.1109/ACCESS.2021.3079700
http://dx.doi.org/10.1109/CVPR.2017.243
http://dx.doi.org/10.1109/CVPR.2017.243
http://dx.doi.org/10.1109/CVPR.2018.00474
http://dx.doi.org/10.1109/IACC.2016.25
http://dx.doi.org/10.1109/TKDE.2019.2912815
http://dx.doi.org/10.1109/TKDE.2019.2912815
http://dx.doi.org/10.1109/TPAMI.2009.187
http://dx.doi.org/10.13328/j.cnki.jos.004631
http://dx.doi.org/10.13328/j.cnki.jos.006138
http://dx.doi.org/10.1016/j.eswa.2018.07.026
http://dx.doi.org/10.1016/j.eswa.2018.07.026
http://dx.doi.org/10.1371/journal.pone.0210829
http://dx.doi.org/10.1109/5.726791
http://dx.doi.org/10.1109/cvpr.2015.7298594
http://www.mosquitoalert.com/en/
http://www.mosquitoalert.com/en/
http://dx.doi.org/10.1038/s41598-021-83657-4
http://dx.doi.org/10.1109/ACCESS.2021.3079700
http://dx.doi.org/10.1109/ACCESS.2021.3079700
http://dx.doi.org/10.1109/CVPR.2017.243
http://dx.doi.org/10.1109/CVPR.2017.243
http://dx.doi.org/10.1109/CVPR.2018.00474
http://dx.doi.org/10.1109/IACC.2016.25
http://dx.doi.org/10.1109/TKDE.2019.2912815
http://dx.doi.org/10.1109/TKDE.2019.2912815
http://dx.doi.org/10.1109/TPAMI.2009.187
http://dx.doi.org/10.13328/j.cnki.jos.004631
http://dx.doi.org/10.13328/j.cnki.jos.006138
http://dx.doi.org/10.1016/j.eswa.2018.07.026
http://dx.doi.org/10.1016/j.eswa.2018.07.026
http://dx.doi.org/10.1371/journal.pone.0210829
http://dx.doi.org/10.1109/5.726791
http://dx.doi.org/10.1109/cvpr.2015.7298594
http://www.mosquitoalert.com/en/
http://www.mosquitoalert.com/en/
http://dx.doi.org/10.1038/s41598-021-83657-4
http://dx.doi.org/10.1109/ACCESS.2021.3079700
http://dx.doi.org/10.1109/ACCESS.2021.3079700
http://dx.doi.org/10.1109/CVPR.2017.243
http://dx.doi.org/10.1109/CVPR.2017.243
http://dx.doi.org/10.1371/journal.pone.0210829
http://dx.doi.org/10.1109/5.726791
http://dx.doi.org/10.1109/cvpr.2015.7298594
http://www.mosquitoalert.com/en/
http://www.mosquitoalert.com/en/
http://dx.doi.org/10.1038/s41598-021-83657-4
http://dx.doi.org/10.1109/ACCESS.2021.3079700
http://dx.doi.org/10.1109/ACCESS.2021.3079700
http://dx.doi.org/10.1109/CVPR.2017.243
http://dx.doi.org/10.1109/CVPR.2017.243
http://dx.doi.org/10.1109/CVPR.2018.00474
http://dx.doi.org/10.1109/IACC.2016.25
http://dx.doi.org/10.1109/TKDE.2019.2912815
http://dx.doi.org/10.1109/TKDE.2019.2912815
http://dx.doi.org/10.1109/TPAMI.2009.187
http://dx.doi.org/10.13328/j.cnki.jos.004631
http://dx.doi.org/10.13328/j.cnki.jos.006138
http://dx.doi.org/10.1016/j.eswa.2018.07.026
http://dx.doi.org/10.1016/j.eswa.2018.07.026
http://dx.doi.org/10.1109/CVPR.2018.00474
http://dx.doi.org/10.1109/IACC.2016.25
http://dx.doi.org/10.1109/TKDE.2019.2912815
http://dx.doi.org/10.1109/TKDE.2019.2912815
http://dx.doi.org/10.1109/TPAMI.2009.187
http://dx.doi.org/10.13328/j.cnki.jos.004631
http://dx.doi.org/10.13328/j.cnki.jos.006138
http://dx.doi.org/10.1016/j.eswa.2018.07.026
http://dx.doi.org/10.1016/j.eswa.2018.07.026
http://www.c-s-a.org.cn

	1 基本原理
	1.1 K折交叉验证
	1.2 迁移学习

	2 蚊虫特征介绍及模型选择
	2.1 蚊虫特征介绍
	2.2 模型选择

	3 实验与分析
	3.1 实验准备
	3.2 对比实验
	3.2.1 10折交叉验证
	3.2.2 模型预测

	3.3 预测结果分析

	4 结论与展望
	参考文献

