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Incremental Data Sampling Method Using Affinity Propagation with Dynamic Weighting
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Abstract: Data sampling is an important manner to efficiently extract useful information from original huge datasets. In order to fit with
the requirements of efficiently dealing with more and more large-scale data, a novel incremental data sampling method originated from
affinity propagation method is proposed, in which two integrated algorithm strategies including hierarchical incremental processing and
the dynamic weighting of data samples are introduced. The proposed method mainly can balance the computational efficiency and
sampling quality very well. For hierarchical incremental processing strategy, it firstly samples data items in batches and then composites
samples by hierarchical way. For dynamic weighting of data samples strategy, it dynamically re-weights the preference to retain better
global consistency of possible samples on data space in the incremental sampling procedure. In the experiments, artificial datasets, UCI
datasets, and image datasets are used to analyze the sampling performance. The experimental results with several compared algorithms
indicate that, the proposed method can gain similar sampling quality but with notably higher computational efficiency especially for more
large-scale datasets. This study further applies the new method to data augmentation task in deep learning, and the corresponding
experimental results show that the proposed method performs excellently. Concretely, if basic training dataset are processed by sampling

« EEIH: B K ARE ¥4 (61872166); LIRS KAA milg 15 H (XYDXX-161); V1754 1% 1 %I (BE2018056)
Foundation item: National Natural Science Foundation of China (61872166); Six Talent Peaks Project of Jiangsu Province
(XYDXX-161); Science and Technology Planning Project of Jiangsu Province (BE2018056)
ORI 1) 2019-08-01; & &I 7] 2019-11-23, 2020-06-15; 3 HI I i) : 2020-07-03



MREEEL T 3h AR AME IR 0 SIS B KAk 3885

enhancement with the proposed new method, the trained model performance using similar number of training samples can be significantly
improved compared to traditional data enhancement strategies.
Key words: data sampling; affinity propagation; dynamic weighting; incremental sampling; data augmentation
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Fig.1 Flow chart of proposed incremental data sampling method
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K 35 5 2% ) DX g A AR 5N B R B s A O i ) S 805 FE LRI T
&% 1. adjustPreferenceAP(S,P,4,5,maxiter,conviter).
N B G AR AR AR S:{Sij}NxN,WB W24 P={p11,....oan P JE R EA, AL B JE 5,
I R LA IR HL maxiter, 35 R SSUIRES EL AL ¥ $L conviterr;
iyt 2R 20y classcenter.
init Re—{0}nun, A—{0}nun
init E<—{0}nxconviter
for curriter«<1 to maxiter do
init Ryig<—R, Agig<A
update R and A according to Eq.(8) line 1~ line 3
R« (1-A)xR+AxRyq
A—(1-A)xA+AxAqq
init classcenter<—{False}y.1, centernum«0
for k-1 to N do
if R[K][K]+A[K][k]>0
classcenter[k]«True
centernum<—centernum+1
end if
end for
E[:,curriter%conviter]«classcenter
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if centernum>0
init C<—{0}1.n
for ke~1to N do
ClKJ«—argmax;(R[k][]+ALK]01)
end for
for ke~1to N do
calculate Ap according to Eq.(8) line 4
update S[k][k]<«S[K][k]+4p
end for
end if
if curriter=conviter
conver<«judge convergence by E (True or False)
if (conver and centernum) or (curriter=maxiter)
return classcenter
end if
end if
end for

3 NEREBEXRE
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calculate global similarity matrix SGy,y base D*u...uD"
calculate global preference PG4,y base 8and SG according to Eq.(1)
fori<1tondo

M«|D'|

calculate similarity matrix Sy.w base D],

S[S<d]«0

init PG'« &

for j«1to M do

add PG[D'[j]] to PG'

end for

R'«—adjustPreferenceAP(S,PG', 4,5, maxiter,conviter)
end for
init R
for i<-1tondo

for j«1 to |R| do

add R'[j] to R

end for
end for
K<«|R|
calculate lobal similarity matrix SL,x base R
SL[SL<#]«-0
calculate lobal preference PL,,k base 8and SL according to Eq.(1)
R’«adjustPreferenceAP(S,PL, 4, 5,maxiter,conviter)
init Cluster<—{{}}1xr, NR<-D\R’
for r<1to |R'| do

add R'[r] to Cluster[r]
end for
for i<—1to |NR| do

ce-argmax;.y, _r(SGINR[II[R'[r]])

add NRJi] to Cluster[c]
end for
return R’, Cluster
T H B0 AR 0 AR T T SR S PR 22 A R 2 45, U R AR e R AR AL B e AR AR A L

— MR T, 78 B T R AL 70 TE FR) 4 JR) AR 7 AR MR AR i 4 PR A5 R 0 A s A 1 T B — A RUIRNAR R
AR

4 BESWH

TR BEHR AR 53l K AR M) 8 (K<<M), 36 %7 SE40UAT AP SEIL IR T] 5224 Bl O(MPlogM), i
IF] A t,=O(KM?logM). {5 1 SEHEIE HY ()T 159 Jm AR 2 S0 5 7 AR IUBE M1 LA 4 p(0< p<), BV 45 1 5
FEE H 1135 Je AR RO oM IR AR 00 o K MUAE SR AR AR & LR IRIAT AP B I 1]
5 1,=0(p* K> M?log,oKM), K] b 43 2 38 5 SR 7 30K 2 1R S BF I00 4 . T B WA 90 2 1 SR MR M B3 K1 74k
ANECK, B L 1 38 JRy AR T S AR L pf — S KT 0 Hazl /b 1 1 HC DA i, 1 SR RS )
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SRV I ] 3 6 R M) B K PR DR 35 R 00 AR RS AR 1R 4% 00, T LAHE B (g +tp) 1 EET- MlogM, T B #E AP 55035 Ak B2
T RS R 1 16F 1) 52 2% FE 4 O(KPMPlog(KMY)), 4R, 43 J2 38 SRR v 1 280 o i

FER T4 E AT AP SR 25 6] 5 2% B Ol O(MP), A Yk 18 Fa 46 3k 2 v 3 (100 17 233 D AR AR DAL b 18
A7 K B M I AP S 23 M E Jy s:=0(MP). Ak 3R B, 48 S AR 3R AUEC o KM RS B0 R 45 e i
R 4 E AT AP BV 123 [ AL 5,20 (0 KAM2), 51 I 23 2 KR 5 125 109 28 18] B2 2% 1 O(0PK2MP). 1ty bRk AP
S 0 IR O(KPM?). pie— AN KT 0 B /T 1 %, D ik 43 2 398 B RoRf A 25 i) (R 48 [RIRE AR
THRUE AP 5353 2 38 1 SR J5 VAR I ) 0% RAT-igg 2% 1) 5 T ¥ v DAAR 242 T

FHLE TARIER) AP B35, ISAP g | N T R AL ECHE ¥ 73 )2 b $ SR s 7R 588 1 )2 A B8 vhoxe B A a6 AT — K
SRS T AL LS, ORI ARR RIS 555 2 E M, IR LG, 7T g2 1 o R M 5o o) Jr 4 Sodis
55 S5 AS 2 14 1R) R, 38 17 5 e 2 R B AR AR AR AE A=) LA 25 ) . B AR bk, 45 FRATT LA i [ AH
SR 5 P22 B e STk R e T SR B 3 R 1 A 26 AT SR R B A BT L T AR P — A AR AR R
15 B AR TR B D I e AR AR RE AR AU TR B R SR INEE S 15 )5 SR A B A0 B8 B — 4
PEF AT LUIE B 5 4 R 5 v 1 — 5L

BARB] ISAP 5035, 2% JEAE A 1 )23 A0 35 U8 B (0 Jm 3 AR MR AR B R A0 3 A 50 Ji 4 5080 2 1) DX Sl adh A 7 £
Fe MR IE T AEB 25 % 10 29 1) RAE X AL AP VL A & (RF R B AR AR A A AT LA S A 0 R
HHE vk D V- T HL BB — e P EE b AR T B 2 IR R A B AT R AT A S KR AN YA ) ) R LA
{15 35 215 B I RAT 45 R TR,

5 WA

ARSCHRH AR ACREE AT T AP R UKL a5k, R 5 56 T AP LA IR K 7 AT LU AR,
JURNERA T F
(1) AriE AP SVE AR R AL AL ] SCHR[12] 52 th AOARHE AP STERAANE RUIEHK;
(2) R ABALRESIE HAP [RACER mURAE A T SCHR[23]85 Hh 1 —Fh s TR R HEZE A0 JZHE2E (102 I AP
B AR RUR B A%y VLRI RE R F 2325 1R SRS I 2 26 TAnE AP BE, BRBE T BIG N AP 503255
(3) AT RBIRAE 1) 44 5 2K AP SRR ETVL LAPNA (R UK AL F SCHR[16]45 e 1R — 3t 5 =X AP 05 KA
AR R HR A%y VA i 20 AT W ) S 1 e 5 A s < TR PRV R AL 8 G &R 1 = xUsth i 7e i |
JEER A Je J8 54 B I 3 v A B 4 AR
AR SELIE S IG  E E WE B B AR A i R 2 VB ARAL RS s(i),s(1, ) (8RR 78 BN BE A BRAR I S 56
Hh T P AN RE A SR ARARLEE (i j) SR AT — A6t S e
... max(D)-d(, j)
s(i, J) :m 9
D={d(ij)} & A A 52z 7] Py R X B 20 4 B2 max R miin 34 40 1) 2R s CRE B G 35 v %) e KB R e /L. 15X
VRS PIANFEAS 5 58 A AH R N R ARABLRE 2 1,56 4 A8 [R1 I (R AHABLE Ay 0.
LI 27 K 8 SRR ORI G SCHR, AP B892 1) i 1) 25 50 BURH AL JSE 1 B vh A7 48 % T+ TAPNA U5 v 24 pe,
R 40 2 AR ORI SRARE 0 3 TR BU 3 B 6 - I SAP B35 mh I 48 0 2 55 o1 7% )y S 5 2 400 8, — 77 1 B AT 2 4LL
bR AR S v il A ORI SR AR BT 308 DO L 328 0, JFG v PR SR AR BT P A Al P A M B 11 A S i 2B A

UeAh AR W 2 50— 5 R R b B e T B5cHe 5 TR) B B R R B 1) S R S B 1 A B R 2 B S OB %
i 1) 2 HOHEA T R MR R AR 00E 0 8 22 M0 27 > 8 ) . bl ik, B 03k 3¢50 18] v R [1072, max(D)], ik ¢ 3t [l v
SE 107,207, 1 max(D) ] 24 2 (9) & X
5.1 EMIERR

SEIG MR SR T iR T RO 3 AN T TN AR mUR A J7 AT PR AR 1A FLA% L (normalized
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mutual information, f&i A% NMI)& ) &2 H T 2R VPl (1) SRRV Fia b, FH F B i 7 v 45 R S &5 I 2 T
AEABLEE, J 5 X R
NMI =

€1 %c 1og O
éci .Iog(Nj+;Cj Iog[ N ]
Horp N SRR A DG Cx A Cy 43 0l 2 0t 4R 1) L SR 40 VRV SR SR 45 B0, 2 B A 48 Cp R [RIIN J T- 58
R O3 AT RN R IS A5 AARAL | IAEA KR NMI P VG 24 [0, 1], AR BRI J 2 5 L 15 . S 4 LB L TG

B o SR RE R, AS SC 5] AR A5 1) S 2 Wk 2 25 (average euclidean distance of representative points, fij Bk
AEDRP)fll i & J7 % (variance of representative points, f&ij #} VRP) LL & 3 & 14 & % 7% % (comprehensive coverage
rate, faj FX CCR)K PR 16 LA 2 0 1R S8 35 PRI 2 P AR 2t T P 2 R e o K B 8 5 70 18N, s W B L 1 A
e R 3 M T R 7 G T IR S A A AR AN IO AR AU i G B A T 2 A R ARDBROR, Ui
HH 3 B (10 Q2 i 1) 25 T B e L S S

Ne (ISt ) min < Ainean

CCR=¢ "= ‘z‘vl = (NJ) ),ieR,jeNR (11)
FErh Ng A2 BRI 43 10 28 B B AR B H Ng 2 JEARER SR 1 NR 230 o AR R AR R st (i) 2
AR AT FIAEACER AL j TR BR TR 55, dist (s, ) min A2 FEARR 1 j 5 FT A AR S 18] 1) 55 /INBE 29 5 Aimean A2 28N B4 4R
rhRCHE AR TR S R R R B 1 () i 7 BB CCR (B 255 75 e AR A o T 4 2508 D/ IR B9 A B A3 v ot
ARAE — & VO P ) 5 P R LT U 2 i AR AR I R B AR RO s AR A SR AR S
I 7R AN R AR s a0 2 LA AR T s 2 1 7 25 75 R AN B 1Y), B AR PR IS 5 I 54X
e KB H AH G AR A, T LR A A M DA AR SO B S I 2 SR AR AR TR SR I h S R R
[ ) 3, A 7R CCR PR e v AR sl B (005 i B ER /N AR 3 a0 B 78 2 P2 FE IR S8 M B HROK.
52 HEHI\ILE DT

16 3 4 UCH AnifESids 20 4 N & st g T b AT AR ML A SR A S 06, B0H AR 7 15 L3R 2.
Table 2 Descriptions of numerical experimental data sets

R 2 HUHB SR B et A

Cx G C.-N
-2 C, -log| =2
Z:l:JZ:; ! (Ci 'Cj

(10)

LiSIIES K K 1T
1 Iris 150 3 =
2 wine 178 3 %
3 yeast 1484 10 i
4 Setl 200 4 =
5 Set 2 450 3 P53
6 Set 3 800 6 =
7 Set 4 1200 8 =

FLSEHH 4 iris,wine,yeast KT UCI, A L& 4 Set 1~Set 4 JEBEALAE B ) 40P 4L 3755 & 1IE S
G A FEREA S A 15 0 1 V81 3 T s eF AN B0 4R A 4 2 2 (9) T B AT 3 0 4 P R A A I F AL AL E .4 Ao B9 17
AP FRJE RELABEN 0.9, HAP ST ISAP S 43 X 18 K/ BE 3l AR 1 0.212%1 fun L7 4 R ik 500,
W3¢ 2K 500, SR K 16 HUEE A e 28 7 1A — 4L B (B i 1 PR A 2 ) A AR 5

FES2 It FE 3 IAPNA STVE S8 pe. ISAP B3 I 2 K oF1 22 B i 15 2 K0 o8k AT 22 S22 80 pe 1
TS H R b HUE R UE T SCHR[16), 5 800,00 L N L EUH 46 1 pe Si-A S35 H 1 A5 B50R0 KA o 8 28 TN B
KA SRR E WK 3.
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Fig.3 Four synthetic data sets
K3 N s s ol

Table 3 Parameter setting for numerical experimental data sets
x 3 HUHAE LR RS RO E G O
EYEEES Iris wine yeast Setl Set2 Set3 Set4

IAPNA | pc | 0.015 0.015 0.011 0.015 0.017 0.015 0.013
ISAP 6 | 0.05 0.23 0.45 0.05 0.13 0.25 0.42
5 | 0.01 0.1 0.01 0.01 0.005 0.001 0.009

AR ) SEB 25 T K 4. 2 S NP4 AT LA 3 AP S 7E /N A Bt b4 I 5t 5, (L I 25 i A
IR R T B, 3 HLAE T A B 48 b i 2R 2R IR AR AR R A AN K FLARG IAPNA S35 2 1 1 205 A\ B0 11
A JR) AP SR LR ISR RRAT: T a5 DA (H BB A5 5 R O, LI [ YRR o 388, AN 3 T R R 1 AR
SRR HAP 5055 ISAP BEVEH R 4 2 RFEAER AU 5 ik, WA 7 0 R 28 B AR R IR T AP B35,
PEIT IAPNA S35 (H P Rl 80286 3% B0 I AR T IAPNA 503 (B 2 HAP S0VE7E & 0P )2 - RJH R 2 BE
AP TRBEVE T AT 2 bt AP BVEAT B a5 U0 10 45 H Bl 5 SR MBI K, 2 55 6 H A1 2R FE 1 B0 =
[t 22 386 K IR o HAP 0925 (10 I T 304 6 8 0 1% S EE ISAP B9 B K ISAP B3k AE 82 i BRI A i i 55
IAPNA,HAP 530 Ak T 7] 7K - AT S50 G 10 I T Sk 25 A0

I T 2 At A B N T A JE R T T N AP BRI RE AN ST AL BRI ISAP BIEAGRAR T ARk
AP SRS AF R AR FCR, ooy DURAT B AP v AR XA A — e R BAUE T R SCER 4 oG T ISAP Bk
PERE IR BT 45

A4 FhELVAE yeast BUHE 2 A2 SR #5 A BHAH wine,yeast A1 Set 3 B4 52 A 4% 75 ) U A A 5], 1H /2 wine Al
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Set 3 51 [ RUBTAHALL, T yeast [ A% RIS 72 T 65 K, A2 L 2R PR AN S A8 50 N S 38 45 A JL A% L VR AE A SF
R A P R AR R 22

T ARER RGBT R M A bR, L5 AR O B 4 1) 8 6 S A A (PR B G, R BB R 1k
IR AR AR 22, LA R AU B8 4 10 7 26 S K N UCT Bt $icdis 42 110 45 SR 76 AH B T4 HE AP 5794, 1ISAP
SR RRAE = AR 5 D AR AU [ B SR AR O IR AR 3 o5 78 5, DR L & 5 7 6 B 8 v A, AN T OB 4 1
145 KRG ISAP BIVETE S HAP IAPNA B35 A AH R B 1 D0 N ISAP S0 A2 11 AU AT 1P 1 BE B 8%
K7 ZE /N, Bt WA T A ALL PR AR, Bk 328 &5 L1 i, Wl 3 MR AL AT

Table 4 Performance results obtained by several compared sampling methods on three UCI datasets
£ 4 RETTEAE 34 UCH Bidmde bt gt b g )

ST A e Iris wine yeast

R AP HAP  IAPNA ISAP AP HAP_ IAPNA  ISAP AP HAP  IAPNA  ISAP
NMI 0.373 0576 0576 0.767 | 0.306 0.448 0.872 0.743 | 0.124 0.189  0.106  0.212
FKH 13 2 2 3 19 2 3 3 120 5 3 14

AEDRP 0.684 0.820 0965 0.855 | 0.964 1.071 1.049 0.976 | 0.513 0.508 0.332 0.550
VRP 0.120 0.000 0.000 0.026 | 0.063 0.000 0.029 0.030 | 0.070 0.117 0.0026 0.101
CCR 0.611  0.647 0.647 0.640 | 0.619 0.595 0.590 0.595 | 0.916 0.653 0.387 0.991

FEI(s) 0.026 0.072  0.135 0.095 | 0.031 0.093 0.220 0.100 | 6.327 3.006 21.434 1984

Table 5 Performance results obtained by several compared sampling methods on four synthetic datasets
F5 ARIIELE 4 NN THYRE Lt aext g R

A g Set 1 Set 2
PRI b AP HAP IAPNA ISAP AP HAP IAPNA ISAP
NMI 0.68 1.00 1.00 1.00 0.40 1.00 1.00 1.00
R 8 4 4 4 15 3 3 3
AEDRP 0.65 0.74 0.75 0.75 0.55 0.73 0.73 0.76
VRP 0.09 0.03 0.03 0.03 0.08 0.07 0.08 0.06
CCR 0.96 0.99 0.99 0.99 0.97 0.98 0.98 0.98
FEIN(s) 0.04 0.11 0.20 0.11 0.13 0.14 1.14 0.18
ST A A Set3 Set 4
VP I b AP HAP IAPNA ISAP AP HAP IAPNA ISAP
NMI 0.53 1.00 1.00 1.00 0.61 1.00 1.00 1.00
K3 28 6 6 6 29 8 8 8
AEDRP 0.48 0.54 0.54 0.54 0.55 0.61 0.61 0.61
VRP 0.05 0.02 0.02 0.02 0.07 0.04 0.04 0.04
CCR 0.96 0.99 0.99 0.99 0.98 0.99 0.99 0.99
FEIT(S) 0.82 0.56 4.25 0.46 1.22 0.64 10.7 0.56

53 REMEEKILE

TEARSZIG o SEG UG sk R A3 3 1 4 Ar 4 LA & ILSVRC2014 EIS4E. 447 14 4E Carlogo 345 270
RS, A 18 NSO 4obR, B A1 15 M B 5. 23 3l B ILSVARC2014 B3 iE£E FAI i 50 2 il 100 2R AT 150
M) Ve A5 H 4% 5 ILSVARCS0,1LSVARC100,ILSVARC150, 43 7l £ 7% 2 500, 5000 A1 7 500 K K14

SRR P HE IAPNA S92 40 pe. ISAP S8 T 2 5 ORI A S 5 280 62 AT S0, & S0 i
E P 7 SR R D R T, B 4 S 30 S BB WL AR 6. AR M P 8 e 9 S 30 A PP Al S50 B SR 5 i e o Carlogo
PR 4R SIFT P AL DT E B 1 Oy 1 45 B AHABLEE  SIFT AHALLE Ze3:d A () e J5 75 1t Carlogo #id 45 L f)
AEDRP #8¥5.1LSVARC P 1% Bk 5 ) 45 FH 45 F 4 28 0 4% (convolutional neural networks, i # CNN)$E I & 1% (1)
AL ) AR 2 2 (9) T 55 A5 ) PRI ARF TIE AR B

Table 6 Parameter setting in representational image selection experiment

6 AURMEEBER LR S ER

S CarLogo  ILSVARC50 ILSVARC100 ILSVARC150
IAPNA pc 0.003 0.000 5 0.000 1 -
0 0.27 0.3 0.2 0.1
ISAP S 0.03 0.01 0.008 0.05
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UG AR WK T AR T S5 AT LUE B85 % FBACRE MG I P S e | BER T 25 S5 78 o B2 DL TR
RO NSAP SIE HATEON W2 L AR AE AP S04 25 5 THAEAS o5 L35 LAPNA J5 V2 AE B A ALK I I 1)
FES I ORI HAP S30:45 3 (R AR IR 18] (1P 1 R B85 R AL 2 AR VR A5 TR) B B 11 Uy 22 ) e i 53 4k 3 by
25, HARTR G 0] 1R E 25 43 A1 AT

Table 7 Performance results obtained by serval compared methods
on representational image selection problem

FT 7 W HTEAEAR M FBE R EPERE S R

VT LA CarLogo ILSVARC50
LGS AP HAP I1APNA ISAP AP HAP IAPNA ISAP
HH 41 12 19 18 167 57 36 46
AEDRP 0.79 0.77 0.79 0.81 108 108 91 91
VRP 0.02 0.03 0.02 0.01 458 937 161 146
CCR 0.84 0.94 0.93 0.94 0.93 0.97 0.98 0.97
FENT (s) 0.05 0.79 0.49 0.27 10.3 15.2 121 6.20
N ILSVARC100 ILSVARC150
LGS AP HAP I1APNA ISAP AP HAP IAPNA ISAP
HH 304 90 107 104 449 180 - 178
AEDRP 107 119 100 96 109 122 - 100
VRP 477 840 252 171 541 953 - 187
CCR 0.94 0.98 0.97 0.98 0.94 0.97 - 0.97
FEI (s) 51.3 191 1303 26.5 155 691 - 58.4
ISAP 5y Wi 4 CarLogo H IR MK G WK 4w
L ;@@"’\D@@a QG
3 @@5&530 cmo M %

'rrl" ﬂ'ﬂ'(rn’

=n Fry T
aﬁbwaeog oo

\W!& ”WNI@H .w-vi

ll""“f"nv".‘}‘l
duu- =) u!,u-uﬂﬁmw

&qu@ ,w@a@m
wuw ewﬁw %o

; SRR _sﬁiw» AR
Bavo. 29800990
fle gt T-H+1+El
Fig.4 Representational images selected by ISAP on CarLogo data set

Kl 4 ISAP 7F CarLogo i I Hkik 48RP E 1%

Af LA Bl AR SO VAR B AR M R AR G M T 56 T R AR B AR W MR AR AR
5.4 #iE1L5E N F

TR 2 0 2 B0HE K Eh 16 5 v TR B K o B B e 1 e £ 2o DI i 42 0 4% — R e s 15 B2 Ak M e
U (R TR AL S B 55 0 P B 1100 SR 4 T 11 22 0 TR Xl N T SRR (AR A L 22 BE PR U B B R A i A2 s B U1 4%
f10 75 SR B30 4 e P K A 08— ol AR 78 B U 7 e I R A AN AL el AT () 7 3 P2 B e e e s
Fo B0 A, 2 0 B e A5 8 58 S ) B AR I S 2 X 4% R A e B TR 2 b RE S B R R R
AT, B 48 5 ] DUAR i b B T I R AR ) U ) A AT 1 B i SR 2 B AR 2 R AR ABL ) B 15U 4

H FEAT K ISAP SLF A B R B8 58 AT 45 L (AL, S 56 B0 SR 51 n N BE K 24 T Y B U5 4 leaves, .5 3 Fh
BE P 2L 186 T BUR RS AR e . TR A L DRIRE R TR S e A T T B ¥ leaves B4R
MIFBY 78 10 1% %5 1 860 7K K14, fir % 0 leavesDal0. 7t leavesDal0 (1)Ll b, F vk A b 3k Hic s 6 o T Bk %
PRAEIAY 78 5 5% 9 300 5k &4,y % H leavesDa50.

7t leavesDa50 AT ZHUAN R ISAP Sk K FF R BUREA i 2495 1) 10 i BB (1ISAP Sk Hin H I AR i &

&

H

[~ @icagere




3898 Journal of Software ##F% 4% \Vol.32, No.12, December 2021

B BAR SBAT M B4 9 M8 BRI 10 110 775 DU 3k G 4 3 T 450 V0 S A 36 45, 925 FE R I 4
1 860 7K 1 s e AS 45 H b, dt 4 AE BN 5 B4 4E leavesDalsapO~leavesDalsap4.leaves I 4 25 5 55 35 43 1 o 5]
BN 5 iR,

AT

I

Fig.5 leaves blade type and partial enhanced images
Kl 5 leaves My ST 5 8 4 1 5 KR

PR Bt g b BRI 7 T X 374 1 IR T T AR 22 (45 CNIN ISR, T Ax 174 1 TG T B8 sk, A
ZHAN IR 1SAP S35 77 A2 ) 24 1) B A VIR A 3 A AL 1 24 9] 26 (10 TR SER 45 R~ 34) i 3% 8 B 3k
R AR AEDRP 8 505 B F it AR n b AT ok 5

Table 8 Performance results obtained by different ISAP-augmented deep learning on leaves recognition task

F 8 A[FSHISAP HIREHE ISR T leaves M F R 1) M58 1 IR B 2% ) T R 45 SR Lh g

B AR A FR ISAP 2% AN AEDRP B (%)
1 leavesDalsap0 6=0.05, 5=0.005 1973 64.985 95.8
2 leavesDalsapl 6=0.01, 5=0.005 1975 64.536 95.2
3 leavesDalsap2 6=0.2, 5=0.005 1993 64.638 94.8
4 leavesDalsap3 6=0.05, 5=0.001 2233 64.536 95.1
5 leavesDalsap4 6=0.05, 5=0.01 2102 63.224 95.4

Z R DR FE LI AT AEDRP FEAR 4 05, BT 5% 8 Hh sz it 45 B K leavesDalsap0 A0di4E il 2k i 45 B 5
oAt )y 84T LA

% IE1E leavesDa50 AT HAP &3k, 1 IR E HUARER M 45 5 v 4 Ji 8 5 2003 45 leavesDaHap; 4 T S 4f
5 HAP 83 8E47 %5 L 20 4T, R 45 ISAP S50 ) 6=0.3,6=0.05, 7] JE SR Ay 4 584 (11 %#5 4% leavesDalsap5, 1 57
(10 S5 45 B L% 9, L v 9T A R - 10 VRSB 1P 1 4 R

Table 9 Performance results obtained by different augmented datasets on leaves recognition task
F 9 AFHTRHAELE T leaves M R Il B ¥R B 2% > PERE 45 R LLE

B E A NN PO (%)
1 leaves 186 80.5
2 leavesDal0 1860 86.0
3 leavesDa50 9 300 97.2
4 leavesDaHap 4940 96.3
5 leavesDalsap5 4584 96.1
6 leavesDalsap0 1973 95.8

N 9 T SES 45 BT L)L 3 leavesDal0 5 leavesDalsapO (i HRBAH T, 78 £ 0 ISAP 5590 SR RE 2 11 (0 50ai 4
leavesDalsap0 | Il 25 27 £53 A ASE TR 0550 3328 47 T 76 48 P 175 20 50080 438 58 7 B 1) leavesDal0 - )1 S5 2 15 A A5 7R 11 1)
#.leavesDa50 & H: AN K4 B w4 78 50 £ J5 1 K £, F AR K B0 leavesDalsapO (1 5 fi%. H leavesDalsap0 I
A3 B AR IR 2R 5 H leavesDab0 I k13 2 1A A (¥ YA 3 A 22 AN K AE L0 HAP STV2RAE 240147 1 54
P4 leavesDaHap - Il 2515 2 (A% Y 150 22 35650 7F leavesDa50 - 27 75 AR Y LB UK LA leavesDa50
12 Jei AHZAHEE T ISAP 5L BRFE HAP S RAE IF AN (B L35 8 o HAP S0E TG0 VA AT Ok A3 vl 5 i
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IR R ISAP S AE T BE 2 KA % D0 T LA o i A e R RIUASE. T 7 e A A RUBEATI IR 15 L ISAP
SR BHR Y iR s R T HAP S0 SR 49 568 SR R AT 0 2 R 2 th B O B i o S5 B A T I, b 1 1SAP
SRV SR R B, S AR AT B e R S A

L5 b2 WY B 1 o T B 1 0k v A SR AL B AR AN SR B R B s AR BT S LR ISAP BETE A
N FIARAS IR AR R i m] S Bk 2 A3 T, L ISAP S92 BE S 2 1 240 Tl i A0 4 1 UAE, A7 280 6 k> S50 0 RS 114
[ B, ORI 250 4 1) 22 R 11 S £ O 8 il B2 UBEANAZ B D0 A7 20 3 T B die Jo i, 38 In A A 22 A kL e Ak, IR 4
ISAP {7 250 (10 A BT J3E , mT LADREE b Adk 2L 5 JACRHASE 14 0 1 i Sl A1, B e iy A2 IS I 1) 0 3K

6 HZRERE

AT Bt SR AR RURAE MK — B ) L, B Tl T Bl S IR 40 A% 4% () 2ol 15 R AE 5% ISAP.
SR RL 51Ny 2 18 B A PR A s 3l 2 BSR4 15 i 1) S 2l A UL AP S0 AT R S BL T AL AL
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