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W OE: ARSEMUERIVIBE, =245 YOLOV7 B9M Il E RiGUEE (GhostConv and SE attention enhanced
YOLOV7, GS-YOLOV7). B5E, ZEEEFFMEMERENNA GhostConv REET, FNERIZTHSHE, B5E
B, HR, BERINETERE (squeeze excitation, SE) iFENER, BUIBFAFREENE REGRIBDERIIRENEE
HMIESMENSERINEED,; BX, BRASBABSIES (content aware reassembly of features, CARAFE) RERE
FHREARERZE, ESHTERRE, BARERLEEM, BRGNS, K&, 7E Neck MESIAMALIRER
(coordinate convolution, CoordConv) &R, FIBAEGEFESBRAERELETHR, REREYTEUENBZEEHT
THBEN. EOMENABREEE EHTIRK, GS-YOLOV7 SR ABHRILT 93.15%, KXHLEENOSIHNFHURBE
BEEREI93.29%, WWEERNERE., FHUBENED RS 650%F209%; SHEMEELX/NDHIEZE19 x 10710
3817 MB, LLEMEEIS BIFEME 51.4% %0 46.53%, 455K, GS-YOLOV/ BEEREHEEMEEE RERF, BREUEEN.
XEE: MER,; BFEN; YOLOVZ; GhostConv; SE;EE/; CoordConv
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Abstract: In order to improve the accuracy of forest pest identification, a forest pest detection model (GhostConv and
SE attention enhanced YOLOv7, GS-YOLOv7) based on the improved YOLOv7 is proposed. Firstly, the model replaced
the traditional convolution in the backbone network with GhostConv lightweight convolution to reduce the number of pa-
rameters in model operation and improve the model efficiency. Secondly, by adding the squeeze excitation (SE) atten-
tion module, the ability to extract the edges of pest images with insignificant features was enhanced, thereby further im-
proving the feature extraction ability of the network. Thirdly, the content aware reassembly of features (CARAFE) light-
weight operator was used to replace the traditional upsampling method to improve the quality of feature reconstruction
solve the scale mismatch problem, and enhance the detection performance. Finally, the coordinate convolution (Coord-
Conv) module was introduced into the Neck network, and its position information was utilized to solve the problem of in-
accurate target positioning and improve the model’s sensitivity to spatial positions and its generalization ability. Experi-
ments were conducted on six common pest and disease datasets, the precision of the GS-YOLOv7 model reached
93.15%, and the mean average precision at an intersection over union threshold of 0.5 reached 93.29%. Compared
with the original model, the precision and mean average precision increased by 6.50% and 2. 09%, respectively. The

number of parameters and the model size decreased to 1. 9x10” units and 38. 17 MB, representing a reduction of 51. 4%
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and 46. 53%, respectively, compared to the original model. Results indicate that the GS-YOLOv7 model demonstrates

significant performance improvements over the original model, confirming the effectiveness of the model modifications.

Keywords: Forest pests; object detection; YOLOv7; GhostConv; squeeze excitation attention; CoordConv
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R E RO 52 A=W i E B A T AE YRR 8 000
L, B SR fEERE 200 Z A0, MRllE RS
AR i, IIHIMORRY B 24K 5 R, I bk
R R B AR K A AR i O BB R Y R
HERA IR T R 1 E S BRI BTG 75 SR SR EBUH
LB IEHE T , Xof R 2 ERUE B PR 2 B 2% LRAP
ASHEEARER L, FhRiGMEZGE ALK
A ZE B8R > EE AT FOGR B 2 S R o
A TG 2 A T 7 B b A7 A &, (B
T3 ESEIN T2 ORI R SN R 2 I B R B2
o SRR 1A EATL B LARAR SR ) A TR IR 75 &
GARHEF T3, T SEEl 3 QMR A (B 77 1k &
MM AR 22 s TRIE S S IR R PRz [X Sk
B R 2 N 2% (faster region—based convolutional neural
networks , Faster R-CNN) . %‘(ﬁ(%*@ﬁfﬁlﬂ%ﬁ(single shot
multibox detector, SSD) #1 YOLO (you only look once ) &
RS L 2 R RO R IR A 7R
BB %R T HT Faster R-CNN HIFARS £ B G
MERA], A RE T 2 FHARALE B NEEA .
PRSCIRE 4 H — e 3 Y OLOvA R 1 52 e v AR 58
AN 75 75, SR R VE I A B R R IS B2 S
RN (EAF R M. B RSP T —
F YOLOvS5s—SE (you only look once v5s—squeeze—and—
excitation ) F11F {8 TR A HUR SR BRI 75 1% L 1% 75
VR B (AR A PR o T8 22 S O
T — M A YOLOVS A AR SEIE HU kR 7R, (H S35
M B T B o IMERET R I TR W
R T INLHIN 25, SEEL T AR F A EIR A B
MR AR . 25 LR, BUA ROl F G IAE
TR I E AN vo TR 31 1 5 [ R

i oLl BRI BORS FEFNRCR |, AR U H
P YOLOVT B9 2 HAG 52 (GhostConv and SE
attention enhanced YOLOv7, GS-YOLOv7) ., %A LE
FEF ML H 5] A GhostConv 2 &5 TR E & 5L G R
/INETL S48, 5] ABFE U (squeeze excitation, SE)
TERETINHIEE = FHEFEEURE /T ; 78 Neck IIZE T, 5 A
CoordConv 15 FRAR HR A2 my 52 B 8 2 (1] {37 15 JE% k] e I
1ZAUBET T, SR A N 2 RN A R#ATE BB 4 (content aware re-
assembly of features, CARAFE ) 52 & 25 5 12 = RS

MEEST. AL E T 25 S R RN FHEEA ST
EAERR RS B E I, 32 AR AR .

1 MEMEE

1.1 HiESEHWESLE

HmeeR A E B R IR A SR AR
AT R EIEE (https ://aistudio. baidu. com/ datasetde-
tail/51399) o IR A S IS 245 5K IRIELE 245
KRS 1 6938K, Hit2 183 3K o B, BT AR
J7 K xml 18 = B R SEAR S 4 N 7T & YOLOVT 5 2
B ot 8 RS s HR, B R SR FL RO 2R 4 (train) 36
WEEE (val) R EE (test) N 701,50 1. 5 By EL A 347 25
e B J , 1 Tabelimg XA SR AR ZE 1T YOLO A% 5K
PRl o MG (test) BRICARE , YOLOVT FEMI A I 75 22
it A SR HO AR, 55 2O N SR AT AR AR TE o £
R ORI IE S| E7 3 S SRS Sy Y= G s NS R A
R BRI A, B H Linnaeus (5754
2)FHE K linnaeus (5509 7) TEARTES A2 AH H 9, %
—HEAN R BAREAZ A6 2, B Linnaeus SEHIEL
BHT 8 7278K,

x®1 HIEERE
Tab. 1 Dataset labels

Fs IR X FEAREE /5K
Number Label name Chinese name Sample size
1 Acuminatus REMKRSF 953

2 Linnaeus ESS 7 818

3 Leconte ZIE R/ NER 2216

4 Armandi LK 1765

5 Coleoptera MEBRY 2 091

6 Boerner FASE 1595

7 linnaeus RRHF 909
1.2 7i&

1.2.1 YOLOv7 &%

YOLOv7" IS 32 52 fly 4 W48 E IR LAY, 43 311/
i A JZ (Input) . £ T M 4% 2 (Backbone )  #i55 (Neck) |
ML (Head) o ¥ A JZ £ B2 65 A AR 17 R
SPIH— RPN 4S R 2R AR E SRR
BUANE R B RRHIEAS B S0 £ B 2l el & &
5 BN ER RO AR B G g TR AR Rl 7 A=k BT
= R RO R AR AR AR PR R BE R TR
e RAG AN (non—maximum suppression, NMS) Ji5 i H o



162 O I iE

E42E

YOLOv7 W 4% 25 ¥4 £3. 55 ELAN (effective long-range ag-
gregation network ) \ MP (max pooling) 1 SPPCSPC (spa-
tial pyramid pooling, cross stage partial channel ) £ %% 4~
ZREERER, S ZEaERERIEE NS
BRKR/N B BB RO LI E G % R ERHERR B
CBS & 3 5 & R 2 (convocation, Conv) < AR AL R
(batch normalization, BN) FlETE 2 ( sigmoid linear unit,
SILU) A ELAN FHUZ BT 741 CBS 4 R A 44 2R &
BEAE, AR SO FHE R B %A, T £+ 2
FEIRRMES S EMF 5, HEd X fh 7 22 @A
&, MPRPUZH 31 CBS 5—"1 At LE
(MP)ZH %, 8 o G A 7 S At A BLEA T RAR A
IR BFHER R E TR, SPPCSPC AR AR 2
T REHESZELAGTE R , 7] DASAS | RN B A 7
fEFREL, i YOLOVT BiEAR AL AT DLIE RN AN [R] 43 #E 22 Y
Bl mid X s A SRz fLEE 1. SPPCSPC
BEPH TAE 7 BRI RHEE G G E—5 B
—H 5 AR GEE R T RMESR B, 53 — &R 43 il it it

=/
(@) {5 R

(a) Traditional convolution

AR EAR S ARHERE I TS
1.2.2  GhostConv BB EFIELL

BG RHERR AR E R S NGB E—ER
R, B AR R B A EE BT SRR &K
FIRTRTE . (B ETREAE RS IRHE  (Ei 5
FEE, HSBEE L, FAf YOLOVT Z8 454 R A
BG GRS BURA S B 2 K@, A 55
$2H T MZE At ShuffleNet MobileNet 5 F A FH N
Lo X R 2 1 B A REL 5 SR AHB R R o5
FAREBRNF. FI, 5] A GhostConv FE L GG
AR, BRI R 2 40 R SR el R 1%
FREFE GhostConv BERUIE 1 Fi/ o GhostConv 5% 1H
1o 35 88 Y B AR AR B — B A A I AR B A T
— BRI EM A 5 RA1G 58 Z BRI R B Lt e
Al J5 H AR AE B R AT S Bk A A Bl o AR AE
GhostConv A] DS/ AR R BE EIMGRHIE ) 22 ST TH#E , 3R 15
BEERIEGEE . N RSHENTER . ZS
YOLOv7 B bRl A 7% 3 s A 73 2R A

HA
Input

ogial

Cony
-

P
S -—p
-

(b) AR AT

(b) Ghost convolution

/

B1 ERENSURERER

Fig. 1 Traditional convolution and GhostConv module

1.2.3 SEHFEN
SE'ERINE R —FEE LR U], AL
S 42 RfE Bk R M s R RHEE B, IS T

HEARJZ ()

FHIEEU  Compression

SAGIEF o, W)
Activation layer

REFHER S o SEEBEANH O 2R H T B s
i B By B EFEESS . SEEBRRWE 2
Fi7Ro

FHIEEXY
Feature map X'

Feature map U layer I(*) Fo(-, W) ‘m
S 1x1xC 1x1C e i H
Height H

HIEH q e
Height H| >
FERE AL e+, +) FEREW
e/ Feature weighting [+, ) V‘ﬁd)ﬁl W
WIiEEC  Width 7 WIEHC
Channels Channels
count count

URFAEE G WHEEKEE: H ARG C AWM ABRGNEEE X A2 T SEXET 4 EEH N TERA.

U represent the feature image ; W denote the width of the image; H denote the height of the image ; C denote the number of channels of the input image ;

and X denote the feature image output after SE attention processing.
2 SEFTNER

Fig. 2 Squeeze excitation attention module
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SE PRI S SO R
VBT 4 ST H6 B A
2 e, LU SIS T, 14
BN TR TR A NI R
DL H BT . 2 R R O O
2 8 Sigmoid BB ReLU B M R HH 5]
SRR, EATRRAR 2

2P0 = ey 2 i)e (D

A WL H 53 B0 ANFFIE R R 5, (i, ) JiEIE
i BRI —Ie R .
PG EREN s N
s=F, (5 W)=0(g(zW))=a(W,6(Wz)). (2)
o N ReLu WIS BRAL: ¢ A TERZ Z M AR R
525879 Sigmoid WU BREL; W, RBEAEZ S5 W, 8T
HEZSHL
FHEHER 2 A
%= Foa(u,s,)=su.0 (3)
oA, JoH A SE BRI ¢ I8 AR s,
il E i A 26 ¢ A ImIE AN EE

A G
Content encoding

1.2.4 CARAFE [RFEEET

BEY ERAEE T CARAFE" 4 RAEAZ T
MIBCRFIFE R AR, Horh BRI S A
RHIE P E I 4 « N A A SRR TRINA | R
JH—fb 4 ERST o

DRER B IE RS . FIIRN H x W x CHYR
fEEG X, F— D E/NEAL T x 1B & B RHE 1]
GOEATIEIE R4 R RN H x W x C LR 8
BECAEAE] C, A B s A, w R SRR
B,

2) A Gt _E SRAERZTIN o XoF 188 18 e f5 e
TEEMG R RN A b, % b, B RAEZSR AN, 4
%5 BEIE AL C, M\ bR, 2R pl e I 2O
ok, B X AR R TE A T = R R 5 E]
St EGREORNA o x oW x k; DUBCH) R,

3) ERAEZIA— 1o 18I softmax 3F55 2 25 115 2]
Y ESRA T I —fC, GBI ENTA 1.

AFFERH . T ERAEH—EEIRHERG
Re EL I [l i A B X R X RN X, Xk, B XS
BT Z X TRAEREZ . CARAFE FoRFERLT45H
WE 3 FiR o

a'Wl ®

ERAERI—1E
Upsampling kernel
normalization

'

- ESREETIA
' Upsampling
, prediction module

3 CARAFE L R#HEF41E
Fig. 3 Structure diagram of the CARAFE upsampling operator
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1.2.5 DR
RGP AL AT T RHMERR U AN &
B E BB RHESS B 7253 R EAE S5 Al CUE b it
SR BURHE  (BAE R ZR A BARNL B BB IR >
E5H  ERERNBERAE, NEREHEES X2
6] {5 A B4 AR AN B8 T, Liu Z 032 B T B Ak b
& FA(CoordConv) , 75 ANRFAE B G S 85 111 2 1 Coordi-

nate 18 , 735 FRRIFE AN E SR G L)), FREATE
GG, ISR A AT DUERHI oy A\ SRPALE 13 (5 9 2 T
55, SR AL 68 /T, 1R MR AU E GO R AR S
EHIBHNRE ST, B (1S AR A RE S R+
SRR — ERE R RARI . HMGIRE
P AR SRR 4 FiR o

EH

Conv

=V

(a) WA

(a) Conventional convolution

WEhABRR j

Vertical axis
coordinate j
A
Connect

¢ RERhARAR i
Horizontal axis
w coordinate i

(b) Pl A R

(b) Coordinate convolution

B4 ENERSHEFLITER

Fig. 4 Conventional convolution and coordinated convolution

gi LR, R mARlop HUR AR RS B2 T GS-
YOLOv7 F5i8 . Z A AITE F F W45 H 5] A GhostConv
G FAR SE TERALH, $2 kol 3 HUR BIRS E 78 Neck
Mg, ARG RS, TR AN+
23 [A] 5% 22 B BRAEFNA FHBE 7T, DA H /=1 0 48 B e 0 A
J&; F CARAFE PRI BSE [oRAE, Y RIBSZ B T
RIHERI AL AE F1. £E CBS AR, GhostConv fUE
Conv, B EALIERL . GS-YOLOv7 15 I 44 45 44 a1 &) 5
FfiRo
1.3 HIRFESFMIFMIBEIR
1.3.1 HEHESSHKE

RIS BB HAE R 00 64 £ Windows10 %)L
filx , CPU Y5 A Intel (R) Core (TM) i9-13900K , GPU 1
NVIDIA GeForce RTX4070Ti, fBfEA/NA 12 G, AL
9 125K Pychram #1 X fil 2023. 1. 3, CUDA iR A& AN

12. 0, ¥R E S SIHEZE Pytorch2. 0, Python3. 8, {3612k
I FE o 5% B BEATLES B2 R [% (stochastic gradient descent,
SCD) k#8175 fuAk , Yl 258 HH (epoch) 9 150, 2%
2 (workers) A 8, #H 5K/ (batch_size ) N 16, Fi AR
RS (images_size ) N 640, #JiR 07 2] (1:0) 5 0. 01,
1.3.2 BBPFAhAriE

%}Eﬁ*%ﬁ%%:‘(precision ,P), B & (vecall, R) 3 F
i@%}g(average precision, AP, AHH SAP) FISE YRS 2
¥J{H (mean average precision, mAP, 2 HH S ) TESI
eV AERR , Ny AN R AR ARG I K SR AR RE . BL
EAEFRHI AN

— TP

P—iT”FPQ (4)
_ TP

k= T, +F,° (5)
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> SPPCSPC

20x20x1 024

ELANSW|20-20:512 -
20520+ 024 ]
cat) i

20-20-512
.

% 20%20-256 20x20x512 Head

% 4040256

@ [ELAN-WH—»{REPHCBM}>{"]

[CoordConv]|

-|CoordC0nV

¥40-40<128

|
|
|
|
I
|
|
|
|
|
|
|
40+40x512 :
|
|
|
|
|
|
|
Il
|
|
|
l

= [Conv[BN]Sigmod]

CBS|CBSPcat

CBS
CBS|CBScat
CBS|CBS|CBS ELAN-W|

CBS

|
|
|
|
|
|
i

I
1
|
CBSICBSI|CBS| = |GhostConv|BN| Silu i
I

5 GS-YOLOv7 M4£&454a
Fig. 5 GS-YOLOvV7 network structure

1
S, = fOP(R)dRO

1 n
Sure = > Sao (7)
i=1

Ao T NIRRT IEREGI R R P, N SRR BT
M IEREG R R PO IEREBITN A R B2 S n
MBI B ZRIEL, LRI S S BB i I
PR R L ELE B s, 3 IR AR R A IS8R B T
S FFEIE I

(6)

2 ZER5HH
2.1 AERIEEDNFIXIELIRIE

NFE— B IGUE SE TR IR A M RE , FEAH R
G 5040 R R SE | = 8B 1E T 7 /T (efficient chan-
nel attention, ECA) 0sl P 2 SRR (convolu-
tional block attention module, CBAM) ' 45 Bl #z A |
YOLOv7 M#& &5, i@t i3 3 2 A = I/ Py
RS, apo, s~ NAFHTIHZRME 5 R AR 2,

F2 FREEHNHIRIEE

Tab. 2 Comparison of different attention mechanisms

T 1B 0.5t
an BIE/% amE/% . /(s P/MB
Model Precision Recall SRS TIRS Vips Memory
SmAPDAS

YOLOV7(JRA% %)

e T el meda) 85.65 86.20 91.20 149.6 71.38
YOLOvV7-ECA 84.91 84.82 90.52 140.8 71.38
YOLOvV7-CBAM 82.90 88.68 87.09 135.1 71.63
YOLOv7-SE 87.58 86.35 92.19 147.1 71.63
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A MK IR

E42E

F 2 Al A1, YOLOV7-SE AL P A S, o s 2 T
GBS R i &, 3 AAE T 87. 58% #1192, 19%,
YOLOv7-SE BRI P RFS, po s LIRS B = T
1.93%.0. 15% F10. 99% , 1HFE N FEIE K, Vs BEAK; EE
YOLOv7-ECA B BL ] Py R\ S, up0. 5 FH Vips 73 5 $2 5
2.67%1.53%. 1. 67% F16. 3 fi/s, IEFENEME A L
YOLOv7-CBAM 5 Y [ P S, po s A Vips 53 5142 55
4. 68%-.5. 109% F112 /s , R BGAK , NTEEAEAHE] o

2.2 AEABREMLL

HIGAE CoordConv! I BEH T YOLOVT & H1E
FEAEREBRIE 1T B AL AR &R (CoordCony ) 15
L B &R (partial convolution, PConv) 07l TR AN 5h
DIE T FZ (dynamic snake convolution, DSConv)!'*
FAPIT AR AR YOLOVT B ik, Fxt 3 FG M 25 ik
Frxf RS, NRIG AR ALAI A5 R 3L 3.

#3 FRAEHEMBERLEER

Tab. 3 Experimental results of different convolutional network models

ZFFEEEIE 9 0.5

7 M/ BEE/ /(s

;fi'( *éﬁﬁl 4//: AEZR/% TR % R/ -s™) N7F/MB
odel Precision Recall Vips Memory

IS‘mAPOvS

YOLOV7(JEA=EY)

YOLOv7-PConv 86.12 91.53 90.41 137.0 76.70

YOLOv7-DSConv 84.01 89.67 88.72 144.9 72.15

YOLOv7-CoordConv 90.07 89.21 92.13 151.5 73.22

H 2 3 B A1, YOLOv7-CoordConv 7Y H] PS5, po.s x4 ZEFHENUEBER

Vs B A LB A R = B, 32 5] 7 90. 07%. Tab. 4 Detection of various pests and diseases %
92.13% F1151. 5 Wi/se YOLOv7—CoordConv L] P - — aEz  SOTHEENOSH
5 NN - FHIREEIIE/%
R. SmAI’O. s ;m VFPS tt)ﬁ*ﬁﬂ%& = 4.42%.3. 01%-.0. 93%. Name Precision Recall SmAPO.S
1.9 /s, IHAE N7 IE 5 5 LE YOLOVT-PConv IR AL ) R Acumninatus 92.04 94.77 95.48
B&AE , ELAth =835 S48 Bb YOLOv7-DSConv FE B 14
8 E S50 S Linnaeus 94.20 92.35 94.25
A, 2= e pe o
2.3 AEERITEIRIE Leconte 97.63 94.49 94.38
HEGAE GS-YOLOvT H A AL 78 3 Bl 0 73 Armandi 89.23 81.28 89.16
FHREMIAEE , GS-YOLOVT AN B fia 2570 55 R 1] - . sos o00
o J. O eoptera . . A
FEE W 4, R4 0%, GS-YOLOvT fAIxT 6 ff 2
@Yﬁ[uiﬂ%ufx‘&%ig‘é{to 5@%5” E(J YOLOVS\YOLOV7[8] N Boerner 92.92 94.91 96.42
YOLOv9c M MS-YOLOv7? AU HEAT LIS, AR s 615 o125 6595
N Average value ’ i ’
AT as R IR 5,
x5 FEEEAKEER
Tab. 5 Experimental results of different models

" R FELE R 0.5 I ” . :

ki) FERAZR/% BEZR/% AN v SHE/N A/ MB /(- s™)

Model Precision Recall Iiﬁ]ﬂff;iﬁ]{é/é Parameters Size Vips

mAP0.5

YOLOV5 83.42 87.16 88.97 7.0x10° 13.80 124.0
YOLOV7 85.65 86.20 91.20 3.7x107 71.40 149.6
YOLOV9c 90.38 91.00 90.98 5.1x107 106.20 412

MS-YOLOV7 93.05 92.15 93.49 2.33x107 58.70 1512

GS-YOLOV7 93.15 91.23 93.29 1.9x107 3817 148.4
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FH 2% 5 Al A1, GS-YOLOvT 57 55 H il #5570 Ph s |
HARE IR e A8 7 93. 15%; RFAS, ,p0 s AR T
MS-YOLOv7 f&84, B FHAB AL, ZEE MR/ N
YOLOvS5 IS 5 ft T At ASE Y ; AR Ab PRkt W {1
F MS-YOLOv7 #l YOLOv7, %% EEEES, GS-YOLOv7
AL EE YOLOVS BT YOLOv7 B YT YOLOV9e #5874
AR 5 MS-YOLOVT fAY FLi , AR B0 A £F
SR RNFE S AT HAEREL RS
2.4 Ziitia

NI AE AR BFF FUABE R )35 1 P L SR A 1P102 A 4K
TR P12 EEE R — P HTRER FRIA
AIH R AR BRI B | 65 /KA L ok NE TR

GER, A &2 E R 102, B TR
I IR BRI A . SR A 1P102 £ HE SR AR S
Sz At e B | e U R 5 R EASRMER B R
#4736 X B o 3R 98 3 B, GS-YOLOv7 1% A4 B
YOLOVT BRI S, \po s TR =1 T 3.8%0 GS-YOLOVT fi
I B ARGz IR B s TEARl AR 7= R g
Ko IR 512 T B B BV L o 55 R B R LA SRR B
FE
2.5 Emtitia

NEEIE GS-YOLOv7 A5 Fp AR [a] ) 250k A R A5
RURSZ0 , [A] A8 7 36 E & MR A R, - T
BRI, & MBS YOLOVT Y52 L5 6,

=6 F[NERITYOLOV7 B9
Tab. 6 Influence of each module on YOLOv7

s WRARER  FENE SERSNER sRER  mwEs gEEs om0 e mns)
Model CoordConv SE CARAFE GhostConv Precision Recall S e Memory Vips
f}fﬁfal . x x x 86.65 8720 9120 7138 149.6
ﬁi; . J x x 0007 8921 92.13 73.22 1515
Eﬁ; 7 x J x 8758 8635 92.19 7163 147.1
ﬁfﬁ; 5 x x J 8827 92.86 9124 65.30 122.5
ﬁ%é 4 x x x 8842 8921 9221 39.90 1352
ﬁf‘i; c J J x 8946 9025 o111 7170 1472
Eﬁ; . J x N 9057 89.69 9124 69.20 1266
Efi; 7 J x x 8734 8825 89.30 40.00 137.1
Eﬁ; 5 x J J 9035 89,55 9131 66.30 130.4
Eﬁ; 9 x J x 8842 8934 90.20 4010 1342
Efii?lo x x J 87.12 89.20 88.32 39.50 1287
Eﬁ; 1 J J J 9120 9068 9152 66.20 1425
ﬁfﬁﬁm J J x 9076  89.87 91.42 42.10 1312
ﬁiﬁw J x J 89.20 90.12 90.22 39.40 13722
ﬁfﬁi@ x J J 9124 90l 92.56 4020 1363
B ISR J J J 93.15 9123 93.29 38.17 140.6

Model 15(This study)

EVREEORE R

Note: V7 indicates “Yes ;X indicates No .
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