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optimization), Y45 FRAEE Y45 H [FIE N X 384k (ROI pooling) B3t MBS X Ik #E (ROI align) [ IX 38R 1iE S 4E
T, AT IS S A i H bR AR SIS R . 3BT L8 Faster RCNN HE4E T ) VGG16. VGG_CNN_M1024 Ll ZF 3
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RLAHEBN, HEREAE, (AR F R w1 %
ANTTIE, HRIBUR SEE AL 5 B 2 A AL, X
XFSIL BRI T RIS BRI E AL oK 1 IR A
AL BRI RIZUR S ZEKARAE, X Faster
RCNN HEZE T K VGG16 M 28 IS5 M S HsAT 1%
AL, SR R AR R R B ZR, AR R A
BT B B A 22 N 2% B R BUR SRR, i
BENS o RCHUE IR ) 1 ARIA ST R ORIBLR s2, ASEEL
RIRR AT ROREEE . DR IRIR] -

1 HIERESLE

1.1 HiERE

ASCRFL RS GCR AR T 5048 e B LS IR A
MRIZL P REE X, SFCATR R S 5. 2018 428 H 8
H N RAEA 2T I B RS 5 1500 ME, KA
B1; 2018 4F 9 H 20 H - R R AT HA I B st 1%
1600 M, KM HRE AIRIAEE Tl ZL IR 5L 5 46 B
1% 3100 g, AT EME KM JE BE (Nikon) D750 H#.f%
VL A IR RE R (2 m DAY #HATH5E, JRAG RIS
NIPEG, 73#E% 96 016x4 016 152, HRIFEE T K]
TR G AR 1 R .

N

a.8 b. .'
a. August b. September
B 1 A ARRET R AR K BEAEATH

Fig.1 Rosa roxbunghii fruit image under natural conditions

1.2 BIREHARREFME

AICNIAFER) 3 100 MEAIALUR S G ik H 2 000
W, SRR SRy 11 Bl v 2 5112k 103 S0
HH T B RS B  R R INE LG, DAL SRR
S H H I 2 T AR 4y SR R T SN R 1 2
TS BRI E G R . AR R RIE &
) )R R R s LR R A B 1y

i 3d Photoshop CS6 Hift, H 2 100 E-K/NA 6 016x
4 016 1R K IR EHBT N Z 8K/ N 500x500 R K584
AE BT LMFEAR, 58 ACDSee #fF, XHEITHI
FEATEAT b R BHEL LLOIERE 45°, 90°FT 270°, MY EIE
B, RSt E A48 2018000001 jpg #3L,
RZALESE IR A3 E 8 475 WEFEA . FEAE DD labellmg X o
8 175 WEFEABEATHRAEHIAE , A SCAEH] POSCAL VOC2007
B emk s, HIEREATRZE .
1.3 RRRIHERZE

MR R B R s B ARAE IR, $ LA . Ao
AR, WS HEE L, KRR SR 11 2K
IgOcsnot. 1gOcsyes. 1glcsnot. 1glesyes. 2g0Ocsnot .
2g0csyes « 2glcsnot. 2glesyes~ ngOcsnot. nglcsnot

nglesyes; A1, 1g. 2g. ng 73 FR A AR Lo | B SR 5
AT 2 RI3ALLE (5 34, Ocs RoniilEL
TSR LA, Tos Rl B R S Ol (Al 3 A0 Bl
A, HRBEHIIWRNARRID , yes FRonA W B %
PSR 1/4 T/ T 3/4 BIRIAY, not FR7mBEA MY B
FA/NT 1/4 BURH B H B T A R R A I L, XS T 2
AF 3 ABIESL, A ARG R 2, FH 1A
MRS 172 B g 1 RS U AL DU A A 1Y o il B IR
MG o KT E A 2 B .

D %
A t"

2g1;:syes

nglcsyes

nglcsnot

s B4 1g0csnot RS I BIR b AT LI G L, Horbr: g RN
HATH 2R A JUAHEAE, Ocs RRRMA, los R, Hitalisg
WA, RGBS AR . yes Fl not 73 HZRRAT EERYFITEER, o

Note: Figure 1gOcsnot shows the immature condition of independent Rosa
roxburghii without occlusion. Among them, g means number, the number before
it represents several adjacent, Ocs means immature, lcs means mature, pure

yellow color is considered mature, the rest are considered immature. Yes and not
denote occlusion and non-occlusion, respectively.

B2 ARREEGESENE

Fig.2 Classification sketch of Rosa roxbunghii fruit image

ngOcsnot

2 REFHRAE

2.1 HE4REH

AR 24 M. Ubuntu 16.04. 64 FiEElE 248, %
F caffe HEZZ. AHHL: JERE (Nikon D750) , % FAR £k
AF-S JEF7i/K, 24-120mm f/4G ED VR 4ik. HWECHE
& A HLK, GeForce GTX 1060 f&F, 6G Z17: Intel
(R)Core(TM) i7-8700K AL EEZS, F40 3.70 GHz, HEH: I A7
250 GB, ZmfEif & & Python ffEiE 5 -
2.2 REHE

AR LN Faster RCNN AE i) AL 5 sz - ) /Y
BERH RS RESE, AR B SR S R RRAE , P HESE T
#) VGG16. VGG_CNN _M1024 % ZF 3 Fhi)ll 245 A ()
BLAE M S ORI R 2Rk s AT 1 oadE R A Ak, I RE
% S B iy S BT B R SRR TR

Faster RCNN H 2 #7530t if:  FEAESE HUA RPN+Fast
RCNN. B 265 R HEAT SR, FF 300 N DX 4800 3k D) 4%
(region proposal network, RPN) , #J5it \ Faster RCNN
B 80, AENRRESE A 2%, P42 N X 34 )
“%, HEREINIHE (Proposals) PO, &M%k 3 B 4E Ky
HHEME . WUE. WibEZ. RPN E. ROI Align 2 K&
EEREMRR, MEEHIT .
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2.2.1 &A% (Conv layer)
Faster RCNN X f AT & X/ EE, SR 2T
BgrIR M AR (1D B,

input__—kernel size+2pad ‘1 D

size

output,, =

stride

A outputy,e K ZERZHIH BT — ZHIEUERDN,
inputg,e KARFINZZHIEUE KN, kernel size FnB
B/, pad FREAMBER, stride RnEBRZAERK
BRI K.

HTHEERZEG NG — MR SH#HE — 8,
Fr AR E A 2 R BB R N
2.2.2 #mE (ReLu layer)

HHT ReLu BRSO BEARH R, BT LA B IRk
FITLEREL (the rectified linear unit, ReLu) YENEIE K%L .
2.2.3 4L ZE (Pooling layer)

WAk )Z & T HcRitifl (Max-pooling) 7775, LA
TE—E PR BRI GIZE S H0R 218 N Al vH 348 T
PR R P RERR IR 2ZE . BT ERE . B E A
W IZTERE T X 4 N G ARAE B 2 B
2.2.4 RPN (Region proposal networks)

RPN A DU —ME R REM BB R, fHid—
ZANEISETZHE (object proposals) , -/ NEEHEAS T
— /N HFRHMERS 5 (objectness score) o ‘B e fEHFMER L2
B 6, ORI NER 7 I gL .

2.2.5 RSB IRAAE (ROI Align)

ROI Align /& Mask-RCNN HEZE - Hi [ —Ff [X $58
HERETT I, %77 AR UL ROT Pooling #:4FH 2 &
13 % X 3 AN PLES (mis-alignment) ) 1] @BY ., ROI
Align {87 FHXUZENE P 3 1) 77 VESRAS AL bR T mi BB 3R 0
R BB BUE, T BEANRRE SR AR I R A (o — Nk 4k

HIHRAE, RO T XA UL 7] R
2.2.6 Ai%3EE (FC layer)

2B Z R J2 2 (B i B 48 oA A B E S,
‘BK ROI Align 2% Hi IHFAE ] (feature map) 4T 4% 42
EAE .

3 MEEEE)IZR

3.1 ZFMEERIX A

ASCAE F TmageNet Tl 2R AW Ga L BUE, EHF
TR 2R 7 (alternating optimization) , £ VGG16.
VGG _CNN_M1024 L} ZF 3 Fhill B8 R #k4T 1l 45

VGG16 AR EA 13 MERE, 13 NMEE, 4
M )Z, R—FHTEIE S R 2, BAREECRR
R4 VGG CNN _M1024 5 5 MERZE, 5 MNEZ,
2 MbfbZE, Z—Frh RN, ZF g 5 MERE, 5
ANBZ, 2 NMOAE, 2R T 0 KB HE BN Y
/N 25

VGG16. VGG_GNN_M 1024 DL ZF 3 i £ /4 2%
SHORBEUR . FEARTE 4 A B I SRk R k3N
280 000 &, #IEH 12 E N 0.001, fLALFEE S 128
&, RPN 25—, —FrE% stepsize #2460 000, 5 Kk
#UN 80 000, Faster RCNN 25—, [ stepsize ¥JA
40 000, HHKIERXECH 60000, ZhEKTFHHN 0.9,
weight decay #J A 0.0005 , 72 % £ VGGI6
VGG _GNN_M 1024 1 ZF 8N IR H R BRS R -1
AR A28 (precision-recall, PR) Wik 3 fiizm. M 3 Himf
PLF H, LA VGG16 M2 1125 ok 1) P-R h 4k IR S
HERFEEERET 1, SR 3 FNEEAH, VGG16
PR 28 T I 25 HH S (A 20 B 00 K 1 B A R T A 5 111 A
Y 1] %) T B B e o
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417 % Recall rate
a. VGG16H4! R PR 1l £& 14
a. Precision-recall curve under VGG16 model

417 % Recall rate
b. VGG _GNN_M 10241 R (PR i £& 14
b. Precision-recall curve under VGG GNN M 1024 model

0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
7411 % Recall rate
c. ZFEUR R PRI £k
c. Precision-recall curve under ZF model

B3 VGGI6. VGG_GNN M 1024 #= ZF #7% T 49 PR th & B
Fig.3 Precision-recall curve under VGG16, VGG_GNN_M_1024 and ZF model

VGG16. VGG_GNN_M 1024 LK ZF 3 Fft i 45 fi 7l
TNEFEBIMINGREE R 1 iR, 3 B8 Il Zt
RexTEanse 2 fs.

MR 1 ATLEH, 3 MK, VGG16 M2
RUYIZRH AR PRSP e, e fENEIEN 0.837 4, S =iks
P29 1.000 0. AT AASSCRH VGG16 2R3 T I8

3.2 1RENI%

BENLA 8 175 IEFEAHIESE 6 540 (80%) HRAE VI
ZIGUEEE (trainval) , 1ENIGESHRIEE, HAE 20%
VERNIREE (test) ; trainval [ 80%1ENIIZ4E, H4
20%1E NIRIELR s FoR AR S S5IIZRM 300 Mg %) fe 2845
RUATR S -



146 Ll THE2AH (http:/www.tcsae.org)

2019 4F

R 13 MHMEER T ELF I GAEE

Table 1 Accuracy under three network models

2] Categories VGG16 VGG_GNN_M 1024  ZF
g0chyes 0.940 0 0.8751 0.8823
1g0chnot 0.908 5 0.899 4 0.900 8
1glchyes 0.8374 0.758 4 0.743 9
Iglchnot 0.9855 0.880 9 0.878 0
2g0chyes 0.964 2 0.904 3 0.833 7
2g0chnot 0.984 3 0.950 5 0.900 0
2glchyes 0.8918 0.8779 0.8613
2glchnot 0.906 1 0.901 6 0.900 2
ngOchnot 1.000 0 1.000 0 1.000 0
nglchyes 0.884 7 0.8850 0.8659
nglchyes 0.909 1 0.908 5 0.907 4

R2 3 MMEERTIGMERER tE

Table 2 Comparison of training performance under three network

models
L H Item VGG16 VGG_GNN_M_1024 ZF
Max 1.000 0 1.000 0 1.000 0
Min 0.8374 0.758 4 0.743 9
Mean AP 0.920 1 0.894 7 0.879 4

AL 28 0] LB SR R R A E v BR N, @
H— A FEAR SR 500 B 2x500 B3R KN, TEBA
Er, MRS BT 7Y U (pad=1, EPE
GUVUREETE 8 0 B3R A, PURIEA Soa2s 5 N Fda Hi
FERERIR /N . A8 Relu BREUVE NN AL, &0 —ANK
/N 2x2 AL CRRFD) , EBAR N 250%250
BERERN, WEE I ZREY BOR s BEATLES BE T Bk,
23t 13 NERZ, 13 4 Relu 2, 4 MBLER, ARk
/NR 3L ABFEBT AR K/DRIRHER, R EE R —A
FEAE R 05 R 16 15 5 < 16 15 28 K/ X 306 2 . RCNN
kB2 (Selective Search) 77 7EBA4z s A A ,
MR R T 1 RS DU HE A= R 5

ATk H 55 B # Softmax loss (XM Softmax [5] 14
Iy REe) BEAT MR M BRI XS L0 HT . 3£ T VGGI6 [ Faster
RCNN W 2% 25 M HESE ] 4 Fro o

T 300 M8 A2 5 I 2RI B8 se RS AT R 5,
HEMG KN 500 152 x500 15 I #6500 ek, P
THETAR] 0.2 s/ . @I XS 300 ML B 5 H S bRAFAE
FRY ) 2R 28 031) o A B 5 A B R ) s 3 AT % Ll 43 i A
XPEt,  BIRTAS 2 R 2R

i : | |
6016x4 016 Pixels FEHE S

Feature extraction

BAERUE, 134 Relufzt, 44N
13 convolution layers, 13 Relu layers, 4 pooling layers

BB D Relwid ]
Convolution layer Relu layer

wier ) it )

Pooling layer Fully connected layer

2N, 2 Relu)z

FEE 2 fully connected layers, 2 Relu layers

Feature map

Softmax

151
36 /

Uy HEE]

Bounding-box regression

1x1

\ 18
Reshape Reshape JHEA &
m B [ % [ % [ Proposals
3x3

DX L 5

Region proposal network

/ b ALE
| H@BJ&MW Pl
ROI Align
N )
RIS,
im_info
FH M
FFEE cls_prob

Classification and regression

B 4 T VGGI6 ¢ Faster RCNN M &2 M IER A
Fig.4 Framework diagram of Faster RCNN based on improved VGG16 network

AU ()26 B 28 X 44 04T 3 B SR SR A R I 4 )
HIRUE

1) XA S AT TAG 3, AR AL AR ORI
HAT 2R, REA IR AL R s R B S AR

2) AR U F A R e 5 O 28 ot B N B0 RN B
K, G-I 500%500 BFEKNIFEA, [FI e
. BREY REARE, SIEIIGRE AL,

3) SR HH 22 OB E B A I Gk U vk, oy A
VGG16. VGG_GNN M 1024 VL ZF # A3 1T 25,
XL BT e, o A AR AL I RS B RS VGG 6 gk
AT B LAY (1 Y G o 388 3 6T i N D) 8% ) 1) R A 3 A T[]
JE AR TN 500 8.3 %500 15 %=, K H ReLu #Uih ek £ LL &
BOHALI) N AR, &3t 13 NERE+13 A relu J2
+4 ML )Z SR EUVRRAE ;. 423 RPN 4% H— A 3x3
MR, AT S 5 FHE RS R &, tHE

A A 32 AE

4) i S AL R SRR R R N s S8, TSR
R B 5 st s

5) JEIE XERAE RS I TT I, ANRHAE ] R i
BABIEHE, N2 IER)Z L softmax W25 31T 4028, 13
PSR E TS EE (average precision, AP) PLKFTE
AR YRS EE{E (mean average precision, mAP) .
52 S EH| PRI NN s R W 11| S8 BV (VRN A v
1K BT L R HERR IR 0 5 E A
4 RRBEGGE RN Lt
4.1 REVGEE

HUH VGG16 MZE AR R IIZRIT 5B Bt (stagel_rpn.

stagel fast renn. stage2 rpn. stage2 fast rcnn) Loss Hi%E
Kt 5 s .
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JEA K B lteration/(x10%)

a. S 1H BERPNS 5 I 2%
a. Stagel RPN loss curve

IEAR YK Blteration/(<10%)
b. 55 15 BfFast RONNH 2 K |l £
b. Stagel fast RCNN loss curve

JEAR Y B teration/(<10%)
c. HI2K BERPN IR M 25
c. Stage2 RPN loss curve

IEAR YK Blteration/(<10%)
d. 5520 BtFast RONN1 26 3 [l £
d. Stage2 fast RCNN loss curve

A5 Hi#tEH VGG16 MAARE T 469 &M Loss W& A

Fig.5 Loss curve of each stage of training under improved VGG16 network model

MELEYIZRERER 4 M4 2k -5 AR B R B AT
PLE H, stagel rpn Al stage2 rpn A [X 35k A= ik WX 4%
(RPN) BFrBt, fEIX— I 2k BOks A2 sk & AR T AR ,
FEHUR A, Ui B 2R ) R 22 B A 545 25 i) H
PRAEHE S i = . stagel fast renn Al stage2 fast renn
9 Fast RCNN M £l ZRid B HR 2k % . stagel_rpn
stage2_rpn AE AT MRESEAT #000), X 43 H b5 2 1 ik
7e H AR R, IR 85 A H AR R AR TEAE 5 O R X
B AE R, stage2_rpn PR BCOR Bk W AE,
stage2_fast_renn By B b — B B Hodm i 47 405
M stagel fast rcnn Fl stage2 fast rcnn 7] LLH H, ik
FIRBGE S 40 000 I LTS, $1RH LN 0.05%
A, IIGRgE R PR,

4.2 RERHREIE

AR ST FE & D TR B R S 1) 8 e A SR A 4 R B
RS ) fhr B AR KA, R A,
PAT R i FCVF IR 224209 10 mm, R, & 2R

o ) A B SEZ R R 3 4 DX s B T S B AL B S AR
R () 20 X 35 ) AL R S S it 2 3/4 A
ZLAE BRIC 1 2 50 5 S B il 22 SR s 28 B AH R IF, AR IF
iff sz W
AT R RS M REVP AN P AR A B3R (recall, R
WERIR (precision, P) LK Fi{H, FEEARMAR
(2) Fizwn, Ho, P=AGIN IER/ ORI IE R+ IR ARy
ERD 5 R=ASMIER/ G IERE+HR IR LU R .
F=2R (2)
P+R
Kb POAHERIER, %, R NARIE, %.
AR XoF 30 B 2R SN [R] ROSF R/ AR AT R, 2
B R ~F KN 500 48 2x500 14 2RI A IR B2, 46
WSFYE FE L 0.2 s BRIE EUE « RS0 2 51258 300
E K /NA 500 1535 %500 15 2 I EHUGON BAY 3E47 1 3R E,
H &AL 11 f2E5). K2 5120 300 18 HRIFLE
G AEARRAY S R 45 a2k 3 Fim o

x100%

F3 EBENER
Table 3 Test results of model detection
e Eer I ot Y TS A% ek P
Feature category oumber number Mistakenly error number Recall /% Precision /% Fy value/%
1g0chyes 235 11 26 90.00 95.53 92.68
1g0chnot 345 20 28 92.49 94.52 93.49
1glchyes 344 30 20 94.51 91.98 93.23
1glchnot 474 35 15 96.93 93.12 94.99
2g0chyes 70 4 16 81.40 94.59 87.50
2g0chnot 149 25 10 93.71 85.63 89.49
2glchyes 147 10 20 88.02 93.63 90.24
2glchnot 130 10 16 89.04 92.86 90.91
ngOchnot 140 15 90.32 95.24 92.71
nglchyes 80 10 88.88 89.89 89.38
nglchnot 76 8 90.48 93.83 92.12

H# 3 AT, AR SCESE F AR SR B iR 55,
F HEDHER R 5 A B0 — AP A7, REIRI 25 08 3 v
TR A [0 5, Fy EHB R T 87.50%, ft e Al iAF] 94.99%,
B AR ST HE SR 1A R S B A A I 28 R B o Sk i S
Y SRS R B ] 6 B

HH &l 6 1T LA H, A BOGERIX 380t 4L (ROI pooling)
Y5 S (S B0t s B R SE RS IAF FE IR R 22, e

HE ARSI X A (ROT align) 75, A 4E FEAHE
Ik A B SGEE. GRAE0 R TR s,
AR B R B BRI AN T A RE A I 2. [Fi, A
ANER A R AL TR B R, — T T BT AR AR bR 2 i
WHNNAGRZE S, 577 SR A A
ZHEZREN . WNECREITTUUE H, 2 AR a2k
BHEE L R 1 B AR REBS A F)
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291csnot 0.972 Iy

a. Buk AT (RO
a. Before improvement (Sunny)

1glcsnot 0.694

c. ol RT CHIO

c. Before improvement (Cloudy)

e B/ NED R SRS B

Note: The small picture shows the specific situation of fruit recognition.

b. SO R (R
b. After improvement (Sunny)

Lconotd.gg3 10lcspet oeT
. |

d. dok i (B
d. After improvement (Cloudy)

B 6 HHTEI e B R B

Fig.6 Model inspection renderings of training before and after improvement
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Recognition of Rosa roxbunghii in natural environment based on
improved Faster RCNN

Yan Jianwei**, Zhao Yuan!, Zhang Lewei', Su Xiaodong®, Liu Hongyun®,
Zhang Fugui'**, Fan Weiguo?, He Lin**
(1. College of Mechanical Engineering, Guizhou University, Guiyang 550025, China; 2. National Forestry and Prairie Bureau Rosa

roxbunghii Engineering Technology Research Center, Guiyang 550025, China; 3. Mountain Agriculture Intelligent Equipment Engineering
Research Center of Guizhou Province, Guiyang 550025, China; 4. Liupanshui Normal University , Liupanshui, 553004, China)

Abstract: Rosa roxburghii is widely distributed in warm temperate zone and subtropical zone, mainly in Guizhou, Yunnan,
Sichuan and other places in China. Panxian and Longli are the most abundant the most varieties and the highest yield Rosa
roxburghii resources in Guizhou. The harvesting of Rosa roxburghii fruit is the most time-consuming and labor-consuming
work in Rosa roxburghii production, and its labor input accounts for 50%-70% of the production process. Hand-picking of
Rosa roxburghii fruit is of high cost, high labor intensity and low picking efficiency. In recent years, convolutional neural
network has been widely used in target recognition and detection. However, there is no relevant literature on the application of
neural network in Rosa roxburghii fruit recognition. In this paper, in order to realize rapid and accurate identification of Rosa
roxburghii fruits in natural environment, according to the characteristics of Rosa roxburghii fruits, the structure and parameters
of VGG16, VGG_CNN_M1024 and ZF network models under the framework of Faster RCNN were optimized by comparing
them. The convolutional neural network adopted bilinear interpolation method and selected alternating optimization training
method of Faster RCNN. ROI Pooling in convolutional neural network is improved to ROI Align regional feature aggregation.
Finally, VGG16 network model is selected to make the target rectangular box in the detection result more accurate.
6 540 (80%) of 8 175 samples were selected randomly as training validation set (trainval), the remaining 20% as test set, 80%
as training set, the remaining 20% as validation set, and the remaining 300 samples that were not trained were used to test the
final model. The recognition accuracy of the network model for 11 Rosa roxburghii fruits was 94.00%, 90.85%, 83.74%,
98.55%, 96.42%, 98.43%, 89.18%, 90.61%, 100.00%, 88.47% and 90.91%, respectively. The average recognition accuracy
was 92.01%. The results showed that the recognition model trained by the improved algorithm had the lowest recall rate of
81.40%, the highest recall rate of 96.93%, the lowest accuracy rate of 85.63%, the highest 95.53%, and the lowest F; value of
87.50%, the highest 94.99%. Faster RCNN (VGG16 network) has high recognition accuracy for Rosa roxburghii fruit,
reaching 95.16%. The recognition speed of single fruit is faster, and the average recognition time of each Rosa roxburghii fruit
is about 0.2 seconds. The average time has some advantages, which is 0.07 s faster than the methods of Fu Longsheng. In this
paper, a Faster RCNN Rosa roxburghii fruit recognition network model based on improved VGG16 is proposed, which is
suitable for Rosa roxburghii fruit recognition model training. The algorithm proposed in this paper has good recognition effect
for Rosa roxburghii fruit under weak and strong illumination conditions, and is suitable for effective recognition and detection
of Rosa roxburghii fruit in complex rural environment. This paper is the first study on the depth extraction of Rosa roxburghii
fruit image features by using convolution neural network. This research has high recognition rate and good real-time
performance under natural conditions, and can meet the requirements of automatic identification and positioning picking of
Rosa roxburghii fruit. It lays a certain foundation for intelligent identification and picking of Rosa roxburghii fruit, and opens a
new journey for the research of automatic picking technology of Rosa roxburghii fruit.

Keywords: convolutional neural network; Faster RCNN; machine vision; deep learning; Rosa roxbunghii; target recognition



