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Abstract
Objective: Peony recognition is often disturbed by dense petals, weak boundaries and similar local
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textures. This work builds a Petal Topology Relation Graph Network (PTRGNet) to introduce struc-
tural cues into fine-grained peony classification. Methods: SAM is first used as an annotation aid to
produce candidate petal masks, which are then corrected manually for instance-level supervision.
At test time, petal masks are generated by the trained instance segmenter without manual input.
PTRGNet represents each petal as a graph node, combines spatial morphology with ROI semantic
features, and describes pairwise relations using distance, direction, mask overlap, bounding-box
IoU and relative area difference. These edge attributes are fed into an edge-aware graph attention
module and fused with the visual branch through a gated head. Results: On Peony-8, PTRGNet
reached 67.8% Top-1 accuracy, 66.9% precision, 67.3% recall and 67.1% F1 score under predicted
masks, exceeding EfficientNet-BO by 8.1 percentage points. Human-refined masks gave 70.2% accu-
racy, while zero-shot SAM masks gave 63.5%, showing the effect of mask noise. On Oxford Flowers-
102, the weak pseudo-topology setting achieved 89.8% Top-1 and 98.6% Top-5 accuracy. Conclu-
sion: Petal topology supplies useful structural evidence for peony recognition, although stronger
validation still depends on reliable automatic masks and larger instance-level flower datasets.
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1. 5|8

SERL LR B 73 S I ME A AE T 2R R 22 4. RN AR 5. Peony-8 SEAIEAK, (HATFHE R H WEH
M ERSFI N SNEAEIER A, REBEERSIEE 52 5 5 R UET . B, R SOGETRRZEIR.
A7 AN B B 00 RBE T N PHR PR (LR RS e S MR R [ 1] [2]-

MV ESTIRE, HPHRNA RO, B8, . BRI S M RIFEE E (3], HRM%
FIRLDE Transformer B2 I ER S5 S08E, (HAE [F) AL AC B BUA FABRIN , K525 & oA ek
SO o R AE IR G R AU, TR AR RO T E RN .

AR, FIRZEME. MU iRRs: 2] 2 XIGRR AL v 5 1AL O F T8 A Aiks B2 R0 [4] [5] .
I, PPN S BT EA R AR SS IR 4L . AR SCAEG — R RN Rk T R E AR A . B T
Transformer ‘& 15 PTRGNet, FEFIBIREREESERE.

I 235 4] AR Ty S AR 1) R 2 AR B 78 N LU BB IR, AR DL E B0 & . A
AAENGFRIERT BT SAM AR sl X I 30 uk S AR 2 Im AR 45 B I 2505 i o) o3 81 2% B 3= A
TEIEHERY, PR NP BB

L1 ESEX

FEIZ BB T, Peony-8 1 FHIAEA BRIl At PHA5 44 YU Bodha 4 - S e — R AR TE BR , i 2P F 2005
HE TR AE FREI IR ) b ) P 4 R A AR AIE AL S R E MR 2 9] 9 5C R ARFIE . Oxford Flowers-102 A5 1€
WSl FLAR, PRI 2 AR ATTAES P8 Bz SRR, I R85 Db 40 4NE TE SR S5 1 T
IS

KHERFEMAE “KERMER” A5, REENBEMERENZSE 7I5H%5 . Peony-8 A
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SRFEBE . RET FM PO FAFAE RS, il KR S UE R A8 Rl iy A . 45
P IR SR AT A B SO e ) 22 AR A HE S L SRS R R SC R, H KR b 2 BB Y B3
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&
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FRID R B T RIMERE: Peony-8 T M1 FRAEHHFHR A H 45282, Oxford Flowers-102
FHF W g RS O #0 A0 E A SEAE A E0HE B r8 1k, 38 AR BARTE KRR 1) 5251 AL SR

1.2. FETE

fethh PTRGNet, HAEM B HGUNET /L, JRIEIERS . J7 M. HEBF . JMEHE loU MR ZEIEN
AJETEIEAN R R AR

TR SAM {5 HERS 5 N TRIEZE & IAE M SEBIAREESURE X EAREAE A B R 0 ) B P Dy R M 4
JERHAT — BUAEEE.

WL REE B2 U8 S 5 e i 5, AN 7 FE T 2 345 3 70 e [ e A

FEAR IR R 73 R [ 8 5 SR ATAR =] )1 kvt B P9 LR A AR R L B B F T Transformer 1 141 PTRGNet,
I Rl s R RE S TSI

2. XTI 1E
2.1. ARE S ESHEFFRT

UKL 7> R T WA EIRFE B 2 A7+ 2 X 387% 5 I A Transformer token 52 A3 - RA-CNN
38U E A H) 53 X 3K, TransFG FIH] token 5 2 2 &) 22 7 (6] [7] IXEERFTTUHT, FE7F IR 76 EERIE R
P DA B R 2, AN BE R 5 08 7 S48 LE A

[ N AEAT EER BT FE BT 6 SINFIR AR . Bk VIT AIRLSEIR R S S8R, DL NREA 21
THEZALF 4] [5]. PTRGNet FIVIARIAF: ISR ST T, TR HAEN L] 2 [0 K45
RAPIER, HESWERERE .

NI SRS I 25 i EAR U TYIGR, SE5R AN 3] R AN 9 TR 555 2k i 22,
BT R AR R Ry« SN R R3S s PTRGNet BRAML 3L T4 MobileNetV2+CBAM, EH
225 TR WREE K 53 ST o

2.2. LGS EIS SAM HEhFRE

FEMEIR A1 AT R S5 i AT 58 o A U-Net Bt AR5 XIXIR, LA IRIX P[RSS B B AL Mask
R-CNN — RS 7 FIRE A W] RN 45 Y H RIL 5. SR SEBIFERD[8] [9]. SAM RetRi ™ A sk X 4k,
(EEEIAE SRR, R FE A I, A2 bt o B T AL FERS[10]. T X —I %R, SAM
AR AR B T RAEH], ABEEEAN TR K26 2 E.

HAAMEE R IIGRE5EH SAM LR RIEFERS, BE)E N T5epdfvrr &ML, kGBI
SR AL B BN, RN JEIREE, IIZRE 188 B 3l A e s i), 96 4h g BB
PR BT RO . AR IR A SRR, AN TTRHEREN A T LR

23. BHEMESURES G

IR 22 WY 28 18 5 R O AN E I RE & MH KR, BB, BIERE AR R 2 A
CAHRARGIZRIR[11] [12]. AR, Xk #BF BH AR 2 18] ) 96 2 8 i R R U A o 5 R
FineCLIP SEA0L 5 1 5 A6 R 308 X 4ekis SO 55 51 NGIRLEEER A, VR SRR o (R T S A% PRI 3A) Y O 5 4 55 445
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FFERRER AL 7 SBR[ 13] [14].

W5 37 5 B 2E Bli(Scene Graph Generation, SGG) 44 B A 2R G5 Ao Rk, # R J5ykd id vd
SRS @R H bR RAMET15]. ARKZ, SGG MBS - i§iFK &, PTRGNet [ [
—JEE N IR0 LTRSS, LB PEREERE . Jrmif . EEBER, SMEHE oU M ZE, AW ERES

A

3. A&
3.1. B3l

PTRGNet HIARSCRAAESR L. FEIE LBl B SR RN GAT LA IHERE & 70 k. Mot 73
S VAR AALTE AN R AT ROT 38 SURFAE ;- S48 50 %) 00 37 AL ARG i s 3 PRI R 54 s J PR AT
JETE; GAT REMABAEIMRIE B 70 Ik i Jo ARAE ML 17 A0 P 17 B2 1) i 45 SR it X001

PTRGNetPASLGIEINAT =, 1RSI AT R I XTSI

BABIR MEESF SEfERS fashE BEREIGAT
—>
TEEHE ROIAlign SAMIEi% EST=t= EREY
G158 LEHFE ATHIE SeEnEME | J=RE

M HFIRBITN + RSSO
Figure 1. Overall architecture of PTRGNet
1. PTRGNet #5524

3.2. MRHX

WHINEG R x, W5 E T %L B F = Backbone(x). PTRGNet 2R\ % MobileNetV2+CBAM,
DIFs b S E B AN IE; ResNet50. EfficientNet-BO F1 ViT-B/16 VENFAT M ek, W4/ EHE ROL, %
H RolAlign B¢-F-3ith A0 #3 BE SURFIE -

Fy=A(F)OF M
N, A NV SRR Transformer token P4 RN K], © RRIBICERIeHE. ZMwE = TIMUAE 4R
MESE SR A, AZ O DTRRATAE A6 R S5 P FR 8 A
3.3. TEMscH 9B S5HRERIE

PR S ) R AE RS M = {m,m,,---,m,} - Peony-8 HIIZRHERG H “SAM HiBhFibsiE + AL
BIE” PeAE . AR S 3 BUTE 5 RIS, T3 Dense Grid Point Prompts fI{£7@ 2% Box Prompts I SAM,
5 HAREF AL BSR4 i &I S IEAERSE Al .

MO = SAM(X, Pgrid’Bﬂower) (2)
M, = HumanRefine (M ;split, merge, boundary, layer) 3)

PREICR RN, IR EERE A SAM RIS K 2 RE7 o A0, H IR0 85%, AT E
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BB BILEIEAE 5 R, FHENTIR SR N TRER [0 298 20 F TSI bRTE R 30%,
SHUE AR ERCE

W BAE N TSRS A v 5N o N THERD T NGRSl 2 H04% : M f 23 %) 28 B Mpred,
TR Mpred M@ AN . v 7 BRMOSHRAD PR AN, SCIGBCE 1 =M N TR B (Oracle
mask), YIZRJG 7> B4 BN (Predicted mask), VAR ARZ N TEIER] SAM EFE AL (SAM zero-shot
mask).

PR 25X AN [R5 Lo Oracle mask 25 H 19 5 i S ACER AR 1275 LI ; Predicted mask X B 5K
bR E BhRRAE ;. SAM zero-shot mask U S5 A1 73 FI A5 B FT A% B PT 35 30 LB T (e A S . ik
BRI SR ESLI0Ah, R P PTRGNet #KH] Predicted mask .

3.4. RibEE

R SLHHERS IR AE)S , @B G=(V,E,X,Z) o« VTR s R — AN EES B X ORAE2 )
TEASHFFIEA ROI 5 SURFIE ;s Z $3R 3 Fr A€ 2 8] F LA 55 &R

ypaiia (1) = [ X, v, -area, aspect, circularity, orientation, layer | 4)
h MLP([¢spatlal || f;emantlc ( ):') € R256 (5)
zZ; =[dmrm (i,j),@mrm (i,j),overlap(i,j),IOU b,,b, ,|Ai —Aj|/max 4, 4; ]eR5 (6)

Horby d (4, 7) P BUL Z A AR REE S, FRAEEMER LI s 0,0, (7, ) N RELTT [ IH—
E 0 2 1 J5HUE; IoU(bi,bj)j\jW/I\ﬁl‘Tﬁ*EE‘JﬁCﬁ tt: overlap(i, )=
ANFERS Y o) —HERS 7 55 I LU, R 2 R R S

zi PR¥FN 5 dETLJEYE, ARG AN THRE .. ERBE GRS RN O(VP): SkBlH A k-NN
oY radius graph A BEEHIE Ok V). BEE. . ToU FIHF % )iEid PyTorch broadcasting 7 GPU I
flLETHE .

m;Om, /mm |m,.|,|mj|) TIREL

eGSR
ihEE zij € RAS

IEE/ AE
—_ =&/ loU
HRE

k-NN / radius graphPR#Iingk, JUTHEREGPU LKEWITE
Figure 2. Petal topology graph construction
E 2. LihiINERERE

B 1. 1WA EME (Algorithm 1. Petal topology graph construction).

Require: image x, instance masks M = {ml, m2, ..., mn}, feature map F, neighbor size k, radius r
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Ensure: topology graph G=(V, E, X, Z)
!V <—9E <9 X <~ 97 <92
2: foreachmi € Mdo

3: bi, ci, Ai, si < ExtractGeometry(mi) //box, centroid, area and shape descriptors
4: fsemantic(i) < RolAlign(F, bi) or MaskPool(F, mi)

5: hi < MLP([ ¢ spatial(i) || fsemantic(i)])

6: V <V U {i}; X <= X U {hi}

7: end for

8:fori — 1to|V|do

9: Ni < KNN(ci, k) U Radius(ci, r) // candidate neighbors
10: foreachj € Niandj # ido

11: zij < EdgeFeature(mi, mj, bi, bj, Ai, Aj)

12: E<~-E U {(4,)}Z — Z U {zij}

13: end for

14: end for

15:return G=(V, E, X, Z)
3.5. BRHEFE ML
BRI N do hh,eRY, Rz, e R, WABGEIEMEW e R™, UBGHHEE W, e RT,

WHENNEaec R . W 5 4EI B VENS 2 d 4525105, 5 Whie Wh BH%, E&[WhillWthWezij]E‘]é@fE
N 3d.

@, = softmax ; (LeakyReLU(aT [Wh,- | Wh |l Wez,-j])) @)

Hy = O-(Zjezv(i) aijWhj) (®)

GAT JLHiEZ =2, BRRIMAIRZEEEL . JZIH—LH dropout. i H} Ry BT 243t H Al e Kt
e, A A G A i AR AL AT REAS 21 ] R KRR

h = concat(meanjool(H(3)),maXJool(H(3))) 9)
3.6. INERE5INLBR

ML SR fonns BIY SR fonne B IFARTI DL, T2 S o 1142 B TC Al T 24 AR AR B 1
WR—SRIEYE, FIEARZE ISR,

g =softmax (Wg -concat ( o fonn ) + b, ) (10)
Srused :gl'Proj(chN)"'gz'Proj(fGNN) (11)
logits = MLP(f‘fused) (12)
SRR 2R R . B R B S B 2 A g3 A5 2R 2H ks
L= Lcls + ﬂ’lLCNN + AZLGNN + ﬂ’jLseg’ Lseg = Lmask + Lbox + Lclsiinst (13)

Ry =B Bt AT SRl ey HRasIlsis T, KD SIMEE Sk &a Rl &
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TR AT 28 BB Lonw RAER TR 03k, 7 206 B 2155 = I Be A [l 4% 21 JZ A0 RFAE
PR 32 B PR A 2 [ FRE AR 22 57 AR B IS 2 AR AR B I, 43 SCER AL AT B e
PARAREEME; M EIERI RIS, BEEIG ., SERMANEERET ., g Ml g (5 STERIRUAR
W F S E PN 7 SR AR, TR ERE AR TR A 2 AE B AL .
WG, B BUES A FAT AR ANAL . S 23 B85 27 2] R TR AL e DRI 3, A B e UR
PEPFRRBRAE . A ISK R MG BRI R G REE I B 200 . Oxford Flowers-102 JosifilbniE, RitH 7
FeAi s, F9Oh4H N B B I X A B

4. LIRS
4.1. BEESS

Peony-8 175 8 MFFTIL 5000 5k &, 1% 70%/15%/15% 5 JZ2RI43 NI R4 3500 5K BE4E 750
FRANIMRER 750 5K [F—HEk. [l REMK UL IIE B S EGHIRNFE — 748, e EEgsEsiE
ARk . Oxford Flowers-102 f55 102 /MESF2871 . 8189 5K EME, KM B 77 1020/1020/6149 HIIIZK.
B AEAI AR 43 o

Peony-8 [ISEBIbRIE LLAEIR A BAT o ARyt et e (L a i 5, Fidn 5 HAS IETE eI, [FI)id Sy
JEIR . XA JE 0 S AR E BRI B IR, AT R /N B AR XA 4 R

BTN oy WA AR AR FIE B KR, A — e st B8y a2 5 A B S AR YRR A
AR —F4, BEAMHUEEEES R mTER.

4.2. E&5MAEH

Peony-8 1 ELE XS 52 f0. 55 ResNet50. EfficientNet-BO. ViT-B/16. MobileNetV2+CBAM Al PTRGNet.
PTRGNet HIE 737 51 15 R4 @ 7. 7E MobileNetV2+CBAM _I; HABBAI M M e LR, Sk 224X 4%
BUG DA B IR B . Oxford Flowers-102 & i ResNet50. EfficientNet-BO. ViT-B/16. PTRGNet
M543 SC A1 PTRGNet 55084040733 FrA BORLORFRAR [RIRI 20+ N 20 3 30 R i e s

R R A AEREN L BT . TR . PUEISIFIBENIERR . 7023050 R A A XU 2%, FHIRIE IR UE
BERUT o B A R T ZRWI B AL FIUI ZR50 VG I, 2% 2] s I UE SR R Y . VIT-B/16 BUEIUARE
ARy TR IR

HERD SR F BB B N S2 G R R . Oracle mask ff AN RSB SEBI#E6S, HAENSEH FERS %, Predicted
mask 18 FHIIZ5 5 F1521 48135 B ahfa i, SR SERRIRTEFE; SAM zero-shot mask f# R 2 N TAZIER]
SAM R, F R s M 4>k 7 . Oxford Flowers-102 VA 1L BAE, 55000 4h B35
PERT L. SLIC/K-Means [X 35, GrabCut Fl SAM fiiE RS FL [ A= pl, [RIBT Of B A5 7 SCAE N H S R

KT sl B #siz 4k, Peony-8 T F N THERD 115 i & I LL %L Oracle. Predicted Al SAM zero-shot
%M. Oxford Flowers-102 HATEI LB EAE, e+ Dices AP S5 W /rdlfats; HEM 02U
W55 D HEID 2 1F T 1R 4 SR AL

Oxford Flowers-102 155 Dy ¥4 AR 7 AR 3 S A B A I 7 B9 e 2 4k, FRAEHT 5 N
SLIC 5 K-Means R 38X 45, F:LA GrabCut F1 SAM ik #h7eih Ft. BEJRZHA . Kot . B
S BRI R B e A

1T Oxford F55 08 ¥ PN EA S0 FAE I B, AHOCEE S R SR MBI A S MR RIIT RIS . &
5 [F)B %1 H PTRGNet M5 7> KRS R332, RN T Gt B T A & 1 oTik iR A 2B 4y 5. R

DOI: 10.12677/jisp.2026.153036 407 & 555 Ak #


https://doi.org/10.12677/jisp.2026.153036

AP EAAHRE E7, A TR O R A R &

BT oy AR R PRI IE SR PR A, JRPE [ — MR AL IR 5 45 B . PTRGNet i)l 27y %145, il
GRS E Sk, RIGECETOE, R SRR BRI SN .

PEMFEFR AR Top-1 HERRZR . M2, HIEIE. F1 038, Top-5 #EMiZ. S4& . FLOPs 180 &4
HHRSH] . Peony-8 {lE Top-1. ¥&#fiZ. A EIZA F1 43%; Oxford Flowers-102 [A]f45 Hi Top-1 Al Top-5;
HREGIT RN PeEe . HELRS BEAIAE AR 155

5. &R
5.1. Peony-8 537 KLER

%1 451 Peony-8 MINREEMI /)45 5 . PTRGNet [ Top-1 #ERRZE N 67.8%, K%, HEIZFM F1 /3%
RN 66.9%- 67.3%F1 67.1%. BH L, EfficientNet-BO IS, HEIIZE N 59.7%- F1 540 59.0%.
Y st ZAEit 5, PTRGNet H EfficientNet-B0 = 8.1 NE 23 4, L MobileNetV2+CBAM & 9.6 N E 73 o

Table 1. Classification results on Peony-8

3% 1. Peony-8 LR

i HEHE% FEHE/ % BRIR/Y% F1/%
ResNet50 56.3 55.8 54.9 553
EfficientNet-BO 59.7 58.9 59.2 59.0
ViT-B/16 58.9 58.2 58.6 58.4
MobileNetV2+CBAM 58.2 57.6 57.8 57.7
PTRGNet 67.8 66.9 67.3 67.1

Peony-8XEZE Top-133tL
70.0 -

67.5 -

§
% 59.7

58.9 582

55.0 -

o
- ~
=)

52.5 -

?\esNe\SQ -®0 i ot acnet

W\
oser

Figure 3. Top-1 comparison on Peony-8
3. Peony-8 EZEHER! Top-1 *Ftk
5.2. jHRASEIE

32 R T B BHUZD AN G 8 . HERBE AL 352, HERRRON 58.2%; MIARIN D e T2
63.4%; oI NTTIE TGN 65.1%; 524 PTRGNet &3 67.8%. MWIXECHUEF, (LI R MEE S % 4L
5T R&nIHK.

DOI: 10.12677/jisp.2026.153036 408 K1G 5155 43


https://doi.org/10.12677/jisp.2026.153036

Table 2. Ablation results of PTRGNet
2 2. PTRGNet jHRR4E R

AR E HEFE /% AXHY CNN $#F
X CNN L5453 32 582
AR 63.4 +5.2 HAT M
+ 1R G 65.1 +6.9 HIr M
5£ %% PTRGNet 67.8 +9.6 H 43

Peony-8iEiRt4ESR

70 -

68 -

66 - 65.1
< 64- 634 ]
&
=
" 60-

. ]

T et

Figure 4. Ablation results of PTRGNet
4. PTRGNet jHEhZE R

5.3. ElmiZaTELE

TET RURHE RIS AA R IS 0L T . GAT 70 XIS 67.8%IHERI%E, FFEZ) 22 4> epoch Jaia T 42
5E; GCN Fll GraphSAGE 43 74 65.2%H11 64.8%. felE 2 [BIFIA0HC RIFA L), FELL ] 73 ST A,
GAT HIF % S E R S A X P 2 57

Table 3. Comparison of graph branch encoders

3. Bl MR

GNN £H HERER Y% Zra e it WSk
GCN 65.2 KA 25
GraphSAGE 64.8 Rk 30
LKA GAT 67.8 5 22

5.4. HEBRFEEENYE

# 4 T =R BRI RYR . AN RSB R 70.2% Top-1 MR, W FEN 5 R m i
AN IS A IG5 598 A Sh FHE R G 67.8%; B SAM ZREAFEL I 5% 63.5%. D
i TR E 53, (5 E 3T HAL 25 44T 1 58 B RAT i AR I 43 2 1K 58.2%
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Table 4. Peony-8 results under different mask sources

Fz 4. TEIHERERIE TR Peony-8 455

FILRIR Top-1 HHZE/% F1/% iBA
N LKA HERD 70.2 69.5 g5k B RR BT
S 4 3 TR HE AL 67.8 67.1 NN E ExI ik
SAM ZAEAHERD 63.5 62.7 Wk 7 R I 0 AT
oA 73 3¢ 58.2 57.7 MobileNetV2+CBAM

5.5. Oxford Flowers-102 jZ{L 458

Oxford Flowers-102 45 I, % 5. PTRGNet #5733 [¥] Top-1 #ERIZ 4 88.6%, MMASSHhfiHE N
89.8%, G 1.2 ANEIFAle T XBURE B A ML FE, 250 AR 1T Dice. AP %64 B 70 B4R 4
X ZEEE AWM IR ZA P IR R, Tk R R sl s s sz L o s
RN TS o

Table 5. Reproduced results on Oxford Flowers-102
%% 5. Oxford Flowers-102 S ISLIG 45 R

ik HHEA Top-1 #HIZE/% Top-5 HERRZR/%
ResNet50 o 84.2 96.8
EfficientNet-B0O ¥ 85.9 97.3
ViT-B/16 X 86.1 97.5
PTRGNet #3733 x5 88.6 98.1
PTRGNet 55 fh#HFh P hg 89.8 98.6

Oxford Flowers-1025sCs4EE

. Top-1 - Top-5
97.5 1 96.8

100.0

95.0 1
92.5 1
90.0 1

1R/ %

87.5 1
85.0 1
82.5 1

80.0 -

aet-®0

150
Restt® ghice™

Figure 5. Reproduced results on Oxford Flowers-102
5. Oxford Flowers-102 S IMSEIG4E R

5.6. ERE ST
% 6 WRHEI)E., PTRGNet 2385 87 M, FLOPs Jy 1.2 G, HEHEINE N 52 ms. Btk
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Figure 6. Complexity and inference latency comparison
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