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Automatic Extraction of Phenotypic Parameters from Anthurium
andraeanum Linden Based on YOLO v8 and CycleGAN

LU Peng SUN Tianwen CHEN Ming WANG Zhenhua ZHENG Zongsheng
(College of Information, Shanghai Ocean University, Shanghai 201306, China)

Abstract; Phenotypic parameters of plants are quantitatively indicated, describing the morphology,
structure, and physiological characteristics of plants, unveiling the growth patterns and relationships with
environmental factors. Issues such as significant data errors, plant damage, high costs, and extensive
data volume were exhibited by existing manual measurement and laser scanning-based methods for
extracting plant phenotypic parameters. Therefore, an automatic extraction method for phenotypic
parameters of Anthurium andraeanum Linden plants based on YOLO v8 and CycleGAN was proposed.
The method included the follows: YOLO v8 was enhanced with the convolutional block attention module
to improve the model’s feature extraction capabilities for detecting and segmenting Anthurium andraeanum
Linden leaves; the Grabcut algorithm was utilized to eliminate background features from segmented
images, and the VGG model was employed for classification to distinguish intact and missing Anthurium
andraeanum Linden leaves; the convolutional block attention module and feature pyramid network were
introduced into the CycleGAN generator to enhance multi-scale feature extraction capabilities,
incorporating the SmoothLll loss function to enhance model stability and repair missing Anthurium
andraeanum Linden leaves; a phenotypic parameters extraction algorithm ( PPEA ) was proposed to
automatically extract leaf length, leaf width, and leaf area of Anthurium andraeanum Linden plants. The
proposed methods were compared and analyzed by using a dataset of 650 self-collected images.
Experimental results demonstrated the effectiveness of the proposed approach in automatically extracting
phenotypic parameters of Anthurium andraeanum Linden plants.
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Fig. 1  Flowchart of extraction method of phenotypic parameters
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Fig.4 Leaves of Anthurium andraeanum Linden plants

1.4 BREBOIEHEKHEEE

fifi ] CF_CycleGAN A5 7Y X e 2 7Y 21 4 H bk it
R AT, IR AT e e R e Rk e i ER . R
o A5 AU X [RIGOR AR 0 SR 7R 2B AR TR gl A
FIEE SIHLE (CBAM) |, 3 7F Residual _block Z i %%
3 2S5 B FRAE 4 T R R 4% (FPN) L an &l 5 rh st
EAEFR AT T 7~ o FPN [ 453 528 X 45 i 2 19 R AiE 2 17
] _FORAE, 50K 2 R AR SEAT LA A5 B R o PR
S IE SO RFAE o AR SO X B B AR R (N



11

FSME 2. JETF YOLO v8 Al CycleGAN fif 4T 248 bk 36 0 S 80 A sh 4R BU & 157

64 x 64 x 256

256 x 256 x 3

ReflectionPad2d(3)

Conv,Tanh

ReflectionPad2d(3)

64 x 64 x 256

FPNAE Hadi )

CIL CBAM CIL

CTIR CTIR Residual_block (9 )

F5 A plas M 4 S5 4 ]

Fig.5 Generator network structure diagram

T, b B2 AR AL B /INB Smooth L 451 2% e B0 AR AT 481
R PR, R E IR AeE M R RO B R
lxl =0.5 (lxl>1)
SmoothLl = (1)
{O.sz (lxl<1)

SER BRI 2 000 HE 1A 45, o, 1000 §75E
AL LT R AR e S R AR B 350 iR i R B4
VRS R BT A TR Y A E) 51 000 i Bk
I &%, B CBAM_YOLO v8 A& 71 40 & f4 5] . ¢
FUG 70 B3 By 256 R 3R x 256 {2 3,2 000 I £1.
FERE AR R R A L 8: 243 S IR AR 5 i 4
Xf CF_CycleGAN 5 BY JE A7 91 2k AL
1.5 dZEKRESEIRK

ARSCHR T — il 3R B S B3R MU 1 (Pheotypic
parameters extraction algorithms, PPEA) , % 2T 2 4 £
M DL R TR AR AT A SR, aniE 6 FTR
PPEA J5 ¥ 5 o A B9 7 AR e b TR R A A Tt
Ko, B X A B Y R 1 A A e R 430
X ALY B E Dy

(a) [
K6 sl ASRBOT kR
Fig.6 Method diagram for obtaining point A

3 2 DA 1] R 1] of Y g — MR R AT
Py, e BN —47 (& 6a) 83 [/ — 51 (& 6b) i
WP I E SRR E AT RRRE, BT —17ak
T BRI Ty 5 B9 [ 2R 0, T S
PR ] R AR AR A ey sy, ), FF AR B R R
i A VR85 30 5 B 3 B8R AR AR, $R B R AT A
R B(xy,y,) , B B — % N7 A i, ) i A

A B[S L AB 5 X Mty Je A 0,4 », =x,,
6 =90°, R ATess s 5 6 5 AR
o
A x> x,, WK B G 36 BF £ iE % 90° - 05
xy <y, WA RGBS £ g e 90° - 6, Meit, it 5
Pl 4% 26 4 1 B BE B B B A C (ey,y3) WD (L y,)
B EE R W ok, WA A R
W=/ —x)7 +(yy —5,)° (3)
RS BT M A R R W R E (x5, y5)
Fxg,y) BBEETE Y LWEE LK, LitH
AW

@ = arctan

L=1lys =yl (4)
i LW B E R i B = A m AR S,
S, , S, A0S, HAEAH N

S, =LW (5)
LW
S, :7 (6)
S, F S, B9 BEAE A Rl AR S, , B
g _S1 +3S, ;
=" (7)

2 XWEERSH

2.1 WG

S 0§ F it % & Intel Core i7 — 11700 CPU,
GeForce RTX 3060 & R AUHR 55 #5. #RAE R 4N 64
{7 Windows 11, %R~ > HESL S Pytorch,,
2.2 RBEEMIERR
2.2.1  ZLEAEPRAS DT M 45 Bn

ZL S AEARAG I T 53, 1 HIRS ) 2% ( Precision, P) |
)R (Recall, R) . K; & ( Average precision,
AP) F1 {EX A (O PERE HEA TP M o JF 2 TR 4B
B K%L (Floating point operations, FLOPs) 15 % i



158 & ok L

Mo 2024 4

X BB ) dm SRR AN R EAT VA . TOU SRon |
SR T AE 5 A A fr) 22 T L, AR SO A LA Y TOU
0.5,
2.2.2 RN IEIR

MR A2 Ay E IR B R (P) (B I (R) |
SE144 BE ¥ {8 ( Mean average precision, mAP) SE1
[ % ( Mean recall, mR) . F 1 F1 {4 ( Mean F1,
mF 1) VERPFHr 4841 o
2.2.3  GRRBILERARM BB Z I R R

G R AU LT A AR I A8 5T A, e 0 1 { MR
¥, ( Peak signal-to-noise ratio, PSNR) Fl1 2% #4 #H bl ¥4
F5#5 ( Structure similarity index measure, SSIM ) Xif #5
RUPERE AT A o
2.2.4 RASHERFOFM IR

S 0 IR 1 B A R I R R 2 B R
b S B T AR P 24 4 0 5% 22 (MAE) Al
T AR 7 MR 22 (RMSE) #EATPE M it i 58
Ao T B A 0 158 2 SR 24 T A L s R T AR S
Xif 7 B 2 B i R R B A T R 22 1 4 X 2E AT 1
L, PR DU AR i R n T E BT S e X 2% i T
R 7 K15 22 [ AR AR 40 o T AR %of 13 2 R AT 30
2.3 KEHERSM
2.3.1  ZLE A ARA I

3 AE YOLO v8 thg| A3 4bvE & Sy AL, Jf il
o il S 0 % FE AN () o 8 5 | AT T ) LTI i e A5 A
PERE, W% 1 fros, Hidh CBAM1 ,CBAM2 il CBAM3
FRAE YOLO v8 [ AN [A] 07 B39 it CBAM i 7 J HL
il an i 3 Fras ot 1R, TEE I HLE 5] AR T
THRARVERE , BE BT 3 A v B AL A A A
RE i 1 , A5 0 000 RS A 5 5 A (A1 303 0 $ v 1. 03
1. 60 NI 43 5, AP A F1 R4 42 %5 0. 46 1. 35 4>
T3 m o R Bl T 2 ) RO i, i R8s SR
M S B AR K, B Bl I A R A B2 2% AN AR
AT OL T 32 T T AT PEBE

1 HEAZHWXER

Tab.1 Ablation test results %

CBAM1 CBAM2 CBAM3 P R AP Fl &
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Tab.2 Comparison of effectiveness of different

improvement methods in repairing missing leaves
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Tab.3 Extract partial phenotypic parameter data of

Anthurium andraeanum Linden plant leaves
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