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Table 1 Division of the tomato flower cluster dataset

Kt e R G
Dataset Number of tomato flower cluster images
YIZR4E Training set 2880
IRIF4E Validation set 360
MR 4E Testing set 360
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Table 2 Classification of tomato flower states
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Flower state Classification criteria
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Fig.1 Schematic diagram of different flower state categories
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Table 3 Distribution of labels for different flower states

Flower state Number of samples per flower state category
1£7E 1 Flower bud stage 4823
16441 Cracked bud stage 5176
4=FF 1 Full bloom stage 6394
1€ Withered flower stage 3274
)R Initial fruit stage 3591
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Note: Feature selection represents feature selection; Dynamic head represents dynamic detection head module; SPPF represents spatial pyramid pooling fast module;
C2PSA represents cross-stage attention module; MobileNetV4 represents lightweight mobile network; Bud represents flower bud stage; Crack represents cracked bud
stage; Full represents full bloom stage; Wither represents withered flower stage; Initial represents initial fruit stage. The same below.

B2 Ehiril
Fig.2 Overall flow diagram
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Note: Conv is a convolution module; C3k2 is a composite convolution module; Concat is a feature concatenation module; DLKA is a deformable large-kernel
convolution module; Upsample is an upsampling module; Split is a feature channel splitting operation; Bottleneck is a basic residual unit; C3k is a composite convo-
lution module; MaxPool2d is a two-dimensional max-pooling module. N represents the stacking repetition times of the corresponding submodules. The same below.
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Fig.3 Overall architecture of the DD-YOLOv11 model for tomato flower cluster detection
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Note: Conv2D is a standard two-dimensional convolution module; Conv 3x3 is a
3x3 size convolution module; Offsets Field is the offset field feature map;
Deform-DW Conv2D is a deformable depthwise convolution module; Deform-
DW-D Conv2D is a deformable dilated depthwise convolution module; GELU is
the Gaussian error linear activation function; @ denotes element-wise addition
fusion operation; ® denotes element-wise multiplication weighting operation; C
represents the number of input feature channels; C’ represents the number of
output channels of the offset field. The same below.
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Fig.4 Architecture of the DLKA attention mechanism module
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Note: 7, is a scale-aware attention sub-branch; 7 is a spatial-aware attention sub-
branch; 7. is a task-aware attention sub-branch. Avg pool denotes average
pooling; Index denotes index features; Offset denotes feature offset; fc denotes
fully connected layer; normalize denotes normalization operation.
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Fig.5 Architecture of the Dynamic head
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T B G s R U 2 IR AE , BB eSS AR ER 4, A
Ae MBI NRFAE R ER B AR 2 0 2 SCER SR 2 IR RFALE
BANREESRMTY REMBZ 20, FEM T
AR TR R E R E IR I RE 7T TR 2 IR RRIE RE W8 fil &
HZ LT EE, Al Gl T, s E E
AP DX 3 )45 2 S A SOORER,  HEWT B AR s i B AR
. MobileNetV4 £ {2 15 v H e IR Y 1 B 5 7 S5
By, WIS SR> S EATF R R AR IR
I 2k A R R BE ORT 4 R B IR fR 4 R 1 & (neural
architecture search, NAS) ZRH&, X425 31T B 3k
WZE 501,

AHF 7T K] MobileNetV4 # #: YOLOvI1 f 3 T ¥
%, BERTHEEEE, Mom/ml e 1 5= T R
TESEELAE 71, AT BEAE A AR THIEE 2 1 e M 5 SR A
MHERE, NIEZRIRS RIS T T AT S0

2) ATFL £ fdi ok B3

3% W B £ A 45 2% (adaptive threshold focal loss,
ATFL) & —Fhah S HURBCE ik mCY, B
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RN o A0 22 S R IR, FRPR m A A M SRR BURET AR ER R —EER, FNIEE.
[ 9 3E, NI 3 R 1 RE . SRR E AR SRR TEZLHARN A TF HASEAR A0 R B I BRAE T S 4 IE L B B
(threshold focal loss, TFL) X[ & REFM MG SEA AL, F5 =40 KRE. Bk, AR5\ ATFL $i
[, ATFL @S5I N & MNAE BB BER T ReRE,  DAIE SR 20 5 /D A A S8 1) 0 R 3 AR 11 2 = g
Hil, SEPPBURAE RS AR, HEE 3 T, BZERE N, REIRRESRBERE.

/Bottleneck

(C3k2 C3k=False N

|

v
\Bottleneck]—»[Bottleneck]—»[ Concat ]—»[ Conv ]—»/

Conv

/C3k2 C3k=True h f"\A

i o<
L ek }— o3k} concat }»{ Conv ]—»/ \

J

[Upsample] [ Conv ]

AN
C3E§I§§lse ‘:]Detect

Input
Concat — —— »  Detect

C3k=False

x =] C3k=False

MobileNetV4

> Co;icat > —— »  Detect
" J C3k=True

Backbone Neck Head

SPPF Detect

| | —>[ Conv ]—»[ Conv ]—»[Convzd} » CloU
—P[ Conv ]—P[MaxpoolZd]l[MaxpoolZd}-uMaxpoc)lZd]—b[ Concat ]—P[ Conv ]—> —P[DWCoan Cliy HDWCOHVH Coiy ]—b[ConVZd]—b-

E: Detect Ak, DWConv J9i AT 3 B EHUELL; Convad 9 —4EbrHEBHEI; CloU A5 % ToU Bk i %l ATFL 24 EERAE AR HL
Note: Detect is a detection head module; DWConv is a depthwise separable convolution module; Conv2d is a two-dimensional standard convolution module; CloU is
the complete IoU loss function; ATFL is the adaptive focal loss function.

B 6 MA-YOLOVII feA K &R R AR A Sk 2k A
Fig.6  Overall architecture of the MA-YOLOv11 flower state recognition model

TN (O N
A WONRRE R ConvNeXtEH! e, fil s i
giige | |whmmgme DRI Btk AR e
. J
TR IREB BB PRl YA
a. J8 I 25U b. R (UIB) AEHRL) % 80T 47 52 54k 45 44 c. BT %
R AN TR IR B RD b. Possible instantiations of our UIB block A 2 0 SR B
a. Universal UIB block c. Alternative:
(Two optional depthwise convolutions) Fused IB block

A7 @MEMA (UIB) Bk rE R
Fig.7 Structure diagram of the universal inverted bottleneck (UIB) block

5&FJ546 Focal Loss, ATFL ifid 5] N\ H3& N AL HE 5 ATFL JE 1L B 3E 2 B AL Y B FEA T SR A,
PC RIS B R L], RIEAEA TS RS R (B R s B A it S R A B B2 s [R] I R FH 2R AR AL
R, PREEAD D REA AN MERE AR 2 2B 0. H0H] 55 70 BEEA RO R DTk, N s XE 73 AR A (5%
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o EARBUR TSI, AN T OGSERFAE 2 2
B, @Dt T INGRACR S e R RE .

B A Bk (TFL) lid PRAIK 5 4 SRR AR 1 45 2%
BUIE,  [RII SE A 7> AR A BRI 5 7 bt
AR INRE RN . TFL tH5aT

—(A1-P)'log(P,)), P,=<O0.
L 2 |~ P log(P). P,=05 0
—(1-P)log(P), P,>05

A P, AR B RS RI TOAE R » e B 50
FEARI HIEROAGI RS o ML Q> 1D NESE. Ext
ANFEHAR R S g5, T8 2 U 1A B 2 i DU
I e RE .

RERTEEE R, X Fy HEAT T B @, &
TN AL 206 S A A5 S0 TR 28 ) R =
G BIE R Bk, BENFEGIFT y E N

y =—-In(p.) (2)
S SE SIS PreNATTRILY i

FEWI 25 2505 1T, o v ) S0 A M R s PRI HE 70 2R
AHIEEE], FEOE R R AEREA R )AL Bk, g
E XN

n=—In(P,) 3

AR ICAE YOLOVIL H1 5] N ATFL # A4 45 58 X4t
Ko BB FEARFEARRBURE, RS
Xf D FEA S R AR MERE A ) 2 2 BE 0, Y500 5 VR A AL
R HINEETT, MITFRTHE SR H M RE .

14 IRIEIERIFMNIERR
141 RBHEEAHK

R FET Pytorch1.13.0+cul 17 ¥4 & 2% I HEZE HF |2,
W12 17 BN Windows 11 #:/E R4, WIETF &R
Intel Core i7-13700F CPU 5 GeForce RTX 4 070 GPU, JF
R 15 N Python 3.8.

FERR Y ZRad R b, 455 B0 AT 7 2l 5 2 s
WL, DPET I ZR80R SERLIERE . S 2l SRR s R H
SGD it &%, ¥R~ 2 W E N 0.001, & REH
0.937, MEZERALCH 0.005, IZEFEH (epochs) W HEH
4300, HftEK/N (batchsize) v 16.

TEANFAESS I N BCE T T, AR I AE 55 N
B RSF 40— %N 960x960 152, FEARARAIMTS
f N\ UG RS BB 640%640 153
142 #3647

AT DAl BT H B 9 B B 2 (R 45 TR A E
AT MR R (precision, P)+ A F (recall, R).
SEYRE FE ) MH (mean average precision, mAP) . FEFEIE
J# (frames per second, FPS) UL K& F1 4> #%{ (Fl-score,
FU {ERVEMIERR . & fabnit H .

T

P=—""x100% @Y
ptlp

Tp
= 1009 (5
TP+FN>< & )

1
mAP:N N AP, 6

K
FPS = =~ 7
T
2% PXR
F1 = 22X 100% (8)
P+R

Rf T, FRAERE I A o IE AR N H A2 51 AL A %k
Ty Fp fRAER I AR i gl AR R ) o B AR, {HSER
FHAE T EENIFEALE; F, TR S R R R
RIS HFRES], HZhr BE T IZBMNEARE, N
RRETZEAIECH s AP, 258 i MR TFEIREE; KN
e UG EE, T oA E, s.
2 SFR5HR
2.1 GERRIRIE
2.1.1  FeARASMARA Y mkiX I 4 R

AP A ORI A 7R R YOLOw 1T SR FH 1 7 A 2
HEREE A R, BT TIE AR, 45 R WK 4 PR

4 DD-YOLOv1l #AEERIGER
Table 4 Ablation study results of the DD-YOLOv11 model

Sk ot <0 SP A g [rmp—
Dynamic *ﬁﬁiﬁg HlalR $f/\j*ﬁ F1 5% AR

DLKA head Precision Recall % FEYE F1/% EPS/
ca Pl% ° mAP@, /% ° (s

- 91.25 85.10 85.70 38.07 56.4

v - 93.48 87.21 90.92 90.24 55.3

V 92.63 88.35 91.34 90.44 57.1

\ v 95.27 90.35 94.19 92.73 59.5

T -ORAMERNZB, EORE iz, R
Note: - means not using this module, and Y means using this module. The same
below.

H# 4 A1, YOLOvI S H . HHEZ, F
PIRE FE AR F1 0 8053 508 91.25% 85.10%- 85.70%
F1 88.07%, HEARPEREAA/E—ERIR. 5] N\ DLKA fHk
Ji, FETRIETEE 03.48%, ARIREFE 87.21%, I
K B EE 2 90.92%, F1 43035 90.24%, 453
F W, DLKA MHRAE— @ REE LY KT RHE RS2 B
T3 58 T R /N B AR AL R E R IARE 1, (AR
PEREASF 3% . 5] A\ Dynamic head B )5, KSR IETT
% 92.63%, HIRIRETFE 88.35%, TN ESMERTE
91.34%, F1 HHRTFE 90.44%. FHorb 7 [ R THIEFE L
B, RWNARE I kI8 T 18 58 43 95 5 58 ALRHAE IR AR
EREST, AT RRIERAINIE R . [FIR 5]\ DLKA 5
Dynamic head J&5, M FREHFIEE] 95.27%, AR
TFZ90.35%, mAP@, s $2T12E 94.19%, F1 49405 92.73%,
AR IR ALY, MO RS IR . BER . mAP@,s
FF1 20505 AR TF 4.020 5.25. 8.49 Fll 4.66 NHEH 7 .,
VLA B RO R B, BRI S, PR oot Sems
6B I FH RE 05 A8 25 THAEREAS I 12 R
2.1.2 FEARERAAERDY BhXIb 4 R

VP A ERAE AL SR SR AAE 5 R i DTk, A
FLLL YOLOvV11 A& AR, Gl 1% A0 5] N S B B it
TR, T T S IR TR PRI, G5 RNk S
FiR o

R AT, YOLOVI1 BRI EAE SR A IR AT S T 1
FEof R AR SFR R AN FL o5 0 58
91.02%- 88.77%-. 90.27% Al 89.88%, %4l AP &R,
TE 8 WA A8 B U0 M e A G B, R IARE A B TS
S5 S MM — e BT A
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#5 MA-YOLOvII #EBERK G4 R
Table 5 Ablation study results of the MA-YOLOv11 model
Kz FEIEES AP/% ke o .
.. = : > PR RE I b
MobileNetV4 ~ ATFL  Precision Recall EEW TE2LH AT WHEH AR anz);ﬁ@g’: i//g/ia Fllslj/j:?& # %ﬁ E{:]l;PS/
PI% RI% Bud Cack Full Wither Initial 03 ° :
- 91.02 88.77 84.50 92.83 96.21 87.58 90.31 90.27 89.88 60.5
N 93.36 89.45 88.12 93.05 96.42 92.14 91.16 92.18 91.36 61.8
- v 92.58 90.13 85.74 93.81 97.05 93.61 95.14 93.07 91.34 60.4
v N 96.26 91.74 91.61 97.37 98.93 94.05 95.94 95.58 93.95 61.1

TEARFF AR W 28 5 AR LT, o 2T M2 &
#25 MobileNetV4 J5, BLRIREMR. HEE, Pk
FESME AN F1 23500 A FE T+ 2 93.36% 89.45%. 92.18%
M 91.36%. FALZIRESH AP A AN FEFEESTF, o
JE e W5 R R R B R S RN R, R
MobileNetV4 il it ¥ £ o] o B G G B &AW, 2%
I TU A TE 55 1 [R) B 388 560 1 %o 4 ey ol SUAE B I L e 77,
BT HTH R RIE 5 J PR T R IE SR B R 5 ) ) A
JER 8

TEFEHERE R i 5] N ATFL B 5, kS H A0 7 [a] %
Y PIRTE 2 92.58% F190.13%, “T-HHSFEEEIMELF] 93.07%.
A AP bRl W, HIEERTALL, TR, &
FEHA ST B R PERE SR B35, R ATFL $i 2k iR
Hod i B IS S 5 AL, 3 AR 2 4y 2
FEARI G, AL B A% R 502 T 58 T+ 12 2 RS 1) 40531
HE 7.

A IS 5]\ MobileNetV4 5 ATFL #H 5, #EALAE
FimnZe, HhZ, FYREEM FL 0 8debr B Rk
F]96.26%- 91.74%. 95.58% Al 93.95%, * YOLOvIl
FERIRTL T 524, 2.97. 531 M 407 NED A, &A%
R AP (HIH AT TE. 45 %KW, MobileNetV4 7E4:
SRS IS T AR T T AL %S, 5 ATFL BER7E )5
B ATRL AR 5 A0 22 RS B @7 R B T R 4T (Y
HANKR. WEMEER, SRR R RE S R B e
RIS, $Tt T 0 R A RS R B 5 B e 1
2.2 FEMEBIE M REXTEE
2.2.1 FEARASMIALA 45 R 47

JNUGAEAS S H A DD-YOLOV1 1 46 R34 W A5 724 )
H R M, 1%k B SSD. Faster R-CNN. RT-DETR-R34.
YOLOv5. YOLOv8. YOLOv1l. YOLOvI2 #1 YOLOvI13
S B ARSI B LA T E AT, IR SE R WK 6 Fr.

1% 6 AJ %40, SSD 5 Faster R-CNN Z& {4t GE £ 55 o
SSD (PR B AN [ R AN 72.84% F1 65.37%, ~F-354%

REIAF] 83.92%, (HA BIRAGIH L HEA L. RT-
DETR-R34 7 £ I K B FIHEBR S 7 0 B — @ %,
T Ty 26 R0~ 320K FE 3504 0 a8 1) 88.73% H1 86.87%, 1H
HIERe 152, A FRACHN 76.48%.

YOLO F 5115 2 7 A K R0 S 2 1) 3R TR A
WP e . Horh YOLOVS 1A Bl % h 88.30%, F1 4
L F] 86.47%, HARUFHIAIIGETT, (R 2 A0 X
%o YOLOVS TE K5 1 2 F1-F S04 5 M 38 b5 4 W42 TF
% 90.98% F1 89.09%, {HH [BIF T [EE 78.37%, X%
W EAERK. YOLOVI R #HE . I ZE M Fl
2 Eor A E] 91.25%. 85.10% F1 88.07%, {H-F Ik E
BEA%. YOLOvVI2 5 YOLOVI3 fEXSHf% . # [B] 2 KA
Y YOLOvI 1 RIEET, (HAE LR =4,
BARMEREG R

#* 6 DD-YOLOvI11 #REURIG L5 R T L
Table 6 Comparison of experimental results of the DD-YOLOv11
model and other models

I 27 P S Al
T ﬁﬁ.ﬁi$ A& %?*H’E F1 -3 #EEdE FPS/
Models recision  Recall ME F1/% (Wis
PI%  RI% mAP@,s/% 1

SSD 72.84 65.37 68.12 68.89 43.6
Faster R-CNN 83.92 76.25 78.46 79.91 19.2
RT-DETR-R34 88.73 76.48 86.87 82.19 443
YOLOvVS 84.70 88.30 87.10 86.47 52.6
YOLOvVS8 90.98 78.37 89.09 84.21 55.1
YOLOvI1 91.25 85.10 85.70 88.07 56.4
YOLOv12 90.78 83.46 87.92 86.96 56.1
YOLOvI13 90.96 84.29 85.07 87.32 55.9
DD-YOLOv11 95.27 90.35 94.19 92.73 59.5

AT 5T 503 J5 1 DD-YOLOV 11 16 A3 0 55 244 {45 i
R, AEIR, PR EME R FL 280 0k ] 95.27%.
90.35%- 94.19% F 92.73%, [ i 41 H 3 & $2 7+ & 59.5
FPS. DLKA yE & 7L 3 5% 7 1 Fl ¢ SRR AE 1) 3K 0K R
71, Dynamic head flift T 2 REERHERA IS FE, i
& T /N B ARTERR AOAS DU 1 R
222 FLARAIRA LR oM

RV MA-YOLOV1 1 fEZ2RAR BB M RE, ik

FEMEAKL 70%, KEFEHIE AL o Faster R-CNN fUFEHH B HARRIARLBEA TR L dr, IR 45 RN 7 P,
# 7 MA-YOLOv!! #EIRIGZERIFLL
Table 7 Comparison of experimental results of the MA-YOLOV11 model and other models
AP/%
it LB FEIEES = - - SFRREREYIE F1 A% HEELEEE FPS/
o WEN R4 &JTE el R 1
0 0 AP 0 0 i -

Models Precision P/%  Recall R/% Bud Crack Full Witherr Initial mAP@,5/% F1/% (s
SSD 74.36 66.42 56.31 77.85 88.03 58.69 63.97 68.97 70.17 44.5
Faster R-CNN 82.95 75.80 68.11 83.41 92.84 72.77 79.57 79.34 79.20 21.7
RT-DETR-R34 87.91 84.26 80.15 87.62 93.58 82.97 86.83 86.23 86.05 46.7
YOLOvV5 85.50 82.30 75.21 87.73 93.76 80.04 84.26 84.20 83.88 56.2
YOLOVS 89.10 86.50 82.84 90.12 95.11 85.93 89.75 88.75 87.80 58.7
YOLOvI11 91.02 88.77 84.50 92.83 96.21 87.58 90.31 90.27 89.88 60.5
YOLOvI2 90.47 87.29 82.86 91.37 95.15 85.82 88.94 88.83 88.85 59.7
YOLOvVI13 89.86 86.43 82.11 90.59 94.62 84.73 87.86 87.98 88.12 58.9
MA-YOLOvV11 96.26 91.74 91.61 97.37 98.93 94.05 95.94 95.58 93.95 61.1
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% 7 741, SSD M Faster R-CNN A& 5 (1) 35 b5 i
WE 7 N 68.97% F1 79.34%, JUHAEACEE . 4L
FRRAIRCR B 2, ANE T IEZIRE NS RT-DETR-
R34 BEARMERE BN M, JLREHIR . A Rk
YIS 55 87.91%. 84.26% Al 86.23%, {H7E AL 25 HAAI
WL IR AP 23 514 80.15% F1 82.97%, T 4E 4= IRAS Y
X e I IR

YOLOvVS 1 YOLOvS P aeA Frie . ~FI3K A
Sk E] 84.20% F1 88.75%, {HN IHHAR AL 2 AR 7
FEEEARA R . YOLOV11 7E &6 ZR AR BRI N
Yofs, RERRER . A BRI EESME 4 A ] 91.02%-
88.77% 1 90.27%, #ARRIFLE H L, (HIR B
AT H. YOLOvI2 5 YOLOVI3 H) k1 it 5
YOLOvI1 #:iE, ARIEAEHSRASNATSS A AR H B B4R
#, H o, YOLOVI2 ) ~F ¥ ¥ & ¥ 1 N 88.83%,
YOLOV13 A 87.98%, K MEREA R .

e JE ) MA-YOLOv1 1 AL i 5] A\ MobileNetV4
EFMLH ATFL Bk s 2, 1T+ 7 FrAEFE B RE 1 f ok
ARSI M PERE . IS5 R 2R, MA-YOLOvII
IR R R IR F1 2 B0 T 3508 B 358 50 1l ik 2
96.26%- 91.74%. 93.95% H1 95.58%, 3 T HoAthxf b
AL, Horh, TEEEMA. TR, STFH. BIEAI YR
AR AP 4 53k B 91.61%. 97.37%- 98.93%. 94.05%
F195.94%, TE 5 MALZOIRAS AT 5 IR B B =T
K IAE . RIS, AR HERE S A R 61.1 Wi/s, NATEH
Xt LA RS R B i 7K. G5 SRR B, MA-YOLOv11 7R
UE SIS PR RN, B4R T T AN [RITE R AS IR RS P2
AR A RE, JU ISR T AR LA A 4 T A S S B 7
KB BERR AN BE 71, N AREAERIR VR ML PR AL T AT SE
HRHE.

223 AH-BEAR 9T

R B8 IE T B B 4 RS W YA R A AR 2R A TR AT %
HIREARYERE, A SOHEE AT T # B Bt MA-YOLOv11 #¢
BITE AR AR 7 725 PR B B R IS Dt R AE e 2 e
DRAH H E AR AR . R By vk e X B g St
TTEZRAS R, 10 PR B B v A6 P B B m 7 e A
5 X IR R . 45 B UnE 8 Fias.

*8 BMERSRMERRIRANRIZ M REXTLL
Table 8 Performance comparison between single-stage and
two-stage detection pipelines

Kl e

TR

Detection  Precision

BRER  Fl1 o8 FYREENE HEERT FPS/

0, 0, 0, I - —1
pipeline PI% RecallR/% F1/%  mAP@,s/% (i-s™
%Y
REE 84.62 8135  82.95 83.78 458
Single-stage
N EIL
TW’ B e 8647 8924 90.83 38.4
wo-stage

M 8 T UL, B B XA N A A L B B ]
PUTETE 2RSS AT LS R R EIL . PP BT 1L A
2. HEE . FL o 0¥ 30k B 5 4E 4 i 18 3
92.18%-. 86.47%- 89.24% F11 90.83%, %% B B 7 Bl 42
Ft7.561 512+ 6.29 F1 7.05 N 4 . AEHEFERCR JT1HI,
FE Vit A 3% 21 W 5 R AR, P01 R St
TEHAE 10~20 Mi/s 7] i 2 S AN 5 P R FE R . I B
AR T B A 38.4 Mil/s, AHEL FREN B 45.8 il/s

WEA TR, FE W T ARSI S & B P IR, (EA
Wi SR A BETR R . ZEAKRE, W BIRFETE R TR
R B 0 [R) B PR PP s i, 3d T A2 RS R AT 55 o

5T BT AN TRV B RS AT 25 1 B v, AR S0 DD-
YOLOV11 Al MA-YOLOV11 43 55l N FH T FE R I Rl A 2%
RSRFES, FEXFHAEREHAT LR, 45 R Wk 9 Fw.

RO TRIEBEEESEFCNES LHBIESMREXTLL

Table 9 Cross-task performance comparison of different models

Bz HR=x
Hm g JUAE HEE gpini prog
. 0, 0,

Models Detection target PI% RI% mAP@, /% F1/%
1ot 9527  90.35 94.19 92.73

DD-YOLOvII 162 78.63 7247 74.12 75.47
iy 8231  79.12 80.24 80.70

MA-YOLOV11 [ 96.26  91.74 95.58 93.95

W% 9 fin, DD-YOLOv11 ZE46 =k AT 5% b ks
R, BRI PR EEM F1 3500508 78.63%-
T2.47% T4.12% F1 75.47%, A& T HAELE A AT 55 F i)
PEfE. E KA DD-YOLOv11 51 A DLKA 73 & /181
il #1 Dynamic Head % %25 Xf 2 REZTERARFAEBEAT TRAL,
WA HPIRSRFIERIEA L, SRS ERE T, B
—7J71, MA-YOLOv11 fEAEREAG AT 5% RS HR . 3
[ 2, S 35 K5 B XM A F1 20 B0 82.31%. 79.12%.
80.24% #F 80.70%, (KT FHAEFEZAT AT I Fa AR, X
& T MA-YOLOv11 X H # &4k 3= F MobileNetV4 Ff
ghir ATFL 52K BB B AL AL ZE RS HFAE, X AERE T 2
B 5 ASRFER L AE ST A PR . iRk gE SRR, WA
TEAEARATES LMREIE T %, I0AE T4 XA FT 4%
R R AT R T A L T
2.3 HERGERAL ST
23.1  FeARAM 45 R AT AT

HE 8 FInr ik gt T UG, ZE#ERA YOLOv ]
R R AE AR H br, (EERIAEL AP E S Bk
B HANEAE AR L. ML F, AT K DD-
YOLOv11 #ERAE AL SR 4y B ks e, el 45 3
FONGERE, FETFAEAL R, BRI & BANTERE, DD-
YOLOvV11 BEWSPRFFE s A I HERA 1, R4S SR, BEE
TR 2, BT ERRN X2 NREZHPR, DD-
YOLOv11 /5 RES PR R A I se B 5 B AR R, AREL
R A e
232 AR EIRA L RTINS

K9 R MiALSE SRR B, YOLOV11 762 Bis i K Al
e EIAE 2 H br, (AN — ERENRE SN . 78
FEfb 19, YOLOVI ¥ AEREH SRR 25 256 R F AL
TERENL 2 91, YOLOVI L KA R 7 Ab T4 SR B A8 24 R
SONATFI, EREM 3, YOLOVI 1 fEELEE H bR
s i, M2 R, MA-YOLOv11 fE FiRi 5 gk
PUAH RE () A B RS 1) R, RE A ST AN [RITEHA R AR 2 s i
FasE s HERRIRAN . [RIE,  7EAS A i i S48 & 56
FEHE, HARUEEEE S, BEESMAEARET YOLOVIL.

RE A BT AN [ AR LR A6 2R S IR BT 55 19 43 2%
P RE 22 7, A S5l NIRVE HEBE X YOLOvIL 5 MA-
YOLOV11 75 & A RS L AR 5 VR I 155 0 3047 X6 EE 43
Mr, i 10 Fias.

HH YOLOV11 (YR ¥ HFE ml &, A58 B e R )
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BACHIZA, BEMAE BTN B —ERE, FE
RIUUCNAEE W STERIN . DUAHHAE A 507 50 1 2 8] =
), e BRI o IR FE A A 25 = 1 X A RE 0B AN A2
MEEZ N, MA-YOLOvI1 [ 5E FF 5 80 H 58 e Fh i)
XA LR ARFAE . S AE ISR I IE 6 IR e AR E
Friest, HAEN ML n R BE WD, RIS AF L
FHRES 2000 5 o . o, 635 WA e 2 TR VG
BOEREAR: FN, e SR RRE M RS
RURAR, BRI K RS 1 X 7 B8 138 5

TTAEAR S
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a. JR K

a. Original image

b. YOLOvI11

c. DD-YOLOvI11

B 8 DD-YOLOvI! AR T4 b4 RAfbh
Fig.8 Comparison of visualization results of the DD-YOLOv11
model

Fedn1

N Wy
b. YOLOvI11

¢ - ¢ My ||
a. JR & c¢. MA-YOLOv11

a. Original image
B 9 MA-YOLOvI1 AZA! ST AAk 48 R ad Lb
Fig.9 Comparison of visualization results of the MA-YOLOv11
model

WEW TR ATF WHE AN
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TEEW LR AT W YR
Bud  Crack  Full  Wither Initial
ikl TR
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Method for detecting tomato flower clusters and recognizing flower status
based on DD-MA-YOLOv11

GAO Yanan'?? , LIU Pingzeng>*** , ZHANG Yuxuan'*? , ZHU Ke'*?,
ZHANG Yan'??, YU Qun'*?® , WEN Fujiang*

(1. School of Information Science and Engineering, Shandong Agricultural University, Tai'an 271018, China; 2. Key Laboratory of Huang-
Huai-Hai Smart Agricultural Technology, Ministry of Agriculture and Rural Affairs, Tai'an 271018; 3. Agricultural Big-Data Research
Center, Shandong Agricultural University, Tai'an 271018, China)

Abstract: Accurate perception of tomato inflorescences and flower states can often be required to support key operations in
greenhouse tomato production, such as pollination and topping at the flowering and fruiting stage. However, inflorescences and
flowers are characterized by small target size, dense spatial distribution, complex backgrounds, and frequent occlusion by
leaves and stems in practical greenhouse environments. Single-stage detection models cannot simultaneously realize stable
inflorescence localization and high-precision flower state recognition when operating on whole-plant images. In this study, a
two-stage cascaded framework of visual perception was developed to detect tomato inflorescence and flower states using an
improved YOLO version 11 network. A “spatial localization followed by fine-grained recognition” strategy was adopted to
decompose the overall perception task into two sequential subtasks. In the first stage, an inflorescence detection model was
constructed to enhance the baseline YOLO version eleven network with a Deformable Large Kernel Attention mechanism and
a Dynamic Head detection structure. Deformable Large Kernel Attention Mechanism also employed large convolutional
kernels with deformable convolution to capture long-range contextual information between inflorescences and adjacent
peduncles, while morphological variations were also considered at different growth stages and plant structures. The dynamic
head module incorporated scale- and spatial-aware feature modeling, thereby enabling the detector to robustly handle
inflorescences of varying sizes for the complex regions, where inflorescences and leaves overlapped. The output precise spatial
regions corresponded to inflorescences, which served as reliable regions of interest for subsequent analysis. In the second stage,
a flower state recognition model was designed to operate exclusively within the inflorescence regions in the first stage. A
lightweight backbone network, MobileNetV4, was adopted to reduce computational complexity for inference efficiency, while
preserving feature representation. An Adaptive Task-aligned Focal Loss function was introduced to balance sample distribution
among different flower developmental states. This loss function dynamically adjusted category weights, according to
classification difficulty and sample frequency, thereby enhancing recognition performance for the minority and easily confused
flower states under occlusion and cluttered backgrounds. Experiments were conducted on a greenhouse tomato image dataset at
multiple growth stages and complex environments. In the inflorescence task, the first-stage model achieved substantial
improvements in performance, compared with the baseline network, with the precision, recall, mean average precision at an
intersection-over-union threshold of 0.5, and F1-score increasing by 4.02, 5.25, 8.49, and 4.66 percentage point, respectively.
These results demonstrated that the attention and detection head enhancements significantly improved small-target detection
stability in complex scenes. In the flower state recognition task, the second-stage model further improved precision, recall,
mean average precision at the same threshold, and Fl-score by 5.24, 2.97, 5.31, and 4.07 percentage point, respectively,
indicating stronger identification for fine-grained flower state classification. The cascaded framework achieved an average
processing speed of 38.4 frames per second under a single-input condition, fully meeting the real-time requirements of
continuous greenhouse monitoring and online agricultural operations. The cascaded framework effectively balanced detection
accuracy and computational efficiency to decouple spatial localization from fine-grained recognition. The reliable inflorescence
and flower state recognition from whole-plant images can provide a practical visual perception for pollination, topping, and
intelligent operations in greenhouse tomato production.

Keywords: greenhouse tomato; inflorescence detection; flower state recognition; cascaded object detection; YOLOvI 1
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