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Tomato 3D Keypoint Estimation Method Based on Improved RTMPose3D Model

WANG Pengbo'?* LIU Yu'? ZHAO Shenghui'® FU Yikai'?
(1. College of Mechanical and Electrical Engineering, Soochow University, Suzhou 215137, China
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Abstract: Aiming to address the challenge of reliably acquiring 3D pose information of truss tomatoes for
autonomous harvesting robots under conditions of severe occlusion and strong light interference in
greenhouses, an improved 3D keypoint estimation model named TomatoPose3D was proposed. During the
training phase, the model incorporated joint constraints between RGB images and 3D ground-truth
keypoints to enhance structural consistency and generalization capability. In the inference phase, the
model can end-to-end regress 3D keypoint coordinates from a single RGB image, thereby avoiding
localization failures caused by sparse or missing point clouds. Based on the RTMPose3D baseline, the
improved model introduced the global structure-aware MobileVit Block and the distribution-aware
coordinate representation of keypoints (DARK) decoding strategy, improving localization accuracy while
maintaining a lightweight architecture. Comparative experiments in greenhouse scenarios indicated that
TomatoPose3D improved the PCK@ 0. 05 score by 5.18 and 9.98 percentage points compared with
RTMPose3D and SimpleBaseline3D, respectively. Without the assistance of depth information, the model
achieved localization accuracy comparable to RGB — D projection-based methods while demonstrating
superior robustness. Furthermore, the model was deployed on an industrial-grade embedded platform
accelerated by TensorRT, achieving an end-to-end inference speed of 37 {/s, which met the real-time
spatial visual perception requirements of harvesting robots.
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Fig.1 Tomato greenhouse planting environment
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Tab.1 Distribution of tomato samples

Jel IEmBGE (A %) MR (Aa/%)  AiF

M 206(16) 271(21) 477
Wk 159(12) 237(18) 396
>k 218(17) 205(16) 423
Bt 583(45) 713(55) 1296
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Fig.2 Tomato images in greenhouse environment
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Fig.3 Tomato objects with different degrees of occlusion

1.2 FBERZHEXERENSHIREEFE
BAREM H Labelme T H 47 ER PR IE, briE
SCAH% A JavaSeript Object Notation (JSON) . A T
ERAMHLE NP 58 B A R AR 1 5L AR B ik A0 R A
A PR OR S AT A% -5 T 2B SR L e A Al A s s
R ARSAER TR T2 R SRI EE LT 74
B (AN 4 Fir7s ) JH T4 ik B 3 00 A0 25 TR 22 28
SRBHE A m AL TRAE T B SO AL AT 35 )
Pk A BEAE Ml i, = 2 A b B A SR s il 1) H

4 RHEREE X
Fig.4 Keypoints definition
PRBLE, S, 5 S, 0 R F2ER b T A,
M) E2E i VN
Vien =S, =S, (D

TR 22 AR R TT 1] efE i n W22
M SRR m MR I B V0 N

Vtunete =M — 1 (2)
PO TRBER A KBS FET V5 Vg,
TERAMVIE-1i p, A

p = Span( Vslem ’ Vpeduncle ) (3 )
SESE B N
Np = Vstem X Vpeduncle (4>

B TERNICHE £ m R AR ST E AT BT U0 Sl £
M EARALE, Q& 5 s, AWFFETE SCHR [ 17 ] 42 i
1 i A0 K 418 4 25 F T ( Harvesting optimal posture
plane, HOPP) [ & fith b, 5] A 2 25 - 1f 75 38 1o 5,
m” B TLAAT TS R R i 1 ) = 4 SCBE A £ IS
RAFAN T Z 7S A A R 4, BRI,
FIBRRA 07 B P SR S B A me ) = - TIUI AL AR
SE , A S AT A 9 BE 25 7 1] B 29 AR 1 D SF- 1T p
Akl N, A T RGeS 7 [l 9 A R TS LA
R St AT -9 2 BORBE 9 B KU, Jie e 7 1)
WAF 9 E E2R R vV, PA7, sl R LS
ST 205, B A A SCRY R R T O A — AR B
WS A AU AR Sk A T f 7S R BE 25 TR 228, Ry
PRtk st T RE JCRHE R RS S

DR T B A 250 T R O B A A TR
JE ARSCR S T 6 B LR AR R — 2 S B
Pt o KEARTERS B A 4 SCHE AR bR  CHE S
(¥ RGB — D sz 5[], ABRIBCH XS B (9 = 4 AL A
SRS FH R AR HLAR B B0 523 55 o 38 52 A



152 B A1 R = 4

2026 4F

Vs '/’ HOPP

K5 R AL
Fig.5 Harvesting optimal posture plane
B A, R A AR AT RE R B R T 2R I, 275 3C
FR[ 15 1A T712% AR SCATE ] G B A A8 a8 B b 4 SR g
A L = ZEOCBE , DIARTE EL(H 4 S8 i
O, FEH R R B AR BN GE T T IR EE , Hoh BB AR
SRR r
r=wvW +H* (5)
Arf e ERE T
W—I&1 6 Hh S 3 B R AE Y 9 B
H—— A o S
FCE N - w 25208 E 0. 02, Z B 5 1
2R A AR 1.5 A5 B, BERE PR UE AR U S5 1
AROREL, SRS T RS IA

K6 #ERIEAM
Fig.6 Expanded circular mask

2 TomatoPose3D = 4 & & S #iM4=EY

RTMPose3D 2 OpenMMLab # H} i 52 1 25 K
[ PN NN (R BN | , 7% Backbone #5433 Bt
CSPNet'"*! ( Cross stage partial networks ) 2244 | i1 %
JE DR 5R 25 YL A [R] 2GR AT 1] 1 i A A0 i 32 1T
- IR BE AT 4 & & L ( Depthwise separable
convolution) " FEAKIHE 5 24 8 . Neck 35 70-f JH ik
3 B B AR 4 F B 45 # ( Bidirectional feature
pyramid network , BiFPN) fili 5 22 ]RUEE A AIF |, 38 58 308 1
ZAE N R 23 (8] BRI RE )1, Head ¥ 73 & H] Simec
(Simulated classification coordinate ) ") f#f £§ ¥ =
A SR T T R0 by A5 A B il 1 X ) 2K )
RIS G AR LT 29 oA 2k S B ks B EL PR Y

YR ICHE A T,

220K RTMPose3 D #581Y H] F  ifi 2R 55 — 4k
SRR | TET I VL 25 37 e RS I R R S SR T
BB 22K, B 1 I 2% 32 S 0C 1 s i G
SO SRR SRR L ME LU B R TR R A R LT 4G
FOCFR 5 HEAN b G A B A R | WA DL &7, A
RIAESC AR L s P A5 T W FNRE 125 5 F B,
TR 35 = 4 7 (A B R AR

KA SCAE RTMPose3D e fify 1 3 47 5 7 T ek
HE ARBTG5 A 42 R 454 1B MobileViT Block
i P L FABR K B B AR AR RE T, Rl AR SR
A R R AR T A AR 5 8 e 1 B T %
Simee A5 Sk 9 A b A A AL 24T D0 A, 32 i DG B
FUENIRG T SRENE
2.1 MobileVit Block &1k

1% 55 %5 FL M 22 W 4% ( Convolutional neural
network , CNN ) FE {5 HJry 8 Jak 52 B 5 L 2 AL AL
REA R 42 2 EZR ) Jmy F0 40755 RRAE S8 HA FR 1
JEAZ B B CNN AR ME A 37 4 I 2 0 0 oF J 4R R AE
LIRS LB R . ML Z R, Transformer ™ 22
P Bl 1 30 8 g AL S 0 4 ey A, (H e T
32 2% BE RN KIS E ACsi BR 1 1 AR h i 4%
R HR R LA A AN AR R, R R
AE B, B LR MobileVit Block ¥ CNN 55
Transformer FHZE G, 7645 6 12 A0 119 ] BeF SHfe st Jmg 48
YRS A R RE ) 2 B e SR PR T
g7 B A AL B R A N R AR, R A i
Transformer FEHAH 1 42 Jm) 4RO OC R | 76 DR UETHEAL
SR [ B B AL 42 JR) R AE B T, A Bl TR AU AE ™
P T A BT SOAE B W g S DG B A AL
B R AR LS R — B

WNE 7 BF 78, MobileVit Block B 464 F — 1R
JEE ] 43 B A RO i A RRE R T R AR A B R, 1%
PR K BR A R0 il Ay 120 TR B A A B
SBTPIANB B, A U 4 25 ) B SO B[R]
BERR TR ERE S S50, Rkt —4
1 x 1 (A FRZ XTI T 2L B AT R 40, BRI 1 DA
URIEIEEL C WG 2 — NN YRR 4, DL G s 22
(1) Transformer B, 38 18 & 46 J5 19 FRAE & 9% ) 43
N A EHEE S 4R JF R BT SE AL,
i A ZARERT Transformer Zmfi &%+, LI 3R 4 5K
i, Transformer i i (%15 5] Bl 9% 044 1] 25 ] R A1E
KIZEH  JfEt 1 x | BRZIKE @A, K5, Hh
T RGBS 2 RTE AF R %R ] BB % £
(1) 7 20K AL AR 1] 5 00 4 R A AT (BT 2R 4 38 T D
e, mAPHEE FERI 20— 3 x3 BIEG



%5 TS 45, JLT UG RTMPose3D BT (1 25 i = 4k el S G 07 1 153
/ MobileVit Bolek
o Concat —— —
" mwEE REE I = ) S
4 w W
3 bt
I
1 7 FRERLE

7 MobileVit Block 454 4]
Fig.7 MobileVit Block structure diagram

15 B IFIRE I 1 28 (8] 43 BE3 P i A R L i
2.2 ¥ Simce head

R = YEOCHE STk F A AR A pR R
k5 HERIHE P2, /i E S67E RGB BRI
IO 2 SR A P A T o A R U R 2k
Wi 2 =2 zs a], TR AR, S AR E TR
PRI S 4, SR, 1% 7 e = 4E LA By B 58 4
&I TGS R SOFE B M RE XTI 2R B
o3 e BERRURR FER DL N iz AR AR, A
B R A PERE R, M EL 2R, B IR ik i
TR PP 22 I 45 e DA s PR 45 e T — A D g
F00 A FH MG FRIE 5 45 M0 FRAE 3 5 B B Rk
(AR SR K A TF RS R LA R AL aS A
SR 2 BRI B S ) R

RTMPose3D %% Simee J7 kM)A &, ¥ % 2 — 4
AR T B B AL B 5 = A A A [ U 0] B £k A
FEAA AL bRl b 2 28 ), A R AR I S X B 5
TSR R, BRI B o A A Ol 7 2 45 SR

1
| B

N v 114571

&8 Simcc head 45 &l

Fig.8 Simcc head structure diagram

1R 5E ) Simee head 2K 1] Argmax pRE AT AL AR
ittt | HORG 32 32 BR TR AR IR 23 HE 3 AEAE 1A i ik
1R, AR5 A DARK( Distribution-aware coordinate
representation of keypoints ) i i 3 A =g )
Argmax T fF AL s SPUR =T Y e SR ) S Y Y A
BRPIEAEANAL A B T8 B e RS 2 46
R AEA B ERE IR R AT T =T T RUN B R
(AN RAETY 1) B E L IR B

S IS AR RS [H], A2 R = G AR bR, X
TRMEAE DRI G B2 1 ] IF St 1 4 303 5 8
Ut il TS TR 6 T RIS = 4ERGRIE 5

Simce head f& RTMPose3D I # .0 45 ¥,
K89 Fizn, B IRl ik F & T R 2% 145 JZ 23 18]
ATFHER 552 B SUFERRHER )2 AR
B gt 3 x3 BRUFHATRE P55 2 Hhr 2
JE | R 2R R R R 2 FoRAES 1 x 1 B3
HESR I R AEE 5T 10 R R IE 5 K R RRIE D
R gt 1 x 1 BRUECHRHERL G, A e E ]
FEEFHE RV EHBE RN G — 4R P94y st e
TEAE L PHEAS BIR0G R Al RE 5 4R SCRHIE
G RAE, Bl& RAEKE S f A T4 & ) $oT
( Gated attention unit, GAU)'®! #4745 F T 3Chh
Ao GAU Hi i id Simee Regression [, 2854 3 2%
FRAT RIS AR SR o A R XY Z il B — R
B A, B Jo X A B B IO 38 70 A B4 T i 75
B P i B AL AR

s B B R A X B [, oee e,y ooe 1, ]
_rir, BTN o MR
_ 1 (xi_xj>2
G(x, —x;50) = Wexp ( Tt ) (6)

FHE x b AR

p'(x) = X p(x)6lx ~x50)  (7)
Ho p(x)) M IAMEA M 1E x HOfE.,



154 B A1 R = 4

2026 4F

Simeesk A7 [E 5

X%Hré%zé =

L L

3 &
"_ ] =
Xﬁh’fﬂﬁiﬁ?ﬁ = é
o ViR A =il
n
> ZRAT 52 > | &

€19  Simcc regress 4414 #]
Fig.9 Simcc regress structure diagram
LT I R RE SR I (E A B «,, R T T4k
Pate o e, X E B (v, p (%)), (5,
p(x)), (20, p(x,, )3 BT HI L BLA , B
i o
p,(xk—l ) _p,(xk+] )

S (xy ) 20 (x) 4p (my)) B
I LA 2 A 5
$=p'(x,) 45 9)

DARK fiff i3 it 7 B BOBER o0 A i e 391
1 AR e RS S AR LTI, DT AR (i AR AN i
1T AU G AT 3R AT AR R P % 22 Ak b Ak
i 1‘%&? Argmax T g ) T e P — W
DARK § WA R AL 53 A1 ~F- 22 1) 17 00 T BE T 3
WA 9@% Aj—i i &, A& CALE RTMPose3D H' 5] A
DARK fffidh pR 25, AR A 1Y Argmax i fif 5, 78
AN IR AR SR R A FTEE T BT =GR A T
TR SR EE
2.3 TomatoPose3D & EY

Tz v R B A A2 A A KRBT B Bl R AR HLAE
ARG 22 48 %) S PR R A M o T T A
R R ARMFFE T RTMPose3D B4 i3 425 4IF 32 B %
28 55 A f R e | B T — b i Al H a4
S AL TR 4% TomatoPose3D (F 10) . 7EH T M 4%
TR I bR CspLayer J2 Hh 45 FRURE Hos 4 il LA 42
JRZEF EATRE 711 MobileVit Block DASSHEAIRY 42 )5
Wt A MR . [A] I FF Simee i A A FE PN
Argmax BB ¥ DARK fit % 2% . DARK fi#fih i
R S U ZA A AR R G S A
brfltiit, REAEAE 22 W B 22 70 A3 A1 B0 S T+ AR bR
FIOMCRG BE . 2 0 RN 1 S 2 R T A A T R
T A% AEE T TomatoPose3D | = 4 ¢ 5 5 Tl F2
EPESHEEE

3 ZWELERSN

3.1 SBFES
SIS RE BB A GeForce RTX 4090D 24G GPU
2+ Intel (R) Xeon(R) Platinum 8474C CPU 4b#

Upsample ",“Concap
A Simee head
<
. @b
o
=l
=2
=
= Concati"'ﬁ
MobileVit
short-conv
:
= ‘i'COnce;t"“ "r—)
- Neck. CSPLayer

lnput

K 10 TomatoPose3D S5l
Fig. 10 TomatoPose3D structural diagram

#1817 A7 2558 80 GB, il Ubuntu 20. 04 #
YEZ Y5, 1E Python 3.8 LA K Cuda 11.3 38 F AT
Pytorch TR FE 2% > HESRFE @RI A T 25
3.2 iFfHIEERR

R T VAR RN RE A AR L OR FE OCY
f B R IE A 43 L (PCK@0. 05) (#E
P FITE s AR TG HE AR

PCK@0. 05 /=B RYTE 25 78 BAE K 0. 05 BT Y
TOOIN TEA SCSH A A b ol TR AU SA RN
JEE R PR AR AL SR RE ) ST RS
3.3 HELXIe

LA RTMPose3 D Sk 35 EAR 7Y HE 47 7 il 52 56 LA 43
B e fe , I PP B AL R STk RN T BE . AE
FLYERLRY RTMPose3D & 4 5] A& T Transformer
(4 R E SR BUREBR MobileVit Block 52k #F DARK
fARAS

THALSC IR ZE R N3 2 ion, & 5608 A MobileVit
Block 4 S AVERIEAS B EL 25 R W24 5C T
7B iR 2% N 4.489 mm & % | 3.711 mm,
PCK@0. 05 MA81.55% $F+ 2 84. 93% , 155 AU #F ik
SUE SRR UG S 2 PR T M B R R
BT N T g B0 B ) M S s W 3 Wi e L = i
XJ Ef Z A AR B 2R BT RE T, 98D T R R R AR AR
RIE FEYRKE

Bl FF Argmax 585 46 DARK fiff 1 o W
SEYG AR R R AP 24 OGS o R 25 AR
0.481 mm, ¥ PCK@ 0.05 M 81.55% 4% 7 %
82.59% , %k T DARK fift it it — A& IE 1 [nl 9 A6
BRI/ IMIRS , E B T ZERS 40k #4E h EAR R K
SE LR, #E—20 [R5 A MobileVit Block



FEY 2. BTk RTMPose3D #5 BF0h = 48 68 S M1 5 e 155

R2 HBSSEXEAR

Tab.2 Comparison results of ablation experiments

T SR IR /mm PCK@O. 05/% HERHH T/ (fos") R oo Nty
RTMPose3D 4.489 81.55 86 1.771 x10'°
RTMPose3D + MobileVit Block 3.711 84.93 82 1.908 x 10'°
RTMPose3D + DARK 4.305 82.59 86 1.771 x 10
RTMPose3D + MobileVit Block + DARK 3.558 86.73 81 1.908 x 10"

B 5 DARK fi#h% e 4, 787045 6 1l & TERFIE R 3k
SHERRCE B LR G A OB U ARG BE
RS TIEE ST, I B OCIAH BN, (AR A I R
RVR LT H— B T 3R

3.4 FREDIRREEXSLL LI

R T k2D B IEA SO R F B DARK il 5 3
W TEHG 32 55 S P D7 T ) D0 38, 7 T o S 3 1) L i
IR TR LS SEYR PEE 3 AR LAY ) AR pR
S i 4T L #E : Standard Argmax | Soft — Argmax
IR SR B DARK f# 15, Standard Argmax i
TR R — 45328 ) A R T R AR AR T
KB 32 BR T RFIE B HOE M A7 7 A B Ak 1R 22 5 Soft —
Argmax 1 Softmax JH—fJ5 11 ME R 734 oY HH 2
HLASRAG I SL AL bR, RESTE — o B2 BE b 22 il i Ak A
22 s DARK it id 1o e 20 1 ¥ LAk 3L 5 28 8 e 0T i
SEXS A A WEE AT Jry PG 1, DA T 82 T 7 M P 8
TR E AR EE

TEARFF RTMPose3D BRI A 547 T, 4%
3 Tl e Bt SR w3 ) 7 P T I B DR A A& SR N T

Fh PRI B R 22 PCK@ 0. 05 ) 55 I [a] 1 fig
TEPR (RASARI ) W 3 PR,
R3 MBERMEILLIR R

Tab.3 Experimental results of decoding strategy

comparison
e ?iijaé*ﬁ fif  PCK@0.05/ it/
1225/ mm % ms
Standard Argmax 4.711 84.93 0.08
Soft — Argmax 4.543 86. 15 0.42
DARK 4.201 87.73 0.25

2t R /R, 45 Standard Argmax AH [, Soft —
Argmax 5 DARK 5o w24 76 S 5 e RS I
BT, Ho, Soft — Argmax 18 i 4 /i 22 1155
AR T BT A A AR 2 (B 5 2 R0
3775 W EA SR Wl A ) INTORS = S bA R
. MHILZ T, DARK 38 o % e (i 4R 047 o5 477
T FRI BRI A A3 B AT A ) 1 5 M 7 X i
(EE S BT, HAE P Y G5 AL B iR 2% BT Soft —
Argmax fi#f% 0. 342 mm, £ PCK@0.05 FW$ET}t 1
1. 58 ANE A, MIEFMERE K, DARK 1Y fiffih i

J£(0. 25 ms) BT Standard Argmax (0.08 ms) ,{H
B R T Soft — Argmax (0.42 ms) , %F DARK X
TR Y B | AR N SEA, Aok 1 B i
FERDRG BEAR TV, 205 10K J3E 5 4 B 3 2 1) A
TR RBL, Zia Al Al DARK i 4% 5
& G AE R RAB LT N = AEA 8 BT 55 (1) SR A
TSR me | JUHAE 52 A% 0 U 2 PR 45 vh R LA o v 19 AR
FEPERTATREME
3.5 XfLERE

N T B3IF TomatoPose3D 7E 52 x4 M AF 45 H7 A9
FEPN ARG E T SCHR [ 15,25 ] A0 5 78 i = 4 G
ST LB RTMPose3D A N5 HUAR AL |3k
TR AR ER T Y BT = 2 G A T T = 2
NS5 SimpleBaseline:;D:ZS: J& T LA A T 4T
SHETTR B O ST A S R R ) 4% ) A5
B 1) ZZEOCHE AR bR, I3 5 A (] A 9 2% [l )4 75
=5 D A TR B AU AR, SCHR 15 ]
AT NS5 T 4 SC I R = RS B, Sl
11 Keypoint R — CNN " 675 51) £ 7 i 1) — 4 S
S P R B2 R = A5 45 BRI Y — 47
SETH 25 07 AN TR, RTMPose3D DA K AR SCH HE 1Y)
TomatoPose3D Y5 A PRl RGB E{% v & 22 [0l )5 = 4
HRE AR o ASCIT R B3k 4 Fh 5 800 e 2
TR AR 4 (3 232 16) PR IS UE L5, 25 5
m=k 4 o,

*4 AEEBHIETHER
Tab.4 Comparative experimental results of different

models
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Fig. 11  Comparison diagrams of representative cases in greenhouse scenarios
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Tab.5 Model deployment experiment results
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