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Crop Stem Diameter Measurement Method Based on Lightweight DeepLabV3 +

Li Li' Li Yuxi’ Yang Jiahao> Ran Yang® Ge Shilong' Qiu Ruicheng’
(1. Key Laboratory of Agricultural Information Acquisition Technology, Minisiry of Agriculture and Rural Affairs,
China Agricultural University, Beijing 100083, China
2. Key Laboratory of Smart Agriculture System Integration, Ministry of Education, China Agricultural University, Beijing 100083, China
3. College of Information and Electrical Engineering, China Agricultural University, Beijing 100083, China)

Abstract; Stem diameter is a critical phenotypic parameter of crop growth. Its in-situ, real-time, and
non-destructive monitoring is of great significance for optimizing agricultural production management. It
utilized an OAK — D camera integrated with a VPU acceleration unit to acquire RGB — D data of tomato
stems. Pruning and fine-tuning were utilized to a MobileNetV2-based DeepLabV3 + semantic
segmentation model to construct a lightweight network. Relying on the high-fidelity binarized segmentation
masks outputed by this lightweight network , a skeletonization algorithm extracted the planar pixel width of
the stems. This width was then fused with regional depth information to calculate the actual stem
diameter. Experimental results indicated that, compared with the original DeeplLabV3 +, U — Net,
PSPNet, and BiSeNetV2 models, the lightweight DeepLabV3 + demonstirated remarkable engineering
deployment advantages. Its parameter count was reduced to 1. 48 x 10°, the model memory footprint was
only 4. 03 MB, and the frame rate on the OAK — D side was 5. 50 {/s. Despite the substantial reduction in
parameter scale, the pixel-level perception capability of the model did not degrade. Precision, recall, F1
score, and loU reached high levels of 96.03% , 96. 19% , 96. 11% , and 92. 51% , respectively. Based
on this high-quality segmentation foundation, the mean and median determination coefficients (R*) of the
calculated stem diameters reached 0.987 and 0.990, respectively. The proposed lightweight
measurement method oriented toward edge devices provided a theoretical basis and technical support for
the design of embedded perception systems in greenhouse mobile inspection equipment and smart
irrigation management.

Key words: crop stem diameter; binocular vision; DeepLabV3 + ; lightweight model; edge computing;

online monitoring

Wk H O 2026 —03-20 &5 H 1 : 2026 —04 — 11
BEEWE : AR BE GBI H (NK2023XXXX)
EF B ZEH(1978—) 2o, B, T A O, 32 20 A8 TR Al A% B AR BR DL, E-mail: lily@ cau. edu. cn



%14 1)

2] M. T E AL DeepLabV3 + [\ 1E 4 2L ML & 1% 33

0 3]

ZEHLR PP A R B P EIIR BE T 4 O B 7
SR ARG U B Dy R AR HL 5 i 5
i, X LA A2 e Pel 2 g e G s I A oK . A
FOR Tk T R AR S AT IR RARL T Ok
O, XU H LB SR AR AL 35 &% RGB — D $dls
ARBURE ) A BB T R R B AR T BT

ZE RO BE I 2 1A 0T 9 2 MOS8 25 ] 5 T 25
PR UE G ZE A R E B WE RS B R
SOt MR | R e 25 A B IR R ST HUR,
YOLO 45 [ bR I 465 B BB 5 1 2 e 75 5t P AT RO H R
SEFF G AE R I I 0 HE O O R I R
RN ZEFF 341 2, SO0 A TLART 35 2 XE LT R

Sy fifk DR R TR HE B9 J3E R R, 2 T 2 UM 2 K
2% (FCNN) (9385 S0 BB Z# 8 T 1 2
DeepLabV3 + £ 71 , H %5 {li] %5 [|] 4 7 3% 1t b ( ASPP)
B A 22 RUBE AR AIE e M5 3 G Wk 2 D7 T ¢ B0 L
g A ZERERE ANk Sy B AR T B SR

SIS 481 53 0 B A B 4 185 3 SR R BURS
R R R A5 TRY 0 246 25 0 52 %, M v TR fiE GPU, HfE
DAAE 9% 32 BIR 00 38R AL A5 A B Bk 19 2% S 90 %

M R R T 5 G R % R
FIE ARG EE L — R ) VPU i A 2 Ak
BTk iR L E Y DeepLabV3 + [ 45 LU 1
WAL, A OAK = D AL B3 4R B H 5 IX
BOREE RS A B AR A R T S SR T
FLSCZERL, DU S B 5 A ) 25 M R AR A S
e A R T B

1 #R57F*E

1.1 HARESHLE

IR H 10 BRZEH1 4 ~ 15 mm FAFEA, HIC
Pt 2 B K AR 10 H AR ZE Y, B 22 bR Ak 2R AT
P10
1.1.1  FEACRE

TRIGAEAC BT A DU 1 B it A 0 8 5 2 IR 55
R k 5 3 50 (40°17'N, 117°01'E) JF
J' o U OB E AR B 1 R

e Rk —5 i SR, R B A4S By . X
7 P8k 1 35 I P B R R AR R L 30 1 14
o FKNE R GEAENE K 11:00 38 iz i HE J5 =X by A bk AR
TN FEAK AL, BT R AN E 47 . BE X AL T4 5 1
SR T AR, A 2024 4FE 1 10 H R IR
R T T BOHE SR 45 (] OAK — D XU H AL SR 4 &
B ZEFF RGB — D EIE . FIH AW AL A7 F 7 ihi

il

(b) A

(a) Stk
1 b HOG IR % P58

Fig.1 Environmental conditions within solar

greenhouse at experimental station

PR AT [T, Bk B & 1 om, 5 H AR 22 AT IR R
0.2~0.5m, FEEIAMMEM 2 A EHHIKEE. 1
fig K 10:00, %) 43 bk =S AT H 2 4114k S U, [ g 1T b
UM I E R 2 e &R R BUH B & 3L 900
o SRR IR 2> B R 3 024 2R x4 032 &
o MHAMPLEE 2 A J R IE 2 s

g l

(a) /2 B () HAEE
B2 XCH A HLR S 0 3 A 2 A EAR

Fig.2 Tomato stem images acquired by binocular camera

L1.2 it B

A H G A BRI 4R FR ] 82 1+ 1
iR/ IR R RYIRETE ST SEERIIRE v S 0 B/ R 2
55, e [ I o AR 7 i 25 AT S AR A R RS A
LR AR T O 4R e YIRS A B i 4
Iz AP 3 e 5l 44 5 AR S 1 Ak BRI R TR
X I A PSB85
i, &P 5 2 4 000 W&, 3% 98 )5 I gk 5 aniE 3
NS

-
(d) SEREVRAT

I3 2ERF IR P 12
Fig.3 Data augmentation of stem training set
FERLI 25 5 PEM ] Intel Core i7 — 13650HX
LhFR2E 24 GB N AE LI K& NVIDIA RTX 4060 & ki
B4 (BAH Legion Y7000 IRX9) ,7E Windows 11
PAER ST, 3T Python 3.10 5 PyTorch 2.2.0 &



34 &k L

L

2026 4

FEF S HEYR (24 CUDA 12.2 5 OpenCV 4.6) ,5¢
G H O R % 5 TR 1 A it 25 AT RS B 4R 19 45 1 4k
(IR ER Hy 50) o YR 58 1T 1A A58 B0 5 46 hy
“. blob” [& 4:4& 2, #KFE N & Intel Myriad X VPU (&
474 TOPS) i) OAK — D ##L,7E DepthAl Gen2 FF %
HEZE T FIH] Python JEIAS 512 3 gy Q0 S 6] -1 5 HE B
TEFFIEF- 55 Roboflow I, X ik 2= A i s B 3T 19
EBCN G SIS I 2 8 TR AT T 3h e . Al
AU KSR L. PNG ™ A% AR A7, I 16 55 45 1
KL E 4 Jios o

T
A

(b) PriERI&
K4 a5 Kbr T 188
Fig.4 Original and annotated images
1.2 ETFEREZNEEANERZE
P T —Fh Rl G 0 E M R S B AR
5 A ZE A0 D7 vk B RS AT PG OAK - D A
PLS FEHLP R 5 ), TAR AR S s,

EXTER

| g

bR -4

S ML R

Fig.5 Workflow of stem-diameter measurement
1L.2.1 0 9% F 3R

A E ST A5 3 e A P R R s
25 S ARPLS B 5 B bR B S PR, BsE Ak
ThR AR S B S AR PLAR AT BN B
VPU , £ i % v b B G, 552 ) i 1S v G B R TR
1.2.2 [EI{5 5 IR

b A PR A 2 10 T SRR 5 R B AR T
I, PR % 2 REE | F SCH4 fE 719 DeepLabV3 +
BRI SHAT 25 30 1 15 00 B AT 55, 2% S5 K an 11 6

RO A F T R 4% v ] MobileNetV2 , LU i
SRR B 7 2k 15 £ B i AU B R

1x1 Conv —ﬂ
i Encoder
o 3%3 Conv [ﬁ’
DCNN rate 6
Images “Atrous Conv’, [3x3 Conv| _4 |
3% m rate 12 [ ;i
- N
A : 3%3 Conv [[
o N rate 8 m
Image m
Pooling

{']')ecoder Low-level |Upsample

' features by 4 :

; i Predictions
[1x1 Convl—ﬂﬁ*{ Concat FIi*{ 3x3 Conv Upi‘;‘iple Y ‘

Kl 6 DeepLabV3 + [ 2% 4k 44

Fig.6 DeepLabV3 + network architecture

1.2.3  ZrEIBR R AL

i fif Yt DeepLabV3 + #5% A 2 % & & K & 3
OAK — D AL 5 15 4 4 BE Wi R K A In) B, 5] A S
FHE &5 — b (BN) J2 46 ik B 7y B9 38 18 5 KL
Hemgt

WE T Bros 38k 7 2 oK A it fn gy B
L1 IE WA AT 300, ) 28 A5 L 7= A 25 K 14 A i, fif fIC
DUHR R T T Yy 2 ) WS A R A R 1Y
S b, Bk A SR VA A5 G Y ROE SR LR S bR
y BT T IO 4% 38 T8 S H GG B, F T K R T
ETRE ST KRN

PRI SR
€y le1.120 C, —>e1.120
@, oo.ooz\,«
C, —>{°0.864 /}‘. C, —>{e0.864
g m;.my 7 =
B > .1.236 €, —>e1.236
i BNE  Fih i BNJZ £
BRE 4T B2 2 gET B2

BT R AR A
Fig.7 Schematic of pruning process
Sk BRI 3 T BY A T B SR IR I AR AE E KK
BYAS IS B RS 7 0 £ 7 J5E b A b R s A OM 50
ST A 3 R S AL BE A% 5 | 5 I 4 R0 FH R A% 1 s
R T8 R UG BUIE S A A ROOR AR RERAE
1.2.4  JEF UL A0 58 B A I 3k
o N S (T R T AN NP O =+ g £
DeepLabV3 + % tH i) — {1k 7 B4 B (43 BE R
1920 4% x 1080 {2 %) BEAT 4 fbab s ° 2 Sk
T AR LT 1 T RE A UL R 8
AR A5 58] 170 25350 X 3 98 B 15 3 8005 TR B R 45
HIHAZEH AR
2Dtan LO
il ) PO



%14

ZEF] S LTk DeepLabV3 + (19 4/F ¥y 25 0 I+ 5 vk 35

(a) WHEEIR
P8 BT ARk 1 B B A I n B

Fig.8 Schematics of width detection using

(b) V- vE P SR IR

skeleton line method

AF S,—2H , mm
o——HIHLK BRI, (°)
D— il i B PR 3RS 0 AR X SR B, mm
R— 4> EIHE K T4y % 5 2%
P—— 3 b 2 1 3 A B 25 X T 14
ERCE
1.3 MR

(1) R 0P A - 1 RS B % L 7 Il 3% F1 43
B 22H H (ToU) 2 R M L IR A b . 3230530
Gt E R AR, — R R B
(FLOPs) S 4tk R 47 4 J 4 L B o B it o5
(FPS) gy A 4,

(2) ZEHLI0 B B L AP R B 5 U I e %
SR SR BRI L P R 4 xR 22, R BT ARE R
K(RY) 307 % 22 (RMSE) 15 3 1 4 % % 2%
(MAE) £ & AL RIS 2%

2 HRE5WRR

2.1 REVEREKIE

Ry 4 T VAR P $2 5 4 A6 DeepLabV3 + 58 7E
i 2R FE 4> BUAT 55 b 09 45 A R, BE R B A
DeepLabV3 + | %% B %% &k B 4% PSPNet' ™ | &5 4% JiF
A E B s U - Net™ DL K& 52 Bf 4> @) & ik
BiSeNetV2' ™ JEATVEREXT H A2 #7045 45 780 76 )1l 25 42
SIS uEgE B ARt 2 an & 9 BR

t & 9a w0, BRI 2R OB Be, ok
DeepLabV3 + J& Bl H 125 24 1 47 1iF % > fE 1, &7 %2 1)
R RAE AL 0. 071, I DA PRk 5 3 3 e 80 F PR o
X — % B E S 3 3 BY AL I A I 55 ) 45 % IS 2 4 B AR
TIE 1 42 BUSK g

& 9b W %1, 42 48 b DeepLabV3 + Bk Fir Bt &
IRZEANE 0. 049 8, JF7E 58 A% AR J5 1 P 2 R B A%
iR 22 B2k . TR 91 (30 ~ 50 %8) i Jmy #B il K
DX 35, T X s A A 7 G P AR e o AR A B
1k DeepLabV3 + 5 5l 5 U — Net, BiSeNetV2 4K 1]
hE G fl R PR R AR B AR . M HLZ R A SRR A
SEAE [ 38 R 24 65 AL R i R, T — U S B A

—=—DeeplLabV3+ —e—U-Net PSPNet
+— 2 fftDeeplabV3+ —v—BiSeNetV2

0-30 0.10
& 008
025} & 006
@ 0.20 oo
& =002
5{@' 0.15} 0 4 8§ 12
® / HIE RN
&
= 0.10f
005} |\ 5
or = ——
0 10 20 30 40 50
ZFIR
NZREEIR
(a)
—#—DeepLabV3+ —#—U-Net PSPNet
+— 2 ftDeeplabV3+ —v—BiSeNetV2
0.0251
020¢ o 0.020¢
= 0.015¢
0.15F 1 % 00108,
5 0.005+
= &
= | ob—
= 0.10 30 34 38 42 46 50
& NP7
& 0.05+
0 =

0 10 20 30 40 50
PR
)
IO A R 451 2 17 A5 b i &
Fig.9 Loss curves for different models
AR 1%, e 2 B S A& IS8T 0. 006 6, 1] L AR
SCHERIAE KR 2 BT A 5 MRER X & 2% 1 Al
I 4O 4 B Y A
GRS ToU 3l 25 il 26 W 2 Bl 1 45 B 70 X 2
AZEFFRY o FIRE BE . W 10 fron, SR, U -
Net 55 PSPNet 148 loU K O, 7776 . % 1912 Ja ik
R HE 5 T %2 & A6 DeepLabV3 + {RAT AL 284, &7
# ToU B 3k 53.90% , JF 7E 48 5 %6 L %%
80% , JE I A o A IR % SR B 5 B bRl N g
J1o FEYNZR i J5 H1, B R GE A A BR , 52 4
DeepLabV3 + YE58 37 518 18 & Mk AL A T4, oU
JEE I JE & 82.40% o SR, HEF U — Net 7248

—#— DeepLabV3+ —e—U-Net PSPNet
100 —* % E{kDeepLabV3+ —v—BiSeNetV2

80}
< 6O
5
=

40t

: y
20! 30 34 38 42 46 50
MBS
0 10 20 30 40 50

DIZRE Y

K10 R BL R B TEAR b 25 FF ToU A8k il £
Fig. 10 IoU curves of stem segmentation on

validation set for different models



36

&l Bl

»L
2

i 2026 4

41 .42 B (2 84.70% ) 1Rl ZUR= 55 , 78 SCRE AU i
VTG AR AN B2 AL, 7R 2 R U 25 )5 R 90% LA
bl BB 92.36% , fE 5 49 Bk g fH
(92.51% ) o AT UL, 25 K9 Ak 35 B ALK W A B 1 31
BIUA E B T PSS e Rl 5 1
K di o # S5 i HIEE .

A1 1 AP, U — Net B0 FI B 5y, (HIDER A,

TCVE AR S S 73 FI R o R R A DeepLabV3 + 5
U o 45 0 Ak B AL R B T LB TR 6 80R, S AR
FEHY N A i 5 7 i B A it ) 24 8 R M 4 ik
fE OAK — D iy fll, % & {6 DeepLabV3 + Ml %
5.50 /s R E AN K BiSeNetV2 FE 8 X 43 2 #i b 45 44
WA (7. 71 £/ ) B 7E R HI 06l 9% 3 5 AT 2 F , AR
IR ToU . F1 23 %5 BiSeNetV2 #H24,

Rl ARSBERGREILEER
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Tab.2 Calculated and ground truth values of

stem diameter mm

WA WEEN SR PR

.
R oEs i 9z
1 5.6 5.5 0.1 5.5 0.1
2 6.5 6.3 0.2 6.4 0.1
3 7.6 7.4 0.2 7.5 0.1
4 8.5 8.3 0.2 8.3 0.2
5 9.7 9.6 0.1 9.6 0.1
6 10. 1 10.2 0.1 10. 1 0.1
7 11.7 11.4 0.3 11.5 0.3
8 12.5 12.2 0.3 12.2 0.3
9 13.6 13.4 0.2 13.5 0.2
10 14.2 14.3 0.1 14. 3 0.1
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