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Research on sugarcane automated characterization measurement robot
based on image segmentation and detection

Jiang Zhengzhong' Yang Hongbo' Yang Minghao® Liu Angi'
(1. College of Automation, Beijing Information Science and Technology University, Beijing 100192, China;2. Institute

of Automation, Chinese Academy of Sciences, Beijing 100190, China)

Abstract: Sugarcane is a significant and globally important economic crop, with a close correlation between plant height
and yield. Traditional methods for determining sugarcane height characterization rely on labor-intensive and time-
consuming manual detection. Therefore, this study collected image datasets of sugarcane crops in various scenarios and
proposed lightweight enhanced PSPNet and YOLOv5s models for segmenting sugarcane bodies and detecting the tip
positions. Additionally, an automated measurement robot was developed, deploying the improved models for real-time
inference on images captured by a depth camera and implementing a gimbal automation system. Finally, sugarcane
positions and depth information were utilized to calculate sugarcane height. The experimental results show that the
average absolute error of the sugarcane height measurement method is less than 2.4 cm, the accuracy is higher than
97.61% , the success rate is higher than 93% , and the detection time is less than 13. 2 s. In addition, the proposed
sugarcane trunk segmentation and top detection model parameters are significantly reduced, with accuracies maintained
at around 87% and 97 %, respectively.
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Fig. 1 Structure of a sugarcane segmentation model based on an improved PSPNet

1) 3T MobilenetV2 fH T M 2%

Jiif PSPNet #55 #1 o 5 9 38 2265 AF $2 ) 4% 2
ResNet50, 7 W45 R 11 Zhad 72 b, K2 09 6 BUH B
T T AR TR B B A T R, 45 SRR W TR AR A
fed A X & B T 3R B8 P, Sandler N7 MR R T
MobileNetV2 1E B T M 4, MobileNetV1 H{fi f§ T %
FERAE G 565 S BUR e, YA E S 5050 4 1R
I AEH Y 2 80K Kk 2D, R 45 B T AR B AT B R
MobileNetV2 #& i T EL A7 Ze 14 i 200 A9 {51 2 5% 2%, it — 2D %
0T R Y A B R R N T AR A e A U
Wit

MobileNet V2 {5 FI ¥ B 7T 43 15 45 B A 22 A 1 45 R
PR & v 42 R AIE . R B T 4 B 4 B 5 O B S R
BB, RESHRE-IMAEESWERZ, RAw—
A3 38 L 38— A E S RS B RN R 3 X3 B RLUR,
B A FRAE B 6 BUZE RRAE B ANl 0E . B B

o 14 -

IXIXM BRA . Xt L —2 B RRAE E AT A, o7
VRS ) B AT A A O R AR AE T . 5 G G A o
FUAH L o R BE W] 43 35 45 B S B 4 R KORBRAIR . 76
s P Ll At RS BUZ AT RelL U #4035 R AL A B2 1
A LLA S5 38 I RRAE i A 2k vk Rk 2 M E U B BUZ
AT ReL U 387 o8 5 00 B2 1 1L 4R 1F B AR (5 B & &
Ko ATHILGEEMER BB T —FLEmILEH. 75
TG BUZ 0T, ReLU 35006 pR O F TR M2 4, A
Mg/ 75 B . e R B O 2% 5 M Il 42 1 7 O 3
SERE DL A B TE T G 0 R 45 58 Ak 1 1] B, 5 s v 2 ARA
L MobileNetV2 | FIRE 7] 43 B B, WiEE >, BE
3003 T8 L AR S5 KRR AT B R AT B 4k DL AR BURRAE , S BURR
EERMER, B - E T — M6 k2250, FRER
BB BB 1XL WBREY . RS & 3X3
TR B2 45 B2 4R BURRAIE , B Rl i B R 1 X1 3% G
FEUGE 3 3 HE AT R 45



FEF F. RSN RREFINTESENETF & 55114
20 T HRE B BN 45 4 A CBAM B G ARAE , £ v T AR AR ) 8 2 M L B B A

R T AR Z2 AR T SR BCHE 2 09 HRE 32 TR, 75 40 B
D 4% v 48 R R T AL A 4 v I 4% B BURRAIE R ) 1 i
Z =10 RS R S R H R L B S E R B
BAMR S ARE, R, 78 ik i = T 3B 45 5] A
BT I H (CBAM) P ™ IR T 40 H sE 4R 1E 19 48
WEETs.

TEA BF 58, MobileNetV2 4E Jg BB 1 & T M 4, &
AT e, BT i AHFRE T 0 8 06
FRUZ B, 2% 00 0 Bk R 25 4 o IR T R 2 2 ) Pk g v 13z 4k
I B o K 1) R0, T O 4 M~ ) T IR AR ARG . A T
P HR R IR RS ) A BES WIS 5 EBRIEE 7T 2=
Ji5l AT CBAM.,

CBAM T 2018 4E4& 1, &M JH 4 J& F 240 3 Ak il i K
i AE SR B OR H AR X0 RR AR AR B . AR M n] L B R E A

Bottlenet

SRR ZE B« G T T A R D R CCAMD G i
RFAE 0 255 i) 199 25 I T B B (SAMD . S 45 AIE 18T i A 5]
A F i T TR R R B e 4 R A K A A A R SR X
A A AR A A e R B A — 4 1) B AR 0 1
i A R e o B TE DA TR T S o L B = DA A
R 55 A RO R R 3T A5 30 3 T R R A e o
AR . it AR L e S5 A 2 () 3 R D B L i) e 4
Syt R A A 4 RSP AR A B P A R . S
J2 v E S DF K P T e i AR A i as () 4 ) AR
I g s ) I 246 SR 5 A S AT O L A+ F)
23 [H) 7 A BB B R AR W . CBAM 58 181 2 iy
s o Conv R & BUZ . MLP £ R 2 )2 A &%,
AvgPool 7R FEAE & {9 F- 7t L #8/F . MaxPool 7R ik
P 1 e Rt A 41

2 CBAM %5#4
Fig. 2 CBAM structure

2.2 REAENEETREKQNEDR

YOLOvS Z&—Fp ] LIBT3 253k, e R
PP E FETURS A & R M RR R B , F RA w S
BB R A 52 4 B 28 i)

5H A R 5 R 9 B Bk M b, Ultraties™ & i B9
YOLOvS5 Sk —Fh i 512 17 . MR8 R B
$E B, YOLOvVS B 4 AR A, 4 3 % & YOLOv5x,
YOLOvV5L, YOLOv5m fl YOLOv5s., YOLOv5s 7E 4 /i
A e B I R 1 R R R /N B S L TR G RN S 0 B
mhb . Hofl 3 AN RRAS KGN T 6 U 1 A R Y
fESERE X EEAR AR ZH B . &b A3 14
5% 3K , Zhang 257 ¥ 8 YOLOv5s 18 S H 1 T5RS A6 I iy
FLLR AR BRI ZE R AR 3 TR .

DYOLOVSs &4 bi%it

JUESRAR A& R A YOLO 2 %) 4 70 AT 57 3 b
AT ALY E AR R DU B 7E R B 5 T AT AT X M et
BT TR A EAG PA HE N iR R A, SR
YOLOv5s M4 25 2% /8 T A /o K BAR R, 7

FRAESR G A p N BAR I AR RS B E B A TIRZ 4%
US4 R R RSB et = R OR it
73 YOLOvV5s (5 T W 44 75 B — A~ 01U 1Y ) 2% 45 #4 k48
BURJZRRAE o B P46 0 0% iy 1 A F 5 T8 1Y AR 2 R
B B, A % S5 A R SRR TR T
S e JLZ. WAh, 7 Neck 2544 1, YOLOvSs SR H T
32.16 F1 8 F5 M T RAE , 235 4z B 20 X 20,40 XX 40 F1 80 X 80
PR B DUREI R i /N B AR . A5 36, YOLOvSs 75
R 0 RE TN B ST R TUAR Y . BRI B T LU £ X
YOLOv5s B@ bt if e ms . 1 58 B b8 T M4 b 1Y
P7 P8 2. FRAT FREWRE R T B/ IEZ
WP, 3K A] DAY/ AR R S RO T A e [ B A R T 2 Ak
B RRAE A5 B o DA 2 5 8 25 TOURY 1 R T R . A i
25 FaniE 4 iR,

2)Ghost-C3 it

R T B S RO R B B AP SE A Ghost
P AP 4, 8 Ghost %8 7 A0 3 ML % B LU Ak
Ghost-BottleNeck 25 #4, 2K 5 . ffi i Ghost-BottleNeck #

e« 15



T B A

:'l Conv |—>( )

80x80x7 [T

71391 P8 sugarcane

40x40x7 |
=

| —

o548 % W a
CBS
C3-1 |r- Concat
v
CBS
C3-1
v
CBS
C3-1
CBS I"_ﬂ Concat
C3-1 Upsample
SPPF > CBS
T TM% 29 9 4%

Concat

20x20x7 [+ H

Tz

(cBs J-—{ cov [ BN JISHO}—

( Bottleneckl J-—»{ cBs | cBs [ add }—

- pre pe—— ( Bottleneck2 |- —»{ cBs | cBs [ Add }—>
= -

= CBS Bottleneck2
-
CBS

(‘sepr |- —{ cBs ]J-b[ MaxPool }'—b[ MaxPool ]-|—>[ MaxPool |—{ Co;cat > cBs }—»

Bl 3 3T YOLOvSs A4 H THE T50AY 46 A% T 2% 4
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Fig. 9 Sugarcane dataset under different scenarios
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Fig. 10 Histogram of the height frequency of the sugarcane dataset
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Table 1 Comparison results of model performance
by various modules
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Fig. 11 Sugarcane segmentation image processed by the

improved PSPNet model
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Table 2 Detection results of YOLOVS series models

on sugarcane dataset
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Fig. 12 Evaluation index diagram of the YOLOv5s-1.-G-S model trained in 200 rounds
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Fig. 13 Sugarcane detection image processed by YOLOv5s-G-S model
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Table 3 Experimental results of different measurement methods

e AT WERFE SlFE1 Sk 2

1 155 161 154 152

2 132 128 135 135

3 104 108 102 102

4 95 91 97 94

5 63 68 61 66
MAE 0 4.2 2.0 2.4
MR 100%  95.42% 97.98%  97.61%
MR 100% 78% 93% 95%
K erme 9. 8s 6. 1s 13.2s 10. 65

2o X F oty aC 1 MLty 3 2 JEAE 3. 1 PR A%
LA AF G BT I bk S5, HLA RO 2.3 TR

AR 3 iR, th THLA I Bl B e sh = A s
N0k R [T B A% A 7 U EUR AR SR Y
HL e A5 28 G AN A RT DL 10 5 52 2% B 0 B 95 O HL M
SRS B o EL Nk R R AR BTN A 22 BN R, AT LA
1L B I ek ) R L ML A 1 b AN ] 4 St D7 3
LB 14 PR .

0 2% A 0 Dk ) ARG DR BE AR LS AT i X %
ANITER B Y A S AL D FE AT R AT RS S e .
SEI R B R ROk R RS 2 B R G vt FUER BT T Y
M, AL N I ek D77 3 D % 3 gk % A S 0 0 A )

B 14 L AT S5 8

Fig. 14 Robot measurement experiment site
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