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Table 1 Parameters of experimental platform
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entral processing entral processing : - : raphic processing raphic processing
Platforms unit frequency/GHz unit cores Memory/GB Graphic processing unit unR memory/GB unit cores
“F-& 1 Platform 1 4.8 18 128 NVIDA 3 090 24 10752
F-& 2 Platform2 2.1 16 64 NVIDA 2080Ti 11 4352
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Fig.4 Interior contour images based on binary images
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FAERZEEB TS A AE, RS NMEGRNERA

x 100%

cosd =
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L.

N T B IE P 2% BT B R G B B, AR SR F o
W6 45 N85 B Caverage precision, AP), W1z (4)
F7 o

1
AszpUMr (4)

A AP FUME N PR #HZE FROUTHIAR, p AKEFE, r A A
Z, Em 3 R 6 s

TP
— )
P= g X 100% (5)
TP
= 100°
o X 100% (6

X TP Ron HIE], RN EERE KT BEEKE
PR HL L SRR o S e R R R s FP O TN 4

“fEE
Ji5%
Binary
mask plot
L FHE
br%s
Bounding
box label
diagram

BEREGWE TP EERES: FN NEAE R KL S
L TP BERES. KL p RPN IEGI AR L R
B ECAR, A 1R AR AR A R B D 1 451 1 B
fi, AP AR, BRI RERAT .

3 HRESH

3.1 BEBREREITME

T VG BRAS B AR OB H A B 1R 30 FONE AR S T i
ﬁmkﬁmﬁﬁﬁ A JEy RE 4 ER S B R AE 5 B T

s A E R ﬁ.@u&iﬁmLﬁﬂ%Eﬁ
ﬁﬁﬁwomﬁiﬁ 5457 Az (1) A P R
wm%,ﬁ%Zfﬁ1ﬂ%U$ﬁ%ﬁﬁ5ﬁﬁ@m%
SZAHRLEE, A 2 (2) SRAF HEJE T B 130 AR 5 BB AR
VER L FAE R PR B AZ IR b . [ 7 45 H T A G o ) O vk
13 2 A MG B B 130 FHAEAS B 5 BAA BIXT A o

a. FUH b. AR2E EH LR c. F IR R B E1 d. 2R BE 7> &) e. KB E /%]
a. Truth value b. Labels automatic c. Adaptive threshold d. Global threshold e. Otsu threshold
generated segmentation splitting segmentation
B 7 RRSEFEke AR L B AR AR Z T 1

Fig.7 Comparison of binary masks and bounding box labels with different segmentation methods

WK 7 BN, s E AR RS RE 88 2 i S BAE B
BRI EBEEE, JFH f S 2000 AR SR
SHEMEA AR E DA £ 3EE T AETEEAER
M S 25 5 BAR 2 (R R 92 AU 5 BE 22 R . #r
25 H AR BT R R I 5 S B R I R 2 A AL
IEF] 94.10%, H ALK I AR S EAE 1 FUHE ) R 2558 I
LLIE 2 95.23%, 2 AMEbRARE T HAL 7.

#z3 BifRES AL REXTLE

Table 3 Label quality comparison of automatic labeled with

— 452K Loss of total
— 532451 Loss of classify

— L FEAR 2K Loss of center ness
FE52457 2% Loss of projection

manual labeled (%)
ik gy PRERE

. . .. . 1stance intersection

Segmentation method Cosine similarity f
over union

K BI{H Otsu threshold 29.44 32.07
4= JR 14 Global threshold 43.97 69.42
1 3& B {8 Adaptive threshold 48.48 75.83
3L This paper 94.10 95.23

PREE T o LESE RAR B, BnRs B AR R BT DA 7
AT 5 BN MR, EENLS 50T e
SEHLK H S R v B B ARTE, T e 5B R RR 28 AT B
TRUEE R R FE RS e . W&l 8 B, fEAH R A4
FEMMZINGSEAFAET, AN A ERRES A
THARZEHATINGR, PIRPREAH 6 BRill 2540 % 1 A2 AL 35
HA—BL BUEA MU oES, W ARSE B AT
27 A I SR AR B A 58 4 W] DU AR ARV AT 45
N2, BENSIRAS S5 FAARERE A ML AR SE 1

[8] )443 2% Loss of regression — B4 52K Loss of pairwise

2.00 2.00
21 % e
215 215
Ji e
by S 125 fé 125
=% 1.00 = 81.00
<3075 ~20.75
0.50 0.50
025 \ 0.25 L‘M_ =
0 0 .

S PSSR
I ZRIRHL
Number of training
a. NTFRZEFER

a. Manual label samples

NEENJRNJEA RN SPINSRN NN
PR W VAL
VRSP

I ZRIREL
Number of training

b. FIAEBbRERE A
b. Automatic generated
label samples

B8 ALF%EL fFHIFEHRGIARA
Fig.8 Training loss of manual label and automatic generated
label samples

3.2 1EBEUNIRLER AR

P APSO~AP75. AP, 5 AP B6iF WX 25 A5 70 sz 5]
SrEREE (FEWLR 4) . 7EME AutoLNet BEAURS, 735
B 4 B ETMEIATIAR . 0k 4 s, EHBE 4K
FRZENPEARHEAT I ZRIE,  AutoLNet 15 %4 {8 ] ResNet50+
BiFPN == - ) 4% 15 21] 1) FH00 A A JEAE B e b, B RL (1)
AP {53719 68.69% H135.07%, FHorfr, BERIZEAZ 3L RIAE
KFET 0.75 1) (AP75), TRIMAERE N 73.67%, K
RN 12.03%, 43 HFLLBRME R T45F 0.5 1F (AP50),
TR AE K FE L 2] 96.39%, HEMEAE 1A ) 91.75%, R
I 5 PN AP 5 AR 1) 58 B B ) B MK, AutoLNet Tl
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PFIIRE B BE 2 T 2T M 4% A ResNet50+BiFPN B,
H T BiFPN 7] LA 5| N 5 SJ AU 22 S AN RSN RRAE,  FE R
F BT A E R A B 2 REERLE 77 AT RS2 L,
R AR T ResNetSO-+FPN, T A 48 I (1) ~F- 24 K 5
T 447 DNE A (H ResNet50+BiFPN [ AP {5
A 68.69%, ResNetSO+FPN [1] AP {H°N 64.22%) F12.4 4
T3 i (Mt ResNet50+BiFPN 1) AP {5 35.07%, Res-
Net50+FPN [ AP {HN 32.67%); ETM% A ResNet101+
BiFPN I, Ll Al A0 48 JIEKG B2 (1) AP {73l BB T 2.63

(E:rf ResNet50+BiFPN ] AP {54 68.69%, ResNetl01+
BiFPN ] AP 18 66.06%) F16.51 ANE735 (Hirt ResNet50+
BiFPN 1] AP {8~ 35.07%, ResNetl01+BiFPN ] AP {H
28.56%) , AP {HFFARME T M2 B InER g &, X2 i
TARRBHEARLIACE 128, BFEARLBREER LKA
B, TR FH L FAE bR AT UIZRET, ISR
B e SRR R B TR 0 TR, BRIRJE M

LRIEES], WP IE R INAE /7. 73 4h,  AutoLNet i
RITEAZ LI 70% J5 ()4 IERE P B B 52, Tf Tl AE
WP MiEfasE, RS AutoLNet BRI DI FHE Ay B,
L 225 S AR R R AT A WA B AT, MRS IR
V)L A o N, YD P 8 SR 5 3 AN n T AE RS 2, 5
LR IRE B

HE 4 0T A, HAEBRS SN TARSE B E T W%
4 ResNet50+BiFPN I A 5 4F FIAG BER I,  H 3 A4 ibs
ZELETRINAE 5 HERL IR FE (AP) 430 N TARZE
10.83 ( 3 ' ResNet50+BiFPN [ E 4E B h7% % AP i K
68.69%, NTHrZE AP 1H N 57.86%) 5 3.42 ANE 4 (3
i ResNet50+BiFPN (1) H 4 ilihn 25 AP {H N 35.07%, A
T A% AP (N 31.65%) , X2 AT N Tr%,
H 2B BUbR 2 B8 X B AR S (932 S AT SE RS 1R A6
MR 9D 7 N AR R BEALIE S A e v, (SRR 1l
AT S A5 AR AL X 48 22 3], T SRAS 58 i RS 2

4  AutoLNet tRBANEEFME TR FIEE

Table 4 Average precision of AutoLNet under different backbone network (%)
FET M bR PP
Backbone network Label Evaluation type AP30 APS5 AP60 AP65 AP70 AP75 APy AP
, - P AE . . . . . . . .
B2 bR T{ngj:“l: 88.21 77.93 70.61 69.41 66.37 65.83 64.76 64.22
i 89.21 76.44 61.92 49.63 26.16 8.17 33.05 32.67
ResNet50+FPN =l
AT hS T AE 87.05 84.71 77.64 77.52 71.16 63.23 57.13 57.03
HENH 73.56 71.92 56.93 32.01 11.64 4.36 28.63 28.07
s TRAE 96.39 86.79 81.96 80.93 79.67 73.67 68.94 68.69
A A bR P
. 91.75 81.92 78.17 57.31 36.62 12.03 35.44 35.07
ResNet50+BiFPN 3
AT HR% TRAE 95.58 95.56 84.42 83.35 75.00 67.25 57.86 57.86
i 92.19 89.72 66.90 4433 14.71 5.70 31.69 31.65
, - P AE . . . . . . . .
B2 bR T{ngj:“l: 87.05 82.72 78.62 74.90 74.86 66.90 59.16 59.09
1 87.67 81.09 58.44 4591 20.71 3.13 29.73 29.57
ResNet101+FPN _
AT hS THEIAE 93.84 93.81 89.65 84.62 78.75 63.59 57.83 57.83
HENH 91.59 81.20 61.22 34.63 16.84 7.92 29.53 29.49
s TRAE 94.27 84.90 80.78 77.42 77.36 71.94 66.14 66.06
A A bR P
. 83.66 76.51 55.12 42.03 11.22 2.07 28.79 28.56
ResNet101+BiFPN m
AT HR% TRAE 89.60 89.55 84.01 80.42 78.36 73.02 57.04 57.04
i 81.10 75.92 54.00 27.77 15.34 6.97 26.13 26.13

WE: AP50. AP55. AP60. AP65. AP70 5 AP75 Fnsr®I4 R 5 EEMMAEIFLL JoU) AR TET 0.5, 0.55. 0.6. 0.65. 0.7 #10.75, AP, K= 7 HFIHER 1)
BERPEEKRT 9216, AP EFTA KRN TEIME, RIrHIE5 RS A MBI LM 0.5 THIRTERE 0.05 BUEE] 0.95 fE A E. TIH.

Note: AP50, AP55, AP60, AP65, AP70 and AP75 indicate that the intersection and union ratio (IoU) between the segmentation result and the true value are greater than or
equal to 0.5, 0.55, 0.6, 0.65, 0.7 and 0.75, respectively, AP, indicates that the number of pixels of the segmentation mask is greater than 9 216, AP is the average of all
categories, that is, the intersection ratio between the segmentation result and the truth value is the overall mean from 0.05 to 0.95. The same below.

N HGHE AutoLNet 458 784 55 3 A 575 T 1 FAE b 25 1) 55
B ST A IR RSP IRE B, AR IRE L 2 N BON K
1 55 15 B HREY DiscoBox il Box2Mask # 17XT . N
R30E 28 F 4, DiscoBox Al Box2Mask {# F] 5 AutoLNet
FHIFEN N TARBEAE AN ZRFEA . B3 5 A1, AutoLNet
A5 2R SoF I Y Y00 AE 1~ S5 K PR R I ST 35 K B AT = T
DiscoBox 1 Box2Mask #& % . 7E 4= 5 F ¥ ¥ E (AP)
J7 1, AutoLNet T Ml #E #5 £ Lt DiscoBox 15 A 15 11.28
NE4 A (HA AutoLNet i) AP {54 68.69%, DiscoBox
f) AP 189 57.41%) , Lt Box2Mask #5 # = 8.79 AN 1 43
R CH H AutoLNet [1) AP fH ¥ 68.69%, Box2Mask 1]
AP {4 59.90%) ; M H#ENEHRS B /5 T, AutoLNet L Disc-
oBox B E 12.75 AN EH 4> A (H R AutoLNet i AP {H A
35.07%, DiscoBox [f] AP {54 22.32%), Lt Box2Mask 1
AU 1072 NE 4 A (A AutoLNet ) AP {8°N 35.07%,
Box2Mask ] AP {4 24.35%) . A LAIERH, AutoLNet [

I 4% 45 A6 7 4 TR () 8 AR A1 v 3h A 3 o A — S S A= i
—NERE B T, ARSI T AR I 58 MR
SEA 43 B 5 TH A AR, BEAE DL R RS FE 58 BOK H 3
BE R K A B G ) s 4 43 5

T HEE AutoLNet BEAYTE G Sp) oy BIRG B  5 4
BRI ZE 0], A SRR 4 IS BT Condlnst £ Mask
R-CNN 5 AutoLNet #47 %t @3k 6 ffizn, 5 CondlInst
FERIXS L, AutoLNet A5 7Y (1) T AE 5 #8E RS FE IR AR T =
T 4% 5 ResNet101+BiFPN £ CondInst Y, 4351k F)
CondInst F7[¥] 94.32% F1 83.14%, 47 FIIFERE (AP)
2y W M2 4.14 ( H b CondInst [ AP A 72.83%,
AutoLNet ] AP 18}y 68.69%) Al 7.11 N 43 i (Horp
CondInst i) AP{E A 42.18%, AutoLNet ] AP{E A
35.07%) , LT EF M4 N ResNet50+FPN [1) Condlnst
PR, HEREA AP {EAK 3.84 A 2 (HH Condlnst [
AP 1f°4 38.91%, AutoLNet ff] AP { A 35.07% ), il
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DUAERT AP AE U =5 4.76 S 50 s (HA AutoLNet 1]
AP {5~ 68.69%, CondInst [} AP { N 63.93%), JtH
AR K T4 T 0.5 B1F (AP50), AutoLNet 1%
() TIUIAE K FE 5 #EJERS B =T Condlnst A4 2.08 (Hrh
AutoLNet ff] AP50 1 96.39%, CondInst [£] AP50 15
94.31%) M1 3.81 N4 A (HH AutoLNet [ AP50 {81
91.75%, CondlInst [] AP50 fE°4 87.94%) , Ui B A 3Lk
BRI SR ALK, AutoLNet B8 4 T CondInst 57 ; 5
Mask R-CNN #5 24 %t Lk, 75 T AE ¥ 5 3 RS 2 1
AutoLNet 1 7 & 4 -+ Mask R-CNN 7, A% F %+
ResNet101+FPN F-F/4%f¢) Mask R-CNN %, AutoLNet

R PR E (AP) L& 7.54 (M AutoLNet [
AP 18}y 68.69%, Mask R-CNN [f] AP fH N 61.15%) #
3284 A 4 s (H A AutoLNet ] AP 1 A 35.07%,
Mask R-CNN ) AP 10 31.79%) . Z55REH, LK
W S5 4y EME S5 v, AutoLNet A5 75 [ 43 EIHE 5 50
4 B CondInst, HAET Mask R-CNN A7, J& [A]
/& AutoLNet 58 B 58 LA SAE N IS B, (HAE B AR A At
HERS | M IS RSB ANREIE XS H bR S5 A2 5 T
/ML FAE, Reff R 2 R RS BXTEAY AR ) AR
HI52m, (AL AutoLNet #5570 B 6% 18 B80T T4 B i sk
11 73 FBER

&5 AutoLNet 555 E &R (DiscoBox F1 Box2Mask) HIEIHEERTLE

Table 5 Comparison of average precision between AutoLNet and weak supervised models (DiscoBox and Box2Mask) (%)
it FETM Rt
Model Backbone network Evaluation type AP50 APSS AP60 AP6S AP70 AP75 APy AP
. TiMAE 83.21 79.56 76.52 74.32 69.89 67.78 58.04 57.41
DiscoBox ResNet30+FPN e 73.26 72.54 56.52 31.90 724 0.73 2011 2232
TRMHE 87.34 84.13 80.32 77.71 75.22 66.33 51.24 59.90
BoxaMask ResNetS0+FPN e 78.17 70.22 56.67 27.23 5.94 0.34 221 23.81
ResNet]01-FPN T IAE 86.31 82.84 79.62 76.20 71.31 64.02 60.24 57.08
M 78.83 70.09 55.41 31.23 7.44 0.84 24.22 24.35
. T IAE 96.39 86.79 81.96 80.93 79.67 73.67 68.94 68.69
"
AutoLNet ResNetS0+BiFPN e 91.75 81.92 78.17 57.31 36.62 12.03 35.44 35.07
%= 6 AutoLNet 5£M4EH&RA (CondInst 1 Mask R-CNN) 5% B 3 FEL
Table 6 Comparison of average precision between AutoLNet and fully supervised models(CondInst and Mask R-CNN) (%)
b T WIRE AP50 AP55 AP60 AP65 AP70 AP75 AP AP
Model Backbone network Evaluation type v
ResNetS0+FPN THIIHE 9431 92.82 91.01 88.76 83.41 70.11 64.85 63.93
esne et 87.94 79.58 70.93 56.04 33.02 2220 4227 3891
Condlnst ResNet]01-FPN TRIAE 95.73 94.42 92.35 90.89 87.03 75.50 66.55 65.80
ondains esne B 92.15 82.61 73.10 58.71 36.64 20.08 45.69 41.05
ResNet101+BiFPN THIAE 97.50 93.53 92.55 90.77 88.02 85.94 73.56 72.83
esne ! £ 95.14 83.11 73.23 60.02 38.67 20.66 45.82 42.18
ResNetS0+FPN THIIHE 92.71 91.65 89.44 85.32 79.50 60.78 59.00 59.01
esne et 84.14 77.90 62.32 40.53 17.03 226 28.73 28.40
Mask R-CNN 5
THMIAE 94.03 9232 90.81 87.20 82.92 64.26 61.25 61.15
ResNet101+FPN
B 86.65 81.71 69.30 49.44 23.40 2.56 32.01 31.79
THIAE 96.39 86.79 81.96 80.93 79.67 73.67 68.94 68.69
AutoLNet ResNet50+BiFPN "
Home eSNETTEL s 91.75 81.92 78.17 57.31 36.62 12.03 35.44 35.07
9 A& AutoLNet 5 4= I B s2 51 43 #4#5 % Condlnst
il Mask R-CNN ({150 BIRCEX . MEFFTTLEH, x4 & 1’

TREAET AN K K E BB, AutoLNet 5
S MBI 7 BN R AR H L. AutoLNet fARZE H &
AR BE U B ARE AR B N TAREE RS, BT AL
I IR)RSEAS, I REAER 7 #1705 B AR B KRR, KBk
BG b b TOLI R MR RS T, B SR R A Ak
15> &1 I

¢. Mask R-CNN 7
S o E S R

a. Instance segmentation b. Instance segmentation c. Instance segmentation

a. AutoLNet
S o3 B2k R

b. CondInst
S oy E 5 R

results of AutoLNet results of CondInst results of mask R-CNN

B9 FRRIRA & B BRI

Fig.9 Comparison of segmentation effects of different models

ABFFCBCE T — M T 8 A R A8 1 55 e Sy
FIHAL AutoLNet, FIFH K% 5 F TR EG 1 EF
52 B AL SRR R AR Y g9 I SRR, e sl
AutoLNet B Kl gk, AW I EZAF B LUF 45k

1) PrstitAnas B A SR I e 2 () e e 8B
PR BRI 5 /N SN T A K v G B B A s E b
S FHE CHERARE), W A A AR 59 I
B R N TARSE, HARZERG LA H] 95.23%

2) BEIk 1T H A RN SRR I 5 S S AR A,
555 R R 1 S Al EARAE T E T RIZ%, R ResNet-
50+BiFPN $ m4HEse IAE 11, LAShAS B UE R AR 1 4 ]
EEhA MO EE— A A RN, AR T I AR
26 1A 559 M B vp 0] T 2 4 R R 2% 1 K v I s B
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i K BE S 4y B, AE T W 48 04 ResNetS0+BiFPN (1)
AutoLNet B8, H AR bR B AR T N AR 2 AE T AE
¥ FEL 1R P 200K B 14y il vt 10.83 A 3.42 AN 43 AL
5 DiscoBox 1 Box2Mask 55 i & A5 B4 #H B, AutoLNet
) T A 52 43 ) v 11.28 A1 8.79 AN 43 A, HEMIELRG P
Sl 12.75 A1 10.72 AN E 4 B

3) 1E KA B 5L 73 FI4E %5, AutoLNet 5
4 B AR 2 B RO AR L. AutoLNet 1J PLTE I 25 18
T PR AR 200 2 5 RO 40 2R S BI85 M B 2 D RS FE I 4 vy
TERE R R I 5 b7 1 = F 2% T, AutoLNet [ TMIAE 5 #E
JIEKES B o] PLIE 21 CondlInst A7) 94.32% (A AutoLNet
] AP i N 68.69%, Condlnst ] AP N 72.83%) 5
83.14% (H:H AutoLNet [¥] AP {8} 35.07%, CondInst ff]
AP 8} 42.18%) ; TMi%fHt Mask R-CNN #7, AutoLNet
(P TRDUAE A 5 7.54 DN 4r A, FEREE & 3.28 M E

I3 Ko

ZrERrR, ExI I AN K S B EMER (TARED 1
SEAF) 43 EIMT S5, AutoLNet B2 0] LLYE TG N TARES 1) 261
TSI R SR . 5 R R T S AR A1 55
B A (DiscoBox Al Box2Mask) #HEL, AutoLNet #5 %l
3 B 1 HE JIEE RS BE R ) AE RS FE AR =T DiscoBox Al
Box2Mask. Ml £ 22 Hf L B A K T 55 T 0.5 (AT 2 1,
AutoLNet FJ 73 I B8R Z AR T 4 I B LAY Mask R-CNN,
H5 CondInst #:i. Kt, FJH AutoLNet AJ PASZELE
KHEIRET FKE A EGRs) 5%), BAUR R E
RIS FabriEd R, WE T RKEMN ThREF K
A, RAKEIRES R (1) 5K A G S5 4y BT 25 4 it
R T R AR S R .
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Instance segmentation model of maize seedling images based
on automatic generated labels

ZHAO Lulu!, DENG Hanbing®**, ZHOU Yuncheng®?, MIAO Teng?, ZHAO Kai', YANG Jing?, ZHANG Yufeng®

(1. College of Information and Electrical Engineering, Shenyang Agricultural University, Shenyang 110866, China;
2. Liaoning Engineering Research Center for Information Technology in Agricultural, Shenyang 110866, China)

Abstract: Image segmentation has been widely used for the rapid and accurate detection of plants in the various robots of
modern agriculture in recent years. However, fully supervised learning cannot obtain the sufficient, effective and low-cost mask
labels (manual labeling) as training samples in the segmentation task of plant image instances, due to the diversity of plant
species and forms. In this study, an automatic labelling-based instance segmentation network (AutoLNet) was proposed to
improve the segmentation accuracy. The weak tags were also used to train the weak supervised deep learning model. Finally,
the network model was used for the image segmentation of maize seedling stage. The top view of maize seedling stage was
collected by unmanned aerial vehicle (UAV). Data enhancement was then used to improve the sample diversity. A weak label
self-generation module was added in front of the backbone network using the weak supervised instance segmentation model.
As such, the module was composed of color space conversion, contour tracking, and the minimum peripheral rectangle. The
color threshold range of corn plants was firstly set to remove the background area of the image, in order to eliminate the
influence of ground shadow and land on the foreground information. The foreground corn plant area was also expanded to
remove the small noise points for the binary image with only foreground corn plants. Secondly, the edge detection was carried
out on the binary image after threshold segmentation. The contour point set was then set for the foreground corn plants. Finally,
the minimum peripheral rectangle of the foreground object was generated automatically in the original image using the
coordinates of the contour point set. The final boundary frame was obtained to filter the threshold value. The weak label was
generated automatically. The weak tags were used instead of manual tags to participate in network training. The image instance
segmentation of maize seedling stage was realized without the manual tags, which was greatly reduced the labor cost that
required for data annotation. The test results showed that the distance intersection ratio and cosine similarity between the self-
generated and manual tags reached 95.23% and 94.10%, respectively. The quality of the tags was fully met the high
requirements of weak supervision training. The average accuracy of AutoLNet's output prediction frame and mask reached
68.69% and 35.07%, respectively. By contrast, the average accuracy of Autolnet's output prediction frame and mask increased
by 10.83 and 3.42 percentage points, respectively, compared with the manual label models (DiscoBox and Box2Mask). The
average accuracy of the forecast frame increased by 11.28 and 8.79 percentage points, respectively, whereas, that of the mask
increased by 12.75 and 10.72 percentage points, respectively. The accuracy of weakly supervised learning was improved to
reduce the projection and paired loss during training in the AutoLNet, compared with the fully supervised model (CondInst and
Mask R-CNN). The average accuracy of prediction frame and mask in AutoLNet reached 94.32% and 83.14% of the CondInst
model, 7.54 and 3.28 percentage points higher than those of prediction frame and mask R-CNN mode. Once the intersection
ratio threshold was greater than or equal to 0.5, the segmentation effect of AutoLNet was better than that of the fully supervised
model Mask R-CNN, similar to the CondInst. Consequently, the improved AutoLNet can be expect to automatically obtain the
corn plant labels in the image using the label self-generation module. Manual labeling process was improved using the label
self-generation module. Case segmentation of corn seedling images was realized for the cost saving without manual labeling.
The finding can provide the solution and technical support to the high precision and low-cost segmentation task of maize
seedling image instance in field environment.

Keywords: image processing; deep learning; instance segmentation; weakly supervised learning; maize seedling; plant
phenotype
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