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Improving Binary Segmentation Accuracy for Agricultural Land
Monitoring through Two-Stage U-Net Training

HyangSig Ahn* - YoungKyu Shin* - TaeBong Choi

Division of Climate, Land, and Environment, National Institute of Environmental Research

Q9F: o] E&(binary segmentation)< £3] 22 A}
oFoll A ARl 24 (False Negatives, FNs) £ A& A| &8 22
oA ENo] A7) - mdlo] A2 TR AR B
. ofof] & Aol A= 194 S5 (Stage DO A o15H
A1 3 (auxiliary supervisory signals) 2 &80} F+ H#| &£ 51
Sz 227 U-Net oh5 g ARbete. o] 2 2d 7
of ceh el ¥ & 7 4= Slrke Aol4 A18Ho]ek. Alg
23} 5] A EX A (214D AufA] eFx]of] BL-E Qo FNS
o W AR gh(Intersection over Union, IoU)< 2F 0.10 /A1 5= Z
SH 0.2, CIFR U-Net W) R 50 75 EN oAl o 2 o)
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Abstract: Binary segmentation faces persistent challenges from false negatives (FNs), particularly in
applications where missing small target regions can undermine reliability. FNs are critical in sparse
land-cover mapping tasks because they represent true targets that models fail to detect. Here, we
propose a two-stage U-Net training strategy that automatically accumulates FP and FN regions from
Stage 1 predictions and reuses them as auxiliary supervisory signals through a second output head
during Stage 2 learning. This enhances the model’s ability to revisit uncertain or ambiguous areas
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without any architectural modification. The method was applied to mapping sparsely distributed
ginseng fields from high-resolution aerial imagery from South Korea. The approach substantially

reduced FNs, tolerated a modest increase in FPs, and improved Intersection over Union (IoU) by

approximately 0.10 across various training conditions. Because the strategy only modifies the training

scheme and not the model architecture, it is compatible with U-Net variants and generalizable to other

domains where FN suppression and stability are essential. The findings demonstrate that learning

from accumulated error regions offers an efficient and practical pathway toward more reliable

segmentation in complex real world environments.

Keywords: aerial imagery, two-stage training, false negatives, ginseng field mapping, agricultural land

cover segmentation
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o] % E&H(binary segmentation)> EA| I & L2 E

¥]SE3k cjorgt ool A Y] SRl 34 7]olt}
(Chen et al., 2022; Cardama et al., 2023; Lee et at., 2024s).
EAQ AFY-H I 29 44 &9 E7 L
Q1 U-Net-Z theFet o] 2] £ 2hi o A Z8 A ARE
%] o] 2kt (Ronneberger et al., 2015; Chen et al., 2024;
Cheng et al,, 2025; Pang et al., 2024). 12U} S} A &
9, A ZHH 0 2 GAFSH 8, o]u] X] o] & &3} Z+
2 FA = FP(False Positives) 2 FN(False Negatives) Q-
= zdjoto] dl 452 AT o] gt o] =,
o] A U-Net®] HeHe S FJAI717] A
Fol L7} =38 %] o] kTl U%Net (Qin et al., 2020)2
SR U 722 59 2T 452 husgen,
BASNet (Qin et al, 2019)2 A w3t F A A&S Y3
A Q12](boundary-aware) <A SHE E 5%
PraNet (Fan et al., 2020)2 9] & GAloJ A ££& 62
G314 0 2 B35}7] Q3] reverse-attention W AU S
2 &-85}9]t}. ResUNet++ (Jha et al., 2019)¥} DoubleU-
Net (Jha etal., 2020) GA] A7 21| 9] QF4 291 &4
2E2ga 7HH1—Q :[LZX-] 7H4j E:ﬂEo]q
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-|-‘

No°_°4:1ﬂll"
TR

FN O.5 2§ Hopo] uje} 423 232 29T
% Ik o So] AARAIAE BY AFE, 44
o A9 Ex B 544 GAS A A9 B4
A ek 0 F} ¥ R LA A g0 o]ojd 4
Ik TebAl ENG OIS A AARAte B
o BR2 ngt ook o)) 4 B3 2l 4 B4

A Aot
FN @78 Sol7] A A2 A v 7= +

2ok 5\3741, £4] 34> Z1H0]| A Focal Loss (Lin et al.,
2017)4} Tversky Loss (Abraham and Khan, 2019)%} 2
o] o4 2200 o 2 FHEAE HofirAh o
+ME A5ste o] Atk =4, Hlol e SHo
Me ag FHAHOHE SAHAY 4] 5 ¢
Ao A G B REEA] TSI & A o= Mk
o] 22 Ht}(Shorten and Khoshgoftaar, 2019). 1A, T}
F T 574 FE0 Y attention | AYES Z-&1F
24 NS B3l S astAY At E i BH O
2 gA T 4= ItH(Zhou et al,, 2018; Oktay et al., 2019).
A, 2 A S5 (two-stage) = -4 2] 7|9F ¥ 2
27] 23 AE WAL w98 3 g
A517] Yol o] A ZES EYSHH(Chen at al,
2018; Jiang et al., 2019).
o| gt HLHEZ FN a0 7|ofsf gtovt, A
7HESHASHAY ti s o] w34 FHo A=
ARl 5= FAISHE H THAE Bl ‘3} ol=gt
A Holl A<= o] ALt Sh<5 Al (epoch) o] w2t -F-AFRE
FAo] A= tE2A E57E= B A o] TR
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olof & Aol A= A 2] U-Net 25 4|
Sgerg e (e E e
(two-stage training) H=FE A QS 71 & R
2 £ g 2401} 721 740
2], A %

1511 25
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Qum, AAGAL G4 78 A5 20 B R 40 F
7Fstar iok. U4k A A& o= 914
A 715 5 o2 BRS AR 7 AT THLee et
al,, 2021; Yang et al,, 2021). 12{1} Q1AF Ajuj 2] = L ut
ARl BX| o & Ev g2 S 5]40ekal gt
=SS 7 ER, 7]|& T <5 Ao A= FN
O 2 QI A7t 4 A AlstEch AlHE FP+EN 7]
HF 2] Sk AR QA AuiA] 2o AT o
W= 7iAdstlon, 71& & ©A Sk 4] 9] gt

do

A Fuoka 48 S5ty AN S B8 THs
2 BolEelr.

II. A7+

1. AR

A1H-L Linux Ubuntu 24.04 =G A 4|2} Python 3.11.9
(Python Sofrware Foundation, 2024) 3+7 o] 4] 43§ =]
Act. st= o] 71492 AMD Ryzen 1700X FGA] 2174
2] (CPU), 48 GB H| 2L 2] (RAM), NVIDIA RTX 3090 Ti
IHHAAGZAGPU)Z & A Hed 7+d H
GPU 7} 938l PyTorch 2.7.1(Paszke et al., 2019)2}+
NVIDIA CUDA Toolkit 12.62 AF&-5FTh

2. A7 XY

2 AFoM = A== EA YA HANGID7H P4
7471 9 M E A\olo) TaE BB
2 54 % 97} Hlo]E 2 FHEEIc). Shsol e 7]
T A9 G 5ME Ao, Bte A e
A9 9] 94 2705 AHE-SHY Th(Figure 1). B]AE H|o]
Hh 2] Auks) S 18] BrAop] Siel s
o] AREE] A ok HeEpd = A Hol| A ATt Sy
R EAE HolEls FAA S 256 x 256 B
= eFdstolqlon, 2|F2] 0 = Shof| 843671, El
AE0] 3496719 BFL& ARESHAT. HRH(GT) R
B N P EE LT L SR P ERARE
o2 BEslo] £ FEASAT. F G0l
A QA A A AA] glst7 ] Yl T8 Ak AE|
2838310 A B2L SN}

Uit Al A= BHEA] Q1 A} e o] ZpgA]d (shade
structure) =4 o B2 AHT} 4= QI th(Figure 2). 17
L ol2|gt R E2 A4, A7 9% 5ol 2FsH &
oF A|2H4 Aol Wk EE AR HHE T o)
€ 5% AGolA = yettr] hiiof A= Sle
o] ot} o] 2Rt WE A T2 AE ¥k A=Y
193], 29 2719 30| o] 7]2I5H, o= 5 2
A W Fo A & A|Z+A thoFA] (intra-class variation)
< HAAZITE HEo] 24, v R, v detA T

Fetvd FFE ESH AR IS e g A B g,



ro
oo
1=
=
08
=T
ﬂ
o
ol
~
o
ixe)
Rl
H
C
m
o
o
do
rol
N
i
-3
T
&
AN}
e
=]
[al
AL
o
0x
Jor
H'|
o
0z
0
i3
(2]
N
~

Figure 1. (a) Study area and corresponding ground-truth (GT) masks. White pixels represent ginseng fields, and black pixels
denote the background used for training and testing. (b) Example 256 x 256 tiles GT label used for model training.

Figure 2. (a) Field photograph of ginseng farms; (b) representative shading patterns of ginseng cultivation structures; (c)
examples of non-ginseng agricultural fields that visually resemble ginseng cultivation structures.

N 2HE o] A I o A Z A 7F S5 (inter-class
confusion)9] 7}5/d 0] ozt o] gt Q152 11
S 5 GdelA 14t Qe A & oA 2ot

< b 2 o2 2
3. ZH Y

2 Aol E dEE SA 372t HEE 9A 3

==

2 F4H U-Net G AT Z Al 7
9] 3 x 3 g4 F(convolution) FO0. & T, 2+

ol &= vl 2] A F3H(batch normalization)2} ReLU &
542 Aottt ola B 7 e EY
2 x 2 2]t £ (max pooling) & 53] +8F 9.5,
T A 7 FAEF2 2 x 2 ARG H (transposed

convolution)& A}-8-510] =343} % t}. Skip connection

ofw

o
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S BB BL IS A ARE9 54 B A
d Z}Yof| A t] 752} A (concatenation) = B4
o2 HBIGIT. HE FUL 1 x | PHTEE A
A7 =™, A ZLEL0]| E (sigmoid) /g8t 25 &3 0]
2 upA T 2 HIE T EFol2(dropout) 4]-8-51H4]
poron, 83t 220 37 RS EAa &
Aep7] 4ol RE LT AN A2 12 B3}
ek

c

Io*l

540+ Adam 3 E]1}o] A (Kingma and Ba, 2014)
o

on, Sh5ES 0.0012 i’ﬂa}i’ w2 =

PyTorch 2.7. loﬂ A Xﬂ—‘—¢>]—~
BCEWlthLogltsLoss AREBEl o T, o] = A 1 Ho|E

23} gFre} o] A WA} QI E & 3] (binary cross-entropy)
£ Sgsto] ol E&o] avta o g gk At
H 204 g5 A2 QJof| &, SoftloULoss (Huang et al.,
2020), Focal Tversky Loss (Abraham and Khan, 2019),
BCEIoULoss (Shorten and Khoshgoftaar, 2019)& 5%

3 814 2004 WA Brkstel &4 4 A o]
2 4% UES ¥ Lot e utol 4 74, 1%
%] 271 sfo|Huztul g

SR, &4 3 Y AR
472 Table 1°]] 8 k519t
tloelAl MA ZA F A4F Aful A of] s ot
S A vl 2.2%0] E2Fsl . o] £ <3,
2 FoA] SFLES] WA batch)o] €4 740
Bl =
25

o

i

.
ol

X g
e o Qi

SEERENE TR T
koS AL A9 ko] WA 7} kA
Qe e FAE A o) H e AR AL B

rué l-N
o,

Table 1. Training hyperparameters and model configuration.

o] mE DA uElA 0.2 | &3}eete A4 o=
7F=A Yehue 719H ddo] Ay skit. 11 Axt
EN H|&0] 57}skal ToUZ} Zhastn, e o] 43 o]
Al & o] Fo] A A] 3kt

o] BAE ) A5}7] Y&, AA WA o] eb5l A
H|-&0] 0.1%E Z3}5h= EFYS ‘positive tile' = 4 2]
ST}, 0] & PyTorch 2to] B 2] 9] WeightedRandom
Sampler S AE Z-8-510] T}<5 Al positive tile©] A E
52 =011, P HiA & I I positive tileZt
negative tile®] H|-&0] 9F 2:1 2 SR & =& 2451},
o2t HlET HeFZ 53l i ok WH(iteration)w}
o Bt gAdlo] 2 otE Btdo] Kt Qb A 0 =2 HijA|
off 3= == 51 Th

= X2f

[ S |

A= A S (EN)S ASHL s
FgAI717] 98l 71& U-Net 25 7|9EC = g 2tk
F<5 (two-stage training) A =F2 Z-8-51 9]}, S 1}
lg k& 0 7 upA T A A Q] Stage 13},
QF QIA] 7|5t Aok TA QI Stage 22 /3 ek ¥
A Stage 1914 Fet oF5o] ¥ d F, o5 HlolE
oAl FAYEE 7 G HZ of & (epoch)o] FIPH o wt
E} FEo1L Aot Z o Zott} F A vpAg
o] HAZ ALl
Stage 20| A& Y8 GT AT S A 49 o5

5.

Jon
ol

ox 2, ool
m rlo ol o_>|: (e
ml>

r_,_

J9ES B2 = A S (auxiliary supervisory signals) 2
A&t om, o] & F WA &8 | = (second output
head)E 59l Sh<50ll 851t Stage 17} Stage 2 &

FollA °ﬂ£‘j}5} ot 3 HAE glo]EAlo] i)
IoU, FP, FN g} A1tote] 45 HokE LY E s}

Parameter Value Notes
Optimizer Adam

Learning rate le-3

Betal 0.9 Default

Beta2 0.999 Default

Epsilon le-8 Default
Batch size 48

Weight initialization He normal Default
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CHA| U-Net 7|8t O|RI28H MEte SHAH HiH 629

Ak IoU= ofH| A £ 452 717 S1Rt t 74
ol A|EZ, 4] (1) 2]=] o] 3JtHRahman and Wang,
2016).

loU= T3} o] FIick

TP
ov= TP+ FP+FN O

of7]A,
* TP (True Positive): A A| E]'Zl% E}7l 0 2 A 3}5]

q
* FP (False Positive): 2
=

1) 19HA:
1A O AL 7] & U-Net 22 gH-8510] 1 0]A
H5H(binary segmentation) S}52 54513t} o] ©HA
o %A ThFet &4 F4E Bl ot ToU 5= 871
SHom, o] QA JH S5 Yl 2HHA T
BCEWithLogitsLossE &4 342 A& 5} T,
Positive tileQ] H]-&-0] At A 0 2 L10}7] ufj&of, vl %]
Wof| A positive tileX} negative tile2] B]-E-2 2F 2:12 7
Z1517] Y5l weighted random samplerE- %]-8-5}0] Ef
7 @ 9o] ZohH etdo] FE 3] Sh5EEE 59T
SH45-2 1009 (epoch) B9 FHE| 90 5, 7t of &}
Sts5 ool Ef o thi sl loss, oU, FP, FN gh2- 7] 5519

7] 845 (Baseline Training)

‘1]-1:1
|54 mUE o] H53e S shir

)

3) 29A: o|F A'd <5 (Two-Channel Training)
A O A= U-NetQ] 7|2 128 It 2 32|55
H Y 5 5= Foteh A WA &8 A
7129 el upA T E o 25, £ ¥R & Y

1A o A B4 FP 9 FN 2¢ 07 nfATE d]
SHe S AASHAT ZF &2 A€ BCEWithLogits
Loss AMg3to] £ 4 0 2 S5 E|9let. o] o] 5 A
F2E 0% 29 A(multiclass) S5 W4 = T2,
TG AS =G40 2 515E] 7| uf 2o ofute] O
o] FAlol F AolA etz o2 B7E 4= Qe §t
W, o5 F A ShgollAle 2 5o o 4] ohite] &
g 20f viErA 0 2 ShgH ).

e rlo Flo HHN'

1. A7}
1. 150 8k

1+ 8k<50f| 9FA] BCEWithLogitsLoss, SoftloULoss,
FocalTverskyLoss, BCEIoULoss 5- U] 7}A] £=41 g4=0]|
o5l Ad5-S Bl ottt 1 A3}, BCEWithLogitsLoss
7t 718 A Q1 ToU A= E A TH(Figure 3). o] ]|
wa}, 95 g npAF] 9 2thA Sh5o| A BCEWith
LogitsLossS <=4 == A o}9]t).

197 <5 53t k<5 Hlo| B 2t E|AE T o] of Tf
ol loss2} IoU k< 7155k T} b5 loss= 2F 3000 4]
X230} 400015 o4 o] Y| F< 4454

e BCEWithLogitsLoss
1.0 e SoftloULoss

® FocalTverskylLoss

©  BCEloULoss

100 150 200 300
epoch

Figure 3. Prediction performance of a baseline U-Net trained
with various loss functions, without applying the
proposed two-stage strategy.
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10°
. (a) * ~300 epoch
10", + ~250 epoch
- ',..:‘. ¢t g & o .
g Wt s LT
2 4o "\\' ¢ 3%

=D : L
10 - o’ X o !3;
s:o n:.
10°°
0 50 100 150 200 250 300

1.0 pargropmmapespmmmpny o e

, ° °
0s P
:0'6"""‘? y f.«.' :"
o op - B
04 - - & 4
02 « Train data| 1
* Test data
0.0 ‘
0 50 100 150 200 250 300
epoch

Figure 4. (a) Training and test loss on a logarithmic scale. Training loss steadily decreases with periodic fluctuations;
(b) Training and testing the Intersection over Union (loU). Training loU exceeds 0.99 after approximately
100 epochs. Meanwhile, test loU remains around 0.6 with vari-ation.

02 723151001, 1009]% o} ol 10 0]} 2 B
o]A 1 FZEA 07 (.1 0|5}71A] 745t} 3hd o
5 Hl°olH 9 loUs B2 A| S715t0] 2|F24 2.2 0.99
£ 2953 ]‘_ ot dlolEof tisiA A2 &
Het 2 = 2 S5-5 9Ju]stth(Figure 4a).

vl g AE f|o ]E3|_,] IoUL 0|9} 72 GRARS Ho]
A koo, A sk #g ol A 2F0.50914 0.7 AtolE
= Stk 44**4‘)%‘*07—’?32&

28 g

ll
olr —‘
I, E[
oS &
é
O
rol,

2

o

o
i

%i% %*71 (memorlzatlo );H% 7FsE AR £,
7129 & A oy WAL A AFEAE Y Tl
SHaL REAQl A E4 2 S-80] ot 28s
< u|eitt webA o & Aute 52 EE sk
2o e a0 R Sy SRt Bk gt
St o] L oS AARIT

S S 22 2ALE YEhdE ), 10005 o] %

£ nglslo] 78 0 2 A A 0 7 =2 7+o] o]AkX]
(outlier) 7} T =] A TH(Figure 4a). E3F 545 T 0] E 9]
TIoU7} 100 Aol = Etotar, A A a7t
HHE2 0 & WAk dAdo] 291w STt (Figure 4b).
O] 1009 o] F0 &= 27
SHIL Q152 ofm|gtet. whebA] 100005 o] Sof A

o] 445 02 T4

18

30 o
o4

Asto] 28] S}4-2 913t 57t Hlo]e]

il
2% of

[

00°ﬂ

A

? tA = 27 992 F45HA]
}Oﬂu} 0]3 100~2000] & L7}

AshE A o g 120 15h
3}&‘24 ojuf 4 H o7 JI2 2A
59 Hx A flolE 2 AME o,
Case 1: A_100-200°] 2} 7 2]5}9it}. o] o A A%
000 35-8] 2 & E2{2} 200~25000 714 1THA]
Sta= A7ista on, o] F2tof|l A @7 Y2 7|E
(100~20001|%) 4 F o 7= FA = k. o] F A
100~2500 & E0F =25 © 2 oI &2 Cage 2: A_100-
2502 & 79| &]H, o] % o] to| | & &-g-5tof 2hA 5t

B
N

o to fr

ol
98
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(©]

b o8

X
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Ju
19
f“1° 4>
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X2 9 52

i
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o)

me,

o
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Lot O,
) mlm ofN
=

10
).

0.04
A_100-250
£ (CFDR: 0.0336) "~~~ 1==>y
£ 0.03 :
5 B_100-300 i
B (CFDR: 0.0092). 5
3002 - B_100-250 o 1
g (CFDR: 0.0083)- . _
© Vi C s
< A_100-200 R |
£ 001 (CFDR: 0.0073) s, ¢---f-*’,
o ! : :
0.00 i : i
0 100 200 300
epoch

Figure 5. Increase in cumulative false-detection ratio over
epochs during first-stage training. The second stage
of training was conducted at the four points.
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Case 3: B_100-250; and (d) Case 4: B_100-300.



x| ZLEZZS 8t 2EA U-Net 718 0|ZI2 S Hoix:

0%

& e 633

(a) A_100-200

0.20 |
: ! * 1st stage
>
30'15 * 2nd stage
To.104 ho § .
w o
oos '! ;‘ .
' “4 vﬁ‘ -
0 100 200 300 400 500
epoch
02 T
(c) B_100-250
0.20
; * 1st stage
>
2005 \f + 2nd stage
go.m 3
° 2 1}
0.05 Y- 4
el 0g2 %

0.25
‘ (b) A_100-250

0.20
S o * 1st stage
a L \ * 2nd stage
So1f o .
(/5] o 1.: ]

0.05 7o L

100 200 300 400 500
epoch

0.25
‘ (d) B_100-300

0.20

* 1st stage
* 2nd stage

100 200 300 400 500
epoch

Figure 8. Standard deviation of loU of the next ten epochs (a) Case 1: A_100-200; (b) Case 2: A_100-250; (c) Case 3:

B_100-250; and (d) Case 4: B_100-300.

Witk 2t o o 4] FN 9 FP 4% tﬂwﬁm}
of 1 ul 2 ARTOZA, 5 IO 2.5

7} ol @A Helst=RE H75F9th o] A HEE= E%}
o] Alzkof whet guhE BRI o 0 F 1h4: 7He] 3
oﬂwmzﬁﬂqﬂ%}gqqa%ﬂooﬂq

™
o o A5 50 5 2t
2 0 2 B (recovering missed regions)d}1l FNZ <]
Aoz 32 A& B ofETHFigure 9). o] 213 23}
22 g5 v AU SOl 1941 A ZH = 9 E 99
S BH 0z Aokt A AR BaAE v)
7H2] 5} ¥l (spatial patterns)S E&}ol= HE 2]
2 7B S Jepd ol B4 B BY B
R ELED PR

oZ:

aL
[e]

3L
o

-

2 o =
=2 W o

K}
K
ot
ot

4% 1A NN SEL 27

et MEP&E}. waH e
904 mag e S4L
2 sigas A Yaich B8] 1ol 71
2 Q& A] H|&(CFDR = 0.32)Z& 7] &3} Case
508 EE 3957 H2INHES Y
FE7HA S o2 % a2
EJE | 22 0 2 HSEAY ofslA #8H
(shade structure) S &0 tjjst &l o] wiZt
éi’ﬁ} | FHAZ 5 UeS HolEot
Z9H4 Q1 FN ﬁi FAlE FAE o7 FEL
J ﬂﬂﬂg-ﬂiimagzammn

r°1'

jﬁ
o
P 2
_}L
oz

= o & rr
4 [°
K

[l
o O

o & W B ok

oy H
=4
=}
O\

Wi
o
- oo
l"N

)

i
2
H1

mlm




634 EFFEIt M3 H6s

* 1st stage
* 2nd stage

100 200 300 400 500
epoch

. * 1st stage
P24 * 2nd stage

100 200 300 400 500
epoch

1.0
(b) A_100-250
0.8
0 gg.>
=06 Vol . * 1st stage
Sy [ 0. . . 2 d t
Z o, %P .~ nd stage
0.2
0.0 L L
0 100 200 300 400 500
epoch
1.0
(d) B_100-300
0.8
Qo6 ] s * 1st stage
- 8. 3 * 2nd stage
Z 0.4 Foordk #’Q :
PNV oy
0.2 8 .: ° .
0.0

0 100 200 300 400 500
epoch

Figure 9. Difference in FN between the first and second stages: (a) Case 1: A_100-200; (b) Case 2: A_100-250; (c)

Case 3: B_100-250; and (d) Case 4: B_100-300
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Case 3: B_100-250; and (d) Case 4: B_100-300.
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Figure 12. GT regions that were missed by the Stage 1 model but successfully detected after Stage 2 training: (a) ground
truth (GT); (b) Stage 1 prediction; (c) Stage 2 prediction; and (d) corre-sponding zoomed area from the aerial image,
showing visually ambiguous shading structures where the vertical grid pattern is subtle.
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continuous. (b) A visually ambiguous region with faint vertical striping.
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