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Abstract

This study quantitatively analyzes the relationship between loss functions and performance variations in
road detection using satellite imagery. Road datasets from Al Hub were utilized, and experiments were
conducted based on the NL-LinkNet model, which models long-range feature dependencies. This paper
compares and analyzes representative pixel-wise loss functions, Cross Entropy and Focal Loss;
region-based loss functions, Dice and Lovasz Loss; and hybrid loss functions combining these. Results
showed Dice and Dice-based hybrid loss functions generally provided stable, high—-performing results,
while Lovasz Loss, though theoretically effective due to its IoU-based formulation, demonstrates poor
initial training stability and lower performance in practice. The results suggest that employing hybrid loss
functions can provide stable performance and address class imbalance for complex object detection tasks
with significant class imbalance, such as road detection. In particular, Dice and Focal-based hybrid loss
functions, or Lovasz-based hybrid loss functions, are deemed suitable for balanced performance and initial
training stability.
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Training | Validation
Motorway 0.90 0.78
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Table 5. Performance (mloU) comparison of loss functions by batchsize per gpus

Losses Single Loss functions Combined Loss functions

batch

;iezre apu CE Focal Dice Lovasz PI(C:% J%%g al LPVSEZ %%E’(?csazl
1 1743 1851 24.27 19.63 22.03 20.32 21.02 21.73
4 40.18 3843 39171 2175 41.51 41.01 40.80 40.39
3 39.69 40.29 41.21 3145 40.60 40.60 40.50 40.68
16 39.97 40.22 41.24 30.30 40.9 41.92 40.81 41.41
20 39.84 39.12 41.05 33.50 40.17 41.18 41.66 40.12
24 40.61 39.59 41.20 31.80 39.76 41.19 40.43 40.19
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Table 6. Comparison of mloU, accuracy, and standard deviation for best performing road types by loss functions

Losses Single Loss functions Combined Loss functions
. Dice Dice Lovasz | Lovasz

Types CE Focal Dice Lovasz Y CE + Focal Y CE + Focal

batchsize per gpu 24 8 16 20 4 16 20 16

Background 92.11 92.15 91.30 88.60 91.86 91.93 92.38 91.44
- Motorway 41.68 40.92 4462 39.29 43.33 47.15 40.56 45.02
% Primary 30.74 32.45 29.48 19.06 2855 31.88 30.72 31.28
= Secondary 26.63 2875 28.41 9.92 25.26 29.22 31.22 2574
§ Tertiary 31.89 31.45 31.27 31.86 32.14 30.69 30.01 31.29
“ | Residential 15.73 775 17.78 11.19 21.10 16.77 18.89 17.31

Unclassified 4551 4856 45.81 34.63 48.34 45.83 47.83 47.83

Mean IoU 40.61 40.29 41.24 3350 4151 41.92 41.66 4141
Accuracy 91.74 91.85 91.00 87.79 91.41 91.60 91.98 91.08
Std. Dev. 24.72 2611 24.12 26.88 24.23 24.37 24.13 24.46

49 £4 ok BEAAE £ FFE D ol 20 AHs) math A% Wl agzal
e B o4 P45 4% WaE a9 sl 19 2,3 2eln E 523E WA 207} go
A0, Lovasz®] B% &4 @45 Dicedl B W 45 Wake] Eo] A, WA 277k 2 49
T &4 gaol vete] A% Wsph Am, HE ot £ £b R0l U Be %] 98y
el Agke wolx Ao Helt.

Dice 3 ¢4 @4t CE £4 @499 2 7 &4 @4l wae w2 79 mbU
AR} Focal 4 sh4¢} As9e o £ o AeS F 69 AY3FAT. Dice + Focal €4
M HQ s Hola o, ¥ HollAAHF Sha=o]l ke ujx| Ao AFglel e AT
A1 A5AE 2 Aolg wolx arh WA & Hge 52

A7)l W2 AEFS AuEd wx] 27)= oF 16 ARE w

_58_



=
o7 Y& A3E Hr) Lovasz 7|HF &

2 ==X M212 A2
-1

=

Sk

Dice + CE Z3<& wx] @77} & Z719A]

s

AL E7t
1

I E

24

F

S|
[l

mloUY A

=
=

2

=2

L

R

Fa

20254 6
[e)

7] €]

Ea=14
T=

3}
=
]_

]

&

[
.

2 A9 A}
2 B Diceot

Lovasz

il

ToR

=21 CE¢} Focal

1

<
=

o

v X =27]7}
o] llen, Adg wjx =27](16720)°01A4 A

SR

o

L

[e)
1 epoch

2 ujx =2

A% A7 ZEE Dice 2 Dice 7|4k

]

o
b R4

A

7
QA

L

A A

.

p

st

PR

A

Hle&

o
b

CE,

o
"
%o
0

B

= F5ol o

1H

I

Hol Az

Az

A5e B3low Lovasz

2

7

=
R

o
el
=K

a

ol

294

R

i

el A]

=

it
)

0

A

i
o

xr
il
el

10°
[§]

% 9Ato]m, NL-LinkNet 22& 7]

al

ge

==

+

Al Hubol A A3k as)d%= KOMPSAT-3 7]

H

"

0
=
o
o
ofpy
mm_.o
Ty
A

Wy
ol
N

o
E)

be ol asbeolg)

EEERRER

ﬁo

7

=
o

H
H

1

kel
=i

# 2] (post-processing) 7]

o
<

GAE 79,

Dice Loss

L

L

H] L0 A]

L

[¢)

2~ =L A~
= &4 g A

el
H %
o
=
o B
—~
o 5
Moo
T o
o —
% S
s o
D
o}J =
R
Ly
e}
S A
ol
i
o

KeN
=

B9om Focal LossE Zdl2 B3 <43}

ol A

L
L

el stk

=
=

) Lovasz Loss

HAT

=

=

3

[

A

[}

L

|
il
g
i

[1] H Lee, H. Oh, “Al Dataset for Road

_59_

Dice + Focal %3to] 7}

-

e

1 3}l 4]

=
[¢)

I

9]



QIZLY Y4 I =2 HBOM AN B4 S

1x

Hr

(2]

[3]

[4]

(5]

6]

(7]

(8]

(9]

Detection using KOMPSAT Images”, Data
of Geology, Ecology, Oceanography, Space
Science and Polar Science 4(1), pp.43-48,
2022, DOIL
https://dx.doi.org/10.22761/DJ2022.4.1.005

Al Hub, Satellite Image Object Detection,
2023, https://aihub.or.kr/aithubdata/data/
view.do?dataSetSn=73

R. Azad, et al, “Loss Function in the era
of semantic segmentation: A survey and
outlook:”, arXiv:2312.05391, 2023, DOL
https://doi.org/10.48550/arXiv.2312.05391
T.-Y. Lin, P. Goyal, R. Girshick, K. He,
P. Dollar, “Focal Loss for Dense Object
Detection”, arXiv:1708.02002, 2017, DOL
https://doi.org/10.48550/arXiv.1708.02002

F. Milletari;, N. Navab, S.-A. Ahmadi,
“V-Net:  Fully Convolutional = Neural
Networks for Volumetric Medical Image
Segmentation”, arXiv: 1606.04797, 2016, DOI:
https://doi.org/10.48550/arXiv.1606.04797

M. Berman, A. R. Trki and M. B.
Blaschko, “The Lovasz-Softmax Loss: A
Tractable Surrogate for the Optimization
of the Intersection-Over-Union Measure in
Neural  Networks”, 2018 IEEE/CVF
Conference on Computer Vision and
Pattern Recognition, Salt Lake City, UT,
USA, pp.4413-4421, 2018, DOIL
https://doi.org/10.1109/CVPR.2018.00464.

Y. Wang, J. Seo and T. Jeon,
“NL-LinkNet: Toward Lighter But More
Accurate Road Extraction With Nonlocal
Operations”, in IEEE Geoscience and
Remote Sensing Letters, vol. 19, pp.1-5,
2022, Art no. 3000105, DOL
https://doi.org/10.1109/LGRS.2021.3050477

Y. Wang, “NL-LinkNet for Road
Extraction”, 2019,
https://github.com/yswang1717/NLLinkNet
SI Analytics, “NL-LinkNet for Multi-class
Road Extraction”, 2020, https://github.com/
SIAnalytics/nia-road-baseline

[10]H. Lee, D. Lee, H Oh, “Study on
Transformer-based Road Segmentation
using KOMPSAT Images’, KSAS 2022
Spring  Conference, pp.374-376, 2022,
https://www.dbpia.co kr/journal/articleDetail
7nodeld=NODE11076852

S PN

2Lt (Nagyeong Kim)

e AR EA s}

s AAA} Bt A

<FRAROE> AFAG, AFE A, 94
g A BA

A M(Young-Sun Yun)

2001.2
2006.4-2007.2 St AR F A AT

= 979
2012.8-2013.7 University of Washington

KAIST dAFsta upa}

w8t
L3 8t 1

FRA RO S44, SAWH, s
A A3, AgAH, FAE, g

_60_



