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This study proposes a neural-network-based localization
method for GNSS(global navigation satellite
system)-denied outdoor battlefield environments using
only a small number of RSS(received signal strength)
samples. The proposed approach adopts a lightweight
single-network structure that operates without
radio-map construction or large sample sets. Simulation
results under the 3GPP UMa scenario demonstrated
more than 30 % improvement in RMSE compared with
conventional methods. In particular, the method
achieved up to 53.7 % gain in the LOS case and
effectively suppressed large errors in the NLOS tail
region. Therefore, the proposed method enables fast
and reliable localization under limited time and resource
conditions.
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Fig. 1. System model of base stations and terminals
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Fig. 2. Comparison of conventional and proposed localization methods
At o9 2L o8 B YA L GETRSS S oe WE FeR 745 RI BHES Ha
7] FEE oty 7| A =59 F3H2 WA 7HA] F Al sletR o, sk 38 ROl A4t aedS &
of x4 o, A3 ol Bk JustA fA JH  Hotoh o] 542 A A Ao] At 2
EdEotEE E=H HE Ao A &3] 8T FH o= 2-g3tt
AT T2 YE5-2HS-595 2% ol F ESH ARt 71 M2 RSS AU E 7o S &2 2
o AFH o3 HAEE (multi-layer percep- Al EATH 71& T4 BE AEo] lofoF A
tron, MLP) 725 =53t & A= A9 Faspste] FF A QA FA ol TR, At 71H
O AdHAEZ A 2S5 4, 4 521,024709 = S AHACRE A2 AE SHNAE 55HAY +
C 2 A5t 2 24952 ReLU(rectified linear TS 2AAY F ASS AFH 0 R JF5 A
unit) G4} F52 A8 MRS B, ohooll AFE AT AY S04 Th49] §.5<
S 2 A L2 9EHY (x,y) HHE 4 AAE Aol &3 oF St TAF 2 A A Ul % 5
HFHect olH L ARG T2 =FEF4AE g AE ol
F(CNN) I} 22 Bt A Z T L 20f v s A4 & Sold, & AT AL 7S e AF- AU
FE7F Wot, stedlol 8 FAIRS Ao etHAE 2 F2E &3l GNSS ARt M AR w2
CPU 7|¥F 2HC S A HAAZ &8 & Atk A FAHS 7HesHA ob, 2t ol o &35hA] ¢
g& BN e FEAFLA(MSE)S &A g2 1k AdAHZH AL FE5) g L7 A4 &
ARESFAL, Adam Ao} 4 ES A ESAH. o o AL e vte e HoEn
HFE2 10707 HAstglon, HolgAl T4
US= 80209 HIER ot R ARE H 4 A3 9 Ay}
Aottt ool daE HE2 A= U2 RSS H|
B S o SA o] 93] A EE 3t At 71 axE HS5H7] 98 3GPP A A

32 A7 EF

gL A el o9 F3ol
FECEEREEERES
2o Qe Ao $45HT o] 5

Journal of the KNST 2025; 8(3); pp. 532-537

A12+7 (urban macro, UMa) AU 2[6]E& FaLsH
224 AlEEolAd 42 AR Al Y 71A
AA 712 8AE300m Y 9o 120°7+A o2
13 FH=Z wiASHA. o] WA= 71 = 3t A
oF 500 m7} HE=&E AT AC % UMa &7
S LI PN PYETS P
9lek 714 s

G YR =2 7| AFHE 10 m - 250 m HY U
o4 % 100,002 2492 s c, A
23-Ag AZ2&A nd S =29, 7HA A (line of
sight, LOS)o] & H H N A= ZR2EAA T a =

°f

2]
A

o
ol

535



KNST Alo| &

ZoA 5]A RSS M

= 0 = 4 dB, H|7}A| A (non-line of
sight, NLOS) &7 o A= a =4,0 = 6 dBE Z &3}
Aot &4 Age gul 7] A=+ £F2 40 dBmO 2
raRss dEe daT s 2

HEE AR o, A<t

o RsS BT} 7] 2|2 HEE 4]

2] 9178 29 ZH oot
Fig.3=T = zr 7

R e %*(CDF) ER o&t}. Al 7]
HEAA FA)L 712 7|H (A ZA4) 0 vlgf Lose}t
NLOS &7 RFoA Aiglo] 5o Y15t 3l
th o= 54 +8 FEA o F2 A =4 2
2 G4 S-S 9u| sttt LoS 374 (A A1) 9] 80 % A
HoA 71& 7| HL 37 Q7L F 45 m & &
ol wbE, AQE 7| HL 9F 30 mo| A T2 3 &

Eol =2ste] 45 A4S Bk NLOS 3 (F 4l)
NME wAA R 71 & 718 oF 35 m, AT 719
2 20 m=E EQIH T} 80 % ©]5t9] +3& & 17t
S OgRE X =X AUt BxslE= 70 2 o]
T A AQE 71HE 7] 7| EY P H o R W
2 QA5 FA S 3 A5 HE Aol & NLOS &

AAE Aot 7ML 2 027} drAEl 1aE] 27t
2 ANRA O R 43lste], ZRA O Y& A=A =

S|
4
2 94H #4 2REAFTS FAT 5 Ak

¢

N

oL
_&rl_u

ol

1 — ————

——LOS (¢=2, o;=4)
———NLOS (a =4, g,=6)

Conventional method | |
Proposed method

CDF
o
w”

~

0 10 20 30 40 50 60 70 80 90 100
Error distance (m)

Fig. 3. CDF of localization error at T = 150

Beow AU 4k vnD e 42 B2 A
HZL LA (RMSE) ZXHE Fig. 42} Table 1, Table 29]
AN E, 2 27 % AHEL 4 (6)3
SREECEES

RMSEcony. — RMSEp,qp,.
Impr. (%) = X 100 (6)
RMSE
Conv.
——— LOS (a=2, o,=4)
———NLOS («=4, o,=6)
00N N R “Ref. (@=4,0,=4)
10 :\ b\ Conventional method ]
. N % Proposed method
c N -
g i
L G
3 o
@]
(©}
10! -

510 20 50 100 150
The number of RSS samples

Fig. 4. RMSE performance versus RSS sample size

Tables 1-29] A 3}o] 4] &1 %X, RSS M E 71 5
7S R 71 A7 oA, A £ X%
Tgols 5 B0l A ARt 71 o] & 5] AT
LOS 87, T =150 24 7]& 712 °F 33 m,
AQ 71H °F 20 m| 5= B2, NLOS &7
o A& 47+ oF 23 m, 15 m2] RMSE 52 7|23

th B3, BE S 2794 At 719 o] 30 % o] 4
o MAE Hes 71FstdH. 55 ME 71 A2
A9, LOSIA T = 5¢ "= 53.7 % 741 (178 mo]
Al 82 m=E Aol A Eo] At 7Y Aol H
< Fo Ao olnf At 71*H e RMSE&= °F 82 m

Fd], 71& 71Ro]l o] A& H5& g5t
AMe=AMES T=1200°42 & 520 3ttt NLOSO
AT 83t Aol HhE Elo], T = 59 Aot 7] H (F
68 m)o] T =209 7]Z 7| H(%F 63 m)T} A9 &
472 Btk mebA, Aot VgL o 42 M
¥ tH] 5ot AY 2t 52 HolH, o]
At A A o] AT A 28 270

N
N

X or
2 g

4o o
o]
e s
i
®
)
e
i)
o

=

=)
v"V:J
—
(o3
Lt
9
K
™

),
Ju
of
>,

o

t}. o] = PLE7} 71131—’?—

ol
52 on
X
ol
rlo
o,
v
=
20 ;
S ey n{m
ooy M
E
th
ook
o F

1 2 oR Ny 2
BN 1)
o
Hu)
i)
A
)
Y
i)
N
N
2
fol
)
N,
2
n}
E
N
,4
ol
ol
X

2

2
o B
S
=2
X
L
iRy
)
lo
fr
1o
r'O
m&"

L o r do = O [ Ao

=,
N
2 Ay
=
w12
> Hi
rio ne
o
o oX
o Mo
fr ko
o L
a —Yl
5“ L
=
lav}
—
™
N
N
)

o] /\A] bd gy

536 2025; 8(3); pp. 532-537 Journal of the KNST



Sunghoon Jung, Neural-network-based Localization in GNSS-denied Outdoor Environments with Sparse RSS Samples

Table 1. RMSE results in LOS environment

KNST

Table 2. RMSE results in NLOS environment

Samples Conventional Proposed Improvement Samples Conventional Proposed Improvement
(T) (m) (m) (%) (T) (m) ) (%)
5 178.04 82.43 53.7 5 129.85 67.83 47.8
10 122.00 65.67 46.2 10 90.09 52.14 421
20 84.79 50.10 40.9 20 63.06 38.97 38.2
50 53.01 33.86 36.1 50 39.68 25.80 35.0
100 37.39 2413 35.5 100 27.97 18.45 34.0
150 30.49 20.27 33.5 150 22.85 15.27 33.2
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