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ZHENG Enrang', MENG Xin', JIANG Suying"?, XUE Jing', ZHANG Yi', LI Qiang'

1. School of Electrical and Control Engineering, Shaanxi University of Science and Technology, Xi’an 710021, China
2. School of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China

Abstract: A deep learning model based on one-dimensional-convolutional neural network-convolutional long short-term
memory (LSTM) attention network (IDCNN-CLANet) was proposed to improve the ranging accuracy and positioning
performance of ultra wide band (UWB) localization systems under non-line-of-sight (NLoS) conditions. Convolutional
neural network (CNN) was first employed to extract spatial features from channel impulse response (CIR) data, and
LSTM network was used to capture their temporal characteristics. Then, CNN was further applied to extract additional
features such as distance data, signal amplitude, and maximum noise strength. Finally, An attention mechanism was then
incorporated to fuse the CIR and additional feature branches for accurate NLoS/LoS classification. Experimental results
show that IDCNN-CLANet achieves classification accuracies of 99.51% for binary classification and 98.47% for four-
class classification in complex environments, outperforming other approaches. The model demonstrates strong potential
for robust NLoS identification in practical UWB localization systems.
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St oy R A R .

=1 IDCNN-CLANet B2 4514
A R LR ET vt
Conv 1 32x3 32 x 1016
BN-+ReLU+MaxPooling 1x2 32 x 508
Conv 2 64 x 3 64 x 508
ReLU+MaxPooling 1x2 64 x 254
CIR /3% Conv 3 128 x 3 128 x 254
ReLU+MaxPooling 1x2 128 x 127
LSTM 127 Sequence
Attention 64, 1 —
Flatten — 1 x 64
Conv 1 16 x 3 16 x 8
BN+ReLU+MaxPooling 1x2 16 x 4
Conv 2 32x3 32 x4
WAMSIE ReLU+MaxPooling 1x2 32 x2
X Conv 3 64 x 3 64 x 2
ReLU+MaxPooling 1x2 64 x 1
Attention 64, 1 —
Flatten — 1 x 64
Dense 32 —
FR2E T
i 2 —

IDCNN-CLANet {1 S8k B U0k 2 iR, R
F Adam A6, NGO/ N E R 32, IIZTaE
)R WEN0.000 1, YNZRIKEEE N 100, AR 1
WA IR EZARE ), R L2 BN, )3
Pk 45 Dropout, H:H Dropout % & N 0.5,

H 546 5
=2 IDCNN-CLANet B2 8I% E
S BE KN
IRV OGN 32
VERVE 100
b as Adam
EE 0.0001
EENEEA categorical_crossentropy

B SR P A F g i, R 407 2 bR B0 B N
categorical_crossentropy, X F gt 5 2 ik B AT 15
B B A9 R N2 73 BRI )

3 SEERIIE

3.1 WREBESHUREHRE

A AT A Hb 1 0 AR W T AR SR
NLoS BRI — e 7 etk g . Hidi B2 & W~
152 LU SOR T E RSB T R 1), FE RS BE R A
N, #3700 4~ LoS #£ A LA & 3 700 4~ NLoS ¥
A, BIET 400 NFEAR; EREEMFIE TR, 12
fi£3 200 4~ LoS A P & 3 200 N NLoS FEA, ok
6 400 NMFEAS . SIS A8 1 & DecaWave DWM1000
SPAIE B AT H R U AR, B e AR = AR Fi,
7ELoSTE L N UWB (5 B8 1.5 m,  7E 55 BEHE$4 A B
FEIERIE O UWB & BN 1 me 75 KT 78 BRI
WEET, #4500 4 LoS #£ 4% L & 500 /> NLoS £
A, S FE T 000 AMFEA K E

FERHL UWB 84 R Sl v, “a” FoR
LoS# s, “0” RINLoSHRZE, “A” FKINNLoS 4
B, “m” FIRNLoSHR% ., BEARsziGitfed, ok,
Bl A B AR L. BESE, FRERRIRLL0.5 m
[ E B KRR B, BT RIE, BEEEHITT K
FEXIE, TEpi—@HEIERE. &5, B2
T—MeeiE, B8 LRSI 3R
£, B2 RS . B 10(a) 2 EH:
MEEREREE, 73317 T LoS. NLoS (3
BEEPS RIS P 00 NIEE; E10(b)4 T &
—HE UWB 8 KA 8 s AR S I R B A5 B
MEEAL B, 2 OFRIC AR LoS 1 0L T B RAE A,
SZOFRCAE NLoS FEL N fRIRRE 5 .

SZIGAE — 5 3Z4T Ubuntu 20.04 #:4F R G &
THEAL EAT, ZIFEHIEL K T 12th Gen Intel(R)
Core(TM) i7-12700KF CPU. 32 GB 4 f# /1 NVIDIA
GeForce RTX 4060, A 3= EFEF TensorFlow.
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ALoSi s O LoSkR%k
ALoSHi& O LoSKR% A NLoS#fisi ™ NLoSki%s

A NLoSH#iisi ™ NLoSHR%:
......
7 —
AnEmpEgnE QA':IAA
IEEEpEgE l_AA'AA
ECLUETE T D D S
i —
oooooo DDDDDDDDDDD%DDDDDDDDDDDDDD ‘
ooooo oooooooooo ooooOoooooooo
ooooo DDDDDDDDDD@]DDDDDDDDDDDD ey
0000000000000 0000000000000000000

o B
4 :l
el

(2) HiIFIEEY
K10

ARCAEFHER%E (Accuracy). AP (RecalD. ¥
ffa% (Precision) MF1% (F1) X4 MR VB
NLoS R FIHERf £ -

B TP + TN
Accuracy = TP + TN + FP + FN (17)
TP
Recall = TP + FN (18)
sion— TP
Precision = TP + FP (19)
Fl =2 x Precision x Recall (20)

Precision + Recall

Horb, EBHME (TP RIEWHS KIEEREAR, &
FITE (TND NIE#R» R PIVEREAS, (REATE (FP)
NEER TR BIPEREA, RHIME (FN) N5 iR
KHIBAPEREA
32 RGN

A3 MCBL R J5 TH % 1DCNN-CLANet 15 784 3 47
TPl S, BUEHAE NLoS/LoS —7r AT 55
A 2tk ok, ¥R % LoS ) % NLoS ¥ st ik AT
BE; e, I RS o AN R S R 2y Sk
REMINZR A RIS, JF 5 AR HE, b
WER] VAT A Rt . 9 7Y RS 5 i)
AN TR RS )44 3 O AN R R FE I B R 22, A
THEAT TR R 2 20 RS
3.2.1 AREAAARR 49 FpL LB

AL RN I BRRSCRF R &L (SVM, sup-
port vector machines) 2, i 5 /> = I 3% H 51l 4 A
(PLS-DA, partial least squares discriminant analysis) .
CNNUOTEL Je CNN-LSTMI3 I 5 2 5 (1) IDCNN-
CLANet B R AT LU, BoiiE H et k. SVMAEH]
SCHR[221H) R BT I 2 8. ¥ 3 2 S HUE A

(b) RJT AR

SR B

IDCNN-CLANet. CNN FiI CNN-LSTM [ 48 2 # i%
B . CNNHICNN-LSTM [R&5 4 tn & 11 .

BN1+ReLU+MaxPooling! |

BN2+ReLU+MaxPooling2 |

BN3+ReLU+MaxPooling3 |

1
| Flatten | | Softmax |

T
| Dropout | | FC2 |

¥ 1
| Fc1+ReLU ——] Dropout |

(a) CNNZ5Hg

| BNI1+ReLU+MaxPoolingl |

[ BN2+ReLU+MaxPooling2 |

[ BN3+ReLU+MaxPooling3 |

I
| Flatten | | Softmax |

[ Lstm | [ Fe2 |
¥ [

| FC1+ReLU |—~| Dropout |

(b) CNN-LSTMZ5#4
11 CNNHICNN-LSTM 4514

W 2% S5 4 ) BAR S8R 3 s o AR SUAE
CNN. CNN-LSTM #1 IDCNN-CLANet ] 14 54 i1 ¢
BHREERI N T0% IIZREE . 20% S0 EEE LR 10% Ik
££, £ SVM Fl PLS-DA AR B v Hodis 4R X1 2
80% I ZR 4L H1 20% MR AL . SLI6 45 B EIR 17 4% Ff
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i 5 46 5

NLoS/LoS —/r KAMAEMERGA . FERAZHE . HIalZ L
L P13 BUX 4 TR R ERIPEREELEL.

*3 MEERIESE
it W ) B

Conv 1 16 x 3

BN1+ReLU+MaxPoolingl 1x2
Conv 2 32 x3
BN2+ReLU+MaxPooling2 1 x2

CNN

Conv 3 64 x 3

BN3+ReLU+MaxPooling3 1 x2

FC1+ReLU 128

Dropout 0.5
Conv 1 16 x 3

BN1+ReLU+MaxPooling! 1x2
Conv 2 32 x3
BN2+ReLU+MaxPooling2 1x2
CNN-LSTM Conv 3 64 x 3
BN3+ReLU+MaxPooling3 1x2

LSTM 512

FC1+ReLU 128

Dropout 0.5

FE B 50N S Ja BEAT 1 RS BEIE A 75 L T A
T OLT M BRI AT, SEgREE R
AR AMIE S PR, EEEESELT, 5

CNN-LSTM #H L, IDCNN-CLANet [ #ERf % .k
i % . LoS/NLoS # [l Z& L J F1 43 %7 i 1
3.5%-+ 3.5%- 2.46%. 4.56% UL 3.5%;: T T
3 Fpoer LEAR AL H, CNN ) #Eff 28 94.83%, PLS-
DA [IHERAZE N 87.21%, SVM HIHERIZE N 86.33%.

EHREEPIHEOL R, 5 CNN-LSTM H Lt ,
IDCNN-CLANet [ #ERf % K% . LoS/NLoS #
] 26 P K F1 40 2040 il 92 1 1 3.76%- 3.74%-
2.94%. 4.68% LA 2 3.78%; Fb| T (1) 3 Fft Xof b A 7Y
o, CNN HIHERIZE N 92.58%, PLS-DA HIHERIZFR N
87.01%, SVM HIHERIZ A 85.50%

AN RIS R 1 100 2 P AR TR (1) I 2 SR = 2 R o
NG, RSOV RS BERERY . R G IR R RE 5 A Y
3PEAREA I, EHRIIGSE. WIFEMNEK
£, IPBRE EREGEE (LT RIFR3 PR A S
P4 H TR NLoS . 5 CNN-LSTM AHLL,
IDCNN-CLANet ()R 2. K% . LoS/NLoS #
2 DL F1 500 e m 7 6.89%. 6.88%. 8.14%.
5.55% UL J% 6.88%; Tl I3 A LEARALF, CNNIH)
HER RN 92.30%, SVM [ HERA %A 89.39%, PLS-
DA VR N 87.83%. Zoid 3VRSLIGHKI], 5N
AMRFIE 73 32 AT USSR ) — o SN B

WAL, ARSONF LG T S AR AE I R E AN REA (1 I
S SHE, SRR mEe fix, LIEEA
M B RCR BRI R 24 . MR EIRE, SVM
(1) LS B A I SR )R] B vy, 1A 3.093 8 ms/AE A,

%*=4 R R BIR RS

T HER =R FhH R LoS 4 [n] % NLoS #4113 F1 5%
SVM 86.33% 86.37% 84.65% 88.04% 86.33%
PLS-DA 87.21% 87.56% 82.24% 92.26% 87.21%
CNN 94.83% 94.78% 95.04% 94.64% 94.81%
CNN-LSTM 95.42% 95.43% 95.68% 95.17% 95.43%
IDCNN-CLANet 98.92% 98.93% 98.14% 99.73% 98.93%

=5 BEBINBEELER
T HER R brtUES LoS A [A] % NLoS # [ % Fl1 5%
SVM 85.50% 85.51% 87.43% 83.33% 85.43%
PLS-DA 87.01% 87.03% 88.80% 85.02% 86.96%
CNN 92.58% 93.39% 98.61% 85.93% 92.49%
CNN-LSTM 95.09% 95.11% 95.95% 94.12% 95.07%
IDCNN-CLANet 98.85% 98.85% 98.89% 98.80% 98.85%
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=6 TSR A RIBELE

! ETf% b ES LoSHHZE  NLoSH[EZE  FlH% JE AT A /(ms - BEAT) ISR 2

SVM 89.39% 89.47% 86.83% 92.13% 89.39% 3.093 8 ~2 564 384
PLS-DA 87.83% 87.83% 86.83% 88.89% 87.83% 0.5315 ~101 180
CNN 92.30% 92.39% 94.22% 90.27% 92.29% 1.2813 120 034
CNN-LSTM 92.62% 92.63% 91.38% 93.94% 92.63% 22187 160 802
IDCNN-CLANet 99.51% 99.51% 99.52% 99.49% 99.51% 15313 483 972

PLS-DA 7E Z 48 ERI A AE, XN 0.531 5 ms/if
A CNN FIYIZR 8] 9 1.281 3 ms/kFEAS, BRI T
CNN-LSTM (2.218 7 ms/#£4) F11DCNN-CLANet
(1.531 3 ms/FEAD o FEBSEETTTH, SVMHET
YR EHERE, HSHEIELON R RN
LM NRFEZEFE ) e f, 1A $1 402 564 384, PLS-
DA [IZHE A A N AR 2298 5 7% 8] (R 43 RA
e & i RS L 2 F1, 11101 180,
AR T SVM. MHELZ T, IRES IS4
LG R R i =, o, CNN. CNN-
LSTM Al IDCNN-CLANet {12 454374 120 034,
160 802 5 483 972, {HAFFE M, R 1IDCNN-
CLANet 45 #4552 4%, B R A I SRt i) 5% T
CNN-LSTM, PRI H HAE TR AR SRR ) 2
[i) 1) R AT o

HEAh, B 1244 7 IDCNN-CLANet. SVM.
PLS-DA. CNN #1CNN-LSTM 7E 3 F #5150 V8. & K s
£ TR NLoS B 523 & TAER: M (ROC, receiver
operating characteristic) i 2k, K it — & VF Ak

IDCNN-CLANet (1) A 2t . 1R 8 &, 1DCNN-
CLANet {JHIZE F A (AUC) T HAt4 M5,
’l rﬁ;—-: ——

/'/
08F |
0.6 | (
¥ (
== .
oal | — IDCNN-CLANet(AUC=0.999 8)
" CNN-LSTM(AUC=0.965 9)
f CNN(AUC=0.979 2)
021 ) — - PLS-DA(AUC=0.945 2)
, SVM(AUC=0.957 8)
[
O -

0 0.2 0.4 0.6 0.8 1.0
(RS

B2 ARIRIALE 3 R SUIR & 8042 R I ROC #14%

12 FI 50 BE FT VAL AL 1, 2 BB NARUEZE N
0.01. 0.05. 0.10F10.20 ffy =i s, r St 4T
T, LS IDCNN-CLANet 7 32 345 T () &4
P, I35 SVM. PLS-DA. CNN FICNN-LSTM 7Y
HEATREE, SZIG SRR 13 Fis. 45K, 4
FRRUEZE N 0.2, [ SVM 1 i e 7 R v R mg T
Ab, HAR AL S5 bE M A G sR T RE R R, Hor,
IDCNN-CLANet 718 75 5 i 75 R RF 98.80% FrIHER
2, AUTI£0.71%, RV T HABER, (A H
ENEEESiENE, B& RIFRISEPRN .

—o—SVM —*—CNN —¥- IDCNN-CLANGet

—a—PLS-DA ——CNN-LSTM

100%
98%

96%';_\—'—o\./l
94% |
2% t
88% |
86%_-4_\\/
84% |

82% 1 1 1
0.01 0.05 0.10 0.20

I P KSR
B13 ARIRRFS KCE R S B R LA

A2

TE e

ik — 5 56 4F 1DCNN-CLANet /£ UWB NLoS
WHMESS Rz AR 7T, R FAE BRI i 28 2020
TH &30 H eWINE % B T 1 Bregar 22244 22 1) A FF
HPREIAT LS, SR R WR TR .. ZEIRE
Wi T 7RI EN S, SR AE L I
NE2. NAEL AMEY; . WERITHE . BNE A
g ps, HAEA S RAE 3 0004 LoS M AE A
F13 000 /> NLoS Ml & £ A . 1DCNN-CLANet 7 %
K serh RO U IR A e, HAE T AR
TR ARV A R AT5I5 90.83%,  Ff7E NLoS/LoS P2k
(A B2 ORFE R AT RIsA .
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=7 eWINE 1Y 7 #8227 8 BB E L R
A/ S it T K LoSAM#H  NLoS# % F1 4%
SVM 83.58% 84.19% 90.34% 77.05% 83.54%
PLS-DA 82.75% 82.03% 86.69% 76.97% 82.72%
IAZEL CNN 87.32% 88.21% 95.46% 78.79% 87.13%
CNN-LSTM 86.65% 87.51% 94.80% 78.10% 86.45%
IDCNN-CLANet 91.58% 91.81% 95.68% 87.62% 91.57%
SVM 80.83% 81.62% 88.85% 72.29% 80.61%
PLS-DA 80.00% 80.18% 85.13% 74.54% 80.85%
IMAE2 CNN 83.45% 83.60% 87.74% 78.87% 83.34%
CNN-LSTM 82.44% 82.61% 87.08% 77.47% 82.32%
IDCNN-CLANet 90.83% 91.44% 97.28% 83.97% 90.70%
SVM 83.17% 83.48% 88.02% 78.30% 83.12%
PLS-DA 82.42% 82.48% 83.87% 78.96% 82.40%
INAE CNN 90.19% 90.88% 97.39% 83.36% 90.15%
CNN-LSTM 89.51% 90.33% 97.39% 82.05% 89.47%
1DCNN-CLANet 92.17% 92.37% 95.85% 88.47% 92.15%
SVM 82.08% 82.93% 90.10% 73.91% 81.94%
PLS-DA 79.58% 79.76% 84.04% 75.03% 79.51%
IMEY; CNN 88.84% 89.18% 93.85% 83.86% 88.80%
CNN-LSTM 90.19% 90.31% 93.18% 87.21% 90.17%
IDCNN-CLANet 91.50% 92.11% 97.91% 84.96% 91.42%
SVM 82.08% 83.09% 90.86% 73.56% 81.98%
PLS-DA 81.33% 81.87% 88.25% 74.62% 81.26%
W T I by CNN 88.84% 89.64% 96.43% 75.27% 88.55%
CNN-LSTM 82.78% 83.94% 73.89% 92.81% 82.73%
1DCNN-CLANet 92.33% 92.54% 96.20% 88.58% 92.33%
SVM 83.08% 83.57% 89.15% 77.21% 83.05%
PLS-DA 80.58% 80.75% 84.32% 76.97% 80.57%
Eh = CNN 85.13% 86.99% 97.13% 72.47% 84.71%
CNN-LSTM 86.31% 87.09% 94.18% 78.01% 86.11%
1DCNN-CLANet 91.33% 91.48% 94.66% 88.11% 91.33%
SVM 85.25% 85.67% 90.82% 79.90% 85.23%
PLS-DA 82.17% 82.28% 85.27% 79.18% 82.16%
v CNN 89.18% 89.39% 93.27% 84.79% 89.10%
CNN-LSTM 85.64% 85.66% 84.15% 87.23% 85.64%
IDCNN-CLANet 92.67% 92.94% 97.18% 88.33% 92.66%

zi F iR, MHH T SVM. PLS-DA. CNN Al
CNN-LSTM, 1DCNN-CLANet#:Z Mg R
H B R A HE R R S BB A AL RE ST . SEIG A

Wit — IR | 2 1248 UWB U MRHIE VB L 5 5
AT $E 0 NLoS IR HER 2, {HXFF 1IDCNN-
CLANet A 5 f 5 4 A R A 5 I
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322 HEREiy BAMEFIE T RS G (SRR TR 3 FPf iR & B 4 -

N T B3 IDCNN-CLANet /& 75 4b T & £, K
BEAT DL X L sz g8 (SE8 AT F (A0 40 3 Fh
HIREHIRE) . D)ZBMMIMIES 3, Rk
CIR FFE#E N CNN-LSTM /Il AttentionLayer HJ 45 7
W, BRGNS 2) R CIR 4337, IEHUEAk
FFAIEFE N CNN JZ Il AttentionLayer R  H, 45 3]
E 4R 3) 244 AttentionLayer B35, g 9 3¢
RGBS, HESANEERZ, BRGNS
KGR . T IAES B ML 2 755 B 0 12
FHER, HHATRHUOMFAE W AL SE L, 45 R Wk 8 B
Ne HIFR 8 TR, EIEIMEFALES) 3 1) CIR_Branch
B HER %8 97.17%, F&Hfi% . LoS/NLoS # 7] %
HFL 20 85y 5N 97.17%.  95.72%/98.73% H
97.17%; <35 CIR 433 [ CNN_Branch 1% 7 #E ffy %
9 88.20%, FiffiZ. LoS/NLoS & [HIZAIF1 744>
AN 89.25%. 80.02%/96.95% F1188.16%; iR
FIHLHIAR B ) No_ Attention 1 5L #E 5 5 4 95.94%,
K #1 % . LoS/NLoS A [Al % 1 F1 4» % 7 7l N
96.06%-  92.75%/99.36% M1 95.94%; 1DCNN-
CLANet {1 T~ H At A5 Y

it — A BAIE P4 ) & A MR R AR AR A |
xR TE NLoS PR A e R i sk, A SCistit T

TR, KT TE LB — e E LT, A
PERE AR B . TEZ SR, 205l RBR DL 8 Ff
BUAMEAE R ) —Fh: d. FP,. FP,s FP,y FP,\ s,
PUL I n(t)eo VP 20 HePERE, SEEO 45 R
MEIFrR. MNRIFTLLEH, LBHAE L2
T B AL HE A 2 S AR VPN PR AR AN [FIFR BE R
BE. H, M EBRFP AR, HAAMEME NEE
96.21%, TR B 43 8 Fh A AMRFAE S (1) A 2R
TR T 3.30%. SiREY], Prik MR R T
NLoS/LoS iRl ae BA EEAEH, H&REAER
B8 4 T BB Tk -

[A 1, 1DCNN-CLANet £ %5 H & P40 A1 5 1E
O (v AR5 B AR T NLoS R B MHER R, TE=
JINUHIRE AR A R 3 T B R AE AR A 2 o 1) 2
T, PR T R NRA MR R

TRIEF PRI HE T &M RIS 5, W]
DAAR I 8 M 380 30 S 43 ZRAN T 20 S R AR A Bk
Hhth, DUBHEEEEERS . FLEE RS DL 3 FhE LR
SBIEEE I SVM. PLS-DA. CNN. CNN-LSTM
LA &% IDCNN-CLANet 31T I 25 52 5615 21 45 B (1) 75
KIREHEMEE, w14~ 16w, b, EER
T RLSEES R R, 17 B

#*=8 THRRSCIOZER
it o K2 LoS A [Al % NLoS # [ % F1 5%
CIR Branch 97.17% 97.17% 95.72% 98.73% 97.17%
CNN_Branch 88.20% 89.25% 80.02% 96.95% 88.16%
No_Attention 95.94% 96.06% 92.75% 99.36% 95.94%
IDCNN-CLANet 99.51% 99.51% 99.52% 99.49% 99.51%
%9 ESMHER) HRL LI 45 R
d FP, FP, FP, FP, 520 P () HIRTIES A CFBARE F1%
x N N N J N N J 96.34% 96.37% 96.31% 96.34%
N X N v J N N J 97.75% 97.75% 97.76% 97.75%
N N x N N N N N 97.02% 97.07% 97.02% 97.02%
N N N x N N N N 96.21% 96.23% 96.27% 96.22%
N N N J X N N N 97.35% 97.34% 97.37% 97.35%
N N N v J x N J 97.23% 97.22% 97.26% 97.23%
N N N N N N X N 96.95% 96.94% 96.97% 96.95%
N N N N N N N x 97.47% 97.47% 97.51% 97.48%
N N N J N N N N 99.51% 99.51% 99.51% 99.51%
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Bl (84.6%) (82.2%
& &
29 2
L m

648
(88.0%)

88
(12.0%)

NLoS

LoS NLoS
T R 2
(a) SVM

57
(7.7%)

NLoS

LoS
T i
(c) CNN

LoS NLoS
T AR
(b) PLS-DA

NLoS

354 7
(95.7%) (1.9%)
E b
fog o
ok i B
” 18 ” | 366
S (48%) 3 (03%) (99.7%)
Z z
LoS NLoS LoS NLoS
TR ARZE TR ARZE
(d) CNN-LSTM (¢) IDCNN-CLANet

545
(83.3%)

LoS NLoS
T A 2
(a) SVM

33 o3Il

TE S BRig ol Hh 8 F UWB #E4T 8 A, Tl R il
B 22 P RS A B S,  fn SR MK BE RS 2
NLoS 1 LoS iX 2 F I it 7 fE 2 T 2L NLoS | #F i%

P14 55 IR HE G 45

5
(1.4%)

650
(88.8%)

LoS
LoS

X £
S i
K 98 556 K 46 281
5 (15.0%) (85.0%) Z  (141%) (85.9%)
LoS NLoS LoS NLoS
Tl AR TIAREE
(b) PLS-DA (c) CNN

328
(98.8%)
LoS NLoS LoS NLoS
TR TR FREE
(d) CNN-LSTM (¢) IDCNN-CLANet
K15 PRSP IR RO R 4G R
ZEPNHE o W R A UF,  Fomn fe A WAL B AR5

R, A SR BT R 52 10 Bois 52 42 18 s b A ol &l 43
NAKRTED, rACNTCIERS . REEEE Y . R R
PRI RE BE R M R (classO~class3) o 1 #&56f LY A%
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2 1457 1457 @ 54
Bl  (86.8%) (86.8%) H (6.5%)
P i %
= = 2
oy X X
=, = it
S 124 3 175 ‘g 58 723
z (7.9%) Z  (11.1%) = (7.4%) (92.6%)
LoS NLoS LoS NLoS LoS NLoS
T R TR T A
(a) SVM (b) PLS-DA (c) CNN

86
(10.3%)

LoS

LR

18
(2.3%)

NLoS

LoS

NLoS
T b

(d) CNN-LSTM

El16 3FMEHIEA

4
(0.5%)

LoS

]
l)é
K
i
2 782
Z (99.5%)
L<‘)S NLoS
o A
(e) IDCNN-CLANet
s BRI TR IE R PR 5 R

805 673 (7] 780
(95.7%) (80.0% &l (02.7%)
& o
(§ 10 776 762 Q 5 781
Z (13%) (98.7%) (L) z  (06%) (99.4%)
LoS NLoS LoS NLoS
bR bR bR
(@) EHBIMEES % (b) ZHCIRSS (c) FHHERE S LR
P17 3l ol 1R 2 s S 3 A7V R 2 36 0 V9 I 4 S
R, RSO TR R AR G B s 25 28 ) B O 4, F198.04%, F17r%0498.21%. #HEL T H AR A,
H¥sFC2 EfrH sk N 4, HAhSLIR AR, IDCNN-CLANet FIHERfI R 2/ DIETF T 4.65%. L4
SEISAE R E 10 fros. H#E 10 AT %0, 1DCNN- BTS2 VR IESERE ClnE 18 ATz LA S I 2 il 28
CLANet [1] ¥ 7 22 N 98.47%, ¥ i 22~ 98.40%, CnE 19 7”) F 8, 1DCNN-CLANet £ 73 2K 1) %%
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