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Indoor positioning fingerprint generation method based on cGAN-SAE
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Abstract: To address the issues of high fingerprint collection costs and the difficulty of constructing datasets in indoor
positioning, a method for indoor positioning fingerprint generation based on a conditional sparse autoencoder generative
adversarial network is proposed. This method enhances the feature extraction capability by adding hidden and output
layers to the autoencoder, guiding the generator to learn and generate key features of fingerprint data. A fingerprint
selection algorithm is used to filter out the most relevant fingerprint data, which is then added to the fingerprint
database and used to train a convolutional long short-term memory network model for online performance evaluation.
Experimental results show that the conditional sparse autoencoder generative adversarial network improves the accuracy
of indoor positioning in multi-building, multi-floor environments without increasing the number of collected samples.
Compared to the original conditional generative adversarial network model, the positioning error in predictions on the
UJlIndoorLoc dataset is reduced by 6% , and in practical applications, the positioning error is reduced by 14 %.
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Fig. 3 Fingerprint generation process flow diagram

N 22 2R 2 2 5 IR B EONR 1T G TR A AR B
AEHE A R SRR AR S B AR R B T N
Kl 4 J87R T ¢cGAN 5 cGAN-SAE BRI 2k s 45 4 %) 1L, 5
TR cGAN A A 45 M AN 4 () 7  cGAN-SAE 4= Ji #%
IR 4 s .

cGAN-SAE B8 A il 2% 41 LE T JF R 1 cGAN #5581 A=
BRI T A gt A BRORUZ A g RS i R RS U B
2. H gD R LA A 512 SRR B T 8 e A
iy A BHE B R B — A 5 A0 4R AE 45 8] AP 3 O AN B R R AT
LR AR B, T 5T RelLU ST R 551 A JE et 28 1L, 42 L 5
WA T HARR IS QU E . SRS H g A B R R
R AL TC 1) R AT T 457 B o1 4 B L G 0T Sigmoid T R BORE
i A PR AELOL LIV BN T 38F — 20 42 BURRAIE L % 2503
HEAT -0 b B Uk T MRS AR L R AI I B o B R B
J2H R AIE 1 T8 RO SRR B 128 1S E) 256, T LA A i A
TR Hh B 2 A RN e AR S A R G LA 2 AR R
2.3 BYUEEERX

Az 10 B 8 BT 2 W7 AT R L A S 3 — ), AR S
Wit T — PG ek £ 5005, FH LAk 28 B AR 56 19 28 a3 808K
. 0T e AR SO AT A P AR S A N 2 AT
B AR TR R A A T A AR st 5 I R 4
B SR B 1) 1 RS HE B AR R BOT S8 AR R R &
ZIEEE . BERICHE & i3 = (2 s, FE R R 25 (| o

¢« 50 .



5 AT & v F o

T # K

Noise Vector

v

| Noise Vector

Dense Layer

v

SAE Hidden Layer

| Dense Layer

[ Reshape

v

)
)
)
Embedding ]
)
)
)
)

YSAE Output Layer

ConvlDTranspose

v

Embedding

v

Conv1DTranspose

Conv1DTranspose

Conv1DTranspose

v

Conv1DTranspose

Output Layer

v

Conv1DTranspose

(a) CGANASZY A= pR 38 25 Hy
(a) cGAN model generator
structure diagram

v

Conv1DTranspose

[
[
[
[
[ Reshape
[
[
[
[
[

v

[ Output L ayer

(b) cGAN-SAEAE T A: i 48 25 4y [
(b) cGAN-SAE model generator
structure diagram

4 cGAN 5 cGAN-SAE 5 #1 A4 pfl #5 45 14 %of L ]
Fig.4 Comparison of generator structures between

c¢GAN and cGAN-SAE models

2 1 2
Tisx; € xax; = (@ioxl,ai)sa; = (xj,atxl),

distaix) = (2 12l —a) 1) @

T WA 2 800 T ) R 32 AV B s B R A
JCAE S0 B AG B A) A HEE HL 3
14 A B 205 R ARUCROT DA A2 Al 2 o A 2 A A B — 2L 4
SR I 3 e B A A R A O B 5 SRR . A
P B 45 1 4 e AR G 4 SRS B 58 B SOBUE SR b JH L
INGRE PR, 3 5 3R AR, W] LA AR 2 Tl 45 9 48 0K
PRI 8 AU T A AR SORE B9 2 B L I8 BE S 1l
A A S e T i S BN )RR

3 ZWRITEERSM

LIGig it
SZU I EE 3L T Python 3. 9. TensorFlow 2. 6. Intel ®
Core™ i5-12500H 4bH 2%,

3.1

¢« 60

9T BUEAR ST AR 9 cGAN-SAE 2 P E i A 7
B E P A R, TN EMEARRER
UJlIndoorLoc 348 4 , %} ¢cGAN-SAE & % 3t 17 Il 45 3 78
CNN-LSTM & v A58 - JF A7 50 0F , 8 TE 2 A2 b, o i 3t
FEAR A 5 AL 15 22 T (K B2 X cGAN-SAE B2 7 A= 1 48
SRR PRAY

UJlIndoorLoc £ 4l % . T CH A Fk UJT. HoAu & 3 gk
FULEENAEE 5 B, 19 937 £ 1 111 4
BFIC A . MAAICSREERA 520 AP WEZES
SR AR RS S RER TS T RA A
A AR XS % Song 41 K BT 5 kL H BB 70 I 45
£ .10 %0 B UEHE (20 Yo MR 4, AT UJT s 42 647 X1 4% .
R T R EOHE () R 2R L AR SO R SCRR[ 18] TR E A9 E IR
FOR BT T UJT 80 4 i 80 £~ . R T MinMaxScaler
X5 A R R R A A o 2E AT A R, B AR 4R R ik
KPR Hd, X, R 288 55 B RS B b 28 1 B/

B X ﬁi’%é@%\%lﬁﬂ@gﬁ%%%ﬁﬁo [ B X 4%
JZMEH KA T OneHotEncoder #E47 415 ,
X, = X X 3
X — Xiin
3.2 EROW

1) A TR) 25 A 28 5 A 38 S0 Y 52 1)

h T ST AS TR 2% A B 25 % 4 B0 SRR 1 R e DL B AR
SCHE H P TR SR M I AR L A3 R DA VB S O A%
PERRZE N2 cGAN Tl cGAN-SAE #, A i 7] 25 %
S SO Y T BB 2B 05, I 25 CNN-LSTM #5274,
X e AE R — M 4 N A E AR . B 5 8 cGAN A AN
cGAN-SAE R BU AR [R5 AR 28 T 8 iR X . R 1 R
cGAN BRI cGAN-SAE BRUR Al & 4R %8 R B iR 2.

1.0

0.8
ﬁ 0.6
gé; cGAN-SAE (#2)
" 0.4 —.— cGAN-SAE (&%)
® | 2 cGAN (2)

02l --- ¢GAN (&%)

0 2 4 6 8 10 12 14

REHEE/m
5 N [EARE USR] S AR 4 T LR X L

Fig.5 Comparison of localization performance under different

models and condition labels

AL DL A ] S5 A AR 2 X 48 80 AR A B 3 52
DIBRIE N & AR & 1, cGAN-SAE £ B By 1 07 MR iR 2%
7.686 m, Ifi LLEE S R A5 A BRI IR IR 2208 7,990 m,
AH R Hb , cGAN TR 7E 3 PR il 45 1 T 9 38 7 AL 18 22 43 3
8.026 m 1 8.035 m, #HLT cGAN B, cGAN-SAE #i
RITE LIRS 2 Ry S5 AR AP B AR 2 RN T 4% . BARSE



2 4k LR T cGAN-SAE 89 £ N T4 3L R F ik

5514 W

1 FAABEBEAEAEGRETEMRE
Table 1 Localization error under different models and

condition labels

PR (R 28 ¥R 2/ m
cGANGEE) 8. 026
cGAN-SAE(# ) 7. 686
cGANCEF YD 8. 035
cGAN-SAE (1) 7.990

Bi, cGAN-SAE BRI 7E DR 2 N S (bR 25 B, 1R 254 8 m
LI BT BI N 76, 81% , T cGAN KE#I K 73,59 % ; LL 57
YR S ARSI . cGAN-SAE #EI7E 8 m LA P I35 22 L 4
H75.90% 1M cGAN #EHI Ky 73.52% ., cGAN-SAE ## £l
FHLE T BRI B cGAN BB, [ 4 % 3% Bt 2 g b 2 19 51
N BESR TR AE $R B R N TR B B 2 I T
TER B AN AE . SCB g5 SR R, X s ol 4R T TR
RUEAS ) S (AR 25 T 1Y 8 RS BE L (74 cGAN-SAE £ #I 78
SENHERGPE A B E T

2) 18 BUBRBEST LR FEAE BUE Y

R T B UEAS SO B TR SO BRI M R SUEUR S Y T
WIS, S BE AR 2 N 2 R 28, R FH cGAN-SAE A= B A
T Az i TR) A R B e SOOI L SRR DL BT SRR & 0t 48 2L
VEEE ST YT TR ¥R, 2 IVE S CNN-LSTM & i 455 44
PN RS, % LU AE Rl — R4 T i B iR . Bl 6 S P D
P IE 0k E MR L L 2 2 AR YT TS R E R

1.0

o
o

-
o
-
e
-

o
o

RERRS A
=3
S

<
o

— ROUERHLEYT 7
HET R

0 é éll é 8 10 12
R ZE P B /m
Bl 6 BBV 5 sOEBE LY e LAY
Fig. 6 Comparison of localization performance between direct

expansion and fingerprint selection algorithm expansion

R EEREYVRERURREEETVREMRE
Table 2 Localization error between direct expansion and

fingerprint selection algorithm expansion
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Table 3 Localization error among different generation methods
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Table 4 Localization error of different generation methods

in practical applications
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