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Visible Light Communication (VLC

e T ———— — ———— — ———— ———— ——————

Visible Light Positioning (VLP)

* High positioning accuracy

o Cost-effective hardware » Unregulated spectrum

» Privacy protection ability
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* Time of arrival (TOA)/time difference of arrival (TDOA) [1]
* Received signal strength (RSS) [2]

e Angle of arrival (AOA) [3]

o BETHERaER/CREBEINTG A

* Image Sensor/Camera [4]

* Light Sensor
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e Accelerometer

[1] K. Majeed and S. Hranilovic, "Passive Indoor Visible Light Positioning System Using Deep Learning," in IEEE Internet Things

J., vol. 8, no. 19, pp. 14810-14821, Oct. 2021.

[2] M. F. Keskin, E. Gonendik, and S. Gezici, “Improved lower bounds for ranging in synchronous visible light positioning
systems,” J. Lightw. Technol., vol. 34, no. 23, pp. 5496-5504, Dec. 1, 2016.

[3] S.-H. Yang, H.-S. Kim, Y.-H. Son, and S.-K. Han, “Three-dimensional visible light indoor localization using AOA and RSS with
multiple optical receivers,” J. Lightw. Technol., vol. 32, no. 14, pp. 2480-2485, Jul. 15, 2014.

[4] H. Cheng, C. Xiao, Y. Ji, J. Ni and T. Wang, "A Single LED Visible Light Positioning System Based on Geometric Features anda
CMOS Camera," in IEEE Photon. Technol. Lett., vol. 32, no. 17, pp. 1097-1100, 1 Sept.1, 2020.
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* Fingerprinting-based algorithms
Offline phase 3
< |
RSS collection Training [R>omi :
(at each reference point) sample
Fingerprinting
%”:’ = = = = = = = = = = m= = = = = = = = Algorithm =”;"=’I‘
: RSS collection RSSoning | | X Y ::
| (at each testing point) !
[

o Trilateration/multilateration-based methods

di :dZ—I_g“ 22172,3
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x—x3)*+ -y =d;
N N2
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(Integrated sensing and communication will become a key
i _technology in future wireless systems. [5, 6]
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[5] F. Liu, Y. Cui, C. Masouros, J. Xu, T. X. Han, Y. C. Eldar, and S. Buzzi, “Integrated sensing and communications: Toward dual-

functional wireless networks for 6G and beyond,” IEEE ). Sel. Areas Commun., vol. 40, no. 6, pp. 1728-1767, Jun. 2022.
[6] Y. Cui, F. Liu, X. Jing, and J. Mu, “Integrating sensing and communications for ubiquitous loT: Applications, trends, and °

challenges,” IEEE Netw., vol. 35, no. 5, pp. 158-167, Sep./Oct. 2021.
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' » Isolated design Of: limit | o Resource utilization efficiency |
| positioning and ! " |
| L | . Potential mutual benefits |
. communication | L oy
l Inspire
e Pilots for joint channel ! o Integrated positioning and
| "__' D |
l\ estimation and positioning /1 . communication )

AT %) }

|
: Multi-task Learning (MTL) framework |
Il\can be considered [7-9] /}

[7] R. Caruana, “Multitask learning,” Mach. Learn., vol. 28, no. 1, pp. 41-75, Jul. 1997.

[8] Y. Zhang and Q. Yang, “A survey on multi-task learning,” IEEE Trans. Knowl. Data Eng., 2021.
[9] Y. Lu, P. Cheng, Z. Chen, W. H. Mow, Y. Li, and B. Vucetic, “Deep multi-task learning for cooperative NOMA: System design

and principles,” IEEE J. Sel. Areas Commun., vol. 39, no. 1, pp. 61-78, Jan. 2021.
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A WOGIE1E EALRE B 488 Visible Light Integrated

Positioning and Communication (VIPAC)

v

e A typical multi-LED OFDM-based VLC system using 1nten31ty\
" modulation/direct detection (IM/DD)
i
|
\

e The position coordinates and the CIR can be simultaneously obtained

from the received pilot signal using the proposed MTL network
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] W EEERIFRERETE (Sparse nature)
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3 0 ' I T T | |
E I e :( * Energy is concentrated on only
Lr / :\ a few dominant taps [10, 11]

Time (ns)

Channel impulse response (CIR) of
visible light channel

[10] J. C. Estrada-Jiménez, B. G. Guzman, M. J. Fernandez-Getino Garcia and V. P. G. Jiménez, "Superimposed Training-Based
Channel Estimation for MISO Optical-OFDM VLC," in IEEE Trans. Veh. Technol., vol. 68, no. 6, pp. 6161-6166, June 2019.

tap detection", Opt. Commun., vol. 467, pp.125712, 2020.

[11] Xiaolin Shi, Shu-Hung Leung, Jie Min, "Adaptive least squares channel estimation for visible light communications based on @
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B Pilot | | Data || Null

LED

A [
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PSS EESN EEMIECIEE SREE NN
|

Frequency

- - - ""-"""""""F""-"""="-""="-""-"-"-"- " —"-"”""="-"-F"” ”"F"F"-""="-"¥F"F"-"-""=-"¥F"”"”"”"-—"=-="”=-"”"”"-—-"”"-/"7=r—_==—_ —__—__—__ _- ;,_,/ /m—_, U—_ =

= aR, Z diag(x‘")F h") + W

* The recelved pilot subcarrlers from the #th LED
u®) = Fl(ot)h(t) + wit)

o The stacked channel measurement vector

u=Fyh+wjy
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o ZHESHIEE; |
e Least squares (LS) [12]

o BT E4aR%K](compressed sensing)AVEIX
* Orthogonal Matching Pursuit (OMP) [13]
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e Subspace Pursuit (SP) [14]
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I Sparse-learning-based framework (%ﬁ%ﬁ) can
I
I
\

improve the estimation accuracy.

[12] X. Shi, S.-H. Leung, and J. Min, “Adaptive least squares channel estimation for visible light communications based on tap
detection,” Opt. Commun., vol. 467, p. 125712, Jul. 2020.

[13] J. Wen, Z. Zhou, ). Wang, X. Tang, and Q. Mo, “A sharp condition for exact support recovery with orthogonal matching
pursuit,” IEEE Trans. Signal Process., vol. 65, no. 6, pp. 1370-1382, Mar. 2017.

[14] D. Park, “Improved sufficient condition for performance guarantee in generalized orthogonal matching pursuit,” IEEE Signal

Process. Lett., vol. 24, no. 9, pp. 1308-1312, Sep. 2017. @
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Channel estimation
sub-network
Channel impulse
Shared network response
7
Received
pilot signal
\ Position estimation
sub-network
Position
coordinate
Shared network — Extract shared sparse features

(
|

| _ . Domain-specific knowledge . .

l\Channel estimation sub-network <—— Position estimation sub-network



HE=M%E (Shared Network):
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Shared network

Vso7 Layer-0 ™ -+ 7 Layer-i  ** “Layer-(N~1)~ Vs,
hS,O—_ —> 1 . — 1 — hS,Nl
/7 %
s AN
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7 N
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Unfolded by the traditional approximate message passing (AMP) algorithm|

[
|
|
| Each iteration —_— Each layer |
|
|

. Adaptive network depth (optimized in training process) /@
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Channel estimation sub-network

u u
Vco | Layer-0 e Layer-/ -+ Layer-(N,~1)" Ve,
hC,O hCaNL
// \\
// \\
/// \\\
[/ \\\
u u

Vei Bc,/ L "VCJ Hz bc,1+1\_§0\

\4
NN, N C,l+1
F

Ocy

A
A I BG-prior Denoiser [E ~
C,/ p
h., D h

Dy (rc,/ 50¢; 59, )
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Replaced MSE-optimal denoiser with |
—> . . . |
Bernoulli-Gaussian prior |

i Soft threshold shrinkage function
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Position estimation sub-network

>

S,N, |LSTM layer Fully connected network

LSTM
Reshape it 1

PR
LSTM  Flatten A

H — bpig) — e
N
LSTM
unit N,

Long short-term memory (LSTM) —— Extract the position-related features

Fully connected network —— Generate the estimated position coordinate

\
I
I
I
I
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The normalized mean squared error (NMSE) of both the position
coordinate estimate and the CIR estimate

Tradeoff factor
L£(0,9) =NLce(O©, Q)+ (1 - \)Lpp(O. Q)
Dop'wte)-nf]  _y & [le’te)—<|
h|3 D ERE

o — — — — e e e e

CBRBIGE ) \

Update the parameters {Bgs;,0s;}, {Bc;,0c;} and ©p by
minimizing £(©y;,Q2) =L ({{BS,kaQS,k}Zzl ABcn. ec,n}ib:l,@l)} ,Q)

2
2

— . — — — — — — e e e

until the loss function does NOT decrease with the increase of the
network depths; € represents training dataset.

—— e — — — — — — — — — —

Optimal total layer numbers are set as N, and N, respectively
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—————————————————————————\

e Performance degradatlon|

e Spatiotemporal nonstatlonary|

property of the visible l1ght i of positioning and channel |

estimation ]

— e — — — — — — — — — e e e

f i
| cause
i )
| |
' \

channel )

N e — ———————— — — — — — — — — — — — — — — — — — —

'(E%ilziﬂ (Federated Learning, FL)

I
|
i framework can be considered [15]. ,:

[15] Q. Yang, Y. Liu, T. Chen, and Y. Tong, “Federated machine learning: Concept and applications,” ACM Trans. Intell. Syst.
Technol., vol. 10, no. 2, pp. 1-19, Mar. 2019.
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' UE agents update the training

I .
| samples over time
\

I
. UE agents participate in network

| training (federated learning)
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(Standardization)

Absolute coordinates —— Relative coordinate
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F1E
T Upload local weights
Broadcast global weights
Server ) ) |{1 Local Training |
- MTL Network| | |
Weights @ (Global Model) I
Uk . N Federated Average ) ; : 2. Upl oad local :
agen Welghts @(2} Z@’ . i : wel ghtS :
r r=1 ~y~0 |

UE agent 2 = T = {3{: | |
. @ r . N, \ ) Y, |
. e 07} [weighs O 3. Global Model !

. | :
. | aggregation |
UE agent » MTL Network | |
|
_ (Local Model) _ ' 4. Broadcast global |
ohts ©F ; Weights ©, |
WelghEF o, p eights : welghts /I

Local Training N ':
A\ A J
(- - - -~ - -—"——"""""""""""""""""""""""""""""""-—""""""""""”""""= A\

. » Spatiotemporally generalization performance
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Cramér-Rao lower bound (CRLB), a widely adopted theoretical
lower bound for an unbiased estimator
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The average of the expected squared gradient norm of the loss
function is widely adopted to characterize the convergence rate.

——— e e

If the learning rate is ¢ = % < &, the average of the

expected squared gradient norm is bounded by

=N E[|VL(©-)]] i

TNS T=1s=1

2 AG2C? N, N, Co?
<O @ S @, =
: ( MNJ>+ ( T >+ ( MMJ)
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i "A room with size of L x W x H = 5x 5 x 3m? is considered. The |
| simulation parameters of the VIPAC system are listed as follows. |

Parameter Symbol Value
Half-power angle of LEDs ©1/2 60°
Electro-optical conversion efficiency o 1 W/A
Average reflectance of walls P 0.7
FOV angle of PDs YFOV 90°
PD effective area App 1 cm?
Optical filter gain Ts 1
Optical concentrator gain g 1
PD responsivity Rp 0.6 A/W
Parameter Symbol Value
Number of LEDs N, 4
Length of the OFDM data block N 1024
Length of the cyclic prefix Ncp 64
Number of pilot subcarriers N, 16
OFDM bandwidth 20 MHz

Maximum channel length L 64 @
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T ) (E’W“) Tradeoff factor between two
| ¥ sub-tasks A = 0.9
5m O > Size of training set D = 9000
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() FEESR: EFSESZEIRIVIPAC

SEfLITFES: NMSEMERE

NMSE
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10° £

102
E |—0— Conventional LS [39]
[ —/— (CS-based OMP [40]

[ |=—DO—CS-based gOMP [41]

* Achieve the SNR gain of greater| ..

that 10 dB compared with the CS-
based methods (NMSE = 7X107)

* Achieve higher accuracy than deep-
learning-based method using DNN

e —— — — — — — — — e, e

I
I
I
I
I
I
I
I
|

10"

- [~/ Deep-learning-based DNN [9]

F [=—C==Proposed MTL network

10 20 . 30
SNR (dB)
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120

100

Positioning Error (cm)
= N
=] =]

o i — — — — — — — — — — — —

: : 120
e Achieve centimeter-level accuracy at

an SNR greater than 25 dB

|
|
i
e Reach the positioning error of 6.72 |
cm at the SNR of 35 dB i

|

|

/

e Significantly outperform benchmarks

e e e e e e o — — — — — — — — — — — — — — — — — — —

oo
o

—'=—Machine-learning-based SVR [42]
—O— Machine-learning-based RF [43]
= == Deep-learning-based DNN [9]
—_==Proposed MTL network

—— Machine-learning-based KNN [20]| |

N

\‘

10 20 30
SNR (dB)
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53
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d D
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51 5{ S Size of local datasets D, = 900
0 e 03), Batch size B = 128
Number of local steps N, =5
(g
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(2) (FELR: EFIFHSESZEIMVIPAC

Training loss of the MTFL framework for VIPAC with respect to
communication rounds

100 ! 1 v 1 ! 1 ' 1
Joint loss function :
Loss function of channel estimation sub-task ]
Loss function of positioning sub-task
7 -1
2 10 T
—
an
R
i
s
= 10 -
PN :
YM‘*W AATE W o
ok oy
0 100 200 300 400 500

Communication Rounds @
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Performance in spatiotemporally variant environments (the
environment changes every 200 communication rounds)

10] E v 1 v || v 1 " | " 1

200 — — —
Proposed MTL network
Proposed MTFL framework [ ——— Proposed MTL network
0L 1 1 —
10 | | 2150 F Proposed MTFL framework )
2
=
A | LxWxH| LxWxH| LxWxH g
> 10 F— 5 x5 x3m?| =7x7x5m?|=6x6 x 4m™ mlOO- I i
Z p=07 p=0.7 p=03 1 z !
= 1
. ] = LxWxH| LxWxH'! LxWxH )|
3 E 50_=5><5><31n3:7><7><5m3=6 6 x 4m?
] p =07 =07 p = 0.3
107k - k . k
i L 1 L 1 L 1 L 1 L 3 0 N 1 . 1 L 1 " i L 1 M
0 100 200 300 400 500 600 0 100 200 300 400 500 600
Communication Rounds Communication Rounds
NMSE performance of channel estimation Positioning error

o The estimation error of the proposed MTFL scheme can reduce
' rapidly again to a satisfactory level | @
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