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Abstract

For IRS-assisted large-scale MIMO systems, most studies need to be based on channel state infor-
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mation known, and IRS is usually passive relay, with high pilot overhead and challenging channel
estimation. To this end, a hybrid IRS architecture containing active and passive components is in-
troduced. A small number of RF links are used to receive upstream pilot signals sent by users. The
sparse characteristics of millimeter wave channels are utilized to reconstruct the channels by
compressed sensing algorithm to reduce pilot losses. Considering that the channel is a complex
matrix, traditional methods separate the real and imaginary parts into the network for training,
which will lose some information of the channel. Therefore, an attention-guided complex depth
denoising neural network AM-DnCNN is introduced. In this network, the channel can be regarded
as a two-dimensional matrix with noise for training. Attention mechanism is introduced to en-
hance the noise characteristics of the channel. The network outputs the noise matrix and recon-
structs the de-noised channel matrix. The simulation results show that the proposed method can
use fewer pilots to obtain better channel state information, effectively reduce pilot loss, and the
network also has good robustness under different number of paths and different SNR.
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4 He ) 9 R 1 (Intelligent Reflecting Surface) 8% A 942 55 75 AR (6G) W 25 1 B b R 22—, o] BLid ik A
53 il S ik e A 2 Bk ST RE A AT 2 R (1) o AL W A8, AT e ki (Base Station, BS) AR ' 2 1A 06
AR I HIG5m RGIERE[L] [2] [3]. 1EW, IRS HKERITCIE A o 4R, AT LU 8 8R4 S A 7o
PRI S S 2 B0 (R BE AR L) SR OB N SFHE 5 R o fEZZ KB MIMO R4, BT 2Kk &5
ik, HOBRIFEA R, {55 AMLEE(Line Of Sight, LOS)f&#% 2> 32 3™ B 501, IRS #5| N Rk i
SCETHI R E AR R [4]. N T R KEE IRS WIOLH, BT EERE A K5 8 R 355 B (Channel  Station
Information, CSI)>RiEAT ¥ it Uk, SEILIRS $BhE(E R0 — AN HEAL S AT EEMNT. 5Ea%R
G PEEMS AR, IRS WH & B ESEMWRN, LlEPSAREREIES, RaefthitH 2 IRS
T2 BS MIRIRIGTE . X TR AL Gt )7 ik (0 4 B /> — 3R (LS) J7 v [5] FH 2kt die /N J51 75 i 72 (LMIMSE) 7 7%
[6])Afi it AT HERS RS 1E , SR T R I TE 3 B BRI RN, X7 o A R E I 2T 85 91 H.
TEE R . fECHR[7]F, @RI BS £ IRS Ml IRS &M/ 2 eS8 RS, TPk T —Fhdt
TR R O3 AR RS TE A T TV e 12T VA TR BRG] — S e To . SR EEAS IRS JoAFHEAT Bl
PRIEFEH], S ON/OFF JF M AR K [8]. SCHR[S]H et 7 —Fh ik il s i LS [FIEA5 T 7 &,
Horbr IRS FEREANI BRALFT FF— AN SO o I R AR S ot . B8 BS A B 315k B HoAt S gt ot
PR, EIH R aesk A TEE 5 1H 1915 M Lk (Signal to Interference plus Noise Ratio, SNR).

SAEGTIEAEL, RIEZ 5 >](Deep Learning, DL)H AR AT AFE B 58 47 s B N R A5 5 O TR B R &%
FESEIUE AT SE S IE AL 1T, 40 OFDM R [9]F KK MIMO F4t[10]. SCHR[L1]ZE T IRS 4 B K H AR
MIMO Z4t, $2H T AN E BRI W 48 (CNIN), T IO 5 304 LR A5 3 AN p6 A5 . 4R,
BTG T B RS TS T R ETE, RIS AR ZEER . A Taha 55452 H 1IRA TR/
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2R )ik

A5 IRS X TAEE AL TH, ESCER[12]A[13]rh 73 3 Hh 1 T He 4 & K11 (Compress Sensing, CS)#1 DL (1=
AL, R A S TE R R ST 4 . 81T, CS A AR A 2D 5 BiUf# 5L 42 #(Discrete
Fourier Transform, DFT)%E R B AN 0] 2200 (0% Dh 28 ki RORL T = A= PERE A0 2 [14], I HAS R 28k <2 [l 1)
SERAAS EFR T R G 13 B 7 R

N TR SAARAE, PRAREEA TR, BRI T — R S G IR G R A IRS 286 . RE
IRS MR BAERA VR4, T LR B R RS Ok 1 SIS, SR IE BT R E
The BB K PAEE IR B AR, BT 7808 0038 50 K IEAZ VG AL IE 5 (Generalized Approximate Message
Passing, GAMP) M\ Al i+ 1 RFF(ETE AR ETE . T 2ZKIEE 5 Z BME R RI 20, 45 B 51 H
SIE ARG M, S TE AT I AR b AT DUE AR A 25 M [ R [15] o {5 T8 HE B A SIS R R SR N4
TR TIF S SR HS 30 R 358 0 A N 28 SISO AR 28 43 TR S, S5V A 285 18 3805 38 503 g 3
Z RIS, 75 5 1 B TE(S BRI Rk, BRIMEEWE R . ik, BHesI N T SCk[16]1E
HeERUE, P LSR5 38 5 R 1) SR Rl 3 [ B A N S B AR 2 EAT N Sk, DA 5 S0 R 30 PO A
M, WS RER, WRIAHMGEEMIETEE . FR, AT EAR NS5 E N % IR N RIR
BRAML RS2, BRI T RIABRUZ[L7]. FE B2 K EE N BRE, sl TER I
il AN e P R AE SR BV e, PR MR PR AR R, B B T RS . R R, A
SCAITHR 7 AT DLRFH S /D () S AT B A RS CSL, B RORD T SRS, IR, XA B AR
LT, X 2% R AE N AR E

2. {RES R
2.1 RGHEE

IRS IETE BN R R 2 R Gl A &k (B A7 2 [ 18] 4R Tk A& Hi(Line Of Sight, LOS)f%#%
BEBEWTET, 1IRS AT LASE I 37 o508 Jo 28 P15 LA Bl 3 77 B0 T 2 IR A 5 AR 4 [19] « &) 1 B, LOS
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Figure 1. IRS assisted millimeter wave MIMO systems

1. BRERFEHMNERRE RS

ARSCHEFE IRS Hl B I 2K KRS MIMO R - N ATHERE, KA B AT K A8 i IR 22904 2 A
(Orthogonal Frequency Division Multiplexing, OFDM) % %t, #% IRS LA B A FE i (Base Station, BS) £

DOI: 10.12677/mo0s.2023.123284 3090 e RSE TR


https://doi.org/10.12677/mos.2023.123284

Lliys oS 0

FU NLOS {5 S 4%40. BB IRS & AA M AR T UPA [E%1. BS L% T N, MRZ. GeC™™M %
NABS B IRS [fE1E, H, e CER/RM IRS B FI{EIE. IRS MRS RS o mT DU 5 e i 48 1
BEMMAIRE . IRS &G IEC Mo, A IR oA R TAERE: 1) SRR
AT A E S BUE ST B T I S iEse: 2) [IADhAe: XS 53T SOMAE . ol SO BT
2% A O RE[13]

22. (FERE

¥ BS S Al FH 7 i [ < 28 B 41 240 5K F B ST 26 VERE A (ULA),  IRS i (1) R 28 5 51 S FH 450 50 °F- 18I B 1)
(UPA).
st T BS 3£ IRS MiHI{51E, G A:

- gp. sy (6:71)3(es) (41) 1)

Ains) (6177) = 8y [%jmvm(z”d Cos(l sintr )] @)
ah(x)(x):\/'\%[Leix,...,eﬂwﬂT @
f"v<y>(x)=\/|\1Tv[1,eiY,...,ei<Mv1>v}T (4)

®)

.
1 i dsin(4) 27 d(Ne-1)sin(4)
%(Bs)(@)zw{lne g et
t

e, LR E] IRS SRR AL o WS BARMSRHI SN AT, a o) 9 IRS B HYLFES U5 — i L
IR, 8y g A BS S AT FESI A — L S B, 6 Ay, ﬁ%lmﬁ%ﬁéiﬂlﬁﬁ%ﬁ’]ﬁuﬁﬁmmﬁﬂ WSE
2R RIS £ o

IRS I S5 R EERE A -

@=diag(,ulejal,~~~,,u,\,|ej‘g’v| ), N e[O,Zﬁ],,ue[O,l] (6)

Hr, 0@ FRoRes m N TTER NS,y NSO SR, 9 75l R BE Y u=1.
IRS 2 M/ RE TE RN

K-1 _ L”kd
H=) C,e 7
d=0
NantNant L
Cd = UEL RS Izplg(de _Tl)ar(user)(gl 7/I)at IRS) (gl 7|) (8)
=1
2= si S(@ )+wsi i2Z —1)si S(d )+ —1)si '
ar(user)(9|:¢|):—\/lm |::|_,.,.’eJ 7 d(nsin(é)cos(4) n(ﬂ))’“.,ej zd((M” 1)sin(8 ) cos( )+(My -1) n(ﬁ)):| (9)
;o 1 izid(nsin(ﬁl’)c05(¢4’)+wsin(¢\’)) ZZ4((My ~D)sin(6) cos(¢)+(My ~1)sin(g))
at(|R3)(0|yﬂ)=W|:1,-..,e 2 ’...’e :| (10)
Horpr, Cy B HUE IR 12 K I MIMO BSHUE TE K rhme R, ] DL F By JUAT S TR AL [20]. L oA
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IRS i 2 7 IR ACEL, o WEBRAEHRHE R, T R, o NIKEEIEIERES, o AEHE
HEIBs 8, ygor) Tl @y sy 73 R FH P SR IRS i S B 1 U — AL W RL B, 6 Ay DS | S AR BIA S Y
TIRL AR, 6 Ry RS | SR EAR K 5 4

595 kAT EDAE BS AR AT RERS (S 5 0N

f =Wss" (GOH, X, +w, ) (11)

FA P B 55 kA TFRIE S b RIS 5 8RN
Yo =OH,s) +n, k=12,--,K, b=12,-B (12)

S, SRR KT RIAES b ARTBOREI SIS S, n BT o} eON (0,071, ) -
3. Bkt
3.1 ETFTEMRRANEERT

WK 72T 4645 & (Compress Sensing, CS)MEE Al TH5E, A RO ATL) 1 o4 BRI 2%
B A T IR ITRY, ASCRIA KatriRao 1 Kronecker A, RIFZ KB EEMMRE R, =
KA BA M MR ERE, 1) 4 BN SE X T X Fh o] 4R AR R A5 5, AT DU AR T AR 2 ke i)
RFEIRZEAE SRR, B EMEPORIREEIE. Wl 1 FR, IRS AN M AR orE, 3%
sl AR P i) ARG/ B S UE S 0 H IRS BRI, Al H SRS, A 4 B S
fhiTH R RS TE A B ETE . i T2 A IRS HOAL B AEAT B 58 M G A R [ E 1, R IRS 2
() (15 TE R AEAR A — B 18] A CRFFANAE, PTRLE G LS Sksk AT il W RO 2 I 2 IRS
Z ) B R ARAE T8 B A T i)

M5 A. Taha [13], FHF £ IRS HfE1E H, 775

Ho= 3 p.a(0.) (13
Holt, p FREERR A, a(6.4) ARSI
$ H, For A H, = Ap,, b,
A=[a(6.4).a(6,.4,).-.a(6..4.)] (14)
P =] Pucr Pogorr1 PLy | (15)
STREAE RN H, -

Hy = Sishy +v,
=Sirs ApX; +V (16)
= DX, +V,

b, Spps RARA VST HICHE IRS ERIATENGIL, ® =S pg Ay RO RAEIL L 48 B0 1O A 5SS BT
AT B, X, 2o T BERAF ARG 5L 1R B B A SO ZEAL TH AT & IRS Z A MEIE , v Ron R R B
5 T A RV R AR SRAEE G A ) 7

min

X5

0 17
st H,—®x,|, <o {1
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N T 785 M Z KPR E M R, AR SOR H P8R 53000 L AE A2 DL B 15 (Generalized  Approximate
Message Passing, GAMP) R A# iR i 1, HAHEE.

3.2. AM-DnCNN M%&i3t

SO T R A A T S A S, BHAS TS TE YK R RS . (STERE N R BOERE, HET
R Y 2 TR 2 ST AR TS T8 1R 428 0 28 208 2 16 S8 AR 3508 0 I N SE U B AR I 25 10 AT 1 2k, X Il
T VES SEE BURALE B RS . ZCEk[21] 8 Kk, TR T — M s AE BB EREE /15
59K B 2= W A 2 9 2% (Attention Mechanism-Denoising Convolution Neural Network, AM-DnCNN)® 2% 41
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Figure 2. AM-DnCNN Network structure diagram
[ 2. AM-DnCNN 4% 2544 &
HEERZI00(18) 19)FR:
W*H =(A*x—By)+i(B*x+Ay) (18)
R(W*H A -B| | X
( ) = * (19)
S(W*H) B A y

o, WRREHGEHR MR ERE, H RN T &AW 615 18 5 R -

AM-DNCNN 2% % N\ R b — 5 A 28 B T e 4 R BEAG v 1) A e S IS T, Bl TV 0L
IR FE A R 28 AR AE SR BIORD 5 M5 T (1) 28 R BE, W73 U AM-DNCNN W28 1] DLt — 5 {5 18
ARG FE o A ST T 9 2 7] L5 A DY AN 23, RIS T8 B4R 2 B (Channel Sparse Feature Extraction, CSFE)
BBy A5 IESEEIE5E (Channel Feature Enhancement, CFE) ¥4+ & JJ#HLi (Attentional Mechanism, AM)
B4y A4 18 F A4 (Channel Reconstruction, CR)#E43, 4% T DL Wk 5 W0 o 24 S e 7, DT B 440 2 A
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o NICHEAIRI AR T AR AR B S LT -

1) CSFE:

PR W 28 R P P R 5 Ry KR A2 BT, — RIS IR, 2GR SERE . BRI, IR
SRIRBE IR INZRIAE s IR 2% B2 B 2 1 B E 22 (M S BB N 2 e 4% (1 R 2% 7 . AM-DNCNN [ 2% (1]
CSFE #Jr H T 49 & M (S IE TR RRFIE, SZSCIR[ITR K, A SIN T =i, ARz i) BLR
RILMCET ol R 245 R P AR A B I B K, BRI 25 MR X 28 R A SR RCAS R A7 48 . CSFE B85 28 TR
FBUZA CNN BRAFERZIL 12 2 BRI RN E N 3 x 3, A G RR KN 13 E N 2,
THREREREBEES =, I, L. T 22 §—Z2EH)Z 5143 —4)Z(Batch Normalization, BN),
FHRMNAR N 28 10 2 2 B W7 i i fr o 00T BR B8CR FH SCRR[21] B4R 9 CRelu 4ns(20) s, I & AL
GRAMZE, O BRI K 1R L

CReLU(z)=ReLU(%(z))+iReLU(3(z)) (20)

2) CFE:

CFE AR T M4 4 R AURSARAE, 350 T 48 L vERE . IRJZ 48 M RE 2 52 BITR 2 HI 55
TEF, WniREERGK[22] [23] IR EFRZEMEAERY, T MR UiZIS 8, AM-DNnCNN PZS NN T FFAEHE 55
Bedehgr, 7ERCBRLS E 1AL 5 e 5 T AR RN 5 CSFE ThfE Ho4h. CFE HiASEA4IR: Conv2D + BN +
CReLU F1 Conv2D, Conv2D + BN + CReLU ¥ 4F 13~15 JZ, Conv2D N% 16 |2, HFZ K/ N 64 x 3
x 3o PR RHEE I AR AT M S BN, P I A e M P (S TE AR R

3) AP:

FIOEE ISR XEE, AM-DNCNN IZS N T VR & S HOR I S5 25 e AL, FH DA i o 2%
FERG— B B 2 (R FE RHAE . AP W23 WA D IR ST, SR — D R ARAG MR FE B, 55 — 0 SR
FORUE X CRE 434 tH 1 7 i PR R AT DAL, DB B S P M P AR AE 88 oo o) 4% 11 25 M 2

R ITER oo ARG SR OGN PR AR, F T S M AT 45 . % CFE 0 20 $REUE 75 5 T8 A5 MR AN
FERE ML, AR S 4 Q 5 M 4% AT T S EL K (S e AR R AR e, 45 BT M P AR FE . TR
JIFUHEI LR 1 FR.

Table 1. Attention mechanism

=L OEBHINSIEE

TER AU S
HIN: CNNIREL, H, V (4Ef)
Witk RHERUE B3
. Similarity(K,, T, ;)= KT, ; (s = ij) Aotk

.« =SoftMax(Similarity, ;)

1

2

3. fori<0toH do:

4, forj<0toVdo:
H V

5. Q(MR;FZZ% Value, ; (Value ; 7y K, #{i)
i=1 j=1

6. end for

7. end for

4) CRP:
FEAG TR A S FEERI N AM-DNCNN RS AT IIER, A g s JE R o O R 4 i Al T h 5 18
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L0 P AR B O R AR B, 3RAS MR R . (S TE E AT DU R(21) (22)%0R:
H=H+E (21)
H=H-E (22)
ﬁ¢,ﬁ%E%@ﬂ%&ﬁﬁ%%ﬁ@ﬁ%%ﬁ,H%Ei%ﬁﬁ@,E%i%%ﬁﬁ%,E%M%%
HIME TR, H R LR
AR 75 % (Mean Squared Error, MSE) 512k B #E SUN:

N 2
Loss:—iz HO —H®
2N n=1

E

(23)

Hef, NI ASE .
AM-DNCNN %45 K Fi I — 163 75 1% 25 (Normal Mean Square Error, NMSE)RFA {5 18 1k 11 i &

NMSE & FELok A T i 2 D2 SR, ik s
e = [ -H[ /[ ] @)

Jorft HORMHEFROGEARE, NMSE Mo, (53 1 v s -
4. KEWHE
41 RGSHRE

SeaG e, BEE BS £ IRS HIFE A 150 K, P EFE B IRS 30 KAL) 10 K125 Bl N . BRARHRE N
22+log(dy), dy NHIPE IRSHIE. %2 4H T ARG HASHINNE.

Table 2. Parameter settings for massive MIMO system
= 2. KHE MIMO RGHISHIRE

S HiE

BS i R £ E N, 4
IRS JTHEA 3 M 100
IRS HFELHEANH M 10
Ry Th# P, /dBm 15
RYi 5 B/MHz 100
KLk AR d 0.5
BS Z IRS fEE/m 150
OFDM F# % K 256
IS % GHz 28
B HE 8

4.2. MESHILE
FIF Matlab 15 21518 45 5 5000 MYIZRFEAAT 1000 NMRAEA, S EWNFE 3 fTR.
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Table 3. Hyperparameter settings
=3 BERRE

S il

RIG6 1 E L5 2] % 107
E RS EYi 0.3
LR 150

4.3. YERESHT

N T IR LM R ERREG 1K 3 R 7M1 CSFE # BLEAF G = Bre f ke
X, ralga 7-10 dB, 10 dB, 20 dB =FPANFEMEMELLITEREXTLE, ATLAE S RREUE 15 R A A
NMSE {EgestiE TS, MO E % ERREC 15,

‘2- 5 b k. =@ + AM-DnCNN (SNR =-10 dB)
~. ~ —=@=—AM-DnCNN (SNR = 10 dB)
'5.0‘ .\".‘. == AM-DnCNN (SNR = 20 dB)
.. L B —ry—— - —— —0
-7.51
™ -10.0
Z
m -12.54
s
Z -15.0
-17.54
-20.0 * - °
-22.54
8 10 12 14 16 18
[ZEI =¥

Figure 3. Performance comparison of different network layers
E 3. TEIMLEHA M REXTEL

N T TN EE R LA LR R X 2 s e, P 3 R T TR EVE S AR 3 R LR I R R
gxTl, fFE:

1) OMP (Block Coordinate Descent, BCD)%.7%:[24]: K B AGiH#E B AR G5 5K B i) @, JFiEidt
A2 VG ICE B (OMP) B AR v o

2) Channel Net 53%[25]: SR XU R 22 0 48 (CNN)Z5 44, 30 31 (1) S US55 N5 1508,
REEBEE LT R NERR, BHERGEER R LXK,

3) LS: fe/h 3k, [EIEMSTHF RN Bt H S R s .

HE 4 vTLE, 5 4 PR kA1 I, (SR LL7EVER-10~20 dB B, ASCHTHE AM-DnCNN 5354
B R YEREAR T . X R FUARAR PR EIE R B RNE E S R M N AR R, SIN T EEEER W
THERZ, Wb TEEEKE, RGN TES5 SR LML, &5 T EERNKERE. 55,
SIS TR P A RS M LI R 9 2 (1) NMSE P BE R 52 SNR = 10 dB, 425 8 YII LRI M 2%
(1) NMSE PEREHEITXTLL, PTLLE H A B/NMAPERE AL, Btk m] DAIE B A S S S AN RIS e L
Al BE AT CASRAS 47 (10 NMSE PERE, IEHiZ 4% B it

o

m
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-e- ChannelNet

—+—AM-DnCNN

-o—~AM-DnCNN (SNR =10dB L =8)
—LS

o

—_ 1
o W

NMSE (dB)
1 IG 1

20
- 251
_30 4
-10 5 0 5 10 15 20
SNR (dB)

Figure 4. Comparison of NMSE performance under different SNR
4. TEMEMRELIES THY NMSE MHREXTEE

T R EEAN R S A BE R 19 NMSE TERERT LE, ] 5 7R T AM-DNCNN 5 =Fh 5L 28 52 1 PEREXT EL
HIF 5 /LA, BEE ARG N, DR SELEAEE (T NMSE TEREBRE 2 3271, X8 Ak
FERRE AR L S A EER BB E R, AR THATEEAM T A SO R SFIRAE SA N 20 AR,
NMSE e T IS, o H Aok 7 25 60 192U B A RETT AR Ui, BIONASCSIN TR & IRS 2
g, F bR A IR DL SRS AUE S THEIE, it AM-DnCNN S0 2 20 45 1) S A
FEMURT LASRAF LT () NMSE PERE, T H A7 E A 258 60 19 3K 4 RESRMS BOS R E 1) NMSE
PERE. AR T AL -

5 4
e OMP
=@ ChannelNet
01 = AM-DnCNN
- .S
g 51
m
=
Z -101
-151
-20 1
0 20 40 80 100 120

60
K
Figure 5. Comparison of NMSE performance at different pilot lengths
Bl 5. RIS E TH) NMSE 1HEERTEE

N1 X EEAFERBRARIG O R I ERE, 18 6 R 1 PU R EVEEAN R R AR B AR L T 1) NMSE PEREXT L.

HE 6 nTEUEH, ACFTHE AM-DNnCNN Bk MEREEA A BE A2 2 E S 0L N 4T OMP BEM
ChannelNet 57, BEsEIGEXTEE T 3T SNR = 10 dB, #4250 8 Y%k AM-DnCNN M 4% f13: T SNR
=10dB, ANEFEHRAAIMEIERE, HE 6 BT LIEH, A EIEEAN AR EN LT e
AR N NMSE 188, AT DUIE BZ N 4 7R A R B B2 N A St

Z

m
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