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Channel estimation of air-ground data link based on Modulation Convolutional
Neural Network
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Abstract Aiming at the inaccuracy of channel estimation of Orthogonal Frequency Division Multiplexing (OFDM) system
in the complex air-ground data link environment, this paper proposes a channel estimation algorithm based on the Modulated
Convolutional Neural Network(MCNN) and Bidirectional Long Short-Term Memory(BiLSTM) network. At first, Least
Square(LS) algorithm is used to extract the initial Channel State Information(CSl), then MCNN network is used to extract the
depth characteristics of the initial CSI while compress network model, finally BiLSTM network is used to predict the final
CSI and realize Channel estimation. In the aspect of experimental verification, the Air-Ground(AG) channel model
constructed is used to generate the channel coefficient data set, so as to realize the training and testing of neural network
model. The simulation results show that compared with the traditional methods and the existing deep learning method, the
proposed channel estimation method has a lower estimation error, and the performance of the Bit Error Ratio (BER) of the
system under the condition of high SNR is improved by nearly an order of magnitude. Due to the introduction of the
modulation filter technology, the number of network model parameters decreases with the increase of the number of neural
network layers.

Key words OFDM; deep learning; channel estimation; air-ground channel model; multipath effect

7= 1 £ 95 55 (Air-Ground Datalink) R Gt 2 L AHL. TN CRESETC N 25 R B LA BG4y, SEIR
TNZ & R FR R AE B DIRE . S ENTF S EE RS P HATES N, IR RAE
TR CZRMMNT WM. R 2 2N, IE A 54> & A (Orthogonal Frequency Division

WekE H 9. 2020-10-19

FEWH: 2020 RO 2030 —<Br— AR AN LG E KHH (HLHES © 2020AAA0108200) ; Jbpili HARI ¥ HESE (HE&5
4204102)

W& 5 i) e . 2021-02-04 15:55:55 g iy k. https://kns.cnki.net/kems/detail/11.2625.V.20210204.1443.003.html



2 JEHHT AR 2 2 4R

Multiplexing, OFDM)H A |32 N A T 25 3 55 R4t i, OFDM R 4uid it 75 445 5 2 [al 4 A\ KT
TeL A5 e K2 AR I S8 JE B A AT 4% (Cyclic Prefix, CP), #e KPR B V1 I8k i 22 42 R0 7 A i 445 1)
$tl(Inter Symbol Interference, ISI). #RiM, T —S@EHBIEE, AWM EZERNLEER CP LAUR
K, HII KK CP & F8UE BALMIER M. FFXFIX — r] 8, I8 5 5005 0 A5 TH R {5 1 2 i SR ok
N CP KB, BB ARG E A R g FI A E W5 FEfitHE TR ELFEES
BHA R, SREEN . 2R L AN S5, XS R I AR A5 T8 o SR R
W, DRI A T8 Al 1T PR BB B e 3 5 H OFDM £ % 1) B A Bz e 1k g

G B EAG T 7 V5 AT 2 T SIS AL T BT AR E A, o T S (S
T RO W T SR E B AT EE A B/ e 57k (Least Square, LS)BL. /N5
% 72 9% (Minimum Mean-square Error, MMSE)MURT 26 V£ B /N 35 77 1% 22 5% (Linear Minimum Mean-
square Error, LMMSE)PI%; LS HyATHAE M . FREMK. A EEE IR ARG S, FI7EsLhz
Wl A s MMSE B0 R BE 8 G vhHAE 2R I R S G (A G RS 7S, B R S T A
THERE, PR EREES: LMMSE Xf MMSE SE#EAT 1, itk 7 MMSE (35, DR 7E SE
B3 FH R E ) LMMSE 53408 MMSE 5925

T, WREEIFER AT OFDM SiEfhvh SE S R4, B 14 SR 5 E M ik & EE
RANGRER . CHER[6]F K BIE 410 77 0% OFDM e N —A “BH 77, FIHFRAER 4
B A W& LIS TE T 55 SR STER[71%0r 17— Fhdd T AR IR R 7 2] i TE Sk
W SCER8]AI FH A% Gl 5 Bl 0 il e it 7B EASTHAIE SR RS X 2%, 3R Pl s A A B+
2% LA TSI R S, AT AT O E AR AR, I TN B SCER[91R H T R
TR #1221 4% (Deep Neural Network, DNN){li {5 18 i 3 5 45 38 (1 5538 AH O¢ R E, S I8 RS 18 I 403
AR AL SCHR[10]2E T 46 A1 - 5 i i 17 - 4 3% 32 4% 48 (Convolutional, Long Short-Term Memory, Fully
Connected Deep Neural Networks, CLDNN) [ £ 5t U [ 78 mrid B s M B3 T A5 TE il vk 7%, R H
— 4k 35 A4 42 W 4% (Convolutional Neural Network, CNN)-5 X [ 45 i ic 42 % 4% (Bidirectional Long
Short-Term Memory, BiLSTM)Z5 & [ 28 S5 i b AT (E A 1H, S Ik 17 22 4% R0 A 22 385 380 28500 11 52 1 5
SCHR[12]42 1 7 AT =48 CNN 5 BILSTM £5& [ H T 2 it A\ 2 % th 1E 28 454> &2 F (Multiple-Input
Multiple-Output Orthogonal Frequency Division Multiplexing, MIMO-OFDM) £ 4t {15 & fiti i1 )72, 23l
R B3 5 B PRI AR TE AL s SCRR[L3]% T TR TR R IR B (1 A A A N 4% OFDM #21
Bl, *MET ZEBBFAEL R SCER[14]1% o TR N T se i B ) OFDM #:ebl, M TETG
CP ) OFDM #4iH, 4&7F 1 i Al e &4 H 2

AT FEIUCR R, IR 2 2] D7 iR S B B (5 A T H U R PRI A 7, XR_RHTE
T T S HUSTE I Z AR 2 AN — I BB 2%, [BEFEARSIR N 2Bk T S, S RE
EAG IR IR . HigE Bl E e DEEE RGN, THUEE RGA MRS E R, BT
2 M (Air-Ground, AG)fE 1E 3E AT HERA I BB $& FHE AL TH T iE BG TS FE RO 2L,

£ AG S @B ST, SCBR[15-17]145G 704 T AG fFiER =, X ARIMERE TH AG /518
HEAT AL, RH TEZLH 1% AG {518 A A IS S E i N\ 8] Bk £ 42 4> & (Multipath Component,
MPC)J¥ il Sk 4E I £k (Tapped Delay Line, TDL)EHY, sSEHixf R EE L 12 AG fFiEM AR, Hr,
SCHR[LS]EE s A AR EIAEE CEEEEKFRK) B AG FIE@EM 7L, SCHR[161E SN 1L X IR
AG [BIEEB T SCHR[L7]E S AR X IR AG [EE BB T % .

BT AG SIEFEAR AL e, FET IR B A5 A A 28 I 25 (1) 2 B A5 30 1% v 455 8L PR L 38 1140 30 2 (R A A7
TEMERE o X 2 H T 45 A0 I 286 455 780 K RIASE (1) DX 285 A0 0 o) A7 fis b i 9 LA BE s I 2R, RIS Dl 17 SEZ B IR 2%
W LI SRS SRR AT KR E R, X e i s = D T, A DR BR BN ERL A
RIBRPOE o EF XS HLEGHSZ 7 B, 75 B0 20 P 28 455 ) 1R AT e 4 SR IR AR R i AL B Y . G AR 4 o 2%
B R BB T E B NN T ), — R RS i, B R E R A g o B S 4
i, ZRBEAEYE, EOBABRE N, AR RR S R TN . BAREE R TAERT BA oy



EEMRAE T ] R 4 I 4 1) A M AR B A TE A 3

= W BT U8 IR A O, fIRFR o 20, b, AR B Ak R T RCE Sk S AR 2 I 2 4
FRO B EE 36 R — AR . VA JE % 2% (Modulated filter) & #5520 B4k AR R PR ROAR, 38 3 A= i i o 5 A o
2 W 4% (Modulated Convolutional Neural Network, MCNN)*T i 45 CNN ®9£% 3t 47 15 B 5 4

EEaf LR ), A SCHEH —FF T MCNN F1 BiLSTM 4541 OFDM {518 ftit %, FIfH TDL
RN BRI 212 AG (B IEZHAT @ARISY, B A B E A BN S 2% B U 55 2 42 I8 A 3 R R AR (15
TEFEARKAR, R IEE X CNN W2 S 50T K45, 785 K 4% MCNNPURY 2% X5 T8 FE A RFAE
FEHLEE I BILSTM M 2% P20 (S 8 FE A 5 F I Tl B 77, SEILZ 4% AG (EiE IMER L. [FRS, A3
W@ MCNN A1 BILSTM 1 JZ 0K 73 47 I 2% J2 BOME B Al vHRS BE s . 546411 LS Bk,
LMMSE 5792 LR BUAT AR FE 24 31 J51% DNN AR EL, A SCHE H S 8 A5 5 vE A B0 & 7 AN [F) S 38
5% rb 2 RO B A Al RS R

10FDM #{E %%

OFDM & — Pl sl TC AL MR, T2 AR R A [ B 4 v it e 47 250408 22 8 ol 22 B R 0T I3 £
ITHdE, b 2 Bk . B 15 OFDM J81E RS &5 &L,

WK 1R, fEEE RGN b, KEVURS Z#HES, (G598 WG TS IR &
TH) R AT LRAF AR R N 25 AT BOIGE B Vi, Wi 31 OFDM 55 (AN [R) ¥ 3k b b A7 A6 i o

£ OFDM R4, & FHEBEZ BMHEIER, HA T HIEAE 1 OFDM £ 5 il N #8455
B A, HHAR R 2 A 22 — AN A HAESZ A (D R .

17 ) . 1 i=]
—j exp(jo;t)exp(jo t)dt = N\ 1)
T 70 [0 i=j

KF: o RRE I THBERAEL, o, R ] DT BRI AEET .

N T BRI AT P AN By 1 480k 1] (1) IR A AR, R EEAE OFDM fF5 (MWl CP, CP MIKEE
—RERTLLFERN RN EY R, EfE N IRZRaEMASN T Mg +i. &5
W 22 BB H) JE I AT R R R R AT HUR A B 2 R EE T . KIEESH n 4> OFDM 55 s, (m) &
2K

5,(m) = %Elxn,kej”*m @)

X k ATEEE, x,, NEIFEBRENIMTERES, o, A% KD TR AEE.

FEIBAE RGN, KRR 1) 8 AT HO e 40 SO AT 804 5 5 B CP gl i phoskt f B v A 46 o}

OFDM # 5 ScBUM . Ballcfs 5 7T %7

K-1

1 jo,m
yn(m):fz Hn(m,wk)e Xn,k+zn,k (3)
k=0

A « NTHBEG x,, MR RITHERE S, o AE D TRENMER,
H,(mao) AZEMEREIEE, z,, AINTEE a8

N T AR A IR R MG S, T EIATEE R T, SRR A RS Al T 4 R AT (S IE A
BT SE B, R RIENES .



4 JE ISR 2 24

IR
A

g y
i < ()= (ot )= (et )< | O |« (TR ()

#

K 1 3T OFDM [l {5 RAEME

Fig.1 Communication system structure based on OFDM
2 EMEEEE

ANFRETEMEY R/ AG [FERS, FIHBESEN »&E. k92D &LEE MPCs 1] TDL &4
AR ST ER AG {518 3T AR,
21 “REEHEE
211 RESH

2 RS R EE RS, ARG TE R B B AR o R S S B ARy B 2 R ).
2 1, n, Alng A KHLATHL I R 2610 = B s o A2 A M BE B o SR Hb T S A = B A
o
S
'/l A
//// |
7 |
o /7
///’ | ha
N |
¢ o HmE RS
SN N s :
%[:%Aw | v
<2 d >l

B2 ZfA s
Fig.2 Two-ray channel model
TE AR AL TR, b 3R S A Pl Rt T T 28 P R M T 35 1) 2 4% @ RVE R PN OB M 7 T R e 1, B
TS5 s SR T s A @ N B AL =M R &R, FED FEA:
dh
Q=—+ 4)

hA+hG

SRR RS HOH T



EEMRAE T ] R 4 I 4 1) A M AR B A TE A 5

|[Rl’p =4/h, +d
Illp = yhi+(d-Q)°
| 2 2
Ilz'p = hG +Q
| RZ,D = |1 p + IZ,p
|ARp =R, ,-Ry,
sin(y ) = h_G (5)
A
| Rip
e
| 2mR,
[asm =R,,e * IR,
A r, RESSERAKE, 1, 2R EE -BBEKE, e [ o B R A K
B, R, RRIAERBELKE, s, RRESVERNERHRHEESE, R R, -

RS I BRI AL, o, RTINS RE o R, a=crf BB, 1 RBBPIE.
WA SCHR[15-17], P I ZIH) — 4% AG {518 B+ 30 B -

i27R,,

~(e) -

hyray e (T P) =g, 4 S(r-1,)
j27rR2‘p

4 5(r—rs‘p)

(6)

+as’pe

A A EH H I (Line of Sight, LOS)%ME%;%%%FZA f°R . B A AR R R IE

c

ag, =
4dr fch 0

e r, , ACH, Mo, Mo, BRCH. AT, 15 LOS D ENIRIEa, =1, iE
i 7, =0, JUI{E 8 #hI%0E B2 (Channel Impulse Response, CIR)RI LA H #i ik Ny

h (n) ~e s+

2-ray (7)

NS Derefj‘gZS(n -1)

e o RonMifiz.
SRS, HEZ M AREE CIR M=380y: REHEER T . P ZIEUE R 7 o, MR K

W RHr L.
212 REERET 1,
Bt b, iR ERR AR, W, -1, (EEBREL— K 51,
4 ST AR, RRE R T e = exp-cZr2), HHic, =ans sing ) ia s ST P AR AE
%, oy, NP MMM, 2 ABEEK.
R TR, HREDR T r, = exp(-c?12)1,(-c12), Ukifs =0.00524%, u HATE(MIS).
213 HEET o,
P i ZIBUE H 7 o, ITHE TSN



6 JEHHT AR 2 2 4R

2 Loly, &
D, =[1+ 1°?
kasin(y ) 1, +1,

®)

RoF: k_aras o MHIERFRIEEL |
214%@&%¥ﬁr”
CHGR TR . ML NSRS R A M, A R AR A, AR SR
[BLpN%%%ﬁ&%%ﬁ%m%ﬁﬁﬁ&ﬁ:

N (©)

n,tn,
b g, AL BIAEX AR, 5, NI 2 AT HLHE 2
2.2 # A EE MPCs B TDL #8Y
SCHR[16]42 H AG {518 TDL BRI i 2 A 9 Milisk, KULASCR A K TDL A5 8Y [1)45 18 o 3
Tk AW F:
Ny ey (n) = & %6 (n)

+a5vnprpYFDer

e 5 (n-1) (10)

9

DI sapzpe_“g*&(n— p)
KA o Ao D HRRIRIEFIFAL: 2 e (0,1) FRFERILI RMMZE; Ths p R p RIEEK
MPC, p N 3~9 FI%EHL.
2 F P AR AR B xS T b A Bk, A AL ER 2 38 ST BE ALY 73 AT E 0~22 2
) s 1) Bl Sk AR D 10109 (e 102 ) IR T 0 AT, HOEH BE b Sk 48 8 CROR Il Sk R Bk g
BCRIZERS ) T PR,

3ETREFINFEMITRA

BEXT R R BT T 2 OFDM (S8 Al vk AE AR, AR SCHE IR 5 R B2 2 2 X045 T A T e 242 I 4 AE 22
Wl 3 fros, WIEHAR, REUZ, SR DL ZR0E .

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

I m
o h(0) [h@) | h(8
LB 4 5 ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

DNN‘P&&

BiLSTM

i =l B

LB i i

| ¥ ‘ - ‘ i i lam 1t
I

| i |

| i I

MaxPooling
T |
Bipdh | |
| I
‘ i ‘ ‘ NN ‘ ‘ MCNN ‘ } .

% & H(l N:SAi
: * :

LSEAIAL: Ho=YolXo \

3 B ‘ SHIFI: Xou Yo BUBFH: Xon YD‘
+
| Aok EAES |

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Bl 3 TR B ST I B A T HE S
Fig.3 Channel estimation framework based on deep learning



EEMRAE T ] R 4 I 4 1) A M AR B A TE A 7

3.1 MEWMNE

e, P 2 WIREA 9 £ TDL BiAIxt AG ST @, Lzl 28RS, &R
i, MWMEAREIEATRI S, o SFETAIREEE TS, FIH LS B ST S, 5SS AT S
AL Fg CSI24l,

y, (@)
x, (a)

X x, () A g D TR AESPUE S, v, NHE q DT E RS IE 5 .

B 55 A1 CSIWIEAAE N 0, T X 48 4 N B s I8 T 20N -

H=[H (0),”" ,H(n)",H (N -1)] (12)

X H (n) A n A OFDM 55 4b ) CSI.

B, HTEERE RNEEGES, ST 5N 2 BT Z 30\ S0 10 S50 R R 5 e B SR &5
BN YEE
3.2 MR E

CNN B &R /e bt i ae /1, HHEW —REEZANEHE, 81MEREDPNE S
ERKBEERZSEH. NT LB CNN SHICAR, BIRITTEERE, A CERHEE SE AR TN —4E
CNN, #5377 —FhAd:pl CNN 8 B 4 454, B MCNN(Modulated CNN).

WA SRR AT (L) PRI Uk 2 ae s o % 5] SRV R GG AL R M, {ER 25
B (2) I B NEFAL RS SRR, w1 g8 g 1 D IR S g S, R
RIERE . T MCNN £58, ASCHE T —F&ET MCNN 5 BIiLSTM [F{EE M1 P45 (LLF &R
“MC-BI & )
3.2.1MCNN [ £& B jT 4544

FER TR 7 v AR RS R T, B A SRR R gy, LR K XXM, A HE
WA KANEE, BMEELSRS N LXM [ gipEkds . Hd, M 584 RG—45002 0 5 I EdE
B Wk, BWOH L ANBEVWIEHMIEGEEIRZ, ET4HERN KXIXM BRG] g, Bl
R KXL NEFER 1LXM RIATAEERZ . e, SAEREW I EMEHE— R RS, MK%S
AR LUK TR R 46

MCNN %430 (13) 115

H LS (q) = (11)

K

C:ZCSOMS (13)

At ¢ ZArTAE%, ¢ ZEWHMER, v ZIRHIERE, 86 R as 7l W8 IE 466 B i BCE AR
B, w2 PSR A (55 s NMBIE, o RoRFEFETER MR, He 1 8B A KR fl L RE W 1 4.

,,,,,,,,,,,,

Pl 4 8 ] O 45 £ R oo 7
Fig.4 Modulation process based on the modulation filter

JtT OFDM ARSI 2 P BIRAAL, 78 J5 I8 A% 1 15 5% b8 B2k i |, TU5E € S 7 R 11 D8 5
#2281, [RI I 2 SR AR L AR R A R I RS, PR AT



8 JEHHT AR 2 2 4R

2z
m(t):Zsin(Z;rft+n9)-5(t—n2:) (14)

e o RRFENE, o RWIWGHHAL, o FRAERK .
3.2.2BiLSTM M4 B T4
ASCRE BILSTM M8 H Tl 2 12518 28, HERE AR LSTM M4,

Lo Jqle Lo
o—{uJ{w-{w]

[ 5 BiLSMT [ 4% 45 #4
Fig.5 BiLSTM network structure

Kl 5 24 BILSTM [ M 2% &5t n i l, BILSTM SRR G I8t 28 WX 4%, H 32 44 &5 1) A2 A B2 1) 1 B0
W&, FEFAIZ] t, AR SEHE G X AN T7 A R PR 2%, PR g g Tie 5, %A
FEAEFTRAS FAS Y, T BILSTM ) f £ 4 HA A A2 0 R > B ) X ¢ 3 o ) 2, AT A (15) R
j"j:

out, = Concat(o,,0,) (15)

X o At BFZ] BILSTM MIZIIE R, o A t K% BILSTM M4 K M, out, A
BiLSTM 7E t B ZI %, concat BRECK AR B R B4 45 At k.

33 MEHHE

) 24 4 HH 2% it %) 2 e A T PR A T R I S R R S, T 8 SR el 2 1 e A 3 A 48 TN 485 0 WL T
LSTM I 45 1) 4 tH 2E AT 4 B2 AR 4, ) BT A a0 N 76 38 3R AT INOBURIT, 8% S350 R0 R 350 8 — S 49 3 o 4 %
Ho HTARCRAHEERAN 9 12 TDL BEAL, U 2 41 oA

Ho= Ry, By L] (16)

A n NE | AR CSl.

3.4 Mgl k5 KL A
S A RS TE A T R A% T B R AE R IR R 2y, Wl 6 s .

i S == =~ |
i - | L ; i
g 2 ST ﬁ_qraw |
Lo \ !
Lo } A | !
! L - — = — = | [ :
LB | :
‘ ‘ eftiitH } ‘
‘ \ ‘
! ! OFDM Gk } ‘
| | RS o
| ‘ |
‘ ! ‘
| |

&l 6 MC-BI ¥ £5 15 1 F) Il 25 5 2 H
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Fig.7(a) NMSE comparison of different channel estimation methods in suburban scene
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