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Abstract

With the proliferation of frequency-using devices such as unmanned aerial vehicles (UAVs), the al-
ready limited spectrum resources have become even scarcer. By employing cognitive radio technology,

SCESIH: WL, MRk, FBRE, E9M. BT SSAE-LSTM [0 AHLE -2 S8 0 O A 92 ). JoZkIdAE, 2025,
15(3): 45-58. DOI: 10.12677/hjwc.2025.153006


https://www.hanspub.org/journal/hjwc
https://doi.org/10.12677/hjwc.2025.153006
https://doi.org/10.12677/hjwc.2025.153006
https://www.hanspub.org/

FlsiL 5%

cognitive UAVs can significantly improve spectrum utilization if they can accurately predict the spec-
trum before spectrum sensing. Existing prediction methods for fixed nodes fail to capture the spa-
tial variation attributes of highly dynamic UAV spectrum prediction. This paper proposes a tem-
poral-spatial spectrum prediction method for UAVs based on Stacked Sparse Auto-encoder (SSAE)
and Long Short-Term Memory (LSTM) networks (SSAE-LSTM), using real-measured spectrum da-
tasets for spectrum prediction. Firstly, a temporal-spatial system model is established, the histori-
cal and actual spectrum data measured by UAVs is input into the SSAE for layer-by-layer training to
obtain the hidden feature representation of the spectrum. Then, the extracted feature sequences
are input into the LSTM network for long-term spectrum prediction for UAVs. Experimental results
demonstrate that the proposed method can effectively predict the spectrum usage in cognitive UAV
communication environments, outperforming existing UAV spectrum prediction methods in terms
of prediction accuracy and prediction error.
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T2 6G MBIEHIAR Y, Ny 1 A2 IR & M B Al 0, St 7RGy AR S E A )
27 HER AR 5. BANE R — 1 R EG —3, HE5BEMNEN&SAEGEAECHE
B, AN 8085 RE 70 T SEBE 6G AR BE 5 9 BB A g PERIAE FH[1] (2] TBANLIIE K 45
ROK . BAREE. @AM R TR T . FR, WAk TR AR . AN EE
SRS, SRR PR IR AR AR . AN EAE LB, S B AR Tl BREERIEE
J7 (Industrial Scientific Medical, ISM)#E_E#t 71815 . IXERE, EATHEEEZ NN THARSU A 5 HAh
WA LA RE YR, B4nS WiFi. 352 LA TEEE 802.15.4 %5 (48 AR SRS BLE AL 3] [4].

WWHITEZ: HL-5 T0 AL B2 BUR A R 0 R AT 37 T8 AL 1 B35 28 BB AR R it o TG AL 28 RV
MBI PE R LB S RERE 3, BT R — b5 BN B Z AN R [S5]. SR1M, TEAMLE NG
FUBHATIEAS P RENG JLAS 8. 15, AL S A S A AT e N Bl h o 2 B e T 1 i 28R AT R 1)
FR R TT ZE[6], T AER IR AT IR S A2 X P R OGP R o SR, SRR BB 25 1, 48] D R O RE
RUBERE AR, PR&| 750 B g Sy . shah, SRR R, WERKE T, PEEK
R AR ARG OV EEL . Rk, A TR AN R, BB AR T AR, O A HLAIRE T B A
BRI AE BOR F T se AR S A e S, E R A e R A A A AN A s, e
P8 PSRN 5 FLAE A AR [E) A0 B, el v 2 R b 2%, AN T4 e IS R RN PR e, 42 v B ) 2%
HE[T].

A T8 AU TN AT 75— M mT PA 43 J s A SR 2 75 i M s SR 3l 77 v o ARG AR AL B 5y 7 VA
R EA ShasMRIEETk. Flan, SCERS1EH B HE 5/ 3135 7 b A7 Mg s, @i 5 4 it (8]
F ik M 5 A RAA B 2R D6 R TR ASRAEE . SCHR[9] [10]138H T A BARE)FI45 A FA A%
TR — R PR TR, AR A S S PN 07 R A, T RSB A b ) 2B AN
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R ZE WO S TRINRG 5 o RNy, 2B 1 222 4045 ' A5 G AE Tt InF /i S 2 Mt o S i A8 Ak . SRTT, iX
AL ASE TR B ) 7 25 RO A0 5 o i T B BB AR T, BRGSO R 2 TR ) % R TS R
(1, XS EEE I HER P 2 IR TR S SISt R A R . RIS, XK 2 S — 2 T,
ZB T VEREAN .

AR, VR 22 A0k e ) S0 PRV 3R AT {6 759 0K B R A0 50 153 DA SR B . X DA FH 00808 DX 3 U v 2 > 0
TR 2 () ) FLSEOC RIS HE T AT Re M. BRI BB TN ST AR R SO R A It Fte , EAT A A
RS AE BAZIR, 1R I A s 3R 30 7 V23 AT BE N AT & S PR PR B AR AT TN o 0H DR B 5 v 2 B
FE G %% % 2] (Machine Learning, ML) /7 7% 57& & 2% ] (Deep Learning, DL) /512 . 518 0KA) 777547, ML
JTERRAE T N R IE IR T S . STHR[11] [12)48 H SZRF M & AL(Support Vector Machine, SVM)F 3 F[7]
2 [7] 9 (Support Vector Regression, SVR)ZEATHIGE I, 388 3 75 ry 4 2 5] v 54K o A2 1007 ~F T ke TN o &8
PGS « AL, SCRR[ 131 T 5 B 5 /K a] KA (Hidden Markov Model, HMM) [ TR0 75 7%, iX A& —
FePRa g7 . R AN E L BRI R i A P B i) fERRERAL B, R AR o0 B R A] AR
(Hidden Bilingual Markov Model, HBMM) 1= [ 5 /R A] KA AL B B /R o] FAR R gE A7 kgt [14]. BAETT
EEARE T HAR RN HL et T 2 D 1ill, (B AEEH i A P et s AP A7 B 08 i o [
AR, B R R BRI A) ERSEREiE. e, FIRRZBHOTEI R BT 4N . Fe b,
TN P 2Eahi), FiERHERA S R0 - B[O, % A I 3R P 77 T B A e i, B
(18 PR LRI 0] - 2 A G 15], HLaf 1) — 4R AU T = B B0 25 (1 0 AN LSBT0 A7 7E SR

REE S SN RSN T —Ff, AL 2 I3, AT DU A TR A B0 e AR R A1 e 3K 7]
L B, SCHR[16] 17148 A48 5390 12 9 2% (Long Short-Term Memory, LSTM) 3K 27 3] S (1) if (] 47¢ i 14: -
AN, B ASCER[ 18] 51l T LSTM Al Seq-to-Seq Z:4%, IFi&it 7 24l £ A% F A7y, 38
IHEH Seq-to-Seq 2528 F D 28 2R SR SLHIL P 51 21 Fp 1) A il « SR, FRafiff) LSTM, HAEEXT
To NAUP TR 257 B AR 1)K S T R 1 G B . TE AN ROE RS S 515 HAE 2 RO R A7 8 7= A il &
SO HEE S, BaREER, RN, FR, JTo AN PRE ST 30 1t T SOUOE PR R A R
FIAAEAEFAR R, RIS SR R ARG eI, B4l LSTM FEF/ 3R AR 2R 1 R 11k 77 T e JIAS 2 [19].

FET I, ARSCRH B SIRE A, R —FEdE 25 1 SSAE-LSTM (Stacked Sparse Auto-encoder and
Long Short-Term Memory) /5%, 238 JC AU S JE-FART (8] - 25 [t ,  seabAznIc ANLH - 19
KSR T o« A ST T EETTRR AN T

1) FEEITCANNETH P PROERS BRI 22 53 305 8 R B AT A1) - 2 [ Ol , A [R] Il
SRIX P J7 T SR, $8 A — o 0 T 4RI - KRR p S0 TN ASE AR, 2% Sk [R) A7 B 2 A PR AH
Kk, frh—4EE BEA R AR F R BN SIS R LR W 5 —4ERIRUAEL, 28 B T
AR

2) #&HEET SSAE-LSTM J7 kMK A RN Jo AL SN2 4000 Pl J7 v . MES W i H 9 i 25 (Stacked
Sparse Auto-encoder, SSAE)E NHRFIEFEEN S T LAAG o 4 s A0 B b B 4, an H ROMER 2 AR A 0 60 T A
T ESHE A URFAE 1) [ I 22 B i 4515 5 T TR Ay, BB SR SR U B 1) AR 2 ME R FBURAE - LSTM
% Kb 3 BT ) A 5 i) 750 DA T 08 o o S AR — B[] 9 R A A A 155 L. SSAE 5 LSTM W45 &
A5 A3 AT HOHE R I 1) — 23 (B) SRR AR DG E AN 2R, JF HAORFFARRIE S AR B, dEimxd sl & T8 AN N
FA P3R4 B 3 ) A Tt o

3) F &R B AR B A B AT B 5 S PRSI & FEAIC, SR SRR RS IR, AR SO R EL SR )
T NHLI & A A AT RS2 5e, SR BRI B UE FEERe . SRR, X T ARG,
i SSAE-LSTM J7 ¥ ] DL BE 4 Tl A 1 70 A HLIR 5 o AR PR 430 £ FH 155 00
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Figure 1. Cognitive UAV network system model

L AT AN R RE

T NHEPATAL S5 I L B Bt 2 038, ARBETEANUEDT LN BT = {1, 1, T} AP B &
S={l-,s,, S}, ATLLEHPPERENFell,-, [, F}, W p(m)(f) FRTENNE ¢ BZIEE s AL
BN RINE DA, HSEPr FR—AL dBm ABAL ) 4D RERE . WS &R KR
P AR RS B, T AT AN S — N RN T+ A 72 N — MBS + As FISEE . Bk, EF A
oL L) o AW S50 1) R R DASE SCA -

p(TW’SW)(f): argmax P(B) ()

P (/)
Hrp,
B:(p(T+At,S+As)(f)‘p(l,l)(f)"“’p(t,s)(f)"“’p(T,S)(f)) @

T2 Py AR () AR, S 2 I SRS MR I B AHLE AL E L py (f),-",p(m) (f),m,p(T,S) (/)
PSR IR LI RAG Prgy s (/) FRBIIATANAE T ZJ5 At WS ZITERLE S + As KT 31E,
At AT K

EAERRR, ASUITA KIS R S 1R B AL~ DRI SL R 22 LSl s I s, 1%k
FAEICT T T ANEA R BN B et , A0 =ik 6 GHz.
3. SSAE S B 4FHER I

H 34 i 2% (Autoencoder, AE) 2 N2 K5 2 Fn i ZA R 3 EXFRma e, E i 5
W5, i 2 Bs. iS R8O NSRRI, K& J 4R EEE X =[x, x,, -, x, ]T eR/WUA Y
YEFEE n) = H =[hl,hz,--«,h,,]T eRY o XRAFRAENIIFE, MR A A BoBZ 1 3R 10 WU B A B
BEEMES X =[)El,fcz,-~,£J]T eR’ . HIEFIT AN R IS T oI ARSI E 2% TIERSE, 445
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Figure 2. Schematic diagram of autoencoder (AE)

&l 2. Bai4miEsEs AE [RIEE

SSAE At A5 $UIZRI0REA SAE (MU HEB AR, AT ) B AR 0 9 0T A S5 P A
FERFAE . FATTE FL R RN R 5 50 MR 2 I35 2% . BTEABLLE ¢ I 5 R0 s LAY F 45
B I LA 7T DL A
Py =] Py (D Py (2211 (F )]T 3)
o, [] Ak B,
M T AN BT B LA A S 0 S A A
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Pansosy =| Prrosnsssg D+ Promsong @D Promsing (F) ]| s)
T 2E AN 2T AL BRI, [t ¢ 5 s RFILE, ¢ 5 s SO . KR e Nt

ANEH—A> SAE RIAGME, Wl 3 Frx, @il mi%1E SIREUZE AT —4 SAE M. ki3, &
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Horb, o() AgRISEIE R AL W, A1 b, RN m A SAE T as KIBUE AR, 7] AT H BGEUZ 9 -

SRIG, ¥ H, FHCAR RS R B X ISt (o] 4 4k T -
X, =0'(W,H,+1)) ©)

b, Wy MU, NE m MRS AR IR E S ZE, 6 («) MR IGTE BRH. 3X FLE AT MR S0 bR U R
sigmoid B ERH. MR EIE T
Xy =B sBgr s Ring, | RO (10)
P ZRAEAS SAE (1 H B2 3885 AR 07 5 37 G ) 2 A 2 P 5 i 25 SR dee /M X, R X, 2 TR
ZH, & AR REON:

x -x[ +7KL(p| 5, )+ AW [ (11)

L= z:1|
R A LG, JTRRE E NG R A, B PR & B R e s B . Hodr, oy AR R AL
KL(p" p, ) N p5p, ZIAKLEUZ, GRS ITREEE, W 3 o, BT E .

5 )= P - 1-p 12
KL(p]5,,)=plog (1= p)log (12)

i, p NHE W EGE LS, P, e BEUZ B y, e {12,y Y, ) A B T0 0 48 56 T B O L
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Figure 3. Architecture diagram of SSAE-LSTM
3. SSAE-LSTM £5#4[E]
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2R EIR PRI ZR B SAE, KA IIZRLF P RZEHES N N —4> SAE NN Z, XS5 EIR
Ja—NEPES M A~ SAE HIBR I Z :
T
HM :I:hM,l’hM,D'“’hM,YM:I (13)
He, H, eR% , 0,57, N MA SAE FIf NEHREER K/ L BRUZ 1T St H, &k
s B FRFEURRAE,  IX SSRRIE AR H N B LSTM kit AT Pl .

4. LSTM SEFUN A R
223F SSAE HEHUH SR S B R, @it LSTM Tl 28 ki3t — 42 B fE X R . LSTM & —Fh
R PG A 2 M 4% (Recurrent Neural Network, RNN), ‘TAfEH T RNN HFAFTE R4 FE Y S RS P8 45 JE 45 1)
A, MIEL TAE S5 RNN, LSTM S8 51 N 11458850, AEf% 5 47 i A0 Ab 31 210 508 b i KB IR o &
[FHF, LSTM BIN T 5 AR 24 IS5 F R 4E 3 FI S 3 FL N SR A, EDGBIRES, S5M DL 3 A f) LSTM 6
Iyo BEAMBRAE LSTM EMAeEREZE, Hd, LSTM E6aFEEET. WA TS5HH.
FRIEFEHES SSAE it H,, /E N TN#E LSTM AN, HAS B :
g =0(W,+[h .H,]+b,) (14)
Horr, g RBETTMEIEE. 0(-) KIRZ sigmoid BHEHREL, A Fox LSTM _E— AN RLD I RBUIR A,
w, B b, N HTE ST T RACEA R 2 . S8R S ENRATT, BT P sigmoid 2 tanh JZ:
i, =0(W,+[h_.H,]+b,) (15)
C, =tanh (W, «(h_.H, )+b.) (16)
Horb, i 5 C Ay BN T TS 5 IR 1CAZ 1 0IRAS, W, B W, 43 5124 sigmoid 21 tanh 2 AL,
b, A1 b, 43 HIA sigmoid JEAI tanh EIMRZ . SN THREHAFERDEHE B BAEA RS T, 4IRS
{7
Ct:gt.Ct—1+it.ét (17)
ZRERAT—ZIOAIHRS C BEH N C,, o RBA LR IE MHTE.
B 25T — A sigmoid )2, HBEOE -

0,=0(W,+[h.,H,]+b,) (18)
Hrhw Fb, 2 sigmoid JZ IR E M % . A543 tanh JZ=:
h, =o,*tanh(C,) (19)

Heh, hRERANREIRS. &5, EEANEEE ¢, LSTM R REHIRSMF SR %R E, WA i
EEEE, 53
) =ha,+b, (20)

p(T+At,S+Av
HA, piyyson) RABEITHTIG, o, RAEBRONE, b RIZER, BEHENE iR,

XA BT INZRIG , N ENTE AN Pl v] LA FH S 2R ) A SR R A A% kA7 Tl . 5 4% 40
J7IiEAR G, SSAE-LSTM B hnid & A T BLSEAB 00, FH T IR s 284 ply Al 5040 [ Bf 0 2 1 A 1) ek )
H5RAN A B R T THAE B 5T B3 FRHE, AR ETF B AR n] DS I 25,
H H SSAE-LSTM A~ g ZAIIE (1) 5045 2, I & SeprRafss .
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Table 1. Algorithm: SSAE-LSTM-Based spectrum prediction method for cognitive UAVs
1. B3k ET SSAE-LSTM KIIAFT AHUSTIL TN 75 5%
87
1: N PrsSiiig s P oo
2 it EANUF %0 T+ A F—BLE S+ As FBIETIEAR: .y -
3: ZHIRE: WEAEHOKET , SAE (WEE M , SAE Rl 17540 Y, , LSTM 14&E N, LSTM B S K,
R H e, 2%y, WiEER, , MRy, BARKREKE A .
4. for 1<i<!] do

5: HEEA L, M RN Z A Ly A7 EGEUR (1 SAE;
6: if i=1 then

7: L,=T; Ly=Y;

8: else

9: L,=J,s L;=Y;

10:  ®i—ZMREERT H, B ANNEE H, M.

11: end if

12: end for

13: WI4Rik SAE, LW, Wb, =b. =0

14: for 1<n<7 do

15: SRS EH, : H,=f(W,X,+b,):
16: MMM X, = (W H, +b):
17: WEREH W, W, .b,,b, -

18: end for

19: K¢ SSAE o th FIAE T2 RN «

20: for 1<n<r7, do

21: THELTRI AR e

22: TR %

23: W, REFNESRE.
24: end for

25: end

5. XRERE R

AR B AL R 2 RGN R R A2 A e D) S 560 6 1) T A L3 5 90 s SR PP SSAE-LSTM J7
IRIPERE . 2B SRR AR T B R B AT O IOE I S . B ANUEER KR 400 SRR E, WPFE
TAILRL SRR L 6 GHz, B ARATE 1 708, JFH i GPS HELRTE AL EGER,
LA 91 B ELIR A5 7 A AT I8 I ZRAINARK . D 1 A5 00 e B4 10 27 51 B 2 1] AR R &, A
H Z-score VA—A 75 20 JE AR S A — ORI ME N 0 HOT 208 1 IR SR . ZE45 PPl b, R FiE e
F— N IR

SSAE-LSTM HIEZHIX E : SAE (HUE, FUZ T Ry 256 5 128, LSTM F&ii)= 2 508
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3, BEGECT AN {256, 128,64}, BOIECTOECN 400, FEANMIRE S IIREASCH 350, 21909 0.001, f#
H Adam AL #S T3 @i B U SIOH FE o K4 BT SSAE-LSTM 5 LA =M 5 vk A7 X b :

1) RNN: FEHAERI4, T [20]H A0S PR A7 .

2) LSTM: —Ff RNN f7484k, HT 218 2 0 Stk i 21].

3) COVNLSTM: HAHLN LSTM [18].

N T VS SSAE-LSTM J5 vk BT e g, A SCAH FH LR iF-Ad 8 b %iﬁj?@ﬁiﬂ%%(Mean Absolute Error,
MARE), P48 %} 5 43 Lt 1% % (Mean Absolute Percentage Error, MAPE), ¥ /7 1R i% % (Root Mean Squared Error,
RMSE), & X7tk

1 &y, .
MAE (40) =31 ()= Plrsons () e
%o & kT+AtS+As A -p A
MAPE (A7) = 120% §|f’< , jy)"((f)) P (1) 22)
RMSE(31) = L35 ()= s ()] @)

Hf, 55 (F) 5 Plyansun () 2T Ae TR Y 06 LS R 5 T S 0

—@— SSAE_LSTM
-@— RNN
[ -@— LST™M

CONVLSTM

0.18

. . . .
30 60 90 120 150 180
Prediction Range(mins)

Figure 4. Curve of MAE performance with prediction time
[ 4. MAE 14 RERBTIUNAT (8] 2514 2%

—@— SSAE_LSTM
—@— RNN
0.26 - —@— LSTM
CONVLSTM

=
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0.16

Figure 5. Curve of MAPE performance with prediction time
B 5. MAPE 14 BERBTIUN AT B8] 32 1L 2k
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Figure 6. Curve of RMSE performance with prediction time
[ 6. RMSE "4 RERE TN B [8) 2 (L Hh 2%

4~6 43 B8 7 RNN, LSTM, COVNLSTM 5 SSAE-LSTM PUFPSIELE 30 mins~180 mins P4 )
ARE T BE MAE. MAPE 5 RMSE [JLLE 4R, nf LA H, RNN Hi%kH MAE. MAPE 5 RMSE 4%
RES NI ZE, IXJEHT RNN IS EUR LN, 152 ER 5 2 HIURA B2 O 58 B P R AR 1), TR itk
RNN £ ALFE K 7 51 i e DU B B AR oC /R, IR BEANEE, JEHAE 180 mins W PERETE 2. MLLZ
T, HEBMAERAENFRE. LSTM Hig F B K2 KRB R, HAESEF, SHMANFIIR
K HAFETURE, LSTM %) G852 HAB AL A By B s LRGP I 258 . COVNLSTM £ LSTM i |
WA E ERERE, A RRICRE 2 EERNER, S 2485, R COVNLSTM 45
H T ZFeEEAR, HABRKIFEIIGES, (35T 4% 48 45 K Rty ok 17 A 3 vy 4 40000 B 1) s v 55
A . 5BFAE, SSAE RAZEE NG, A ATEABIR B 46 45 Hodfs A OGP i1 Ol R S B e ek
AiE o I IRIURRRAE, [FIRF 456 LSTM Tl 2% v] DL 5 44 SR i A A iR 15 B o DA, SSAE-LSTM 7£
SANREZESR bR T TR o S R A RE

Table 2. Performance comparison of different methods

2. FRIGARIMEREELE

Jr ik MAE (db) MAPE RMSE (db)
RNN 03118 0.27% 0.4608
LSTM 0.2727 0.24% 0.4445
CONVLSTM 0.2813 0.24% 0.4325
SSAE-LSTM 0.2404 0.21% 0.3792

BARI, %2 FH T SSAE-LSTM 5% 5 H g =Fh 2 SRt 75 548 T il Az = 180 mins I MAE.
RMSE 5 MAPE [ EAREUE, T %54 60 MHz. W LAE H, SSAE-LSTM Lt & 77y 48 Tl % 2 Fe b
HHAEEIF MR MEET RNN 5 LSTM, SSAE-LSTM /] RMSE 5 R T 17.7%5 14.6%. 5
COVNLSTM #HEt, SSAE-LSTM f] MAE FF% T 14.5%, RMSE F[% 7T 12.3%, MAPE T 10.6%.
SSAE-LSTM 114 BE 13 31| BH 2. 0438 1) R G Y 150 B 07 Th AR SR ERIFE T, i T = b 28 LB I 2% R Al SR 0
(T ARG 22, A B B EITE AN B A e . S5t b, B ANV P iz st S 8O0LEAR
[FIA B AR R A R, RS TERA R - AHCH), a5 R B — 2 sR A i B [A) AH DG MK AN e 52
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SARILTE AN UE TE (AT A AR AE . JEHE COVNLSTM HEAEZ T 88— B E 2 Ja, HdE b it
(AR DG PE Bl 2 Y 2%, AN SEm T LA Ge . 5 2 A0, SSAE-LSTM 77 A& T —Fh —4Emf - 2= 1l
B, 2% FR (A AL B 2 (] A OGP, BETE SRR Ji 26 A 1 B4 1 BT 2 T 7 7 SR BOCERH: V8 TR ARRAE
b, H—4EAGENE, JLEUS T TG AT BUR .

K 7~9 23 HIgh Y SSAE-LSTM H32:4E At =120 mins I AR [ 42 T ) MAE. MAPE 5 RMSE fH.
ATLAEH, =Fh kR T LUA S 96% MMEAEA RIS PR EFREE, XK B SSAE-LSTM Uil 14 5é =&
FOEREN . XM SRR 1 SSAE MR, "B ¥RAN T H— LSTM TEHf 3R A AR M AE R 77
MR BAETE, AN SRS SR S SO RS oy 248 HAEPie. R LSTM BAI7ELL
FREAG K ST IR A0 1 50 B R L £, (EAE IR AR~ AR S 5 A AR AR R R R R 7 T A ST AS A
BbAh,  TE AMLPGER Bhik R v AR AN [F) A7 B AE e R0 5 = e K, Bl fli I LSTM s DA A IX S i i i
HHA SR EOGHERFAE . S 5IN SSAE, AT LUK vy 4 HL P2 K AR RS 20 B 4k b B . SSAE (1% H 2 I 4k
fE, IXSERFEANGR B T GRS HOE AR TS B, IERE LR M4 SR I TR TR . XA,
SSAE 5 LSTM 45 &R B ZIR N, A I SIS A i AR R MV FERRAE . 81171 5 2, SSAE 1l
N FIREERTE NAUSIE B8 1) 52 2 VE RN B A 4R At 1 — A9 Ui TR, {13155 8 R 68 WE i 1l SR A0 4 A4k
P SRS R, T A3 VR AE K A T 588 B Rt e M .
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Figure 7. MAE performance in different frequency bands
7. NESRELTHY MAE 148E

MAPE (%)

50 100 150 200 250 300
Channel Index

Figure 8. MAPE performance in different frequency bands
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Figure 9. RMSE performance in different frequency bands
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Figure 10. Predicted vs. true values at different frequency bands for
At =120 mins

% 10. Az =120 mins T E)SHEE NAOFUUE S BESL{EXTEE

] 10 frm v At =120 mins B ¥ SSAE-LSTM At i 7t I AH 5 S5 I8 18 H50 8 1 1) LA 0 o AR A 3
SEFR TG AL A G e g AT KB e . SO B s L & AN AR A . B 9 RTRLE
SSAE-LSTM #il it Fil I 55 S AR 1% B8 A8 AE AN [RI A0 T (I TR e vt-45 R & 3 LU sy, W SSAE-
LSTM AU T 55725 56 0% R 25 S0 n e J R B Ik SR e M o [RIEE, Pl O (0 sl 50 36 0 S 3
RBEH SSAE-LSTM HVEAESEERR FH i 2 I, b0 1 TR B B0 I St AN R I S B B 1 B
AT B, T AR T SRR RS BRI SR

6. FHIRLSARKIIE

ARSCHEHIET SSAE-LSTM IR 2 ST & /4, B Il 3RTE AN LA KD FH P BT A 24 558 Hh A0 S0 1)
N 8] 5 = [A) 7 B 2 1) PR AR 5% 2 SR gk iR S AU 30000 17 21 SSAE-LSTM 13 SSAE DAJG i B )7 i
HUBRRAFAE, AR5 R A LSTM Tl 48 AR 4% A KR AE SE I JC ALK A P B A n T . 55 88 8 3R )y 77 VA
7], SSAE-LSTM A & EATLfAAHE (1 6 5045 8., A T EATMIAMBRE SRS, 1@t il SSAE 1
W] 5 LSTM MR B2, FEAINFBhbr i B0 10157 30 1 A IS 0 4 s R Tl kg . S
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