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Abstract: The detection of a pilot’ s brain fatigue state faces two important problems, which are how to generate a
brain cognitive map and how to build a brain fatigue detection model. To solve the first problem, this paper uses the isomet-
ric azimuth projection to map brain fatigue indicators into a new type of brain power map. To solve the second problem, this
work develops a deep latent Dirichlet model(DLDM), which solves the topic detection problem of pilot fatigue state. DLDM
expands the probability distribution information contained in the developed brain power map layer by layer through multiple
distributions, infers their hierarchical probability distribution characteristics, and gets more effective topic detection accuracy
of pilot fatigue state. In order to avoid heuristic assumptions, this paper also proposes an effective stochastic gradient descent
inference method with an adaptive learning rate between different layers and topics to more efficiently infer structure parame-
ters of DLDM. The experimental results show that the DLDM can expand the probability distribution information of the
brain power map layer by layer, infer richer abstract feature information, and detect brain fatigue cognitive topic. Compared
with other brain fatigue detection methods, the classification accuracy of the proposed method can be improved by 2%.
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DLDM 2% 2] I FHIE 25— 2 45 M & i Je g,
RIS 43 A5 T AR S50 X BT AR S 500T L3R 0 ik
BRI . 1B 5 2R T R EHEWT 7 2R R 2 4R IE S
BT IRALSE S . RRAE B R o] LU Y R E 45 45 4 vh
THL 2 5 F 0 A e e i, ] B m) A & B AAE 18] 22 T £
FE SRR, R R . JE SRR R 1P R RRAE
3 AT LA AR KA BR S 2  B— AN s R
LT ZR | 3B ik T 2 P 3 ] LA Ry 2 i s 2 it
R A . XA Z 1A , DLDM T0UZ FRAF &% K
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=2 2 H—)z
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FE£1% FE£1% B 1%
SGRLD 128-64 — 89.10 84.63
SGRLD 128-64-32 90.30 87.16 81.05
TLFSGR 128-64 — 88.95 83.73
TLFSGR 128-64-32 89.10 78.83 36.57
TLASGR 128-64 — 89.11 78.06
TLASGR 128-64-32 89.15 82.69 79.40

KK T FHOTRAE, JEBUE MR RRIE . 2%
JZE RGN A ) U oy 2R e i v 25 1) S S O A
IR

SGRLD: 3% ] SGRLD i [ £ 45 ¥4 2%, $ 45 %F
N EERE N 5 2550 —F% . BEZE 5 2 IR B, 2 >
B () - B AR AE S0 3, F N A IE A R A M 81%

SGRLD

IRRL <

Y4

FRR <

SR <

TLFSGR

4% 90.29%.

TLFSGR : % J] TLFSGR £ # DLDM #2781 2 %4, 4N
SHpla]—AL . 783 Z ML LER b 8 — 2 M 4 A
FRAE 25 1 19 23 R IE TR K 36.57%, 45 2 M 4% 1R AE
25 W B R R 30N 78.83% , X I 28 R UK IR B 3 Bsf, X6 1 1Y
SRR 89.10%.

TLASGR : % F TLASGR #EHE X 245 254 25, an &1 5
H—8L . 78 3R MR LR K2 42 2] B IR R
FRIE 25 SRR/ 150 2 I 26 2 ) B (R RRAE 22 SR K
Ko 7 943 28 TE 0 2R 79.40% | T+ 89.15% , & ATk
65 SGRLD J7 ¥k A NI . M4 2R R 2 JZ I, 5
T4 43K E B %555 89.11%, 5 SGRLD 777114 89.10%
JUFAHSE . F, P Z 258 B9 TLASGR J5 i nl LIAE My 3
JBE 74 i 2 5 R0 ) e A S BF L VB S DLDM AR A (1) 2 4
etk rik.

Rl 6 JER 3 S E AL Tk i skt . SEER T

TLASGR
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F 4 WR T DLDM A5 Y55 HAth T B 09 28 A5 780 )
fiE 2% S . X e #5552 40 55 DBN, CNN'™ Fll EEG-
Net ™. H:rh DBN 1 CNN A58 32 FH A SC A Mg ) 2 (5] 33
YR A, SEER G 57 IR A K . EEGNet Jy k(i i J5
SCHR ) Ak B 5 VR R U 57 K IINAT 5 . AR Bow

DLDM #7043 24 1F 5 22 1, DBN F1 CNN FE 2 25 T 3%,
L TR H () EEGNet 28 $2 T T 2%.
X4 DLDM#EERSH MR EHEETEL

R MR %
DLDM+TLASGR 89.11
DBN 86.06
CNN® 86.23
EEGNet™ 87.06

6 25

ARSCEIT T 34 M N A A5, A Bl T AT 55 15 5
A A N P R HE ST TR TR R R 4% R
1 5 57 IR 25 i BRSO L5 G W R BB Ak R S
CR R R A VR SRR R NI TR R AR (S RIN
HUR S W R AR, d S T — A B 0 TR 8 A
3k ] 52 75 #58% DLDM. 7£ DLDM H , BA 4l 2 o 3 5

¢k: (¢1k7¢2k= "'=¢Vk)Tv EV‘¢vk: 1’¢vk ER’ 1%% Tﬂ]{EF%

IR s S B R BE K HE TLASGR-MCMC J 7 i #1
DLDM #E A 24 . 25 5 R B 4R 13 T #4119 DLDM 45
RIS HOEWICR . A SOrE R E T LURg T .

CU)A BT — 7 i oy 23R (1 e T B A iR A
GG ] 00 . 38 A 64 4 30 308 15 HE% 55 75 br S5 1 AR e
BEAF B AT B 57 DVHPIR S A RRAE S . 2l %
P % T LA R b i e B A e 8 A 0 B D Y
] .

(2) 7 7. — Tl () T Ry > AR figp ke Jii A R
PR AR 254 B n) B . 5 P 5 -2 1) [ 3 1 B AL
JE R REIELIE DLDM SRV S5 i F v k2 ) AE A BR
i TR 53 5 U b S B T RO 75 5 T AR A A
RIZECRAC TS, HEBE % 55 DR I 28 R 254 . ik
Z AN HLSEEG 75 A IS N 2F 2] R W TLASGR Ik e 2
B T P RO A, BEARIE T IE B R, SO T AR
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