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Fatigue Recognition Algorithm Based on Deep Learning

ZHOU Hui ZHOU Liang DING Qiu-lin
(College of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China)

Abstract Current domestic and overseas fatigue recognition algorithms are implemented using fatigue features which
are mostly singular and man-made. Most of those algorithms have complex structure, low efficiency and weak adaptabili-
ty for drivers’ individual behavior habit. To this end, the paper put forward a fatigue recognition algorithm based on
deep learning. It introduces deep belief network (DBN) to simulate the data distribution of input images, extracts fatigue
features automatically layer by layer,and then recognizes state of fatigue from video images based on time window. The
algorithm adjusts the learning rate of the net adaptively to reduce pre-training time, uses feedback mechanism to let the
net evolve by itself and as a consequence improves its adaptability for user personalized fatigue features, The experimen-

tal result shows that our algorithm acquires good fatigue features,and its misjudgment rate reduces gradually along with

incremental time,
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Greedy Layer-wise Pre-training Algorithm) {# I 3E IS B 1 =
BREWIIEME, FEORKEBEEBRRREBERES WL
SRR, B2 2 J5 i ) 45 3R 15 F AL BE 49 LU FE VL9 2R 1L 1Y
AUAE S 47 4 3R IR i A BB 45 4, (P48 3K 18 E A B U AR1E
FRNFEFHZERE.

REZETIISGEEN TEEEEM DBN FHE—E
HRIRAS B A\ B 9 A R 3R 5 BB ST 3 A BB AT IE LR M
SHREFEERBIFHTRET —BEEMEA . ZEEN
AEHMAELL L RUTHAZEEBRE LG8 2H QM|
RO RKIE L—1 BEEE BB LAL -1 REE—
A BR# 3 R 2% 8 #1 (Restricted Boltzmann Machine, RBM) 3
HEATUN 4R, 84 RBM 6488 5 43 4 7] LA18 3] DBN ) 48 % 43
.

RBM B—"Z#HE , BREEATRZRAREEE. 25
BZEWREMNROREEE. —ERATNE o BEAR;
FH—ZRBE b, BB S ABESHIE. A SHER
ML_AEZ &, HER &R P (v, h) fF & Boltzmann 431
RBM £ —% F A 8 o 300 P48 1), 0 4% 14 Bk B R B an 28
1.

E(v,h)=—aw,— 2bih; — 2, 0iwih; ¢))
He,v Fih; BRIy AIRET A M ERE, o F15;
SR ETTRRE w; B X FRAUE, NESHILH 0€ (a6,
wy 1% RBM BING R E 0 Mid R, ESHEHRM
.6, =eX (update_rule)ffi RBM E X R 4345 Py AT
Resb S GRRE A i MRy 75 P° HH—3. SRAXT 4
1 309 (Contrastive Divergence, CDYS EIE FH#M N, CD B
BIEH—#5E % Gibbs REEBEIMES i P P | Py 5§
Py || Py BZEAE Jond be oy s B AR R CRLAP || D 38 A (Kull-
back-Leubler Divergence)) , PAi% B #5 SR Xt BSR4 11
HSPEFRM .

RBM ) — 2558 2% i i R A 38 & e R 3 3 A 8048
%’UH% Qlh;=1 ! v) =sigm(b; + Ziviwij )E%?Fﬁﬁl%}zazﬁj—ﬁ hs
RIGHREIRBH A FIH P (v=1|h) =sigm(a; + Z;h;w; )
FATA T TER o BJEHRAAE Q=1 wBE .

St sigm () = oy . KB EMHRBEL B 2

N

h OOON /OOO /OOO
Q(h% P(vh) 2 ...
v Q000 0000 O000

B2 ZELEBHREIR
W SEHEH AR Aw; =X (vh; _‘"Ui/hj/) s Ab; =









[6]1 Karen K. Affinity program slashes computing times[OL]. 2007-
10-25. http: //www. news, utoronto. ca/bin6/070215-2952. asp

[7] Bodenhofer U, Kothmeier A, Hochreiter S. APCluster: an R
package for affinity propagation clustering[ ] . Bioinformatics,
2011,27(17) . 2463-2464

[8] Guha S,Rastogi R, Shim K. CURE: an efficient clustering algo-
rithm for large databases[J]. ACM SIGMOD Record, ACM,
1998,27(2).73-84

(9] Ertoz L., Steinbach M, Kumar V. A new shared nearest neighhor
clustering algorithm and its applications [ C] // Workshop on
Clustering High Dimensional Data and its Applications at 2nd
SIAM International Conference on Data Mining. 2002:105-115

[10] J Fray B J,Dueck D. Clustering by Passing Messages Between
Data Points[]J]. Science,2007,315(5814) ; 972-976

[11] Hsu D, Kakade S M, Zhang Tong. A spectral algorithm for
learning hidden Markov models[J]. Journal of Computer and
System Sciences, 2012,78(5) :1460-1480

[12] Powers DM W. Evaluation: from precision, recall and F-measure
to ROC, informedness, markedness & correlation[J]. Journal of
Machine Learning Technologies,2011,2(1):37-63

(13] Rawashdeh M, Ralescu A. Crisp and fuzay cluster validity: ge-
neralized intra-inter silhouette index[ C] // 2012 Annual Meeting
of the North American Fuzzy Information Processing Society
(NAFIPS). IEEE, 2012:1-6

[147 Guan R,Shi X,Marchese M, et al. Text clustering with seeds af-
finity propagation[]]. IEEE Transactions on Knowledge and
Data Engineering,2011,23(4):627-637

[15] Kazantseva A, Szpakowicz S. Linear text segmentation using af-
finity propagation[ C] // Proceedings of the Conference on Em-
pirical Methods in Natural Language Processing. Association for
Computational Linguistics,2011:284-293

[16] Patidar A K, Agrawal J, Mishra N. Analysis of Different Simi-
larity Measure Functions and their Impacts on Shared Nearest
Neighbor Clustering Approach [ J ]. International Journal of
Computer Applications,2012,40(16):1-5

[17] Lee S S,Lin J C. An accelerated K-means clustering algorithm
using selection and erasure rules[ J]. Journal of Zhejiang Univer-
sity SCIENCE C,2012,13(10).761-768

(18] & fH8A, AR, ME N, %. 2T MapReduce A4 23T 46 15
BRAEEET] HEYBIT S KR, 2012,49(8):1762-1772

[19] EXRYREF B —HEXNERRFHREMTITE
(1] Sf2e4% ,2011,22(8) . 1872-1837

[20] o3&, BE . HEL % —HETUSNBREBERERD] HE
BT SR, 2007,43(31):175-177

[21] FFFE, 8, %ER, 5. FUWEOHEBRREDI HELT
#,2007,33(23):197-198

[22] R4, BB, T HIES—BUE AR E R iHBHUN A
BF3Y,2012,29(7) : 2524-2526

(&% 194 7))

Tt [B) B AR SRS FU B 35 . BB A ot AL ST I B 450k
RBHESRA . W, HIREB R MEERE, ERE R H
PRBIB Brid it 1 B Tt (8] B AR 55 A S E M 4 B A E AR
HEBMRBANE,.IERMEREE g A KIEE. A3
BB R TS IRE B SR B R — B RS T
BHEMMRENYE, TRERERA ZBEXNEFRERES
RFA9IR ISR, B ML BB AR St (51 1) 4 2 7 B i 982 97 R
BHEAH AR CIREBRETRERT, FEE D E RS, R4k
RFIR AR, FELRSERP, RITRE LA KT
BRBEBR AR T BB, BR BRI, W
TELRIE ST YR B B T vt o otk BOR AR W, [/ 0, el F A
GPU SLHIFATALEE, Uit — S R BB MR, RRNSFH
RHES.

2 % X W

[1] Correa AG, QOrosco L., Laciar E, Automatic detection of drowsi-
ness in EEG records based on multimodal analysis[]]. Medical
Engineering & Physics,2014,36(2) ; 244-249

[2] LiG,Chung W Y. Detection of Driver Drowsiness Using Wave-
let Analysis of Heart Rate Variability and a Support Vector Ma-
chine Classifier[ ] ]. Sensors,2013,13(12) :16494-16511

[3] =4, EE.WHEH BTHRERMESHBIARITREY
W] E%g3clB R 2010,44(2) :292-295

(4] kAT R OHER. ETHRNSRENER AR RS
W] EEKEER: ARRER, 2010,50(7) . 1072-
1076

(5] Z=4h30, FILE. BB AEFRMARLEHRLD] BN TR SN
#3,2013,49(15):253-258

+ 200 -

(6] Hinton G,Salakhutdinov R. Reducing the Dimensionality of Da-
ta with Neural Networks[J]. Science, 2006,313(5786) : 504-507

(7] #&¥.H&E . GWRE. 5 KEXINHEX.SXMAXR] HHE
BB 5 & &, 2013,50(9) : 1799-1804

(8] Hinton G E,Osindero S. A Fast Learning Algorithm for Deep

' Belief Nets[]]. Neural Computation, 2006,18;1527-1554

[9] xuzesh, X4, M. B/RK SRR HEVHR S
K E,2014,51(1):1-16

[10] Hinton G. Trainging Products of Experts by Minimizing Cont-
rastive Divergence[]]. Neural Computation, 2002, 14(8);1771-
1800

[117 Neal R M, Hinton G E. A View of the EM Algorithm that Justi-
fies Incremental, Sparse and other Variants[ M] // Learning in
Graphical Models, 1998, 355-368

[12] #t, Hroat, mEME. ARRF R OBEHERLIT] TENR
%,2011,38(4):25-31

[137] Dasgupta A,George A,Happy SL,et al. A Vision-Based System
for Monitoring the Loss of Attention in Automotive Drivers[ ] .
IEEE Transactions on Intelligent Transportation Systems.
2013,14(4).1825-1838

(14] 346 . BAR, B K. £F ARZHE B MBERBRY K E
FFRBIL ] HEHLRI, 2010,37(11) : 265-267

[157] Cyganek B, Gruszczynski S. Hybrid computer vision system for
drivers’ eye recognition and fatigue monitoring{ |’]. Neural com-
putation, 2014,126(SI) : 78-94

[16] P2, KT =, B TIEZH SVM X R BB %L B ILE
%,2011,38(10) : 256-258

[17] PRz, Rk KRR 5, BT E AR EIFAE A W% 55 7 40 B
PRI HEHR 2, 2013,40(2) : 284-288



