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Abstract: With the rapid development of human science and technology and the continuous updating
of medical imaging equipment, medical imaging technology plays an increasingly important role in
the auxiliary diagnosis of brain lesions. An improved L-BFGS (limited memory Broyden-Fletcher-
Goldfarb-Shanno) sparse denoising self-coding network model is proposed and applied to the
recognition of Alzheimer’s disease (AD) in MRI brain images. The experimental data source is taken
from the ADNI data set, and the original data is corrected, registered, segmented, smoothed, etc. to
obtain gray matter images of the brain. Then, the improved unsupervised greedy pre-training method
and L-BFGS algorithm are combined to train the deep self-coding network as well as the learning
features through Softmax regression training, so as to realize the brain mapping of patients with
symptoms image recognition. ILSDAE network model is of good robustness, and compared with the
stack self-coding and self-learning methods, the experimental results show the effectiveness of the

proposed method.

Keywords: Alzheimer’s disease (AD); L-BFGS; sparse denoising autoencoder; MRI brain image

WS HE: 2018-09-03; EFSHER: 2018-10-30

EeWMB: EFXRARRFEREETH61303132); HHELET “+=H" BFHEREARDH (JJKH20170574K))

B—EE: THH1979-), &, HEWEKEN, AERR, B, w4 S0, FER T AR EG AR, BlEisms.
E-mail: wang_xinying1979@163.com



262 % : CHINAGRAPH 2018 J~ i

2019 4F

1 RER

2 R X4 BT IR PR ER 9 (Alzheimer’s
disease, AD), A&EF N H DL 28 e
Wi, FEHBON T EESEARIETRRAN, L
2010 E4FEEE KT 60 LI NPT A 4. 7%
Wiz ADP. SR 5 MR AT A AR
PR ER B HAN A0, B R0 BIPE T P iR
KREATFE 8~10 Fo BE2EFUNMHHZ A H 4515
MBET- B AT, RMER A 806 Bz
%, R ZEWTEN SN AD 152 W A O¢
FERER .

AD HTIKE 2 M Z 40 Ik 7 M4 KA 1IN
AEREIR, R—MMEBIA TSR, HRix %
PO (KR 3092 7 B R L A B RINRC A
PR EPIREI A 20 FAF S TR 356 DR A 0 V45
o P A% B 3L R 54 (magnetic resonance imaging,
MR BN Z AR ST, At %
TL 2 7575 X I3 AT A8 e
RETH A 3 X 73 AR BRI 5T, I HO AR BCA TEU 1
faF, AR, BA R

B NATTO 0 AN B R, (45 3T A ke gk
T Wi 4R (magnetic resonance, MR)SA% 1) AD 4#iBh
BWIHIEZ R T TR MTE . RIS 2504
7 — T MR EESOERHER AD #7258
A4, MR UG 2 B B X RSO RHIE S 4L,
BN AD HEH 3 A . KAMATHE
JOSHITMR Hy 7 —Fh 3 T 57 5843 73 W7 (independent
component analysis, ICA)FIiE K MR E15 533577
. ALTAF %M T 8 AD K005 0 25005,
2T VA — i T R ] 10 7 R R v K R S AR
%F % (gray-level co-occurrence matrix, GLCM). &
ANAFREAE A4S H(scale invariant feature transformation,
SIFT). Jm i —AE A ORI B2 .7 B S5 SR AR A
R, IR BRS04t i PR & AH 45 & AT
BT 2T o

ASLEFKT ADNI (Alzheimer’s disease neuroimaging
initiative database)i EIMGE 4, $eH 7 M3 T
# 7 LBFGS (limited-memory Broyden fletcher
Goldfarb Shanno, L-BFGS)Hibi 40 B 2 A kX 25 15
M (improved L-BFGS sparse denoising autoencoder,
ILSDAE), F##F N HF MRI i EHE 1 AD iR 51
I MR ik BUE K JSURHIE RS B IR = R )
Zx, Wik T AXWNER AR EHEME, 25

AD R4 K IR %
2 HXNAE

2.1 B

Hmtdeh 2 W24 8 T o8B 2 1 Bk, T2
THE PR BURE S, A R B EE, &
IMEERRZETN,  H gntih 2 X 28 AR bR 21

Tz =3 = g (1)
k=1

Horbr, x AREARBINGREE ; Ax)=s W, +b) N5 ek 2 ;
GO)=s (W' A NFRTS R EL, s, s, T iR 4L,
22 THERFENE B dRAD

T L o T 1 9 B 14 20 DX 285 2 7E ) G i i 42 )
ZEMFERN b, ARFIIZRI AR I NS, 1k E Bhdw
T 2% 25 5 =) T AT 25 R e 75 DASRAS IS e 258
T ORI A 75 2 B 4 1) 32 10 e 0 1 o HL R % 3R 15
XA N B BN R R 3R o R T e 1 1
R, R R BRI, S0 T O S
I, B BIEOE BICRARRHIE, AR
FH 55 B g 4 26000,

i 558 P M B 2 B 1 28 ) 2% (sparse  denoising
auto-encoder, SDAE)[F AR R

m d
Tsoie =3 i~ g (F @} + AL KL
k=1 j=1

P;)(2)

b, m A REA x (9K, 3L AR B B
| SR TR EAG, 5 2 SURRRBE TR B
ERRE p NRHIESE, R ET 0
e NI p =0.05), JERAREZ T / 10 F935 Bk
R, T BB T (TS B 0,05,
ML ;= A9 T SCHUK— W), A57EQLAL H
BRI ML p WAL B, Syt
YT/ 5 RS e e (e R,

Sal: R

KL(p|p;)= plog£-+(1- p)log
Pj 1=p;

3 EfgmAE

3.1 FERHEIE

S S AR UEBcdE S ADNIY R 43t ) i 15 45 5k
5. ADNI #¥5 EF 2003 45 20, B3 EhnFl4E e
WK 22U S AR R 2 g b OB, FEEH bR
SE N T RN AD B 1 & fE AR R PR
FNVRIT XA A B . A ¢ ADNI 701 B g



2 1

EHE, 5. FHT A L-BFGS Fiii 8 B 25 ™ 45 59 MR i G R5) Jr k 263

N/HERARAEFVELNE B, 152 1% ADNI @ H 25+
U A AR T s #2018 4E 2 H £ 2018
F4H,

ATCEEL 55 4 AD HEA 63 ZIEE ATHEA
(NL)F*) MRI fini BHG B AT 9256 . 38 1 FH T AR
PR E R I A RS B

® 1 WikEIMEEEHATEE)

A%k BABEAE FR) W FSHEMRESERMMSE)  IERRCRIEERR(CDR) U1 R
AD 55 76.346.7 28 (50.9%) 22.9+1.99 0.5%0.0 550
NL 63 75.644.7 34 (54.0%) 29.3+0.75 0.0£0.0 630

ARUREEIAEH F MR 4 5& fH Wyman $2 H
¥ HE 4k $ ¥ 2 o 19 “ADNIL standardized 1.5T:
screening 1.5T”, S56H BT H EHE N T1 IALENE,
i BE &l — R4 s, B35 Gradwarp (H
Th R AR 2R T B UG T U 2% L R G E 1R
1E), Bl JE¥SIMEsRERIE, N3 (/b BT
HL 25N 5| AT 1 5 S5 AN 38 S )RR BE A T % T 1B
(0 BI IL LA B33 350 4 T AL B AL (1) VR4 A 4 r] LA S
& ADNI ¥ ¥k (http://adni.loni.usc.edu/data-samples/
mri/). f8F Signal.5T MRI 2% #E4T = 4EPeidibf i
[ 38 B9 % P 52 (FSPGRIR) Bk  #1 (TIW 1) 347 11
i, ATEMGREBALE R, 9V B T 2
KL, #% A FA=8, S5#E S KA TR=1 000 ms,
TI=3 000 ms, [AI%Hf[E] TE=3.6 ms, JZ/% 1.2 mm,
TIBEESH, HFE=192x192, Z%160.

3.2 MRIB&EFE

AR SPM121" 5 MRIcron!? 13 [F] 4L B MR
B BE . 1 2K N ADNI A5 v 508 e vh 3R 75 (1 5
5 SPM12 #HATTIALEE, HOPERINT

I 1. I [A] Z4% 1 (Slice Timing). HF kA% IE
1 AN 2 S 2 2 RSN (] 1) 25 5. Number
of Slices: i ARG 1) )= H (A SCAd i B
Dimensions: 192x192x160, 160 I ’Y/Z2%0); TR: KN
2's; TA: BRIEESRIGE — EH G EERE ) — 2

(b) FJ%

$I8 5. FruEtb(Normalise). H5 A 5] 28 BRI E
PR 2 1 K 75 A b A 2 (R e, A 3[R
AL bR R R EE e A B . 2 AR kL 8 i

(c) MHE W
B 1 IE& %R ZH KRG o 45

K& e kg, ACh TR-TR/nslice, ASZLGH
N2-2/160”; Slice order: #ir A\[1:2:159, 2:2:160](K
BRBEFRMTARRR), KRR XA
(Interleaved), 7EAZ X EPI HA#iH, JeREMN A A
HEE, FRENAMHEEEE;: Reference Slice:
INT1597, LS H R, HALEERIER Bty
XFHR, B ERE nslice/2, IXFE AR AL HHE I I [RIAS
1E s /M.

S8 2. LA IE(Realignment) . H 3 E N 14k
BEEER A m v g o L M Rt AN E v A =X AN
() SEBNAN—LE A /NG L, 2 0 S A SRS )
SEZI0 FR A AR ) — SR R BT R 1) MR S A
BI5EFE— 1 MR BB 5.

I8 3. BL#E(Coregister). FLIhHE R H NIAAZS
PAVCECA [RIBEAS T i B 43 (0 B

Reference Image: GHEHT AN mean*.nii 3L
5 Source Image: #&F Reference Image 347 4b#i
I ; Other images: #1475 Source Image #H [F]4b
HEE.

S 4. 5E|(Segment). HINFEEH T4 P
EUR R IR, vl 8109 5 #45r: K. E BT
AW kBRI 2

K1 RIEFEXIEA 022 S 0014 5% 5 FTtt v
i1 5 # o

(e) MM

(d) k&

% deformation field” (ZZTE IR LI, ABTE &
7E 3D (B RS REANAL B AL RS FE FE HEAT B A
R



264 L. CHINAGRAPH 2018 )i

2019 4F

S8 6. PV (Smooth). H I #E ] T%F EUZ AT
ORI AL B SR D M PSR R B . UK AN [R] 52383 1) i
Hl/ 5 e EUR R Bk 4 22 R AT R IE . MR B
FAG T AEUBRCR W R R 20 P08 b P S e 5 15 2
LIEAIE S NRAETTN

K2 &5, KIEE MBS 75 BB
X E

FHASCH SPMI12 Tiikb i 5 i MR i BHE
T H MRIcron %f BUR ATV AL B, AT RAS B K
P N B SEANTE 2 (PRHE(E B N T S HERA XS
EUEREAT IR, D0 s R B O B AR AR S B S ()58

7r. B3 & AD Ji AMIE 50 BEE B9 V) 1 i T R
ZNIE

(a) FfA< 082_S 0761 (b) FEA 141 S 1152
I IE S ER 1) AD B EB
B2 RIFIER. 7 EESHT

(a) FEZA 082 S 0761 (1) 1EH % HE 20 E1%

AR TR TR TS TS TOTOTS

(b) FEA 141 S 1152 FIFA /R PR R ERAE H 3 IR
B3 IE%. BEUNEGHT

4 iHH L-BFGS #HEiPENE B 4mhY
5k
ARICHEH A ILSDAE J7vEEE 2 0 : b
B H w28 Fl softmax 73288, N 1By b & =0
5| Ak FE B IR Ok BE LA ) A, AR SR A st Y
L-BFGS SETHR Jspap MIES & JERE W, Rl

Juspar =Jag T A a + IH']Sparse 4)
S =TS,y )
2533
Fof, g N BT LR R A R BE U I
Jyparse=KL (pp) NMGLIE AT I
K SHEH N
X =X+ d; (6)

Jpoour (X, v, d)=mindJ o, . (x, +ad,) (7)
Horp, kG o AEREE DK douaE
T3 1] o
4.1 BRI
HER L RPN R RIRIET R Wo, IRZE >0,
BB BT LR BEARE m (S5 6).
PE®2 i
k=0,Hy=1,R=V J;5p,6(Wp) (®)

] 3 A |V wsparWir)
xeet RIERALAR, B WHAT B IR 4.
FR 4. UGS AT T N
Pr="T )
FES. HLK o >0, N
o Wity p)=minJ g, (W +ap,) (10)
HIR 6. XU HEAT ST
Wi =W, +ayp W (11
BB, & lom, RAFIE LRI m IR EAH,
T B (Skms k) o
B8 IIH

<&, LU

Sk =W =W (12)
Ve =V W) =V W) (13)

HIR 9. G
ne=H\Vf(x) (14)

= k=k+1, PATHIE 3,
PRI R 285 TR B Hy, Ay, B TEER
Spg gk AT

H =y, (15)
T
S
= Iﬁ[—lyk—l (16)
YiaVia

Y, XEEARE |, BT oos R E %=



2

FEHA, 5. FLFUGER L-BFGS g fEmbe A gaht W45 1 MRI i B3R 500 0y 1k 265

N Sk Y AR IER R T 2 2%, y, AHH—IR
SORIESI-

JIk NN BREL Jipspar BB, ABTEE VL FE
ERNERD IR, g gAY, R 21
BT LAMEN softmax 73 RAEHIHIAN, R&ILF|
K E B
42 LB LER

TR R 2 25 i T 4 B, AR 3 MIRT i 1S

B LRI, 8 5 2R ) 265 25 ) v PRI BR R = 2 2K
Wi, RIS 13 BB Z RHER R vo F4E v 1E N
softmax 73 FEaSHIN, IRIE R A 15 541 Blidd A
W 75 1R S 4615 2R 3R1S softmax 73 K25 IS4 W
WA SEL Wy F W AE NN B AR T AR S 4L,
T W LAY, A AR B AR AR AN R 2
Jispap ORI FE K F 52 PR B 40L A v 4 22 19 4% 1A
R Jyspap, FIHZFRES ENESH W,

S Sipusad Rorage || ¢
2 HEIFEBUK I

4 FT ILSDAE [ 4% 451

5 L/HEHER

5.1 BESFHERT LR

SIS IR EL T 118 > ADNI N & 1 5E, H
i 2 4. AD BEAMIEF R4, i
e 2 NIEREE (59 N)FINZREES9 N). T ADNI
Hellg, 4t SPM FiALHEE, FREEILH PG
FHIEBA S R, PR 21 MR KR BB 5
A MRIcron #AFHHEATY A A EEATIR1F N 25
Hdl, 387 KTEG N 88x88 B R K, AL
FREWTE 5 Fiow.

5 LA AL RIS

52 IRBIMEEELER

HE SZI6 O 43 ) TN HE AR 20 B G R 1 42 X 4%
(stacked autoencoder, SAE)!'. [ 2% > wh 4 W 4%
(self-taught learning, SL)!'HIACH2 Hi ) ILSDAE
TNET AT NG, BEFHRER. £ 2 JIH

TIURTERRBIBOR, Hh &R 6 K, I
FHME .

+2 #HEGIRAIBREEE(%)
IR EL
1 2 3 4 5 6 P
SAE J7¥ 77.46 7627 73.22 74.58 76.95 74.92 75.57
SL Jj¥:  66.44 76.95 68.47 65.76 69.15 65.42 68.70
AT 81.02 82.54 80.68 81.86 81.53 80.17 81.30

Jrid:

HHEE 2 A] WL, AR ST T2 48 SAE #1 SL.

TN T 2 FOKR BB R BT, AL
FIT e LA P B AT S50

Bl 6 B 7 4ur KU g, St ARG R S
HRIHHE, 5 LBP 45", HOG!MHE2 B4
it SAE. SL Ml ILSDAE i ${40 1 23 S0 1 ey 2
PEAL 4 3. tHIE 6 AT UL, ARSCHAYAE LBP RHAIE J2
HOG $#E I AL T HAAR A

W FUEFRE LBP HOG

90
80
70
2 60
Djs 40
X 30
20
10
O y
AL SAE SL
J5i%:

6 ANFEHRRHE SR BT VR U 36 EL R



266 % : CHINAGRAPH 2018 J~ i

2019 4F

6 % R 1B

ASCHREH T — AT S (%) ILSDAE ()% 5 B¢
W DTV, MG T MRS 5,
I TG MR B S B TR 25 75 ¥E R ILBFGS J7 % 48
WGBTS S8)E, 1 Softmax YIIZk AT I
ARG IR RIE ;s &, B a5
T IR R . SRR sE K, 5 SAE M
SL #HEL, Z7EEA EIF R B ERE . G 46
RRAE2E ST (RS IR), AREEIR AR S, SEBIEAT
AbER R ARSI R — 2 T

2 % x|

[1] PRINCE M, WIMO A, GUERCHET M, et al. World

Alzheimer Report 2015: The global impact of dementia [R].

London: ABI, 2015: 6-9.

[2] ASSOCIATION A. 2013 Alzheimer’s disease facts and
figures [J]. Alzheimers and Dementia. 2013, 9(2):
208-245.

[3] PETRELLA J R, COLEMAN R E, DORAISWAMY P
M. Neuroimaging and early diagnosis of Alzheimer
disease: A look to the future. [J]. Radiology, 2003,
226(2): 315-336.

[4] FJELL A M, WALHOVD K B, FENNEMANOT
ESTINE C, et al. CSF biomarkers in prediction of
cerebral
impairment and Alzheimer’s disease [J].
Neuroscience, 2010, 30(6): 2088-2101.

[5] BUIZZA L, CENINI G, LANNI C, et al. conformational
altered p53 as an early marker of oxidative stress in
Alzheimer’s disease [EB/OL]. [2018-10-30]. http://med.
wanfangdata.com.cn/Paper/Detail/PeriodicalPaper PM2
2242180.

(6] FRITMG, wlk, HEM, 55 2T MR EHRSERHE
0 BT R K R 2y R (D). ARt AR BE o TR,
2017, 36(2): 134-138.

[71 KAMATHE R S, JOSHI K R. A novel method based on

and clinical change in mild cognitive

Journal of

(9]

[10]

(1]

[12]

[13]

[14]

[17]

independent component analysis for brain MR image
tissue classification into CSF, WM and GM for atrophy
detection in Alzheimer’s disease [J]. Biomedical Signal
Processing and Control, 2018, 40: 41-48.

ALTAF T, ANWAR S M, GUL N, et al. Multi-class
Alzheimer’s disease classification using image and
clinical features [J]. Biomedical Signal Processing and
Control, 2018, 43: 64-74.

LIOU C Y, CHENG W C, LIOU J W, et al. Autoencoder
for words [J]. Neurocomputing, 2014, 139: 84-96.

NG A. CS294A lecture notes sparse autoencoder.
stanford university, 1-19 [EB/OL]. [2018-06-15].
https://doi.org/10.1371/journal.pone.0006098.

JR C R J, BERNSTEIN M A, FOX N C, et al. The
Alzheimer’s disease neuroimaging initiative (ADNI):
MRI methods [J]. Alzheimers and Dementia, 2010,
27(4): 685-691.

ASHBURNER J. SPM12 Manual. [EB/OL]. [2018-06-15].
https://www.fil.ion.ucl.ac.uk/spm/doc/manual.pdf.
RORDEN C. MRIcron [EB/OL]. [2018-06-15].
https://www.nitrc.org/projects/mricron.

SHIN H C, ORTON M R, COLLINS D J, et al. Stacked
auto-encoders for unsupervised feature learning and
multiple organ detection in a pilot study using 4D
patient data [J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2013, 35(8): 1930-1943.
RAINA R, BATTLE A, LEE H, et al. Self-taught
learning: Transfer learning from unlabeled data [C]//
Proceedings of the 24th International Conference on
Machine Learning. New York: ACM Press, 2007:
759-766.

AHONEN T, HADID A, PIETIKAINEN M. Face
description with local binary patterns: application to
IEEE Transactions on Pattern
2006, 28(12):

face recognition [J].
Analysis and Machine Intelligence,
2037-2041.

NAVNEET D, TRIGGS B. Histograms of oriented
gradients for human detection [C]/IEEE Computer
Society Conference on Computer Vision and Pattern
Recognition. New York: IEEE Press, 2005: 886-893.



