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Early Diagnosis of Parkinson’s Disease Based on Deep Learning
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Abstract: In the world, about seven to ten million elderly people are suffering frofn the Parkinson’s Disease (PD). PD is a
common degenerative nervous system disease. Its clinical charact_efs are tremor, muscle rigidity, bradykinesia, and the
degression of independent ability. These characters are similar with the Multiple System Atrophy (MSA). Research shows
that patients with PD are often irreparably diagnosed, so people are constantly exploring new ways to differentiate PD
with MSA and get early diagnosis. With the advent of the big data era, deep learning has made major breakthroughs in
image recognition and classification. Therefore, the study uses the deep learning methods to differentiate PD, MSA, and
healthy people. The' data is from 301 Hospital of Beijing. The pre-treatment of the original Magnetic Resonance Image
(MRI) is directed by the physicians of 301 Hospital of Beijing. The focus of this experiment is to optimize the neural
network and make it get good results in medical image recognition and diagnosis. Based on the pathological
characteristics of PD, the study proposed an improved algorithm, and it gets the better experimental results in loss,
accuracy, and other indicators.
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1 515
L1 IRER

A4 AR (Parkinson’s Disease, PD) X 44 72 Bl ik
I, LR N AI S R 40 50 R WLIRAT MR, LR
R BB B 2 MR R 2 TRk K, 183 D RE
A, 3 AR IAZ ELEBE (DopAminergic, DA)
S TCHEAT MRS SR IR 205 P 2 05 4E I KM
FE 60 % fii, 40 % LR R 5 AR 0 <6 AR b .
wait, £ ARLYFELH AR —T HREZFENIE
FEARZE SRR, R E 65 2 DL E AR PD /&
TR R 1.7%", K04 4% 2B ORI, 1L
AANE] 10% WA L, Brbl 2 H §iy ik PD Y
T3 R A0 R AL 320 A B .

Z ZGEYRAE (Multiple System Atrophy, MSA) %‘7 b'

— PGB AT M (e 2B AT PR, (ﬁ\%ﬁlﬁfﬂ: DNE|
EMRGEIENTR MSA-P'MEQEJWZ@‘T_&L%@W A
ANRHE S5 5 8 (cerebellar ataxi) 9% () MSA-C LAY
Ji AR L% 1A

Wik 3R 1% (Magnetic Resonance Imaging, MRI)
2 W1 JZ G I —F, B R B RS R I N N A R 3R A
MG S, FEEEANEEE. BAnZ ik cag 2
MM T R 22 g I HAE R g L3R B 45 A FRATTAT B
SREUW I I 2 PR B A VE S 480, R 5% 1, H iE-
M B TR (8] T1, HJiE- H e ¥4 ut 6] T2, ¥ BUR %L, W
1 R, B AR S5 AE AR SIS P AR R IR AR R H
WEILPRY BOMALE A% (Diffusion Weighted Imaging,
DWI). T2 AR E T2 /K41 P41 (CorT2) =
MRI FE{4.
1.2 WRIR >

A S 27 BUR i, 2 R F 1046 AR 50 1)
W7 22 B0 5 A BRI AR A RER2 5 SR 1T, [ P 41
“f RO K I PR 0 S S BAIE 1, ) 7 1) 6 B
PR ST B T SUCIR A B PR IR AT 1 40 R R0 44 B A % & B
IMERIEREE, MR SCIRIE DA B E oA - T k-
H LI PRCRE IR L 28 I — M8 K I PR AT I A2, 98 4k
2 5 4F, i DA e 405 R<50% 19883 I ARE IR
AR, HEF D PD IGARIRES, 1§ DA feffss
TR 70%~80%".

7E MR 5 53 $8 2 T2WI I AU /G SO Bk A5
(SWI) L IEH B A% -1 B LA B, FR 9 AL .
PD Ji BEAF RS AAAE T B 1 2 L Rt & ook AT

2 T ife45ik Special Issue

PEER . Je AT AR LR R AR AE 5 A B /MA, B
KBTI -1 /& = B 5200 PD s B A8 1R 2544
JFR/ME-1 AT RS 1/3, Fih SWI _ERIUA FR sk
HIESHHIEES, TWRLER. BNk BT R I« 3
FRITT < O TR N B SWI RS 5 Bl &%, nl W4 .
“HERRALTH 2 FH T2 A & AR HE R % K208 90%,
T AERBET S, BIUVME-1 558K, RI A
FAETE &, W 1 R,

Bl 1 PD BEME (HoLbriEeH e X)

W MRI AT EE AT L: 1) I 2240 22 MRS &
FEYE 5| S =N Y TR, SRS I R 2 2 i BT S
VARE. 2) R A LR T2 G I 1 B
BUAR L, A T I 6 4 00 S DR 2% o 471
Wk, AR 5 BB DR BRI 8 0 2
5. WAk, BAT WL PD R DR S 40 AR 1 SR ST A AR
BHE TR S| R BB A AR A L LGB S R . T W
LR EGIEA . F58M . 2 85 EUE W A
AR B o 0 s 5 B 5 v i ) LR AR, iz PD AT
ZWr PD 5 I8 10 4 AR 2% G IR SR AL 2 UK. 3)
A% g AN Bk TTAR Bl T2 InBUE L 8CIRMAK X 2%
550,

B H AT L, AR 2 5T 07 R 4 AR RE 12 W
AHSE G B 9T 32 A LT J7 1. Al-Fatlawi #1 Jabardi
SR IR {5 & M %% (Deep Belief Network, DBN)™
BEAT I AR RE 12 W, oA o B IS B NG &
155 ZIRFE (S M4 i A 22 FR B R 22 B HLOR— A
W R, F— TR B S, AR TR
I A 7 R 1 M B 5 30 At A rp D R oA A
FI| 94%. Shamir A1 Dolber &4 H Ad B VR J& 2 > 7712
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i H AR SN A

R N BB AR AR L, SR 5 BEAT 73 2 M. AR LEAL
Fe bl as o S TR AL T B R 22 I 28 1R L 22 31 T
A, RIS SIAERERF R 5 T L S A LA 5% >0 Uk

AR WA S5 G 1. SR T A 52 50K FH i <6 A% B8 5 1) I
EIE 9 9pa R 12 W A 98 75 DL B A 4 R iE s BE12 Wi vh
AT TR AT, SEhR R AR T SRS AT AT .
XA R ARSI AN HT 2 Ab.

A S R N BGRB8 R IR FE 2
(Deep Learning, DL) J5 77, 18 Ish V% B #1242 W 2 155 730 1)1 25
KALE ) MRI BHE, 7F5 2] BR BRHAE, 2R 5 #1790
i ) T A2 W, S A SR FH (9 X 4% 2 25 T AlexNet

W25 FRITAL I 2% AlexNet & 2012 4F4E ImageNet LL3§

oh BRI LR DX 24, HG BRI 23 SRR BT IR T 4% 1)
26T % GoogleNet f& 2014 4 ImageNet [ FEFE i %2
SR ORI Jg AlexNet A1 GoogleNet,
SRJEHET AlexNetyf B! HEAT 04K, AL J5 A5 A 7E S
B AR T R AR B A RO, I HARAE T 28 gt i 2%
GoogleNet.

2 R
2.1 REFIER

2006 4E, TR 2] UNLER S S S — N X 2
M N, ERH 22 E R Ml R 2 ER 4k
AR R L) 22 AN 2 AT SR A Y. B H RA R, VR R
S OAE EARIE AN L B IR B T E AL
TS 7 R, R 2 ST RO e T N 4

J2 B R SRR AL £ BT 2R A P TR IRk XA R

(e T AL A TAREE TR, VR M 2% 2 1k
SR 2. ‘e

Vo v
X</
WO
WO R
N
o
A 9A

[z |
K2 IR E S5

DN | megz |

RS2 S BEA R Rl M g n R PR 2 2
RAPLE R 2%, IR 7] 3 JRIZ 20 27 SR URFALE, fe 4438
I R B B U 5 >, T L ) P 2t AR TR, 2% 5]

YIZRXT G AH RAFAE.
2.2 REME WKL

H T LR BE #2228 2 BAEE: BARE . ik
= BiEEE.

1962 4=, Hubel 1 Wiesel 8 i iff 57 4ifi IR 14 FiE L [X.
WA G Jz JZ 22T, 3 T %2 BF (receptive field)
I JF k2% Fukushima ST AR & 42w
2\ FIHL (neocognitron), IX A2 87 BF A & 7E N T4
IR 28 QIR B — L. L\

SHBRE NG RN L2 BRI %, %58
Eﬁ%ﬁ\:é’%%ﬁﬁmﬁi, RANFREA Z AL A TS
R & AR B AR T 8 o RS2 B AL 3G 2 )
FRURA> T VR 26 28 S| 2 1 B0 . L 3 R,

N 1000*1000 7k K15,

7\ M
O
O

=

31002 8

@)
(a) &R

1000*1000 7k FI1%,
1M F&5 50
HBRIZ N 10%10
3 100M 231

(b) R

B3 AR i i

BUE S N B2 Ts IS B [, RS2 3T B
MRPNESZAY I R BN iDL RS B S SR = A Sl
AR T 4 MR,

AL 2 & PRl — Rl T E b, 73— R B

KA bAL.
MALIRAE R AE B A /N R AT, & 8 BRI B v 42
Y BRFAL.

RN R AT 1 R IK BE A8, BT PASI N T HE 2R
PEAR R B 2 S A2 X N BOHE I BOnE B AR 2R
BRI KA ¥ W B0 B #0E Sigmoid, tanh, ReLU!M!
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S5, AT AR M R R ok A () IS, S G 2 AT
DASE K 10 5 40 2K

Max pool with 2*2
filters and stride 2

1
n Average pool with 2*2

filters and stride 2

fs el
4

! A\

3 HoRsER UL
3.1 HiEE

ARSI K HE ok B AL 301 BE B, R 4G H0HE
DICOM (Digital Imaging and Communications in Medicine)
K18, ilid RadiAntDICOM Viewer K 1F¥99 A {5 S
Bt S img w2, o PEGR A IZREE: 13 571; BR1IE
82 2396((H I ZREER 15%); MRAE: 2237( 5 S HHE 1)
10%).

Kl 6 435128 PD. MSA F1 Normal(1E# A) fisi .

(a) PD (b) MSA (c) Normal

B 6 PD, MSA #1 Normal F/i5 [

3.2 BB

BH T VR 55 1 8 D) 8% 1) 22 75 4t OO & S RRALE,
FIT CA S 56 B 75 26 R AR B4 AT 4 A, AR SR SR BA
NIRRT AT AR R
3.2.1 BRI

BUG e % 2 48 AR A — s L e — 8 1 A
FE T B — g 1) G 1) I 7%, I FLIR 36110 )5 1) sl R

4 L ileL5ik Special Issue

O [PIAL B AR, BB B (g, yo) BE 25 IR S I BE BN 7, B
HFE S BIEL S x B MR b, e MR
a FeE GBI SN (xy, vy), T84
SR 6 A B
{ xo = rcosb

yo =rsinb

Jieke e = AL

x1 =rcos(b—a) =rcosbcosa+rsinbsina
= xpcosa+Yypsina
y1 =rsin(b—a) =rsinbcosa—rcosbsina
= —xpsina+ypcosa
LML ¢ .
%iujﬁ%ﬁé (RIAR TR, e J5 1 R AR 98 22 R A AR
P B TH OB BRI KA 5E, TR R R R
UGB sreH, B8 srew, LB 0oy R i ke b
f, A B A, S N AACE T AR AR AR TR SRR TS Y
BRI AN SE, EATR N7 3N
pLT.x = —srcW/2; pLT.y = srcH/2
PRT.x = —srcW/2; pRT.y = srcH/2
pLB.x = —srcW/2; pLB.y = —srcH/2
PRB.x = srcW/2; pRB.y = —srcH/2
WE % 2 J5 B A bR 43 N pLTN, pRTN, pLBN,
PRBN, K735
PLTN.x = pLT.x*cosa+ pLT.yx*sina
pLTN.y = —pLT .x*sina+ pLT.y*cosa
PRTN.x = pRT.x*cosa+ pRT.y +sina
PRTN.y = —pRT.x+sina+ pRT.y*cosa
PLBN.x = pLB.x+cosa+ pLB.yxsina
pLBN.y = —pLB.x*sina+ pLB.y*cosa
PRBN.x = pRB.x*cosa+ pRB.y*sina
PRBN.y = —pRB.x *sina+ pRB.y *cosa
e J5 K AN SE 20 BN desHeight, desWidth, K
/J\j'\j:
desWidth = max (abs(pRBN.x — pLT N.x) ,
abs (pRTN.x — pLBN.x))
desHeight = max (abs(pRBN.y — pLTN.y) ,
abs(pRTN.y— pLBN.y))
J b AT RS 905 I B aiAl 7 B,
322 KEHMsEGLRE
KR B8 7 /KPR A B R R
TN width, KJEN height, (x, y) N4 5 HIAARE, (xo,
yo) J IR EUR AR,
i BT R A
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X =X0
y = height —yo— 1

FLI AR
X0 =X
yo = height—y—1
IKTPEEAL:
{ x = width — xo
Y=o
YA e
{ Xxo = width — x
Yo=Y

K7 JRIEE () el 90°)5 ()

FEASEZLG bR T T B AR, S B A ik AR
(RIS PR 3 B P BOxT L4 8.

K8 JRIRE () BB LHE (F)

4 SEEG ] 4
4.1 1ftiLHY AlexNet FHZZML&
AlexNet 4 W 4% L BALHE )\ NN Z, 5 NG
2, 3 ANAERE, R GE WA B4 EU Z Ik
%153, Wl 9 FroR. Ak fE Mg aniEl 10
EHEAERBAE S, TinE—2:
layer{

name: "norm5"
type: "LRN"
bottom: "pool5"
top: "fc6"
Irn_param{
local_size: 5
alpha: 0.0001
beta: 0.75

-

. 1

L]z

|¢—E|%:E|;@z;zaam|ﬁﬁa|avﬁ

K9 AlexNet fH%45 IX 4% 4k )

B E e e B A PR e B e B

K10 PLAb R i 2% 41

Xof T X 2% 5 44 W] RAAE R AlexNet #2245
HIZETLJZ, RN T normS W48 2 S5 44, X
norm5 SEHL & Batch Normalization #:1E, £E VI ZRIK &
PR N 2 1 R v, R R MEAE TR & 1T L= S 300
ARk, BRSBTSk A2 A R AR 0, B DA
SETHENGNIEFEF 2 2] % (learning rate) 13 E [
AEH /N, Ul T IIGREFE, ZI RPN internal covariate
shift!"®), B F A 2 MG A0 2 RE I (38 (A [ A B
&), B DOl IS R 5 LR e A R E A B ) —
)2, I 0 — 5 N\ AR E R, K TE A
TR BRKa ) — 5 73, A4S B AT DA Y B8 i ) 5 =) 3%,
IS, I BRI 7RERACR. FESIN .
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Input: Values of x over a mini-batch: B={x;_,,}; Parameters to be
learned: y,
Output: {yi:BNyﬁ(xi)}

% x; // mini-batch mean
m

o-ﬁ<—$ ) (xi—yﬁ)z // mini-batch variance
l

N Xi—it .
#1e-—B_ /mormalize

,(rﬁhﬁ

yi—yXi+B=BN,, g(x;) // scale and shift

DL SRVESEIL T 6 x B/ B S 4.

2015 4F Ioffe A1 Szegedy, #71% /7755 FITE Inception
network!" 7 Sk # 4T ImageNet classification 7}3%, B3
T T4 4.82% MIERE, B 7 AKIIAER 2.

GoogleNet DAH AR H & R M 28 S5 K 1E 2014 4R |
B0 AR A, RGBT AR T AR IR R AN U FE A2 IRt
{9, 3F BLBELE T PN loss, 224 L Herk ik g
FhZ A 2%, BT LA LA E A R S 56
42 swER )

EEXT LA BRI AT T VU4 SE5S, 43 A2 PD vs
Normal, PD vs MSA, MSA vs Normal 1 PD vs MSA vs
Normal. PL EBERIZRH) GPU WA HE 1 13
NVIDIA Tesla K80, Intel(R) Xeon(R) CPU E5-2640 v4
6 FZALFLAS (2.40 GHz). D4 S5 12 AR AT DL [
Ik, PrE AL 25 58 AN IS 20 min. SEER 45 R an &
11 £ 22.

4.2.1 PD vs Normal (PN)

XTF PD il Normal RIE 6 #R J i A1 IE & N 47
yJsehd (k11 EIE 13), f£JR 4 AlexNet S5
FERE AR RIS T 0.2% WIIRF, I8 IEE TR R IRE
T 0.01 [IREAR, PIZREEARRIRAT T 0.04 PR ot

__,.,Fl4#_+.F 100

0.9 ek
0.8 190
07 :-80
0.6 1 S

2 054 / r60 <

& t50 &
0.4 1Y 40 3
0.3 5”30 <
0.2 1 £20
0.1 o 10

5 10 15 20 25 30
m Loss (train) m Accuracy (val) mLoss (val)

11 i g

6 LR -Z5R Special Issue

o ey 100

0.9 3

S
2 5
S =
3
<
0 5 10 15 20 25 30
m Loss (train) m Accuracy (val) mLoss (val)
A\ \ =
\ Y 12 R AlexNet 4% 455

Accuracy (%)

——— P N
= e -

e

0 5 10 15 20 25 30

u Loss (train) = Lossl1/loss (train) = Loss2/loss (train)
m Accuracy (val) = Loss (val) m Loss1/accuracy (val)
= Loss1/loss (val) = Loss2/accuracy (val) = Loss2/loss (val)

i
‘gm ~GoogleNet [ 444k

100

Loss
Accuracy (%)

0 5 10 15 20 25 30
m Loss (train) m Accuracy (val) mLoss (val)

K14 AL 4s

422 PD vs MSA (PM)
Xt PD F1 MSA BJIH & 2R RE A £ R G 2545 13t
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T2t b (k14 £ 16), fEJ7F AlexNet SZL
IR FAETR R IR T 1% B3R TE, B0 E 4 45 O AR 4
FEF, GRS RIRTE T 0.01 BRI,

-100
g
2 Y
3 :
3
<
0 5 10 15 20 25 30 [
® Loss (train) m Accuracy (val) mLoss (val)
15 J& AlexNet %445 4
. LN
8 7 r 100
' 50
6 F70
52 L60 T
g 4 F50 2
g 40 3
L300 <
2 L 20
1 i S L o 311
0 : 0
0 5 10 15 20 25 30
Epoch
L
L — ]
0 5 10 15 20 25 30

= Loss (train) = Lossl1/loss (train) = Loss2/loss (train)
m Accuracy (val) = Loss (val) = Loss1/accuracy (val)
= Loss1/loss (val) = Loss2/accuracy (val) = Loss2/loss (val)

Kl 16 GoogleNet [¥4% 4k 5t .-

.

Loss
Accuracy (%)

0 s 10 15 20 25 30
m Loss (train) m Accuracy (val) mLoss (val)

17 J& AlexNet M #4455

r100
g
2 5
5
3
<
0 5 10 15 20 25 30
m Loss (train) m Accuracy (val) mLoss (val)
L) A\
VL s
*
-
: - 100
12 90
- 80
107 RIS
. 81, 60 3
& 50 8
= 6] 10§
Q
4 30 <
- 20
0 : =0
0 5 10 15 20 25 30
Epoch
bE——-_'--'—_
0 5 10 15 20 25 30
u Loss (train) = Lossl1/loss (train) = Loss2/loss (train)
m Accuracy (val) = Loss (val) m Loss1/accuracy (val)
u Loss1/loss (val) m Loss2/accuracy (val) = Loss2/loss (val)
9 -
Q‘w ~GoogleNet 4545
)5 =
-«

-
. 100

Loss
Accuracy (%)

0 5 10 15 20 25 30
m Loss (train) m Accuracy (val) mLoss (val)

K120 AL 4l

4.2.3 MSA vs Normal (MN)
XFF MSA 1 Normal Bl 22 5 4t 2 463 5 FHIEH A
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BEAT Ay RIS UE M S T (¥ 17 2= 19), EEERA
AlexNet (556 HEAM EHER R IRAT T 0.3% HIERTT, %
RS RIRMG T 0.01 MIBEAR, WIREHKIKMG T
0.03 FrIFEAE.

r 100

Loss
Accuracy (%)

0 5 10 15 20 25 30
® Loss (train) m Accuracy (val) mLoss (val)
"

B 21 J& AlexNet X445 3
2

5.5

5_

454 _

4 A X
3.5 =
& 3 2
=25 z

2. Q
1.5 <

1_

0.5 1

0

_—

0 5 10 15 20 25 30
= Loss (train) = Loss1/loss (train)
= Accuracy (val) = Loss (val)

u Loss2/loss (train)
= Lossl/accuracy (val)
u Loss1/loss (val) = Loss2/accuracy (val) = Loss2/loss (val)

Kl 22  GoogleNet [#4% 25 5t -
1 1
.

424 PD vs MSA vs Normal (PMN)

% F PD. MAS Ml Normal I 4865 % &
20 22 4 RE N OE B 9w N =AM o R sE R H (n
20 £ 22), #EJEA AlexNet K525 FEAt E R IRAG
T 0.6% HIHETE, BUE SR IRTS T 0.12 [ FRAIS, %%
LR IR SIS R R

XTHE R AlexNet 258 285 FEFIAL AL I 45 (1) S50 45 R
DL K GoogleNet S2it 4t B st 1 4 3.

S T R A R R SR A S e
AlexNet M 4% 45 ¥ 5L 4f 2 4, @it Fl GoogleNet [
Acc Fl Loss FJAH I X ELaT %0, Ot Ak B P Z8 AR AR AR

8 TR +Z5iR Special Issue

T GoogleNet.
R 1 J& AlexNet SEEFRARL &

PN PM MN PMN

Acc (val) 98.2 84.7 91.3 87.4

Loss (val) 0.06 0.33 0.20 0.31

Loss (train) 0.11 0.27 0.23 0.29

K2 MRS R bR A

PN PM MN PMN
Acc (val) 98.43 85.66 91.6 88
Loss (val) 0.05 0.33 0.19 0.29

\
Loss (train) 0.07 026 1§ 020 0.29

% 3 . GoogleNet S5 bRl s

. \ P PM MN PMN

Acc (val). = 7976 72.2 89 59.6
Loss (val) 0.07 0.54 0.26 0.84
Loss1/Acc (val) 94.6 75 86.8 57.5
Loss1/loss (val) 0.17 0.51 0.30 0.88
Loss2/Acc (val) 97.3 74.7 88.7 60.7
Loss2/loss (val) 0.09 0.51 0.27 0.82

5 ZEWIE

ARSI IET AlexNet #hZ 2 65 Ky B T IR ALIR
(10 28 9 2% . 388 3o 4 S 1) AlexNiet 90 4 A JEL 45 I 4
43 75 DY 4L 0 o 52 6 45 S AT 40 BT, B0 R I
AlexNet JE H T B9 45 2808, 3 ELARALIR w2
¥ 4% 1 GoogleNet 525 45 6 bR & G H 1K 9% o 34
BT AR SRR R I, T AR AR 22, (A SR
FA TR R 4R e T 50 E, JF X TR
(11093 50D T AL, B T N0 i R
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