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[Abstract]

Parkinson’s disease is a progressive neurodegenerative disorder, and early diagnosis is critical for slowing
its progression. Voice changes are particularly notable among early indicators, offering a non-invasive pathway
for timely detection. However, most existing approaches rely on traditional machine learning methods such
as Support Vector Machines (SVM) and Support Vector Regression (SVR), which often fail to capture complex
vocal patterns and thus exhibit limited generalization performance. This study proposes a voice-based diagnostic
framework for Parkinson’s disease and related disorders. Voice recordings were transformed into Mel-spectrogram
images and classified using deep learning models, including ResNet152V2 and DenseNet201. The dataset included
not only Parkinson’s disease but also clinically similar conditions such as essential tremor, multiple system
atrophy, and tau-Parkinsonism, alongside healthy controls. Experimental results show that our deep learning
models achieve high accuracy (92%) in distinguishing Parkinson’s disease and related disorders from healthy
individuals. These findings highlight the potential of voice-based deep learning approaches as a non-invasive,

cost-effective tool for early diagnosis and clinical support in neurodegenerative disease management.
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I. Introduction
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II. Related Work

Loshchilov and Hutter{5]ofA] A|otsl s&8 AAE
21l Cosine Annealing2 sF5&9 2|93 2432
AR 2, Cosine 45 ARESH stggEs 273t
wlolck, o JPge shgol AYPAS sgel AN
o7 7kAasteE stof, 20| Saddle Pointo ®HR]X] Ok
Al 1L, Al A whEA] glold 4 Al gict. of2ist

S o] 9do] Qush Aol FYTCE B Aol
2%, Cosine AnnealingS X823t Wide Residual
Network”} CIFAR-103} CIFAR-100 tjo]EjAllo] Cosine
Annealings A-&5HA] b2 UEF0 vlsll 27+ 0.5%
o} 1.0% =& A%2 Berk A% A} olrk. &2
L periodic shift 9A1-8 ALs) sh&E 2AS 2ATIO
2ZM 712 Cosine Annealing?] ¥vtst =2 7jAst
ps-CALR(Periodic-Shift Cosine Annealing Learning
Rate) 7]530] A|QH6]=] .

Focal Losse 22 =+d =AIE siEsH] sk
RetinaNet WHIof] =il &4 ot 7]E0] 7R ©X]
RASL 78R F(Positive) RTH7] 817 G =(Negative)
o] Z ol A Bt AP EAT olof w2t

gg0] vlagdoln, 23 Aol Mg 4 otk
Two-Stage 2Z=L2 region proposal?t sampling
heuristic  AMESHY  =2wd ZAE  SHASHT,

One-Stage 20fl= o]2fsh Yol AEEX] oIotct. o]
£ Sl 4st7] sl Focal Loss= One-Stage detectoro]|
e 2 Qv YAloZ AR o] &A e
easy exampleof= 715X S Y311, hard exampleof| =
HeRlE =9A ST & s A
Allox= ResNet 128} anchorg ZAYFH
RetinaNet2 d75l0] Focal Loss®] &t ZESIY)
Cross Entropy Losse 2+ AlE0]| tisll 5Lt 7154
£ FosA|g Focal Lossy= ©lE 7I415to] easy
sample®] 7}EA|S £0]1, hard sample?] 7[R 7
oigd &t} o]F Bdll FHAY YA =+ TAIE
sidsty, 2H dss Setd 4 Ao E3h Focal

Loss®= modulating factor?} tunable focusing factor



Early Classification of Parkinson’s Disease Using Mel-Spectrogram Voice Analysis via Transfer Learning 101

(V& F71sto] & Augh st5o] 7hssH| et v

Fe 004 577 AT 4 910D, v=02 T 715
Cross Entropy Losse} S8t 112 71X| 1, Zro] A
% easy sample®] ZIFAPE FolEtt. AF 2t
Focal LossE A83F ResNeXt-101 7]8F Feature
Pyramid Network(FPN)o| y=2.0, 0=0.25%¥ mff %]119]
H52 BT AnE Aotk 0% ATNE Focal
Losse] 7WES shfstol, 7ile] &7} egwat opje}

H}\t‘

el 9Ao] FA FEK] Al RRdshks
GFL(Generalized Focal Loss)7}t K]°H8]H°*Uf GFL&
25 40 loU 78 B ARE mygosA B

591 7 2RIE B0l 271U WAt 91 ol ofy

5t Dense Object Detectoro]A] mAP(Mean Average
Precision)$ X171 Hakg Hoizglcy.
Gwak and Park[9Jo]A1 17124 #ixjo] gAEolE]

= BAsp] o] o4 Als=  AMEZ T
(Spectrogram) 3A10] o|0|A|2 ¥iglsl= ¥PHS AlLs}

%ct. o] e eHulolelS ulAY Holel AHER
T3 e Waistel Yelid Bo] AEE 4 9L
£ Ak 519 AFANE fbrosa folielel 2
5}0:] 2%—1]:1]0]]51 = /\nﬂ_i_laﬁ O 3 Higlal OD:] o]

e MA—
A TR BRe) 24 =g AZdos Zelslact
gighe @ AMERORR Fon 52 9 A
Mel-Scale)2 #gtsof It} 747t 40 S 2=
31, 015 o]ojA] el Watsto] CNNat e el
o 2o AT 4 YA Ak A AHER T
o ARk Joln 340 SR FEslel B
G2 4 U S0, IRIAY Ze YY) A

lﬂ.l r9,L‘ Tl
re
-
=
o)

&gl ojm 4 \>ém3:l‘lro_>_‘£u$o£h:l"
’_h.
B
je5)
b

31 Fu4g sk ol 2 100002
Astol Foke Wel2 AL, 1LY SAt] 84
o) ERHY Wate og FEY 4 A=E 3%
WE 2 7202 of0jA] YA O WERE T, B a0
23 2712 29stol U4 dolE2 ARgalact. o2
o) SAEY Fukg 2 AR £42 AdKoR
& 2 giglon], rlet uIole] g4 Aol BASh:

Q.

B n:\>
>
;5
o r
Fo
4
rin
L‘
hI
re
-
1o
|-|_|E 0
p
lrn
i
o r

(]
o
>
20}

Ioh 2 G CNN 7] 23wl

L
AZshe o 2] gl

O mgy
for >
%

A8 oo

1}

il

III. The Proposed Scheme
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Fig. 1. Overall architecture of the proposed classification scheme
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IV. Experimental Results
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Table 1. Disease Distribution by Gender
. = Male Female
Disease
ET 1,817 3,734
MSA 1,625 1,383
PD 2,102 3,042
Tau-Parkinson 5,391 5,061
NC 1,663 875
Total 12,598 14,095

Table 2. Labeling Data Structure

{
"Patient_No": "9-001",
"TCF_Date": "2020-07-04",
"Education™ "Y",
"Emotion": "Y",
"Sex": "F",
"Date_of_Birth":
"Age": 65,
"Genetic_DM": "X",
"Speech_case™ "N,
"Severity_case": "M",
"Underlying_disease_DM": "N",
"Underlying_disease_Depression": "Y",
"MoCA_Score": "25",
"FDG_PET_Date": "'
"FP_CIT_PET_Date™ ™
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Table 3. Hyperparameters Used in our Model

Notes
Optimizer AdamW
Loss Focal Loss(a=0.25, y=2.0)
Leg(r:?];ndgm:?te Cosine Annealing
Epochs 100
Batch Size 32
Class Weight A8
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Ao O £7)AE(Baseline), @ Cosine Annealing

AL, @ Focal Loss A&, @ Cosine Annealing +
Focal Loss A8 ZL3HsE 471X] ZR710f|A] o] o A&
4-7). & 40N HE wReh o] 7] ”Eﬁoﬂf\iL
DenseNet2010] A= 0.9024, FU= 0.9398, A3
0.9429, AUC 0.8672=2 AytAol = ZTHo|A 7}0 o
Zst AWE UeRACE E5H Xception® AEHE 0.8874,
AL 0.92852 F= 0]9lon ResNetl52V29] 7%
AUCE o2 2Hof sl dojirez Joton), Jaee}
A0 74 ZH7F 0.91599F 0.9108= w3 YA =9k
T} 9tH MobileNetV3-Large= A&z 0.7872, M=

0.79412 th2 23 Ojy] 22 J55 20, ol 4
gt v 1x0] 2 By & 4 Qlrh
1 52 Cosine Annealingg A-85F A3 ZAut= LERA

o}, AubEel e 9 Kjago] aol BT Sa,
Xception®] 74 J=t=7} 0.90300 2 551 o0, Al
£ E310.952982 37 sFAE|Q)c} DenseNet201-2 Ashe

0.9088, Ai3-& 0.9557, AUC 0.8497=2 &3] 71AF oA
ol 2 ox|5lgit}. o|o} Z+S. Zp

ocoo&a

= Cosine Annealing
o] &tg SHkEo] 2ol Jocal minimum £-2 saddle
pointo]l P{2.27] 91 B L. A2 EUSIES Fops
L A&g 43851917 =0 2 sfAETt ResNet152V29t
NasNet-Mobile T35t A&z} 2H2F 0.8855, 0.89122 A+
%510, Baseline Ty 7HAE 4458 LERJQIC

I 6 Focal LossPt& A&t Al Auts UERACH
Re Qo= A8t AUC ol FE2i7l Zjko]
&]9jct £3], DenseNet2012 &ate 0.8867, AUC 0.8828
2 A AR 5 7P =2 AUC 4 7150, 2+ HlolH
Ao a&0 7 t-38-s HoFQltt NasNet-Mobile
o] Aatw7} 0.956471K] FAtE] 9o, ResNet152V2 A
Mgt5o] 0.95067H] =it ol Focal Loss7t 4vt
A19] Cross Entropy LossEC} &5 X7]0] 412 ¢ A&
g} ote, FeYA UlRR R0l © ASE 4 A== AAE
7] wizoll, Exte] et EXdut o] Joid ez £ ol
S #F digysto] BAst 7loz mpor=Elct

X 72 Cosine Annealing?} Focal LossE ZAJo] A&
sk Als] AntS "olct AMytdio g J1AF 112 AL Skto]
A9t DenseNet2012 A&w  (0.9174, KH?_
0.9523, AUC 0.90342 UjQ =o 452 HolR
Xception F§F A3tz 0.9215, A= 0.9220, KH %
0.9501, AUC 0.85822 FdA 02 A|X9] 53 HoF
Act. ResNet152V2 HA| &= 0.8906, A 0.95292
%7]0] uja) Wkt o] o] 2ol ee Hlalairt. o2

st A1t= Cosine Annealingo] &t59] 28 £~H8S 9.5t
11, Focal Loss7} 44 A0 Ojst 27 582 st
Atz 4 9lon], % 7ol 23] e rgros A
83Se ¢ 4 gk FYRoR, 2 AolH Agd
Cosine Annealing 271522} Focal Loss= E31X0 2
= 31 SPIAT B8 A ol T]ofsteRle £
2 S0 R3O 71 PRl ATE Hojzgir,
£35] DenseNet201& & H2ojA =2 Aske o} Aj5la
< 715510, BAieh &4 HEoM e Hojd dvtet 52
FAI5FATE. Xception HA] U=} AfH-&2] 445 o
A {ojujgt NS Boixn] e 45 BE 2R
B4 28 ZRN JRsdS uolRdrh
MobileNetV3-Large= 7333} J1x0] o]&-g 71X 9L
o= st AR B&7 dsolM FHet eE &
Yo, o] 9l& Ho|Ee} o] et 54 £&0] 59
3t TN Ay B 28 A] A5 " 20| 2 pHc)
Table 4. Baseline Experiment Results
Model Acc. Prec. Recall AUC
ResNet
152v2 0.8599 0.9159 0.9108 0.8175
Dense
Net201 0.9024 0.9366 0.9429 0.8672
Efficient
NetBO 0.8758 0.9171 0.9309 0.8591
Nashet 08835 | 09252 | 09308 | 0.8483
Mobile
Mobile
NetV3 0.7872 0.9321 0.7941 0.8624
Large
Xception 0.8874 0.9285 0.9322 0.8516
Table 5. Result with Cosine Annealing
Model Acc. Prec. Recall AUC
ResNet
152v2 0.8865 0.9248 0.9355 0.8193
Dense
Net20] 0.9088 0.9335 0.9557 0.8497
Efficient
NetBO 0.8803 0.9096 0.9457 0.8237
NasNet | g912 | 09254 | 09418 | 08277
Mobile
Mobile
NetV3 0.8597 0.9028 0.9268 0.7860
Large
Xception 0.9030 0.9293 0.9529 0.8392
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Table 6. Result with Focal Loss

Modal Acc. Prec. Recall AUC
ResNet
152V2 0.8786 0.9040 0.9506 0.8627
Dense
Net201 0.8867 0.9100 0.9547 0.8828
Efficient
NetBO 0.8408 0.8970 0.9070 0.8479
NasNet | o gso5 | 08807 | 09564 | 08245
Mobile
Mobile
NetV3 0.8164 0.9074 0.8617 0.8243
Large
Xception 0.8578 0.9066 0.9194 0.8464

Table 7. Result with Cosine Annealing + Focal Loss

Model Acc. Prec. Recall AUC
ResNet
152V2 0.8906 0.9156 0.9529 0.8556
Dense
Net201 0.9174 0.9649 0.9329 0.9094
Efficient
NetBO 0.8833 0.9154 0.9431 0.8497
NasNet | o006 | 09353 | 09442 | 08756
Mobile
Mobile
NetV3 0.8620 0.8970 0.9364 0.8162
Large
Xception 0.9215 0.9220 0.9901 0.8582

5] DenseNet201 229]| Cosine Annealing?} Focal Loss
= Ao R8st L9 Xception THof Cosine
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500 glof 7|vh w2 2EH £ 9l3 ZoR 7|gHH.

V. Conclusion and Future Work
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