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45000354 FM K 2= 5 — B JE 2= Be i AL IR B RN 450003)

W E. FR¥EHEHEE(Alzheimer’s disease, AD)EA —FF RT3 s g LB AT E R, R ERL R BW
MAFT TGRS REHENELELAETLEL ., EF R, R H T 2L AREF I F Ex AD
49 M Bk 2 I B A% (Magnetic resonance imaging, MRI) # 47 447 5+ 4 b F B4 7, 42 AD - 21 69 fm 3F &
MERE EFAZMNB D, BATE— RGO 7 AR IR B) X edm ) £ 5] eh 4548, AP b
B AR, A SUAR B A AR 3 3R 4 F 3% M %4 (Feature enhanced pyramid network, FEPN) # 47 AD # MRI - #1
iy, @Rt B AR TR A A ] LT XA EANA G BRI, I RS RENR T HIREHR
EEW A, R T ETXRFERLR S RIEFIMERS TR L, k%% R A Kaggle I 49
Alzheimer # ¥ 4% 3% 7 2k B AT o iE , KR 25 R R, 400k T A0 R £ 7 % ,FEPN A 2 & 7t 7 4 4% AD
kA AER FEFRELR BESR FELR)MRING S EAFE,
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Early Diagnosis of Alzheimer’s Disease Based on Feature Enhanced Pyramid
Network

SHI Lei"?, PENG Shaokang', ZHANG Yameng®, ZHAO Guohua’, GAO Yufei'”’

(1. School of Cyber Science and Engineering, Zhengzhou University, Zhengzhou 450002, China;2. Songshan Laboratory, Zhengzhou
450052, China; 3. Department of Pathology, Henan Provincial People’s Hospital, Zhengzhou 450003, China; 4. Department of
Magnetic Resonance, The First Affiliated Hospital of Zhengzhou University, Zhengzhou 450003, China)

Abstract: Alzheimer’ s disease (AD) is an irreversible neurodegenerative disease, whose early medical
intervention is of great significance to control and improve the condition. In recent years, deep learning
methods have been widely used by researchers to analyze magnetic resonance imaging (MRI) of AD for
early diagnosis. However, the changes of brain structure are less different from those of normal people in
the early stage, and the existing single-scale analysis methods are difficult to capture these subtle
differences. Aiming at the above problem, this paper proposes a feature enhanced pyramid network
(FEPN) for early diagnosis of AD. The high-level features are supplemented by the contextual information
extracted from the designed shallow feature re-extraction, and the fusion weights are calculated to guide the

fusion of high-level and low-level feature maps, which enhance the interaction of contextual information

EETIR : FH% H AP 4T FER 34 (62006210.62001284); 2020 4F B 0 B 44 8 KA 25 % T (201300210500) ; 1] 7 44 1o 45 2%
e H R I H (21B520018) 5 K5I K 2% 8 )= IR A A BHIF IS 3l 5 42 (32340306).
I #8 B #3:2022-05-10; 81T H #7 : 2022-06-23
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and the matching degree of multi-scale feature fusion. The Alzheimer datasets published by Kaggle are
employed to conduct comparison experiments to verify the performance of the proposed approach. The
comparison experiment employs the Alzheimer dataset published by Kaggle to verify the performance.
Compared with related methods, FEPN achieves the SOTA classification accuracy of MRI of four AD
brain states (non-demented, very mild demented, mild demented, moderate demented ).

Key words: Alzheimer’s disease (AD); magnetic resonance imaging (MRI); deep learning; shallow feature

re-extraction; fusion weight
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Fig.2 Feature enhanced pyramid network
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Fig.4 Example of prediction results of the proposed method
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