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RESUMO

N ́ ́,    ́   ̧ ́ı ̂ 
       . A       
       ̧ ́ı, -  
    ́ . C      ̧̃ 
́, ́         ̧̃ 
̧̃   ́ı     . P ̧ 
,       . P,   
      ̂ ́ı    ECG -
    C P̧̃ L (LPC). N ,   ́
  98%  ̧̃  ̂ ́ı. N  ,  
    CNN     ́ı ̂  -
 ́ı    LPC   ́ı ́  
 ECG. P   ,     ECG     
 Massachusetts Institute of Technology (MIT-BIH B  D  A) 
2480    PhysioNet/Computing in Cardiology Challenge 2017  3720 .
P     ,    ́     (Data
Augmentation). Á    ,     93,35%  ́,
93,12%  93,08%  ̃  recall, ,     MIT-BIH. E
    Physionet,   ̧ 99,87%    ́ 
 ̃  recall, . O     ̧̃ 
  ̧̃   ̧̃  LPC   R N C-
 U ̃       ́
   ́ı.

Palavras-chave: 1. B Ćı. 2. C  P̧̃ L (LPC).
3. R N C (CNN) 1D. 4. E ECG.
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4.4 Ḑ̃   ́ı    ̧̃ - PHYSIO-

NET . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
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• ICC - Î Ćı C
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CAṔITULO 1

INTRODUÇÃO

S  S B  C (SBC), (PRÉCOMA  ., 2019), 
̧  (DCV) ̃       . N B
   30%  ́. D    SBC,  ̧ 
   ́         ̂,     
      ̂       ̧̃, ́ı 
  ́ı  ̂  (SIDA).

A   ́,   14 ̃   ̂  ̧ 
̧̃    400      ̂  ,  
   30%      ́ı. N   ̧̃
 ̧̃  -19 ́       DCV,
   ̧ ,     ́,     ́
(ROCHA  ., 2017). U ́ ́, F 1.1,      
B  ̧  ̧̃    ́ı  2002 ́ 2018 (OLIVEIRA  .,
2020).

Figura 1.1 Gráco de mortes por DCV

P   śındrome respiratória aguda grave SARS-COV 2,  SBC  -
  ̧̃  ́   ́  ̂  ́ı.

1
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J   Ã̧  R  P N  B (ARPEN-
B),  SBC          7%  ́ 
́  ̧         2021, 
̧̃   ́ı  2020 (OLIVEIRA  ., 2022). E 2019,  DIC (Ḑ
Î  Ç̃)          UF , 
 A,  ̃ N (OLIVEIRA  ., 2022).

N ́ Éı C – B 2020, ̃  ̧̃
  Ḿ  Ś  B    ̂  (OLI-
VEIRA  ., 2022). F ́        -
́ı  ̧ ́ı,      DCV,  -
  Global Burden of Disease (GBD) (C G  Ḑ)  ́  
́     ̂ . O   -
́ ́          ̧ ́ı 
    B   ̧̃    
  ̧    . E ́ ́  
̧  ́ı     ́,     
 SBC. N ̧̃ ̃   ́ı   ̧̃ ́ı:

1. Ḑ C T;

2. Ḑ C;

3. Ḑ A C, Śı C A  A P;

4. C  Î Ćı;

5. Ḑ V,  C Ŕ;

6. F̧̃ A.

N ́ Éı C – B 2020,      Ş
 Ĩ̧  M  B (SIM),    DCV  
27,3%    ,    ̧̃  ̃ S     ̃
N, F 1.2. A DIC  ́  32,1%      DCV (Ḑ
C)  B   AVC (A V C),  28,2% (OLIVEIRA
 ., 2020).

O ́ Éı C – B 2022      
 ̧   B. N ́,  E GBD 2019    
  SUS    DCV     ́ 1   
B. E  DCV,  DAC (Ḑ A C)     
  ́ı,   AVC  1990  2019 (OLIVEIRA  ., 2022).

A ̧̃  E GBD 2019   6,1%  ̧̃   
DCV      .(OLIVEIRA  ., 2022).

E 1988,  Ç̃ B, ́   Ç̃ C̃, -
    196     ́ ́   , 
  ́        E (SELIG, 2021). N , 
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Figura 1.2 Estat́ıstica Cardiovascular – Brasil 2022

M   ̧ , ̧ ̂  ̧̃ 
  ,  ̃  B.

   E C 29,    ̧  
SUS        ́ı ́  B,  
  ́ı .

N ,      ́      
      SUS  B. E 
  3    B      ́ı
 277 . Á ,    20%    B ̃ ́
(SELIG, 2021).

C  ̃   B, -   
 ̧̃ ́    ̧     ́
      ́   ́,    
́    ́          ́
 ́ (OLIVEIRA  ., 2020), (SELIG, 2021). É     
 ́  ́    ́      .

C      ́    ́   ,
        ́  ̧̃  
́   ́  ̧̃  ̧̃   ́ı. O ̧
    ̧̃      ̧̃  -
    ́      ́ı   
  (GOES  ., 2020).

D ́ ̂    (SINGH; MEITEI; MAJUMDER,
2020)      ̧̃ ́   ́ı -
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  FCG (F). U ́   1 − class classification
 ̧̃   ́ı       
 (UNNIKRISHNAN  ., 2020). U- ́ ̃   -
    PN/CC 2016     ̧̃ 
 autoencoders  ̧̃  ́ı ̃-.

A T  W    ̧̃  ́ı   -
. D   CNN  ́-     ́-
,        P 2016 (CHEN; WEI; ZHANG, 2020).
P (HUANG; SONG, 2018)  ́ı       -
 ́ı. D ,    ́     
(FCG),  mel-cepstrais  ́ı.

A ̧̃         K-vizinhos Próximos
(KNN)  distância de Hamming. O   A ́ı ́  
 (RAZA  ., 2019)    ́ı,    
, ́  ́ı. N  ́   ̧̃  
́ (́  ̃,  ́  C     )
      (M-L P  MLP  R N
R).

U R N  (CNN), (WO LK; WO LK, 2019) ̃ 
  ̧̃  ̧ ́ı. U  -   
  ECG      ́,    CNN    
̧̃        ̧   .

D  ,     ́    -
      R N C (CNN 1D) 
   C  P̧̃ L (LPC), F 1.3,   -
       ̧̃       
E (ECG).

Figura 1.3 Fluxograma do projeto

P    ̧̃      SBC 
,     ́    ̃  ́  ̂ 
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DCV,  Ĉ, F 1.4. E        
̧̃  ̧̃         ́  ̧̃.

Figura 1.4 DCV por ano, mês e dia

1.1 JUSTIFICATIVA

D        ECG ́        
̧̃   , ́ı    ́,  -
́  ́        ,  
 ́,  ,     ̂   
́ ́. O     2%  8%    ̃ -
      ̃  ,   
      ́ı  (RODRIGUES  ., 2012).

N     ̂    ́ ́
       ́  ́  ́   ́
  ̧̃       ̧. A ́  
 ECG ́     ̧ ́ı,  ̃  
     ́ı    .

1.2 OBJETIVOS

N ,   ́     ̧̃  ̧̃  -
 ́ı     ,   C  P̧̃
L (LPC)   R N C (CNN) 1D,    
 ́  ́  ̧   ̧̃.

1. D     C  P̧̃ L (LPC) 
    ̂ ́ı   ECG;

2. C  R N C (CNN) 1D  ̧̃  
ECG;
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3. A    ́ .

1.3 ORGANIZAÇÃO DO TEXTO DA DISSERTAÇÃO

Á  Ĩ̧,  Ḑ̃ ́   ́ı  :

• N Ćı 2 ́   ̃ ́,  ́   
ECG,    ,  ́  C  P̧̃ L (LPC), 
R N A RNA,  R N C U CNN
1D     Ḑ̃;

• N Ćı 3,        LPC  ̧̃ 
 ́ı ̃ ;

• N Ćı 4,           
  LPC/CNN-1D ́ ;

• E  C̃,     ̧̃  Ḑ̃ ́ -
.
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D ̧̃       (LUZ, 2012). N -
,    ̃    ́   ̧̃
     ECG   ,     ́ 
̧̃    ̧̃ ́. Á    -
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    ́ CNN.

U         ̃ 
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91,80%  F1-Score. P  ,       ̧̃ 
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E  ́  ̃   ̧̃   ́ı
     ́,       
     ́ı      ECG, 
  LPC (L P C)   CNN (C N
N) 1D.

2.1 SINAIS DE ELETROCARDIOGRAMA

O   ECG          ̧̃
  ́       ̧̃  
 ́     ́.

E  ́   ́ı ́    ̧̃. U 
  ́   ́ı   ́ı  , 
̧        (OLIVEIRA, 2019). E ̧
  ̃  ́          
   E,        
  ̃  ́  ́    ́  ̧  ̧̃
(BHYRI; HAMDE; WAGHMARE, 2011), (GACEK; PEDRYCZ, 2011).

N F 2.1 ́        ́  -
   ̧̃       P, Q, R, S  T 
̃       ECG.

Figura 2.1 Complexo QRS

A   ̧̃       -,  , 
 ́ ̃      ́ı ́   
   ̃  ̧̃,    ̧̃   ́ 
́ı , ̈̂,   ́ı, F 2.2.
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N     ̃:

•   P,          ́ı;

• ́ ,       ́ ́  
    ́ı;

• ́   ,     - ́ı ́ ;

•   H,      ́  ́ı;

•  ,      ́    ́ -
.

O    ́   ̧̃     ̧̃,
         ̧̃,  ̧̃   
́  ́   .

P    ́  ̧      , 
   ̧̃    ̧̃    ̧̃ 
    ́ı. E  ̃    P-QRS-TU
(OLIVEIRA, 2009),  ́   F 2.2.

Figura 2.2 Diferenças de potenciais gerados no coração (OLIVEIRA, 2009)

A ̧̃       F 2.3   
 ́ı      ̧̃   
  ̧̃. E  ̃    ́ı ́  
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̧̃  ́ı ́       ́ı 
,  ̧     ́ı  . C  
     ̧̃   ́ı    ECG, 
  P, Q, R, S, T. A  Q, R  S   ́ ̂ 
 QRS. J́   P   ̧̃ (̧̃) (OLIVEIRA, 2009).

Figura 2.3 Contribuição de cada onda para a formação do ECG (OLIVEIRA, 2009)

N  ̧̃, -     P   ̧̃ (-
̧̃) ,      QRS    ̧̃ 
́ı,   ,   T    (̧̃) . O -
 QRS ́          ECG,  ́  
,  ,    .

2.2 COEFICIENTES DE PREDIÇÃO LINEAR (LPC)

A ̧̃  ́  ́       (HEN-
NING, 2017), , ́ ́ı     ́  . E
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(OKIDA; MARAR; QUEIROZ, ),  ́  ̧̃  ́   
́ı         ̂    
 . O        LPC 
  ́.

N    (MARVI; ESMAILEYAN; HARIMI, 2013)  -
    ̧̃ ́  :  G A (AG),
P E O (PSO)  P E O 
D D V (PSO-DV)    D E (ED), ̃
      ̧̃  LPC     
    ı́  ̃      .

A    ́ LPC ́        
      ̃ ́ı. O    ̧̃  ́
  ̧̃   ́ı   ,    
 Ȩ̃ ., (MAKHOUL, 1975).

x̂[n] = −
p∑

k=1

akx[n− k] + β

g∑

i=0

yiu[n− i] (.)

  ak, yi    β ̃  ̂    ,  x[n] 
  ́ı  u[n],   . A  T Z  ̧̃ . 
  y0 = 1,  ̧̃  ̂   ́  

G(z) = β
1 +

g
i=1 yiz

−i

1 +
p

k=1 akz
−k

, (.)

  ́ı      , ,    
  .

E  ̧̃    ̃  . U  ́  
all-zero,     ̂ ak    ̧̃  ́  
. O ́   all-pole,     ̂ yi    ̧̃
́  ́ı . N  ́    all-pole, , ́  
   LPC  .

S ,      all-pole  Ȩ̃ ., ́-

x̂[n] = −
p∑

k=1

akx[n− k] + βu[n] (.)

  ak ́  k-́    LPC  p    
   ̃   ̧̃. Á ,  ́  
   ̧̃ . E  ́     
 ́ ́    ̧̃   Ŗ̃  D  ̧̃
 outliers  (ARAÚJO  ., 2009). L-     LPC    
      ́ı      (MARVI; ESMAILEYAN;
HARIMI, 2013),  ̧̃  ̂ x̂[n]  ̧̃   
   ̂   Ȩ̃ .,
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x̂[n] = −
p∑

k=1

akx[n− k] (.)

    u[n],    , ̃ ́ ,   ,
 ̧̃   x[n]  ́        
(HENNING, 2017). R̃    ̧̃    ,  ,  
       x[n]   ̧̃     
 (MARVI; ESMAILEYAN; HARIMI, 2013; HENNING, 2017; ARAÚJO  .,
2009). D       ,  ̂  ́  ́ı 
     p   FIR (R I F).

A ̧   ̂    ̂  ́     
     Ȩ̃ .,   x̂[n] ́    (BERALDO,
2017).

e[n] = x[n] − x̂[n] (.)

C  x̂[n] ́ ,    e[n]     
Ȩ̃ .

e[n] = x[n] +

p∑

k=1

akx[n− k] (.)

O    e[n] ́ ́ı  ̧̃    x[n]   -
   - (LIMA; SILVA; ARÁJO, 2020),    
   Z   e[n]    Z    
[],   ́   Ȩ̃ ..

H(z) =
E(z)

X(z)
= 1 +

p∑

k=1

akz
−k (.)

E    - ́     ̧  drift
(   ̂)       ́ LPC.
D ,  ̧̃  ̂ ́ı     ECG ̃ ́  
̧  drift  ,  ́   Ćı 3.

P (HENNING, 2017)   ́   ̧̃   
  Ȩ̃ .  ́ ́  ́  ı́  (MAKHOUL,
1975),    ̧̃   ́   . P   ̃
́ı,    ECG,     ̃   -
      (HIGUTI; KITANO, 2003), -   
́     Ȩ̃ ..

E =
∑

n

(e[n])2 =
∑

n

(x[n] +

p∑

k=1

akx[n− k])2 (.)

L,  ̧̃   ́    ́ 
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∂E

∂ak
= 0 (.)

D-    Ȩ̃ .    p ̧̃  p ́, -
  ̧̃ , E . (OKIDA; MARAR; QUEIROZ, ; HEN-
NING, 2017).

p∑

k=1

ak
∑

n

x[n− k]x[n− i] = −
∑

n

(x[n]x[n− i]) (.)

C     ECG ́   ̃ ́ı (HIGUTI; KITANO,
2003),    ̧̃  ak    ́ ́  
e[n]       ̧̃  Ȩ̃ .    
  (ARAÚJO  ., 2009):




a1
a2
...
ap


 =




r0 r1 . . . rp−1

r1 r2 . . . rp−2
...

...
...

rp−1 rp−2 . . . r0




−1 


r1
r2
...
rp


 (.)

  rk ́  ̧̃   x[n]   Ȩ̃ .

rk =
N−1−k∑

i=1

xi[n]xk+i[n] (.)

2.3 REDE NEURAL ARTIFICIAL (RNA)

N ́ ́,    R N A    -
  ́    ́ (Machine Learning). E  -
  ̧̃ ́        ́
  ̂       (O’SHEA; NASH,
2015).

C,  R N A ́   ́ı   
 ,   ́     
      ̃    ́,   
    (KOVÁCS, 2002; HAYKIN, 2007). N    
   ́  ̂, F 2.4.

E 1943,   W MC   ́ W P -
   A Logical Calculus of the Ideas Immanent in Nervous Activity. N
          ̂    
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Figura 2.4 Neurônio Articial. haykin2007redes

       ́ (KOVÁCS, 2002; HAYKIN, 2007).
E 1949,  ́  ́ D H     The Organiza-
tion of Behavior,        ́   ̃
    ́ ́      -
  . I      ̧̃   
         (KOVÁCS, 2002;
HAYKIN, 2007).

N F 2.4      ̂ . O   Ȩ̃ . 
.   k-́ ̂   ́.

vk =
m∑

j=1

wkjxj (.)



yk = λ(vk + bk) (.)

  x1, x2, ..., xm ̃    ,   wk1, wk2, ..., wkm ̃  
́  ̂ k, vk ́  ́ı  ́ ́  ̧̃   
  . O bias bk   ̧̃   ́ı    uk,
        ̧̃  ̧̃ λ. D 
  ́   ,  ̧̃   ́ı       
̧̃ ́    F 2.5 (KOVÁCS, 2002; HAYKIN, 2007).

A ̧̃  ̧̃ λ(•)   ̃   ́ı yk  ̂. A-
   bias bk ́  ̂   ̂  k, ́ ́ı 
 Ȩ̃ .    Ȩ̃ ..

yk = λ

(
m∑

j=1

wkjxj + bk

)
(.)
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Figura 2.5 Translação provocada pelo bias. (HAYKIN, 2007)

A      P, F 2.6,    ́ 
50   F R,     The Perceptron: A
Probabilistic Model For Information Storage and Organization in the Brain,  U-
  C. A   ́ ̂    .
D    ̧̃ ́     , 
     ̧̃ (KOVÁCS, 2002; HAYKIN, 2007).

Figura 2.6 Modelo Perceptron.

(MARVI; ESMAILEYAN; HARIMI, 2013), -  Ĺ  Î
A  MIT,   1951  SNARC,      .
N   ́  60, M M  S P   ́
    ̧̃     P  
́   ́   R    ̧̃  ́ı
 ̃  (KOVÁCS, 2002; HAYKIN, 2007). I    -
         ́  70. B W
 U  S   1960     
     A (Adaptive Linear Element),  ́ı  -
    R D. M ,    M,   
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A M (KOVÁCS, 2002; HAYKIN, 2007).

2.4 REDE NEURAL CONVOLUCIONAL

N ́ ́         ́
  ̂,      ́  
́,   , ̧̃  ̧̃   ́ı,
̧ ́,  ,   ́     
 ́    ECG (ACHARYA  ., 2017), (IZCI  ., 2019).

D ́ ̂         -
  ́   , -  ̃ -
. O        ̧ 
̧̃       ́. N   ́
   ́     (CNN)    
 ̧̃  ,   , ̧̃   ́ı,
  ̧̃. A CNN ̂  -  ̧̃  ́ 
   ́ (ALASKAR, 2018), (ATAL; SINGH, 2020).

A R N C (CNN) ̃   R N A
 (RNA), ,  ̂  -   
   (O’SHEA; NASH, 2015). E  RNA  
  ́      ́   ̧̃
(MONTES; LATTARI; COELHO, 2021). A       
     ́ı   ,     
   (OLIVEIRA; CÂMARA, 2019).

O  R N C (CNN) F 2.7,       
     ,       ̧̃  -
̧̃. A CN  CNN  ̃  ,    ́ -
         (KRIZHEVSKY; SUTS-
KEVER; HINTON, 2012).

P  ̃ ,         ̃
 ̃ ́      ,  ́  ́ -
          (O’SHEA; NASH, 2015).
S , R N C (CNN)     
  ̃  ̧̃   ́  ́  (SINGHAL;
KUMAR; PASSRICHA, ),    ́ı ̃   
  CNN.

2.5 REDE NEURAL CONVOLUCIONAL UNIDIMENSIONAL (CNN 1D)

Á   CNN        
  ́ı,  ,    2D. N ,  ̃  
CNN 2D          CNN 1D (KIRANYAZ
 ., 2019). N ,      ̧̃,   
ECG,  CNN 1D ̂    ̧̃  CNN 2D. I   
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Figura 2.7 Rede CNN genérica

 CNN 1D ̂        
. E          
  ̂,        .

N  CNN  (1D) ́ı  ́ı    ́ -
   Ȩ̃ .

yki = λ

(
N∑

i=1

xk
i ∗ wk

i + bki

)
, (.)

  yki ́    ́ı  -́   -́ ̂, xk
i ́   

, wk
i ́      , bki ́  bias, λ(•) ́  ̧̃  ̧̃ 

(∗) ́    ̧̃.
P    ,   ̧̃,  CNN 1D

̃      ,    ́ 
́. P  ,   ̂  ́   
  1D  ̧̃        -
 (ECG) (SHAKER  ., 2019; KIRANYAZ; INCE; GABBOUJ, 2015). U
  ̧̃   CNN 1D ́   F 2.8. O ́ 
      .

A    1D     ̧̃  -
    (ECG),   ,   ́ı, 
      ̧̃  ECG   ́   -
: ̧̃  ̧̃  ,    ,  CNN 1D
        ́ı   (KI-
RANYAZ; INCE; GABBOUJ, 2015). O  (̧̃) ̃ ́ı  
    ,   ̧̃  ̧̃   -
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Figura 2.8 Rede CNN 1D

     ́  ̧̃. D    ̃  
 ̧̃  ̧̃     ̃  (SHAKER  ., 2019).

R (PICON  ., 2019),     
      1D (CNN)     ́ 
  (LSTM)   ̧̃  ́ı  ̧̃  FV.

P ̧̃  QRS  ̧̃   ́ı    ECG ,
(LEÓN; ALVAREZ, 2019)        -
   R N C 1D,    ́-
   ̧̃  . A   ̧̃    -
,          .
D   (LEÓN; ALVAREZ, 2019),    ̧  ,
,         ̃  
   ̧̃     ( ́ı).

T   CNN 2D ,     ̃  
́ı,             
 1D. N       ́ı  ́    MLP
(M P)   ́  ̂  ́ı     ́
    .

N    (ACHARYA  ., 2017)     
  ECG  ̧̃  ́ . O     
 ́    ECG. N      ́ı 
       ECG   T W. O   ECG
    ,        ECG PTB
(P-T B). E    ́   ECG 
200 ́ı (148 MI-I  Ḿ  52 ́ı ́).

O    (LI  ., 2017)      ̧̃
 5  ́ı    ,  , ,    ,
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   , ̧̃    ̧̃  .
O       ́    MIT-BIH 
  ́    ̃  ̧̃   97,5%.

2.5.1 Camada de Entrada

N R N C (CNN),       
,      . E  
̃   ̧̃ ́   ,  ̧̃ ́   
 .

2.5.2 Camada Convolucional

O           ́
 ̧̃ ́  ̧̃. A Ȩ̃ .,   ̧̃
́  ̧̃     . E -
    ́ ,  ́      ECG,  
       CNN ́   
  ̧̃   ́ı      
́ı (HEATON, 2018)  (GOODFELLOW; BENGIO; COURVILLE, 2016).

h(k) = (x ∗ ω)(k) =
∞∑

k=−∞
x(n)ω(k − n) (.)

D      , ́ ́  ́ -
       ,   
 ́ı     ,    .

N     ́ ́     ́ı
    3× 1. N   ̧̃,      
          (stride)  ̧̃. E 
,    ,    ́ 1       
    . Q   ́ 2,     ́  
      (MADAN  ., 2021).

2.5.3 MaxPooling

D    ̧̃ ́     MP, F 2.9, 
 ́           
́ı  ̧̃     (SHAKER  ., 2019).

E     ́       
 . O MP ́     ́  -̃ ̃ -
     ́   ̃. P ,   ́
       F 2.9 ́ 6. N  ̃ 
 4 × 1   ()   1     ̧̃ 1D
(MADAN  ., 2021).



2.5 REDE NEURAL CONVOLUCIONAL UNIDIMENSIONAL (CNN 1D) 21

Figura 2.9 MaxPooling.

2.5.4 Função de Ativação ReLU

A ̧̃  ̧̃ RLU (U L R), Ȩ̃ ., ́   
    .

Figura 2.10 Função ReLU.

A ̧̃ RLU ́ ̃  F 2.10,   ̂  ́ı 
̃ ,    ̂ ̃      
     Ȩ̃ .. I      ̧̃ ́
  ̂   ̃    (MADAN  ., 2021).

f(x) =

{
x,  x > 0,
0,  x < 0.

(.)

E  ,    ̂ ̃ ̃  . E ̂
 ̃   N̂ ,  ́   ́   -
    ́. I ́     ̧̃ 
̧̃ RLU.
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2.5.5 Função de Ativação LeakReLU

P     ̧̃  ̂   , -
    ́           -
  , ́    ̃  ̧̃  ̧̃ RL, 
LRL, F 2.11.

f(x) =

{
x,  x > 0,

ax,  x < 0.
(.)

Figura 2.11 Função LeakReLU.

A ̧̃ LRLU ́  ̃  ̧̃ RLU. O   ̧̃ RLU
́ 0     x < 0,       ̂   ̧̃
 ̃. A ̧̃ LRLU   . O      ̧̃
LR ́          , Ȩ̃ .,
̃        ()   
     ,    0, 01  0, 02,    
    0, 2 (XU  ., 2015). N  -
     0, 02. A        ́
   .

2.5.6 Batch Normalization Layer

D       ,  BNL ́ 
́             
             -
  . Á        . (MADAN 
., 2021).

2.5.7 Camada Softmax

A ̧̃ Softmax ́   softargmax  ̧̃  -
 ́           ́   
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.E ́        ̧̃. E -
  ́ı      ̧̃     [0 1]   
  , Ȩ̃ .. N ̧̃, z     ̂ 
́ı. A ́ j   ı́  ̂  ́ı  ́    k
  ı́    ̂   ́ı.

ωj =
ezjK
k=1 e

zk
(.)

 j = (1, 2, ..., K)  z = (z1, z2, ..., zK) ∈ RK

O ,    5 ,  ,  ̧̃ softmax   5
,   ́   1,         ̂
    5 ́ı . A  ̃ ̃   
          ̧̃    
(MADAN  ., 2021).



CAṔITULO 3

ESTIMAÇÃO DA FREQUÊNCIA CARDÍACA USANDO
COEFICIENTES DE PREDIÇÃO LINEAR (LPC)

N ́ı ̃   ́        
̧̃  (LPC)    E (ECG)    ̂
́ı. P ,      ECG      
́ı  MIT-BIH (Massachusetts Institute of Technology and the Boston Hospital)
  PHYSIONET Challenge 2017         
    ́  ́  ́ı  ́ ́. O 
  ̃  ̧̃          
      ECG. Á    ́    ́ı
 M,      ̧̃,  , ́   
.. P    PHYSIONET,  ́ı ̃      
 . E        ECG ́ı, ́  
      ̧   ̧̃,  PTB (Physikalisch-
Technische Bundesanstalt), INCART (St. Petersburg Institute of Cardiological Technics
12-lead Arrhythmia database), . Á ,       
̃ ̃ ́ı   .

3.1 ESTIMAÇÃO DOS BATIMENTOS CARDÍACOS

N     ́ ́ı      
  ̧̃  ́ı    ECG ́    QRS,
F 3.1. S  ,   -    
 ́   LPC  ̧̃        QRS,
       ́ı    ́ı 
 ̃         ́  ̧̃.

A ̧̃  ̂ x[n]  ̧̃    p   
  ̂   Ȩ̃ .,    Ćı 2. P
     LPC  ̧̃  ̂ ́ı,     ECG
   x[n],         ̂ x̂[n],
Ȩ̃ .,    LPC    ( = 4).

x̂[n] = −
p∑

k=1

akx[n− k], (.)

  ak ́  k-́    LPC.
A   ̧    x[n]     x̂[n], ́   

  ̧̃ e[n],  F 3.2. P     
́ı, ́     ̧̃,      F 3.2.

24
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Figura 3.1 Um sinal t́ıpico de ECG com destaque para o complexo QRS

Figura 3.2 Aplicação do método a um trecho do sinal ECG de um paciente saudável.
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A        ̧̃   ́ı 
     (ARAÚJO  ., 2009), ́ ́ı   ́.
C  ̂    e[n]      
        Ȩ̃ .

ẽ[n] =
|e[n]|

maxn|e[n]| , (.)

É ́  10%     ẽ[n],   ̂ -
, ẽt[n]. C    ̂       
,  ̂         µ 1

2
Ȩ̃ .:

L =
√
µ 1

2
(ẽt

2[n]), (.)

    ̧̃     ́  Ȩ̃ .:

D = βL, β > 0 (.)

V   ̂ β      MIT  -
  β = 6. A  ,   m ́ ̃    
QRS    ̧̃ ẽ[n] ≥ D  . D ,   
  m1  m2  m2 −m1 = N , F 3.3,   ́ı HR 
   ()   , Ȩ̃ .:

HR =
60fs
N

, (.)

  fs ́  ̂    H.
P            M

I  T (MIT-BIH) (MOODY; MARK, 2001). N ,   
ECG   45        ̧ ́ı 
  LPC.

P  ̃    ̧̃,     
́   ,  ̧̃   ́ı   LPC,
    T 3.1. A  ́    ,  
C ̃        ,     ́
 ̧̃       L D (DR) ̃  
     ́ı        
QRS   .

O       ́ı   LPC ̃  
T 3.2,     C  ́      ECG.
N  ́ LPC (LPC)  ́  ́ LPC (LPCA), ̃ ,
,   ́ı ́    ́   ̃
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Figura 3.3 Cálculo do ritmo card́ıaco usando ondas R detectadas

Tabela 3.1 Registros das Patologias

C P DR()
RSN R S N 67
APB B A P 98
AFL F A 113
AFIB F̧̃ A 73
SVTA T S 135
WPW Ṕ-̧̃ 65
PVC Ç̃ V P 88
VT T V 110
IVR R I 63
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 ̧̃  L D - T 3.2. P   ̧̃   , 
́   T Wavelet ́      ̧̃
  ́ı (ARUN, 2020)    ̃    ́ Wavelet
(WT)  ́  ́ Wavelet (WTA).

Tabela 3.2 Registros dos batimentos card́ıacos

C WT() WTA(%) LPC() LPCA(%)
RSN 69 97,02 67 100,00
APB 118 48,22 98 100,00
AFL 99 87,61 113 100,00
AFIB 115 42,47 73 100,00
SVTA 127 94,07 135 100,00
WPW 97 50,77 65 100,00
PVC 66 75,00 88 100,00
VT 83 76,36 112 98,18
IVR 32 50,79 63 100,00

C   T 3.2,  ́ LPC   .
E ̧̃   ́   T Wavelet,  ́ 
  ́    98%. O ́    T
Wavelet    ́ı   ́ ́  97,02% ( -
 RSN). P,         ́  
LPC. Á , ́     ́  ́  T
Wavelet    [42,47%  97,02%],    ́   
LPC       ̧̃  [98,18%  100%],  ̧  ̂ 
́.

3.2 BOXPLOT

O box and whisker plot,   , ́   ́ 
  ́ı     . F     
1970  ́  J W. T (1915–2000) (NETO  ., 2017).
N  ́ ́ı ; ̂  ̃-́ (), ̃
( 25%  75%),   ̧̃     ( 
ı́  ́),  ́ı ()  . N ̧̃  
  -:

• P  (Q1):       ;

• M    (Q2): R     ;

• T  (Q3):       ;

• L  (     ı́    );
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Figura 3.4 Comparação das classes NSR e BIGEMINY com mesmo valor médio

• L  (     ́    );

N           ́. F
     NSR  B,   ́ı 
   (MIT), F 3.4. N  ̃    
̂ ́ı    ́ı . N ,  ́ 
       ̂ ́ı,  ̂ 
  ́  ̧ ́ı. N  ,   ́ı ́ ́
́    112,5 ,    ̃ ́  .

Figura 3.5 Comparação das classes estudadas

V     ̧̃  ,    
   /     ,   
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    ́  ́. C   F 3.5,
 ̂     ́    ̧̃  ́ı
   ECG    ̧̃ ́. O ́  ̧̃ 
LPC      ©MATLAB.



CAṔITULO 4

CLASSIFICAÇÃO DE ARRITIMIAS CARDÍACAS
UTILIZANDO ARQUITETURA CNN 1D/LPC

D         ̃  -
     ̧̃    ECG. I   
    ̧        
  ̧̃ ́ı. A   ECG     ,
    ,  ̧̃    ́   , 
     ,  ́ı      
 , ̧̃   ́ı    ́,  ̧̃  ̂
 , ̧̃    ECG     ̧̃  ́ı 
 ́ (OLIVEIRA, 2009).

O   ,   ̧̃     (XI-
ANG  ., 2018). N    ,    
́   ́ı; Nı́   Nı́ . N ́ı ̃ ́ı -
   ́ı. A CNN  ́ı  ́     
 ,  ̃ ́ı ́   ̧̃  
  ECG. N CNN ́ı , ̃ ́ı      -
. E,    ́ı  CNN 1D   ́ı, ̃ 
    MLP      ̧̃    .

4.1 BASE DE DADOS DE TREINAMENTO

P  ́      ECG     MIT-BIH
A (MOODY; MARK, 2001)  (P LAWIAK, 2018). F  ́  
 ECG     PHYSIONET         
̧̃ ,       ̧ www.physionet.org
(GOLDBERGER  ., 2000).

4.1.1 MIT-BIH Database Arritimias

Ćı    :

1. S  ECG  45 .

2. F  5     MIT-BIH: R  , -
̧̃ ,   , ̧̃    -
  .

3. T    ECG    ̂    360H.

31
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4. P  ́,    62      -
,    10   ̧̃,  3600 . (P LAWIAK,
2018)

O       MIT-BIH ́ 48   ECG  47 -
́ı  30  ,   360 H  ̧̃  11   
  10 V (P LAWIAK, 2018).

P        ECG       , ́ 
   ,    ́ı (ZAHID  ., 2021),  
       ̂   ̧̃  
 ̧̃   R.

4.1.2 PHYSIONET Database

N , ́        PHYSIONET/Computing in
Cardiology Challenge 2017      . N    
̧̃  ̧̃   9  61   ̂  
 300 H (KLEYKO; OSIPOV; WIKLUND, 2020).

4.2 DATA AUGMENTATION (DA)

O-       ́ ,   
    , ̂      
  . D ,  ̧̃ ́    
́    ́  Data Augmentation (DA),   
 ́           
   (TALAVERA  ., 2022), (FAWAZ  ., 2018).

N ,       (DA)      
        ̧̃   ̧  
̧̃     (−1),    ̃   ,
       MIT-BIH        PHYSIONET.
C         MIT-BIH   124 . Á
 ̧̃     ̃   ,    
   248    F 4.1. E ,    
   k   ̧̃ circshift (ZHANG; CAO; WU, 2020). O circshift
           k .

O  k     ́    (1  600). U 
  ́ ́      K,  ́     ECG
   ,   ́ ́     
̧̃.

Á  ̧̃  circshift   ̃ ,    496 
 ECG,    858.080 (        )
 ,        4.290.400 ( ̃ 
    )       MIT-BIH.
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Figura 4.1 Data Augmentation nos dados do MIT-BIH Database

E ̧̃     LPC,  ̃    ́ı
 ,            
     MIT-BIH, F 4.2. É   (−1),   
̃   ,        MIT-BIH  
     PHYSIONET.

C         MIT-BIH   124  
́  ̧̃   ,  248   15 ,  
́   circshift    ̧̃  . E   ̃
̃          496 
 15    ,        7.440 (
   )  ́ı. C  ̃  
-    37.200 (     )  ́ı.

N        PHYSIONET database   
     9000 ( ) ,       
 ECG      LPC      MIT-BIH.

F       1240 (    )  
,   2.145.200 ( ̃        ) -
,       6.435.600 ( ̃   
    )       PHYSIONET F 4.3.

E ̧̃      LPC,       
 PHYSIONET F 4.4, ́  ̧̃       
 ̧̃  (-1),   ̧̃  circshift  ̧̃   
   , -     1240   15  
,        18.600 (   ) 
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Figura 4.2 Data Augmentation nos dados do MIT-BIH Database

Figura 4.3 Data Augmentation nos dados do PHYSIONET Database
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́ı. L-    ̃ ̂  -   3720  
15 ,     55.800 (     )
́ı.

Figura 4.4 Data Augmentation nos dados do PHYSIONET Database

Á            MIT-BIH  
PHYSIONET,  ̧̃ ̃       CNN
1D, ,    . E   ́ı ̃
    ̃      -
, F 1.3.

P   ̂  ́ D A (DA)  F 4.5,  
(TALAVERA  ., 2022),    ́  DA  ̃ ́ 
 ̧̃         ́  
        ̧̃  
.

4.3 DETERMINAÇÃO DE HIPER-PARÂMETROS

O -̂ ̃ ́        -
 ́   ̧̃     . U  
 -̂ ́      .

N,  -̂ ̃       
     (KRIZHEVSKY; SUTSKEVER; HINTON, 2012). P 
 (/  ) ̃     -̂. I
     -̂     . O
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Figura 4.5 Data Augmentation

    ,  ,    ̧̃  
              
  . I           (kernels),
 stride ()   padding ()     ̧̃ ̃ -
̂       .

O    ́   ́   T 4.1. P 
        ,     
     T 4.2.

4.4 RESULTADOS

N ̧̃ ̃         
  ̧̃   . I,      CNN
1D   ̧̃  LPC      ̂  ̧̃ 
   ̧̃    ̧̃     
. O       ̧̃:

• M    32;

• Ń  ́   60;

• T      0,0029;

• F̂  ̧̃   16;

• A   Adam.
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Tabela 4.1 Arquitetura da Rede Neural Convolucional 1D nal

AA

N C I ECG I LPC
I E 1 1
C1 Ç̃ 1 2
BN Ņ̃ 1 2
LR Ã̧ 1 2
MP MP 1 2
FC T  1 1

C  
C  

Ç̃

P        ́   ́: P̃
(Pr)  S (Sen). A ̃   ́  ̃  
̧̃  ́   ̃      , Ȩ̃ ..
A  ́   ̂       
   , Ȩ̃ ..

Pr =
C

V
(.)

Sen =
C

H
(.)

  C ́         , V ́ 
            H, ́  
         . P   ́
      Ȩ̃ ..

Ac =
D

N
(.)

 D  ́       ,  N ̃  
    .

O          
   ̃. P   ̃,     
 F 4.6,  F̧̃ A (AFB),   116     (11)  -
  -      ECG   
 F̧̃ A. F   20   B
A P (APB), 31   R S N (NSRI), 18  
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Figura 4.6 Desempenho do modelo CNN 1D

 ̧̃   (PVC)  3      -
      (RBBB),     ()
 61,70%  ̧̃  (AFB). O , C = 116  H = 116 + 20 + 31 + 18 +
3 = 188. L    ,

S = 116/188 = 0,6170  100 = 61,70%,

     ̧̃         -
̃    . E   ́    ́  ̃,
 ̧̃            . O
, C = 116  V = 116 + 20 + 30 + 22 + 6 = 194,

P = 116/194 = 0,5980  100 = 59,80%.

A   ̃       ̧̃  59,8%  61,7%
  F̧̃  (AFB), 45,6%  44,3%   B   (APB),
54,3%  59,9%   Rı́   (NSR), 58,3%  56,6%   Ç̃
  (PVC)  77,8%  72,1%   B  B  R
D (RBBB)  ̃  , . A ́  ̧̃ 
     CNN 1D ́  59,38%,  F 4.7.
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Figura 4.7 Desempenho do treinamento do modelo com dados do MIT-BIT sem o LPC

4.4.1 Modelo de Classicação CNN 1D/LPC

N ̧̃,      ̧̃    LPC  
   CNN 1D ̃   . A T 4.2 
̧̃     ̧̃      
    ́ı    ̃   ́. C-
    ́        
 ,     -  ̂,   ,
 ́    . E ̂   
́      - ́.

U ̧̃       CNN 1D  ́ 
 F 4.8. N ̧̃     ECG (Input ECG)   1
  (Convolution Layer)       ́ı
 , 1   ̧̃   (Batch Normalization Layer)  
          , 1   ̧̃ (Leak
relu Layer), 1  (Max Pooling Layer)  1    (Fully
Conected)   . N   ,   ̃  
̧̃  ́ı ́   . N     (In-
put LPC ), ̃    ́ı    LPC. O 
 Input LPC ́      ̧̃   
 , ́     ̧̃ Leak Relu,   Batch
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Tabela 4.2 Comparação das arquiteturas testadas

N FC A(%) P̃(%) R(%)
A 1 (LPC) 200 N̂

68,18 67,40 67,96
(S ) 200 N̂

A 2 (LPC) 256 N̂
72,72 72,76 72,70

(S ) 256 N̂
A  (LPC) 180 N̂

93,35 93,12 93,08
(S ) 128 N̂

Figura 4.8 Modelo da rede neural convolucional 1D
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Normalization Layer    Maxpooling. N ,   LPC 
 ̧    RR     ́ı   
   ̃     ̧̃.

N    -      35  5 ̂
,     Softmax Layer    Classication
Layer.

P      1D   32  16  
      . A      ̧̃ 
   . E,        
           , 
    ̃ . C      31   1.

N T 4.3  4.4 ̃      ,  ́
          ̃     
  ̧̃.

Tabela 4.3 Distribuição dos sinais card́ıacos para treinamento e validação - MIT

P 80 % 20 %
C Ń   T Ṽ̧
F̧̃ A 62 392 104
B   62 398 98
R S N 62 396 100
Ç̃ V P 62 399 97
RBBB 62 399 97

N   ́         ́  
́ı (2480 ),      (AFB, APB, NSR, PVC  RBBB)
         MIT-BIH,  
  LPC,     ECG. E,     
,     ́       ̧̃, T
4.3.

F  ́        ́   ́ı
(3720 ),      (N, A  )  -
        PHYSIONET,    
LPC,       ECG. E,      ,
    ́       ̧̃, T 4.4.

O ́ı    ́    ,  ,  ́  
    ́ı ̃    
  ́    ECG   . I    ̂
   ̂    ́ ́ı. D ,
-  ́     ECG   .

O   ̧̃    ̂ ́   
  . A ́  ̧̃   ́  93,35%, F 4.9, 
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Tabela 4.4 Distribuição dos sinais card́ıacos para treinamento e validação - PHYSIONET

P 80 % 20 %
C Ń   T Ṽ̧
N 62 996 244
A 62 992 248
O 62 985 251

 ́    ̧̃ ́   93,35%, F 4.10,  
  ̧̃ .     MIT. A ̧̃    3968
̧̃   ́ 64 ́  62 ̧̃  ́. P  
 ̧̃   LPC      (CNN) 1D  
     ̃ ́.

Figura 4.9 Desempenho de validação de treinamento do modelo CNN/LPC.

N T 4.5 ̃        
 (LPC/CNN 1D),     MIT-BIH,   ̃  
́   ,  ̃   recall     ,  
 ̃  ́.

N T 4.6, ̃        ̃, F
4.10    CNN/LPC      MIT-BIH.

N T 4.7 ́   ̧̃      
 CNN  CNN/LPC        MIT-BIH. O
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Tabela 4.5 Análise de desempenho do modelo LPC-CNN

C Á(%) P̃(%) R(%)
AFIB 93,35 100 100
APB 93,35 83,50 85,00
NSR 93,35 100 100
PVC 93,35 100 100

RBBBB 93,35 83,10 80,40

Figura 4.10 Desempenho de validaçao do modelo com dados do MIT-BIH

Tabela 4.6 Resultados da matriz de confusão derivada do conjunto de dados de validação
LPC-CNN 1D

Ḿ AFB(%) APB(%) NSR(%) PVC(%) RBBB(%)
P̃ 100 82,5 100 100 83,1
R 100 85 100 100 80,4
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          ́ 34,16%
  .

Tabela 4.7 Análise de desempenho do modelo CNN 1D e do modelo completo LPC-CNN 1D

Ḿ CNN 1D (%) LPC-CNN 1D (%) M(%)
Á ́ 59,38 93,35 33,97
P̃ ́ 59,16 93,12 33,96
R ́ 58,92 93,08 34,16

C   Physionet Challenge 2017 database,    
  F 4.11  4.12. N F 4.11 ́     -
       Physionet, ̧  ́  ̧̃ 
99,87%.

Figura 4.11 Desempenho de validação do treinamento do modelo CNN/LPC usando a base
de dados da PHYSIONET.

O     ́  ́  LPC   
̃  ̧̃       Physionet   
          MIT-BIH.

E ̧̃     ,  T 4.8   ̧̃  -
       ̧̃    . O
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Figura 4.12 Desempenho do modelo CNN 1D/LPC com dados da base PHYSIONET

          ̧̃  ECG
  ̃ ,       Physionet. P  
     MIT-BIH,    ̂,  -
  ̃       ́  ̧̃
 ́ ́    .
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CAṔITULO 5

CONCLUSÃO

N ,   ́  ̧̃  ̂ ́ı   -
  ́ C  P̧̃ L (LPC). O  LPC  
    ́ı      ́ı   
   ̃. A       ECG     
  MIT-BIH         .

A   ,        ̧̃ 
 ́ı,      1D    LPC.
O       LPC    ́ı ̂
   ECG  InputLPC ( LPC),   InputECG ( ECG)
    ́ı ́  . E ,  ̧̃
̃     .

N        MIT-BIH    
,   ̧̃    LPC,      
59,38%  ́,  59,16%  ̃  58,92%   (Recall).

N       ( CNN 1D - LPC)  
     ,  93,35%  ́, 
93,12%  ̃  93,08%   (R). E   
         (CNN) 1D
   LPC.

O          PHYSIONET
       99,87%  ́,  99,87%  ̃
 99,87%   (R). O    ,   CNN
 3  ,     MIT-BIH  P C
2017 ́ı   ́.

C     CNN 1D  ̧ 
       ̃,    , 
  ́   ̂,   H,   
     R.

P     ́   , 
, A P Ŗ (R L), R Á G-
 (GAN – G A N). E ́   -
̧̃  ̃  . M    ,   -
       .
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̧̃   ̧̃  ́ı  ̂ .

OLIVEIRA, A. T.

Detecção do complexo QRS em sinais card́ıacos utilizando FPGA. — Ḑ̃ (M-
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