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Apnea Detection Based on 1D-Res&SENet

Xu Jiahao', Hu Shaowen’, Shan Xinying’, Liu Jizhong'
(1. School of Advanced Manufacturing Institute, Nanchang University, Nanchang Jiangxi 330031, China; 2. Jiangxi
Provincial Science and Technology Infrastructure Platform Center, Nanchang Jiangxi 330003, China; 3. National Research
Center for Rehabilitation Technical Aids, Ministry of Civil Affairs of the People’s Republic of China, Beijing 100176, China)

Abstract: Addressing the current practice where most apnea detection systems rely on time-frequency features extracted
from respiratory signal samples for classification, this paper proposes a 1D-Res&SENet classification model. This approach
takes complete respiratory signal waveforms as input, extracts features through a one-dimensional convolutional neural net-
work, and incorporates a residual network structure to mitigate gradient vanishing and grid degradation. Furthermore, recog-
nising the varying importance of features across channels, it introduces an SE attention mechanism to identify and strengthen
associative information between feature channels, thereby enhancing the accuracy of apnoea detection. Experimental results
show that after adding the residual network and SENet module, the accuracy, recall and specificity of the model are increased
by 2.0%, 4.9% and 1.7%, respectively.

Key words: apnea; 1D-convolutional neural network; SENet; residual network; millimeter wave radar
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Figure 1 Correspondence diagram of radar transmitting signal, echo signal and intermediate frequency signal frequencies
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Figure 2 Radar signal processing flowchart
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Figure 3 Schematic diagram of convolution and pooling principles
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Topui(11 405) SENet B8k
Fc_1
v
ReLU 3
—— OSA
Maxpool_3 |:>
Maxpool_1

o—

[SENet 2| [ReLU 4 |

o
Maxpool 2

SE-Resft¥itk

=
){&.
&
=

6 1D-Res&SENet f4g &7
Figure 6 1D-Res&SENet network model

3.2 RAFIHRIZ

A SCAE FHAERf % (Accuracy ) . A B35 (Recall) FI4 57 M (Specificity ) VE BRI A FrifE .

7, B BRITE -

WAEEIE 7 Br



56 IR A4 (A ARBRA R 9E30) 20264F

1) SR AR 26 Gl E (M) (RS ITARZE VR R R B e 7 I ZRak IR iE AR A iaCae .

2) $54# 1D-Res&SENet M 24T, Fi| ] Xavier 5k FEALU IR AR US40 X Fho) i A6 75 2URERE A IR 15
VB PRI 5 2 A T ) A 358 A0 S 1) A2 2o A P R SSOMATR] BT 3 S A5 2 T 2 o JEE AR A 19 TRt i A 0 114
IEF .

3) JRIR BRI , F P S 1) A5 S0k SRR R A S BRI JEE , DR A IS R ] BP 83 A M I, ARG
A JZ I SH .

4) FHEIEE A BORIVERE , JEARYE S0 IR 5 A 7 2R 45 R AR ) S8, i 2D AL, X 25 1A
it WRARIGSE, AT R 2, AR A |2

5) FETMHALENIL 1D-Res& SENet MZEAAUPERE , T AR A A ] AR R

£ 1 BESHEE
Table 1 Model parameter settings

R SR PR 28
Conv_1 F=3, K=100, $S=2, P=0 Maxpool 3 §=2, P=2
Maxpool 1 §=2, P=2 Fc 1 =30, O=3
Conv_2 F=50, k=10, $=2, P=0 Fc 2 =3, 0=30
Maxpool 2 S=2, P=2 Fc 3 =4 890, O=2
Conv_3 F=30, K=30, S=2, P=0
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Figure 7 Process of model judgment
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Figure 9 The confusion matrix of the 1D-Res&SENet model on the test dataset
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Table 2 Comparison of evaluation indexes of each model

e R/ % 1112 /% R SE%
1D-CNN 96.9 91.9 97.1
ID-CNN-SE 98.1 91.8 98.3
1D-CNN-Res 98.2 86.5 98.5
1D-Res&SENet 98.9 96.8 99.0

1 2 AT, A HE 1D-CNN, 51 A B% 25 N 45 Fl SENet AR J7 , AR () HER %6 4 IR Stk Y A 42 7. A
RPN A ) SENet A5, 3 it FE 2545 R AR X6 AN ) A3 S AR A 2R A, 55 A AR AR 5 308 T 5 ik T 4y b
SR B I, HAERPE R e I A5 A ak s g A n] LIS MR IE (R B H A R B
KR TR, FRIFR LM S I T IO, T3 TIEZER5) . AR HE A 3 FhBE 7Y | Res&SENet A5 1 it 43 [ K ki
FHRTET 4.9 5.0 F110.34 1 405, FEMATRAS IR 0 vsi2L> , BV 22 A e e 27 45 2 T AR 1, B8 Fl A EAEAS
BINARURR, 7E B2 R X BEAE S B R IR AE RS , S AT MU B2 . AR AN 2 MR ARt A SR T UEBH
T ARSI SENet BLHL (1) T AME: | 5% 22 W 255 AL FRAF R R , SENet (L LR IE I BRIG 1 , — B 45 & TP Er
RS (FREARHERRRE 71 B RIS, B 3 32T 3 PR QEREAS R BIRE S ) , a5 RNZE A PERE AL , 18 FH et fgak
PE SRR TS5 (AP iZ i) .

FE3XF EE TA O e 5 HA 7 EE 48 RO A5 TS B , 1] LA £ 1D-Res&SENet 7 HERA R 5 A 1R - T8
H 7. Yang %72l Erdenebayar 552 73 5I| F1| H CNN . DNN J7 74 A7 P B 454G, AE L2540 il = g 2 i e
BIIHLH SR )Z RS AC TR B HE LT 7 AT I A5 5 v A2 2 0 sy R AR AR 5 4 R 4 Jmy S Ik , B 1k
REAIE— L3R T) 5 1) Zarei 462442 H A9 CNN-LSTM FBAREE A T B 7 a2 A5E, {H 2 i F LSTM XK AR Al £
A FEA [12(90.7% ) I, 7775 A XU 5 Tanvir 252549 # A9 CNN-BIiLSTM R A1 454 1 X LSTM LA
S S T AR RE ) (R S5 M SR e R, e A FREE T 5 BB LG . 28 BRTIR  ARSCHE H 1) 1D-Res&SENet
PR 1 il A% 22 S50 5 T R AL 7EPF IR (R AT 55 S B T (mokG B L R 3 T SR A e e S e 1) A, Ry
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Table 3 Comparison of indicators of each method

SCHik T HERA /% A2/ % %
Yang %% CNN 90.3 87.0 91.9
Erdenebayar 25 DNN 93.1 93.0 99.0
Zarei 55124 CNN-LSTM 93.7 90.7 95.8
Tanvir %25 CNN-BiLSTM 93.2 91.7 93.8
AL 1D-Res&SENet 98.9 96.8 99.0

T, A SO WO BT ORI 1 T S, PR 520 G 2 A, APV WP WO
R, LA 7| VIR 55 S A, SR O . AR BFSA EON TR A OB, LA
AL P PSSR AT SRR P

5 45 i

ASCIEF IR - 2] B —YEB R 2 N 4% 5k 22 I 25 G5 A A 7 P, 3 4 T — b 1D-Res&SENet [
BRI ik | 3 A B SR AN RIS R A 1 25, EU AR A DA A , 1R 26 B in A SENet 455 A LA g2 37 3 1
3 A HEAIL T, 300 5 M iR OC SRR F IR R T 5 B 22 A5 M0 8 o 155 2V 40 AR A 1 B 2 R I £ 3R A 1) [+
R, R RVAER RT3 98.9% , A NI 5 5 23 5k 21 96.8% F199.0% , #3EME 1D-CNN HEF2.0% .
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