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Abstract

In the parents’ monitoring of the baby, the baby’s abnormal sleeping position can cause sudden
infant sleep death, especially in one or two years old, research shows that the baby’s prone lying is
very easy to cause this phenomenon, timely and accurate detection of the baby’s target and sleep-
ing position identification, has a vital role in its health and safety. In order to meet the require-
ments of accuracy, false alarm rate and detection speed of infant monitoring comprehensively, a
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method of infant abnormal sleeping position recognition based on dual model structure was pro-
posed. By using the improved method of combining YOLOv5 and OpenPose, combining the real-
time target detection of YOLOvVS5 and the accuracy of human pose estimation of OpenPose, the per-
ceptron and door were introduced as binary classifier, and the output results of the two models
were fused to make accurate binary classification judgment on the abnormal sleeping position of
infants. The experiment showed that, the accuracy rate of this model in infant sleeping position
detection reached 94.7%, and the false alarm rate was 2.0%, which can effectively handle the task
of abnormal sleeping position detection of infants. While improving accuracy, the model also has a
low false alarm rate, which improves the reliability of the system and the comfort of guardians.
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Figure 1. General working flow chart
1 RIiERZE

2.1. YOLOV5 &8

YOLOV5 & — s i A 200 B brksiisi Ay, 3= % i luput. Backbone. Neck 1 Head DU 4 2H 1 »
PG m ki N 2 3047 A BRI R 3% B T AT RFAE SR L, Backbone FRAFANE K/INIRFAE B, AR5 B AFAIE i
A 45 (Neck) i Ak BEREAE, A il = ANRRAE B\ T Sk (Head) , 8 FH 8¢ 1) Sl SR ARE X6 R AE L Hh 1 B AR
FPATEAS RO EAL FHE RN, DR R R OB SR REARAR. T BEAT RS B 2 4
#5140 (BBoxes), i i B AH N [ 12 (confthreshold, objthreshold) kL SR 41 b i TG FAE B, AT AEROR
EAIHI(NMS) I FE, AT DU H e & BRI

2.1.1. EFMLE
KH ShuffleNetV2 [9fC B A C3 M4, Jl i 5| NIEIE AR, KB REERTHE 2R RK,
HAR MR, RASHAEPRER S E &R, BRIV T, B B0 152 AR
B, LR B A HERE NG A T S P SRR s AR 5%, SR H ARSI AR A p . i 2 B
LT L x LINGHZE, HEAGEEE cl, fi4EE & c2, R K (feature map) R~ A hxw,
H MAC 5N
MAC = hwc,c, +c,C, (1
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4y #1458 (Group Convolution)fJ DL /D 5 HY () FLOPs, {HJ& 4 FLOPs 18 [& € ), 704 gi#i%, MAC
Wik, U AEFRA FLOPs 11 AR F .

B =hwc,c,/g )
M FLOPs {4 [, Hi ARSI R <F [ 2 CIXhx Wi, MAC 544180 g ARF L,
MAC = hwc, ,Bo. B ®)
c, hw

7t ShuffleNetV2 {5 F —Ff i #4F channel split, ¥ SR AR @ E 5N E0 7, BEAYEE AL BRARIFAT R,
AP SRFEAA, F—A0SCBE =GR, X LSR5 o\ i R R — 2
WD MAC, 16 1 x 1 ERATEY, Bl 4% MAC K520, [AIRS channel split 2 1EAS & il CL 40K il 18
SIHA, GBI G, ShuffleNetV2 22 A7 CHFFEAE— i (concat), 1A 2K Add #:4E, M
W TCERERE, )5 ShuffleNetV2 FiF channel shuffle & & ifiE .

BN ReL BN

/ 1x1 Conv #|3x3 DWConv » 1x1 Conv BN RelLU
( Input >——>Channel Split}— ¥ Concat —{Channel Shufle —’(Output)

Figure 2. ShuffleNetV2 network structure
& 2. ShuffleNetV2 f4& 4544
2.1.2. EEIHH

N T AR BN STE R ARFE, PN 2L SkER . SR, TGRS, 755 AR P8 Hh o e A o 2%
FHIAS L ARFAE, S 0 2% 0) M S A PRSI & 4%, I DRASE Y S SO

CA [10]7 = AIHLEI(nEl 3 From) w4 N RFIE B AT P20 Ak, 3218 MBIE R 2= F4ME, 3K13
5 S M v R P A 77 1] AR AE 1«

2(h) = % x.(hi) @
zy(w)zﬁo% X (i.w) ©)

¥ BT A R g RN B A EEREE T, ATRE B AR e, SR A R OE R
— ki Sigmoid W B ER B 1< (W + H )< C/r FIFFAERE -

f =5(F1|z“,zw|) (6)

B RRERE f 2HT 1 x 1 GRS SIRER R RTF, , P48 Sigmoid B i 2045 SIRFIE BIFE = 2 A
5 M S WAL TR

¢"=o(R (") )
g"=o(F,(f")) (®)
B Ja CA VER I % A
Ve (i i) =% (i i)=gc ()= g." (i) )
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Figure 3. CA attention mechanism
E 3. CAXE A

2.2. BT OpenPose IB 9K

OpenPose it i N GBI, 25 FM% VGG-19 B 10 EWIAL BTG, A8 B — 2141 e
S FAERT—B BN, 1EX —BBr e P2 AR — 50T 55 B A5 i PCM (Part Confidence Maps) Fl 4%
KA PAF (Part Affinity Fields), HHt PCM G ERTELTT slffatimng, B St = p!(F), PAF Rx&
BRTEE R ER, B =¢"(F), Hh p' fl g RE—BAEE) CNNs, TERES&— M, #a
W AT — M B T SR AE FARSS &, P ARG IO . 7R AT SRR I FE . OpenPose £t —ANMRFAE
B, B ME RN — AT REI DG i, B X R B AT SRS AN R (EL AR B, 75 HA OG0T s (R RH R A7
FRAE DG AU IR )23 [ 2 &, OpenPose i 8 7m AR 1) T s ALKR, B — AT s ARl — A 44k
PR, Y)FRIR,

IO AU BERE, PTUUE AR BLAS B AL, AR 24 NG, WA 4 BoR, 0-5
T, 1B, 22408, 3-4, A-H T, 5-A)H, 6-£N, T-ETHE, 8-, 94, 10-41%, 11-
FER, 12-K 0, 13-KE8E, 14-/BE, 15-HHR, 16-K0R, 17-4F, 18-£H, 19-KJK, 20-% #i4h, 21-
FEER, 22-4 I, 23-4 Ak, 24-45 JHIER

Figure 4. Skeleton extraction
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2.3. BRAHSI

EFIH L (perceptron) FT #2522 2 MNAE 5, A ORI S T A0 45 RAE N, Bl —ME S,

E 5 R, x1. x2 ZFIANGES, vy ES, wl. w2 28E, NG5SRm0 5% LAE & 1)

B, TFEARERE S B, RAHEAEERE 6 (threshold) 4 =4ttt 1, M€ — I8P, H
RELE A LRI AT 5 SCA

0 if(wx +wW,x,+8)<0

y:{l ifEWiXX11+szz+€;>O (10)
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Figure 5. Perceptron
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SR ALY Loy 1, HAbfE o oy 0, MR4EQ0)UIZR— AN BRIMLR A ke 1 5
FERFOR ST, AR y ERE Ry “07 A <17 P8, SRACREDLIEZ IEH AT H IR, K
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Figure 6. Hyperplane with gate
6. 5IN8FAE
3. SCER

A FH I BRI A Intel®CoreTMi5—8300CPU, NVIDIA GeForce GTX 1060 GPU, 8GB
WTE. 7 64 fi7 Windows 11 [FJSZ5 PREE R 347 9256

3.1. BUREMIEMNIRE

TR AT EE ) UL HAR S, A SO M IE U R TE U LR I8 Fr, o it i yE 5%
B, I A SR E SR SR TR BT oK, DA R R R A, R R R =K,
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Figure 7. Data set preparation

7. BiREEE

ASCAE R 2R P (Precision). 1% FPS(frame per second) P J2 1% FPR (False Positive Rate) 57 i/t
ITPEREVEAS, ik P =TP/(TP + FP), FPR = FP/(FP + TN), H:#1 TP (True Positive) %y IF ik il 5 4
HEZS, FP (False Positive) 5 R4 700 1E 3 B 1R 73 F08 S W S, TN (True Negative) B 28 T kil 1 H5 HEZS

3.2. EF YOLOV5 Y22 )LEEZEH#M

¥ YOLOVS 5 HoAth 3297 H A=A 50540 YOLOvA. SSD Al Faster RCNN #EAT 7 xf bb, it 2 1 45
A REVPEAL P I YOLOVS 722 AN s e br LRI 1. AT Faster RCNN 1 SSD, S8 EAT1E M
RIFHEA, ABTCH St W (755K, 177 Y OLOVS 8 {542 e v f 2 10 [ P SEZ B 1 58 ) €0 OG5k
., BEIR YOLOVA TEAERfMZE . HIRIZ ., P58 BE A SEit M 7 THRBUAR 8, (HAHECT YOLOVS i f7/E—14k
MRS BRIk, YOLOVS 7ELEAMERERISEIN M7 T # AR T g M3, Hih s SR k484
1E H AR A B T RE R €

Table 1. Comparison between YOLOV5 and different detection algorithms
& 1. YOLOV5 5 REIME AT L

Model Precision Recall mMmAP@0.5 FPS
Faster-RCNN 87.7% 90.8% 92.4% 28
SSD 88.4% 91.2% 91.7% 39
YOLOv4 84.1% 88% 88.2% 46
YOLOvV5 87.1% 90.5% 90.49% 62

3.3. &F OpenPose HI22 )L
TE3:T OpenPose 122 JLATII A, F 28 ) LA EUE B%FFIES N\ GoogLeNet [11]1W 25 B 4TIl 2k, &0t
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300 VEACYNZE:, B HERGTEIL S 92.8%, 5 HAh AlexNet [12]. VggNet [13]5 ResNet [14]4HEL, Bf
mEAHERAYE, HSHEAKR, WHEERERK, B AERE L AN FELF, W& 2.

Table 2. Comparison of four different models based on OpenPose
= 2. £7F OpenPose FUNFEIHERI % L

Model Parameter FLOPs Precision
OpenPose + GoogLeNet 5M 156G 92.8%
OpenPose + AlexNet 6 M 73G 90.2%
OpenPose + VggNet 13 M 15.7G 89.7%
OpenPose + ResNet 11M 10.8 G 88.3%

3.4. HRASCI

N T4 m YOLOVS FIAERPERR IR 2, 76 [ @ MEIRE B TR, wmrE 3, 18
YOLOV5 ol T /4% C3 Bl B A ShuffleNetV2 (%%, Bk 7E ML IN CA VER AIHLHI S, Szig
i AR o) 3, B R RERIREE S5, B ShuffleNetV2 (4% f5 1] LU HAR AR
WD TE AL EERT T 16 A s, TS I S WL RS v 1 AR 3.1 AN 43 o, [ I B SO R T T
O3k YOLOVS A Eb SR AR 7Y B A % 3.5% 1K 5 fps.

Table 3. Ablation results of YOLOvV5
2 3. YOLOVS jEmastIf st R

ShuffleNet\V2 CA RSB Precision FPS
x x 87.1% 62
x J 90.2% 59
\/ x 88.4% 78
\/ v 90.6% 67

FEE MR, B AR S SE R 5 AR A YOLOVS. £t )51 YOLOVS il OpenPose Hi2:33k47
XPEG, R ER 4 Frow, ARSCEEE R AN S 1456 2ud YOLOVS Al OpenPose, A bLELH A = AM5EAY,
P 1 — E AR 1 ) (R B B DU PR AR e, M R 2 Sy B U oK, 1] 8 Dl /0 2 ) LB e Al &5
ARG HE FE R PTAL, AT WA SCARUEAE B ) LR 2R 0 5 TR A LR B, eV HE M rT AR 7E R %
R 2%, BRELRNMERES, (CARDEBRREM, JUFASKAERE . X —45 5 AR &R
NS e G E e T

Table 4. Results of different mixed models on infant sleeping position recognition
= 4. TEIRSRBIX B LI EIRBIEER

WARES Precision FPR FPS

YOLOvV5 87.1% 7.2% 62

YOLOV5 + ShuffleNetvV2 + CA 90.6% 5.4% 67
OpenPose + GooglLeNet 92.8% 9.9% 50
AR 94.7% 2.0% 53
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Figure 8. Visualized results
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4, GERIE

A ICHEET YOLOVS Fl OpenPose XURERYZE 14 sl ke it 1 28 LSRN AY ,  JRAE | ) 28 ) LIS 40
SIS T IR A . SR TR ER ShuffleNetV2 /£ 4 YOLOVS ET-M%%, [FINGIANT CA X
JiEHe, LKA OpenPose A&7 E 8% B GoogleNet P25l 2k, A T ik — 4R i 2 48 v 1 A s /b
R, SINTEAHLST], BPAMEREE B SE, NRG USRI T NS & AT SR -

SIS EERR W, ASCIAYE R ) LEZAS I FOA B T 94.7% IHERIZE, UH 2.0%MiRIRE . 1 H, M
DT DA A ST AS I ) 75 R, 0 LRER 8 W I R G R P e R T St A8 31 7 R de . R0k, kAT
Wit — AN X — 7Y, DATH G i 2 228 ) Ly BRI MR R T oK, kb o f B glb Al Hh B8 22 TR
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