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Abstract

Aiming at the problems of high cost, poor real-time performance, low recognition rate, easy missed
detection, and high misjudgment rate of small targets in traditional smoking behavior detection
methods in complex and dangerous environments, a smoking behavior detection algorithm YOLO-
SSDA based on improved YOLOVY is proposed. By introducing the attention mechanism module
SimAM, the backbone network’s ability to extract cigarette features is strengthened; using Soft NMS
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algorithm to avoid the possibility of missed detection when filtering overlapping positioning boxes;
using distance correlation algorithm to calculate the distance relationship between cigarettes and
the human body, in order to reduce the misjudgment rate of cigarette recognition. This article con-
structed an experimental dataset through network sampling, Al generation, and on-site collection,
and conducted extensive testing based on it. The results show that the YOLO-SSDA algorithm pro-
posed in this paper has an accuracy of 94%, a recall rate of 89.6%, an mAP50 value of 94.4%, and
an average processing time of 39 ms for single vibration image input. Compared with other algo-
rithms, it has higher detection accuracy and real-time performance.
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PRAKL, LERTI R RE b 2R 5y AR IR AR S DL 1 DAL (R, A SCHR 2 T 2t YOLOV9 [5]
IR BT A 7775 YOLO-SSDA. A SCAE YOLOVY Syt b an Feduidt: 1) SR LIk
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2. ExTIE

BT 0 H AR 77 = BOEAT ORI A — R AT FL. Poonam &5 A [6]1 UfdH 2 0 3% H Arks
M%7 Faster RCNN ZEAT IR I, I HLAE A HIEEE FEUS T 93.87%IHEM R . 2 0 H ArA il 5%
EARIE S T A E AR IR B2, (EATI AR AN BT 2 2 A4 RO s SE AR I TR 22 . Rk, AR E AR IR 2
FE TR0 5 o R B0 R H AR B2 . YOLO R AIEL L Bb I8 H ARG I A g AR 5130, Liao 25 A\ [7]
ffF YOLOV3 X233z B W AT R AT A . YOLOV3 FIFH T RFAE 4 5 38 W 46 &5 ¥4 (feature pyramid
network, FPN)HEAN [FIRFAE ) L I RFAEREAT A, PR P il 19 380 (0 R AE AT T, DA Sk 4 s iR/
H bR ORI HERA 2 . B YOLOV3 #b, YOLOVS 3 4 87 F T W s M AFF 72 . Zou 55 A [8]4 ] YOLOVSI 1E
DNFERIAR AL, TE F A WA U B A EEUAS T R AR AR . 54 N (914 Transformer 5 A
YOLOV5s MIZ& SRR, Fl T4 KAHE B B2 07, DB IR A 2

YOLO ZRHIHFAESE sl 2802 1 [ B A A 2 4t — 52 ROAS RS 2 . Zhang %5 A [10]1 % YOLOV5
S IBAR, HET [ SO ML ORI S 6 e 22 N S B T T — R R D IR A A Y, sE i
RPN HARIE UE B EE R, FIA YOLOVS [ FPN 45/ F1 42 B A M 4 458 PAN BEAT AR TE R
FEHFAERL S, M/ BARMOREINRE . Yang 28 A[11132 i f#H SSD (single shot multi box detector) #.35
SRS B 0 725 Tk O3 S 2 AT AT ARSI, AU T LR O AE PN AR AR S AT e DU i) R
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3. EFu# YOLOVI IR HEIT R %: YOLO-SSDA
3.1. YOLOVO $&5!

YOLOV9 7E YOLOv7 [yl Bt 47 ohidt, $eiZET PGI (Programmable Gradient Information) t A8 i
TR I R I FE R BEAS BRI A R, 2 B I = ANkt : 1) I8 256 R B B 42 LRI CSPNet T ELAN
[12]% 0t T —Fh™ s 8= A M4 GELAN (1 X U= A M 2%), dl i 45 G P R 20 00 28 4844 fig B
HR S, PRSI BRI, £ B ARl 77, GELAN FEAN[F A THE AR BE & B T Rk H
FasE, ATRAME Y RONE R TS AR R A AR AL . 2) FE IR 5] NE B AT I 43 3 (Auxiliary Re-
versible Branch), 58} backbone B 4f #3453 F & MR [FIEE (S £, fii£3 backbone HAH &R M. 3)7E
YIRS A R 6 B IR BRI BT A B Aot R BR FEA5 B dE4T 2 9% B 45 1S (Multi-level Auxiliary Infor-
mation) &, fEih4h £ 0 SCHATRCE R . X P THETS YolovO 7E ORI ks FE IR R I , 4F1 B PR ) 41
L P B 1) AR D 2% e . ARLEESE B TRON BRI Al N HBR RE LN, 3 RAEAE R B I R . B
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Figure 1. SimAM structure diagram
& 1. SimAM ZEH[E

N T I R 2% 25 R 0] A SRR RIS HCRE T, AR SCHR HE ) YOLO-SSDA J7 k431 = I HL i 5 SimAM
HRNF] YOLOVO Mg gkt b, 5l NG M 2 25kl 2 .

SImAM FIJ F H Gt 5 o BT SR R T BGE, A3 F DL & T R 35 R 22 o 20t J Bl BB Z M 4
JOPE AR, PR 1 S RS B AR IE AT, AN SR B IR SCBEARRAE , 38 5N B JRFAE
EEERE 7). BRI AR A (1)~ B) Fr7r[15] .
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Figure 2. YOLOV9 introduces SimAM
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3.3. NMS Fabrasi#

£ HFRA I A, AR AR #41] (Non-Maximum Suppression, NMS) aJ LA S s B A5 BE R ak & E 2
SEALIIRAHE, Tk B s A TIAE . YOLOVO SR A& 45 () NMS B35, 5 TiNAE 2 B 135 12 M = 31
KHET, T R B A I TRIAE AR R B THE (22 E L 10U, FEREERFTA KT 1oU BRIME I T AE o
NI 280080 T AR B TIINAR , AH & I AFAERE —R8Bh G, Loln: Wi —ANRTE 5 — M B S X H I,
RPN HARERZIE RS, 2 SRR MHE 2 RO 5 2 B S A KM s s, A 5 B0 4 A ) 2 o
BRSSPI 2, IR AE 2 MR B T 135 R IR B . X2 T NMS B0k iR RS B #20%
AZIH LG 10U KT I 1 FROIIHE B HE MR 580

AR YOLO-SSDA HyZAE I Soft-NMS [14] & AL S ¥ NMS 5% . Soft-NMS %} T4 9 LE loU
B I TUAE -3 B bR, 1 2 08 16 T s BOR PRI BAE R, R B P2 FE v R T AR 115 2 P A1K
ACRR T E o T R R HIOZE S 1 e, A e T R OB R B, SREIAY Soft-NMS B o HiE B R 2
WA R FR.
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4.1. BIREIERE
Table 1. Dataset division
=1 BIR&EXS
S K& Bk

RARAE 7561
MI[E3S 5292
TR 1134
ISAF4E 1135

R MRS DN TR B e T RO TTUREIHR 4R R 0l A S G Tt T30 T 45 75 7™ A A 4 IR AT D (R R A
FRIFEIL[LT] PIASOAAE R 2% EXTRORAT M BEAT WO, 3R AL BG A s 207 AR Bl e 3 SR
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AT AEHE . A SCil I B T REAT MBS 1092 5K AR EIE 2689 Tk, dEit Al BG4 T ik
SEWIRAT MG 532 5Kk ek xR sHEAT SO AT N B BT BUE Y FE, B OIRAT S B B
F) 4872 7k, A HEBEMISEER) 2689 Tk AAAEIE, it 7561 7K. ASZEGAE FH R AE(S B E 1 P,
4.2. SEISIFIE

AAE R Linux #:1F &£ 48, £ GeForce RTX 3090 &R\t E AT 14, BARSZIS IR N3 2 FioR.

Table 2. Experimental environment configuration
2. TWFERE

ZH (R
CPU AMD Ryzen Threadripper 3970X
GPU GeForce RTX 3090
RGIEL Linux
HE Python3.7
pytorch ¥R1% 1.12.0+cul16

4.3. SLENTLIEER

ACIE ISR 2 (Precision) . 7 [A13% (Recall) P74 5 #5948 (mAPS0) /E N iFAh Fa kr[ 18]

¥ 1% Precision J2 481 I8 70 K IEREARYCRE S5 A 80 RN IEREARIRE AR Z L. BHE 175
FARAE TN A IEFEAES v PE . K562 Precision M 1H & 52w A :(9) FR:
TP
P+FP

v, TP (True Positive) K7k IEFEAR P ROV IEREA I BCR, R IESFUN A IEFEASL, FP (False Positive)
TR SRR 7 N IEREA BRI, RDVER R T ) SR A

AR Recall FE# LA KI0IEA A SRS Py RS IEAEAR AR Z L. TR 7 /RS S
EREARIIRE ST B EIZE Recall (715 7775 A 2 (10) iR :

Recall = _TP (10)
TP +FN

o, FN (False Negative)Z it IERE A3 FON REA B i, BIVAS 58 TN (1) TE A AR 25

AP & H bR AT 55 1 T IPAS BN R RS FE R b, B & 7 BB AN R B AS B R I . 733
KEREE mAP 2 FTE A1 AP 1FIME, H T 256 Pl BARRIE AL (0 Be . P3RS BES5(E mAP 1)
IR A K1) Fs:

Precision =
T

©)

mAP:%ZLP(k)AR(k) (12)

4.4. SKIREERSHT

W2 BRI R, batch-size W E v 8, imgsize 1% & H[640,640], IlZRikRkE ik & 200 K. %k
JEAFRIRREZE . HIEIZE. mAPS0 I 45 BN A 3(a)~(c) FTaR

i 3 AN, BEAE IIZRRBOZ BT 200, ACHEH ¥ YOLO-SSDA JivAIAE i % precision A1
K5 mAP 115 %] 90% LA |, H[HI2 recall 41K 90%, I A SCHE K] YOLO-SSDA J5iEfERE#f 2 |
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Figure 3. Model test results

3. B ER

N T RASCHEH ) YOLO-SSDA JHik b AT VA, SRIIANIFI IR 28 45Ky, FEAHTR] (0 SR U0 58 e Hicdi £

EHEAT SRS, X SIS B M A R AT AL SEIR A R W 3 Fr.

Table 3. Performance of different algorithms

3. TRIEZEMMERE

SR KR PI% B EZ RI% mAP50/%
SSD 76.4 68.8 70.4
Faster RCNN 80.7 745 75.9
YOLOV5 89.8 79.2 85.7
YOLOvV7 80 86.9 87.2
YOLOV9 93.2 83.6 916
YOLO-SSDA 94 89.6 94.4

H13E 3 BUTT AN, 5 L 2K B ARR I T iR A L, A SR H ) YOLO-SSDA BILAERE A . 7 |l %

MAP50 EHGAS] T HBALKIRCR, BAT RAFARTERE -
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N T UG UE OISR (A R, AR R SR IR A SR ANBE 48, BEAT T Rl S0 R PP AL 2% A O3t 5% . VH
R SE RS IS5 R U 4 P

Table 4. Results of ablation experiment detection
= 4. JHRLSLIGHIMEE R

SimAM SoftNMS iSRS FEHa % PI% HEH RI% MAP50/%
93.2 83.6 91.6
J 92.9 84.2 92.1
Y 91.8 84.5 91.5
95.8 83.4 95.6
N N N 94 89.6 94.4

7 4 n[%0: 5N T SImAM =R AMLEE, MR AE S NMS F950 YOLOVO FAY A [H] &4
1 0.6%, MAP 25 T 0.5%. 5|\ SoftNMS J&, BETEREHIRAER T B MG O N 4R 0.9%1 A H%, 5|
AT BRI RIREES, e AE A B 2252 ) 500 T 42 5 2.6% HRS i 20 4% mAP50. I T
SoftNMS. SimAM F1 H bRiE B 2B %) YOLO-SSDA #tt YOLOVY, MH:fiHRIRE T 0.8%, #[nl#4k
&1 6%, MAP50 125 T 2.8%.

ASCHEH ) YOLO-SSDA 5 7 [F] I H AT A4 (g 9zt v o it % 550 5K EUZ AT SRR, S8it75
R R o &2 IR T S FE R . TRALIE 0.2 ms, HEFE 31.4ms, NMS 4b3 7.4 ms, EIRGII—5K EIE T
PIFERS 9 39 ms.

5. &

BEXE AT B A TAEIRES N WRAAT A I T VEAFAE IR A BE I A 2« B GRS . 12 4 28 ey A S PR AS
SRR, T 3T R YOLOVO (MR AS I 7772 YOLO-SSDA. YOLO-SSDA 75 S 455 =1 ) YOLOV9
R B gl N BVER JIHLE] SImAM DN A REAE SR EURE 7, 7E 5 AL ERBY B Al Soft-NMS 3% B U4
4t NMS J5 75 DLFAR RS 26, eAl, YOLO-SSDA i b 75 AT N Ak 2 1] 14 2 125 2 B Sk 2R ARG PR ARG 0 147 5% 41
R, IR R R AL ) YOLO-SSDA J7 325 WHAT v B A R A (A I RO A SE I PR RE, S TAT I
RSl 7 240 LA 58 v e o A R
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