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ABSTRACT Safety compliance, particularly the correct usage of personal protective equipment (PPE), is critical in high-risk industrial
settings such as cement aggregate production workshops, where traditional manual supervision is often insufficient owing to harsh
conditions and operational dynamics. While artificial intelligence-driven video surveillance offers a promising solution, existing object
detection models frequently struggle with accurately identifying small and multiscale targets, leading to high error rates and limited
practical effectiveness. To address these limitations, this paper introduces ODEM—YOLO, a novel, lightweight yet highly accurate object
detection model based on an enhanced YOLOVS architecture, specifically engineered for robust safety wear detection. Methodologically,
ODEM-YOLO incorporates several key innovations. First, the omni-dimensional dynamic convolution (ODConv) module is integrated
into the early backbone stages. Unlike standard convolutions with fixed kernels, ODConv employs a multidimensional attention
mechanism to dynamically learn kernel weights across spatial, input channel, output channel, and kernel number dimensions, enabling

adaptive focus on salient features of small targets in complex scenes and enhancing shallow-level feature map discrimination. Second,
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the Neck network is optimized with an improved efficient multiscale attention (iIEMA) mechanism, centered around an inverted residual
mobile block core. This module strategically uses 1 x 1 pointwise convolutions for channel manipulation and 3 x 3 depth-wise separable
convolutions for efficient spatial feature learning, allowing effective capture and fusion of multiscale contextual information with
significantly reduced computational complexity to improve the representation of diverse PPE sizes. Third, a novel C2f multi-scale edge
information enhancement (C2f MSEIE) module replaces original C2f blocks, explicitly enhancing target edge information for clearer
boundary definition. It comprises a local convolution branch for preserving fine-grained details and a multiscale edge modeling branch
that utilizes AdaptiveAvgPool2d with multiple bin sizes and an innovative Edge Enhancer submodule to extract and reinforce high-
frequency edge features, providing a more robust understanding of object contours for precise localization. The efficacy of
ODEM-YOLO was rigorously validated on a custom dataset of 9877 images from actual cement aggregate workshops, featuring diverse
small and multiscale targets under realistic and challenging conditions. The experimental results demonstrate ODEM—YOLQ’s superior
performance, achieving an overall mean average precision (mAP@0.5) of 0.896 and an AP@0.5mask (for the challenging small “mask”
objects) of 0.746. Despite these significant accuracy gains, the model maintains a compact size of only 6.9 MB and achieves a rapid
single-image processing time of 8.2 ms (utilizing 9.5 GFLOPs), outperforming other mainstream lightweight models such as YOLOv5n
and YOLOv10n. Ablation studies systematically confirmed the individual and synergistic contributions of the ODConv, iEMA, and
C2f MSEIE modules to the overall performance improvement. Furthermore, practical deployment on an NVIDIA Jetson Nano B01
embedded device demonstrated ODEM—-YOLQ’s capability of real-time detection at 25 frames per second, fully satisfying the
demanding requirements of industrial on-site safety monitoring. In conclusion, ODEM-YOLO presents a highly effective and efficient
solution for real-time safety wear detection in challenging industrial environments. Its architectural innovations specifically target the
difficulties of small and multiscale object detection, leading to substantial improvements in accuracy and reliability while preserving a
lightweight structure crucial for edge deployment. ODEM—-YOLO is a valuable and practical tool for enhancing occupational safety and
potentially reducing accident rates.

KEY WORDS safety wearable detection; small object detection; multiscale object detection; YOLO; efficient multi-scale attention

(EMA); omni-dimensional dynamic convolution (ODConv)
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Fig.1 Structure of ODEM-YOLO
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Table 1 Software and hardware platform configurations

Setup Version parameter
System Ubuntu20.04
GPU NVIDIA RTX 3090 (24 GB)

CPU 14 vCPU Intel(R) Xeon(R) Gold 6330 CPU @ 2.00GHz
CUDA 118

Python 3.8.10

22 KBHIEE
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I3 A e EUROEAC A T 5 U IR AT T
BB REAARZE . I LA 7:3 (14 L AR B ATL K] 43 V1 2k
AR R.
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Table 2 The composition of the experimental dataset

Category No-vest Vest Helmet Head Mask No-mask Total

Quantity 2407 1100 2512 1022 1806 1030 9877
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CBAM(Convolutional block attention module)*, CA
(Coordinate attention)** 45 3= 377 4 3 1 AL il X BE £k
BORVHEAT 1 ohcik, SCe 25 R ANk 3 .

K3  AFEZIIHUR BT LEIE5H

Table 3 Comparative experimental results of different attentional

mechanisms
Attention  mAP@0.5 AP@O0.5mask POS:;;‘;C/:zing S?Z:/iffé
Baseline 0.809 0.568 2.3 8.99
+SE 0.837 0.505 8.2 8.50
+CBAM 0.836 0.620 6.2 11.4
+CA 0.824 0.656 6.8 11.5
+EMA 0.827 0.716 54 8.6
+HEMA 0.828 0.713 2.8 8.8
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AR, /N H ARk e ) 48 2% . CBAM R 7 25 (1]
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AP@O0.5mask 38 Tt 9.2%, 15 W 23 [a] 7 B /Y i 5 F) T
/N B RREGSE 7. CACREERE () 25 8] AR AR A B 42 A 5]
I EE S, #E LR T T R4 X A A RRAE Y
JEINRE ST, Bk mAP@0.5 KFLAU CBAM, 1H AP@
0.5mask 7 15% 2 F+, KU CA A RIF/NE
Pl 5 77 . EMA 7E4& 7+ 2 R H AR Rk £ s |
SR R, AP@O.5mask £ T 0.716, HALE K/
H AR IR, (A R AEHEE T R AL ) J5 b B R, 52
Ik 2% iEMA 7E{5- 3 EMA A6 0 6 1 [ s, J5 4
PRI T3 1A%, RWI5] A IRMB Z5 #3558 1
B i R AE 5 I B8 7, W0 TR AL ER Y BRI T
i, RKERTE T30 1 S22
32 AEEMMITELIRLE

A KUE ODConv 78 42 7= 75 8] T. N % 4 5 5 A
NS SRR T e i A = el L B2 O = R Y e AR 3
e >y DWConv. GhostConv, GSConv. SPDConv Al
ODConv, Jf- 764 [F] i Il 2k 5 #5504 T 47X L.
4 TSR R R, SR LA (3.162M
Xt 3.157M) K 1% %L T, ODConv # AP@0.5mask M
0.568 #& 7t %] 0.631, ¥ mAP@0.5 M 0.809 42 7} =
0.818, PERESL T i A XF kL J7 . DWConv 111 &
A, AEL R A TR B ] 4 45 R 55 15 3 G B A
A5 FBE I T T 4. GhostConv Fll GSConv K 3 TU 4% 4
I 75 FH 5% 25 [ 38 16 8 HEBR = 850%, (EME LA X
AR/ H bR [ IE N R G B, MR 5 4k
F5F B W 55 . SPDConv 1 3§ i 25 [A] 4k Ji K 4 i
P27}, #H % T Baseline 214 /1 1.6 GFLOPs (1) & /1
Ay, PEM LA . ODConv 7E 25 8] | % A% ) il
T8 R U 4 B 5 A Sh 28 7 = S ML, 7T X3 & )2
B FE AT A 40 A XF 1 3 2/ H b RE 3G 9
Jey S S0, X RUBE AR A K X S8 R [ 1 N 9 4 K
20, UL AR RS S 2 R A AR STl R
R Tl 2 4 W w8 S
33 HBLSCIE

H 4 2% 5 9 ODEM-YOLO ¥ fill S 56 4% 5 m]

R4 REBBIO LIRS

Table 4 Comparison results of different convolution methods

W, Hd®, @, @4 51t £ ODConv, iEMA,
C2f MSEIE #5& H, 25 5 e foph i I 3408 00k 3
TR AL AN BE 7. HART , 7F Backbone 5|
A ODConv 5 5 , i 12 ) 25 4 FUAL 1 15 3% T ™)
KX 7T 5T HARRRAE (O 2k e Ty, (T ARG
kS B mAP@O0.5 & F+ & 0.818. ¥£ Neck ¥ 4 i FH
iEMA A, 38 2o 326 A0 R AE il G /D T R AE (S B
ke, gE—4 % mAP@0.5 171 & 0.828, A MK 1
i R & 0.799, 7E/N B ARKI T 1, 11 B2 Y
V- 2485 B (AP@O.5mask) 42 = % 0.713. C2f MSEIE
B 3E o A ARG 22 ROBEREAE JT 3 5 40 15 3R A g
71, 3R mAP@O.5 5 5 0.854, 14 7] % 58 1 K
S | MR N N = R S VA Al
AP@0.5mask # T+ Z 0.729, it — 5 (R B % 4% bk
XF & 4 g R DU AT 55 1 A stE . XS ] s g
ODConv, iEMA Fi1 C2f MSEIE = ™5 He i}, #5554
() B A I M fE A B i A, mAP@O.S 1 & &
0.896, 71 1] Z 35 2] 0.861, K5 ifi K 1k 5] 0.927, H 4T
X EE 2N B AR i RS BE (AP@O0.5mask) i 2 2
BE0.746. X ARBL T =AML H AR R AE A AR L HRAE
Fil 5 SR AE ] 7 T A O A B AR, 4 TR AR
RIAE 2 RUBE H AR AT 55 v 1) 2 3.
%5 ODEM-YOLO jHflscuisd
Table 5 Results of ODEM—YOLO ablation experiment

Model structure

Precision Recall AP@0.5mask mAP@O0.5

o @ 6

—  —  — 0869 0.766 0.568 0.809

N — — 088 0782 0.631 0.818

— N — 0875 0.799 0.713 0.828

- — J 0917  0.835 0.729 0.854

\ \ — 0.925  0.832 0.722 0.868
J 0.927  0.861 0.746 0.896

Method Parameters GFLOPs AP@0.5mask mAP@0.5
Baseline 3157184 8.9 0.568 0.809
+DWConv 3135008 8.4 0.560 0.801
+GhostConv 3146848 8.6 0.562 0.806
+GSConv 3146848 8.6 0.580 0.811
SPDConv 3227600 10.5 0.600 0.815
+0ODConv 3162353 9.2 0.631 0.818

34 ARERKNEZXT L L

SR BRAR SCE AL, 7R [R] 1 B 42 Fn il 25
ZHCF, WA T R-CNNP29 251 5 yOLOP™
F 90 F i B ARG AR R 7R /N H AR 22 RO R IAT 55
R PERE R BN, SCIR S5 SR WL 6 TR, 3 6 AT,
RT-DETR-LPY 7E AR K 0K B (mAP@0.5) A1/ H
B RS B (AP@0.5mask) J5 T e B & i, 40 5] ik
£ 0.884 1 0.750, (HAL R YA (112.7 MB) A5
52 24 ¥ (126.6 GFLOPs) fix i, 41 BH i FF o 45018 (B
KR 16.9 ms) , PRI FH X6 R RS 22 SR 5%
o {EL X S A SRR P A LT B TR TR 3 5
R-CNN Z 51| A% Fe B R Faster R-CNN & {404 i 45



2 2%, 5T ODEM-YOLO AY/K IR & A 7= 4 ] TN 22 4 25 SRS I A 75

- 2585 -

= (mAP@0.5 & 0.857, AP@0.5mask &y 0.707) , 1H
H A HE (166.0 MB) Al 1155 5 (215.4 GFLOPs) H it
PR, B fe 8 (s MR 21.5 ms), PR T 7
SR AR 7= T H ) SR . YOLO R 31 B & AR AR
TR S 00 W A R AR S AUk B R PERE
AR R Hoh YOLOvIOon B A 5, 545 T K
7 AR AAE S (NMS) A s 1) s 1000 AL, L 4%
K B (mAP@O.5) ik £ 0.836, /N H Fr A K

(AP@O0.5mask) & 0.620, ¥ 3 3 Ji5 4% B (2R 5K (K14
7.1 ms), BEAUARFUL S 6.3 MB, 1 A& 5L 5. A
SCHE ) ODEM-YOLO #5% 7l %% 1A ¥ B8 £ {1, H
mAP@0.5 ik #] 0.896, /N H 45 £ Il (AP@0.5mask)
WAL T 2 0.746, W F L T A YOLO F 51| B AL,
[ A, B R A4 T 3/ INIALEE (6.9 MB) | 3 111
THE3 3 (9.5 GFLOPs) FlA T 9 #2453 (2R 5K ]
18 8.2 ms), TEVERE S LI 2 (R SE L 1 AR P-4

6 Al ARSI RN L

Table 6 Comparison of experimental results of different target detection models

Model mAP@0.5 AP@0.5mask Weight size/MB GFLOPs Inference speed/ms
YOLOvVSn 0.802 0.545 3.9 45 6.1
YOLOVS5s 0.825 0.580 13.8 15.8 8.8
YOLOv7 0.863 0.690 37.5 105 12.5
YOLOvS8n 0.809 0.568 6.2 8.9 7.9
YOLOV9s 0.833 0.602 20.1 26.4 11.7

YOLOv10n 0.836 0.620 6.3 7.9 7.1
RT-DETR-L 0.884 0.750 112.7 126.6 16.9
Faster R-CNN 0.857 0.707 166.0 2154 21.5
ODEM-YOLO(Ours) 0.896 0.746 6.9 9.5 8.2

hg X5t e AS [ AR AL Y mAP@O0.5 BE Yl 25 Y I 8
16 00, 2l T R MRS BE mAP@O.5 Bl Il 25 4 %X
(Epoch) By Ze, anEl 3 Frzs. Xt e & #E, ODEM—
YOLO 7E R 2% > 3 B J7 1) f 35 19 3%, mAP@0.5
1 30 #IF E 5 Hiflh YOLO #5714 B g 2% 5, Fe 0]
AR YN it B v AR 3 808 2% > B IE .

—— Fast R-CNN
—— RT-DETR-L
—— YOLOv5n
— YOLOvS5s
—— YOLOvV7

—— YOLOv8n
—— YOLOvV9s
YOLOv10n
---- ODEM-YOLO

mAP@0.5

0 20 40 60 80 100
Epochs

B3 RFEHHE mAP@O.5 FEIEFRAEIR AL fL £k
Fig.3 Curve of mAP@Q0.5 with iteration rounds for different models

%6 E ODEM-YOLO 553 15 52 bR 73 35 v 14 1k
AE, DA a4 rh b st 2 P AR T i 22 4 5 S AG I
SEH, BERANIE 4 . 4 HWHL R T 4% 4 ]
SRy R R TN S B 2 4 o MUK 2 B UM AR
MU EE SRR T, 150 A 52 Pe N 3 5 b B
TR A5 YN R B Be ) R AR — 20 Bk 115 (Mask)

/N RSE H bR B9 K I B 15 B RS I 4h, ODEM-
YOLO F k% £ RUE B AR 7E 50% 28 - LU I E T /Y
BEAEESAE T 0.5 KL, HXFAFEIE H AR
TNPKS B DR 5 5 4 1) 34 i 1 . 3 3R W] ODEM-YOLO
VA USRI B B E P R A T B i
TR I RS M, T AR S PR B B T K
35 RNERELAEERS

ODEM-YOLO X 45 6 I 28 51 i) 235 5%t ¢ 7 fir
7, %42 E (Helmet) F1 A (Vest) 2531 RS 1 R
FVE 1] 3R 5, SR A Sy AR, v 22 4 i 114 S
RN 95.1%., N 96.2%, K ICAK RS i R H
98.6%. A 01 k1 99.0%. #& 1, 1155 (Mask) [ A #ff
RN 85.8%. 4 [FIZRALN 60.4%, KT HAl S, %
AH 2 28 00 Ay G N o f 4 RN A [l RE ) AF E B R
JE, TEER AL, DASR TR R A e

J34 ODEM-YOLO #ABIfE R Z 8 Tk 5t
FEIUH R 00 R I AR, (B AE S BR g FH AT AR AR
W E G 2 Hir e s8Rk, R EH
1) 35 B Y A () - S B A g — 2B At Ak, AR Sk
B HLA AR A I 2 T 8 B BB A T IR A 43T
mE s R, K 5(a) ~ 5(c) =5k A b 2 hR i,
HP T 0, 1, 2, 55 53R % 4 1F (Helmet) . 11
¥ (Mask) . & ZF ] 6 & (No-vest) 1 5 Jz 6 &
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TRl 2R, 5 47 8, 5 12 1

B 4 SRR TSR SR PR R BUIRCR. (@) Bl 1; (b) B35t 2; (o) M5t 3; (d) Ml 4

Fig.4  Detection results of workers' actual safety gear status in typical monitoring scenarios: (a) detection scenario 1; (b) detection scenario 2;

(c) detection scenario 3; (d) detection scenario 4

%7 ODEM-YOLO StAS[RIZE 5 G Il 1 i
Table 7 Detection performance of ODEM—YOLO for different class

Class Precision Recall AP@0.5
Helmet 0.951 0.962 0.968
Mask 0.858 0.604 0.746
No-vest 0.979 0.993 0.983
No-helmet 0.906 0.893 0.924
No-mask 0.884 0.724 0.771
Vest 0.986 0.990 0.985
Total 0.927 0.861 0.896

(Vest); 5(d) ~ 5() = 5K Ay A SCHERY ARG 25 2R ).
BT R I, %4 0E (Helmet) I i £ 2 T T

A B AR AL A i I S OB AL Biln, 5 T AL
1] F A5 Sk ELAR K A Ml ) 28 3, 22 48 Y 58
e B LA L B, (SR 0 X S AR R, U H: 5 22 42 IR
0515 S BT, AR A e 2 R MR E
ARPE 2 4R, 2w A, 118 (Mask) HARTERT A
RGN 2 591 o JRLJBE e /I, DR T A 0 M A R LA
T B AARAE OL T, TR 1 55 DX il A BT
T PR AR R, 1 — A T P ME B, (A R e
DAERA AL G e H AR, B R A1 0. LA, S
JEA (Vest) 4 I SR AR B0 58 5y, (BAEZ A5 p i
AT REAFTEAS A2, 10 T NABE A il 7 %85 B B8 B A e 4
B, H 76 IRA PR 2 I, RO AR B RO RFAIE
5554k, A5 AL T R PR AE AN I A T 7 A T A B4

B 5 ARG, (a) ZAEM DR, (b) EARTEFRS SOLKIRE; (c) AR . REFROCATEE ROCATRE; (d) %A - i
(&) ZAMRAARZEROCAN I ; () LR ARG BOCIM G BOLA S

Fig.5 Examples of unsuccessful detections: (a) label of helmet and mask; (b) label of helmet and no-vest; (c) label of helmet, no-vest, and vest;
(d) output of helmet and mask; (e) output of helmet and no-vest; (f) output of helmet, no-vest, and vest
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LSBT AE B I, 7E Tl %2 4 2 R AT 55
SR S DO R 0 AN AN B U A NN - £ Vi 1B
A 2245 S AR AR B i — A A R v e A

4 MRATIEERE

P8 Tl 22 4 W 48 S B 0 58 v, hy kit B 1R O
A, 2 42 2 24 3 U™ B A F L, K ODEM-
YOLO #5891 ¥ 45 B2 15 {8 D\ 3R IA 1Y 0.25 BRI =
0.10, LAFRT; 43 [l . AR A4 W f 38 i 17 241z, (3
AL3E S N T N 2 20 i A L A S . o i
UEA Y 11 52 B 1 e R W TR R FHRIOCR, B L E =
NVIDIA Jetson Nano BO1 #x A 2% % |, %% & %

H 128 #% Maxwell GPU, /U#% ARM Cortex-A57 CPU
F1 4GB LPDDR4 N A (7 9i 25.6 GB-s '), ili il &
iy FE A oKL HB B SRR A 6 Fr R AR ARLAE T
b 2R 7 1 T H 9 2R D S 42 i (Helmet) F1A il
BRI O (No-vest) , I D &5 €2 4z I AE 52 B 52 30
HALE, EWAB T ODEM-YOLO £ 1 2 it 1 &
KN € 17 . 38 3 TensorRT Ay FP16 K5 & 41 #E I
INT8 &AL AL /5, BEA /MU 6.9 MB, it 5 &
# 9.5 GFLOPs, 1 Jetson Nano 32T 25 frame-s™
) ST B A L, R T A 1 S A W R ROk
HE— 2 TP AR BT | RN R S WA BRI AL 55
TAE, UFFSL R AR RITE th i 485 E I Is 1T 880%.

B 6 Jetson Nano BO1 |- ODEM-YOLO MK H R 1. (a) NVIDIA Jetson Nano BO1 % A %4t (b) ODEM—YOLO FH IR 57 15i]
Fig.6 Example detection results of ODEM—YOLO on Jetson Nano BO1: (a) NVIDIA Jetson Nano BO1 embedded device; (b) sample detection results of
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