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Abstract: To address the issues of large parameter and computation requirements, low detection accuracy, and the
difficulty of efficiently deploying large models in safety helmet and reflective vest detection, an improved lightweight
detection algorithm., CCEI-YOLOvVS8, is proposed. In this algorithm, the C2{-CIB module is adopted in the backbone
and neck networks; the neck network is reconstructed with a cross-scale feature fusion module (CCFM); the EMA
coordinate attention mechanism is introduced; and CloU is replaced with Inner-EloU to enhance regression localization
accuracy. The effectiveness of the proposed algorithm is demonstrated through experiments conducted on the open-
source Roboflow dataset for safety helmets and reflective vests. The results show that the algorithm achieves
significant improvements: Parameters are reduced by 48.3%; computation is decreased by 32.1%; and the mean
Average Precision(mAP@50) is increased by 0. 5% , reaching 91. 7%. The model size is reduced to only 3. 442 MB, a
decrease of 45%. Compared to the original YOLOv8n and other mainstream detection algorithms, CCEI-YOLOvS
demonstrates superior detection accuracy and lightweight design. This makes it highly suitable for real-time detection
and deployment, providing a valuable reference for the real-time detection of safety helmets and reflective vests.

Keywords: lightweight; YOLOvS;safety helmet;reflective vest;object detection;construction safety
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Fig. 10 Examples of datasets
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Table 3 Performance comparison of different

Inner loss functions

BRWEB rato P/% 0 R/% mAP@50/%
Inner-EloU 0.50 88. 7 86.2 91.1
Inner-EloU 0.67 91.3 86.0 91.6
Inner-EloU 1. 00 90. 4 85.4 91.3
Inner-EloU 1.33 89.7 85.2 90. 7
Inner-EloU 1. 50 91.0 85.5 91.2
Inner-EloU 0.75 91.4 86.0 91.7
Inner-CloU 0.75 89.9 86. 1 91.1
Inner-DIoU 0.75 89.2 86.5 90. 8
Inner-GloU 0.75 90. 4 85.4 91.1

% 3 LI ES 3 0T LIS, Inner-EloU 1 Sy A5 7 45
2R BB RE B AE . 24 ratio BUE 0. 75 B ,P.mAP@50 L
R MmAE, IR R IFA R R ME , (AR S A4 ) 1 BE 5
fE. B3 % Inner-EloU AE g 8 21451 2% bR %, ratio HX
fH0.75,

3.5 HEEXW

ST 43 BT AN TR] B A e o AR 1 A R N G B
PEE 2 2B R BOGACEUE S Bt T 6 209 mh Sz, i
A S 50 B AE A [R] IC A EE RN S H0 R AT U SR T Rl s
WE RN 4 iR,

H R SL IS

Table 4 Ablation experiment

Labels Baseline +CCFM  +CCFM+CIB  +CCFM+EMA +CCFM+CIB+EMA 2 C#i %
P/ % 85. 3 88. 8 89.0 89. 3 89. 4 91.4
R/% 87.5 86. 2 85.1 85. 8 85. 6 86. 0
F1 86. 4 87.5 87.0 87.5 87.5 88. 6
mAP@50/ % 91. 2 90. 7 90. 5 90. 8 90. 9 91.7
SR /10° 3.00 1.96 1.56 1.97 1.56 1.56
118 2 /GFLOPs 8.1 6.6 5.4 6.6 5.5 5.5
FPS/ i 100. 6 106. 5 103. 4 103.5 89. 3 92.6
Size/MB 6. 259 4.177 3.430 4.188 3.441 3.442

T A ST S UE T A8 CIB A H CCFM #E
EMA 1F 2 HHLH B Inner-EloU $i 2% pR T SE 90 542 &AL 46 0
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YOLOv8n, R CCFM Jy 2 5 44 35050 ] 4% , il % K iR B
RSB M, 2 I BEAIR 34. 7 %6 F1 18. 5 0 - {H FE A )
K BEA BTFEAR . 78 CCFM B3Rl 1V CIB Bdk , A% T

AN CCFM e, S HE Mt A &40 FHT
20. 4 Y6 R 18. 2 50, fEAG TUDKS B & 1T B . TS il CCEML
P EMA JE 2 AL X B sl 78 in CCF ML, K60 B g
MR E ESEEET T 0.01X10°, 3| A Inner-EloU #i
e BB R H R G YOLOv8n, H S ¥ 46 K [ mAP@
508 T 0.5%,. ZH T RET 48.3%, iR BT
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Table 5 Comparison experiment

AR P/ % R/ % F1 mAP@50/%  ZHi/10°  IHEE/GFLOPs  FPS/Wi  Size/MB
YOLOv3-tiny  87.1 80. 7 83.8 87.0 9.52 14. 3 184.3 18.736
YOLOv5n 88.5 86.0 87.2 90. 5 2.50 7.1 94 5.279
YOLOv5s 90. 0 85.7 87.8 91.1 7.82 18.7 90 15.613
YOLOv6n 89. 4 85.9 87.6 90. 7 4.23 11. 8 110. 0 8. 700
YOLOv8n 85. 3 87.5 86. 4 91.2 3.00 8.1 100. 6 6. 259
YOLOv8s 88.9 86. 1 87.5 91.0 9.83 23.4 97.3 19.514
YOLOv8m 90. 6 86. 1 88.3 91. 6 23.21 67. 4 79. 4 45. 729
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Continuation table 5

RN P/% R/% F1 mAP@50/% Sk /10°  HHEE/GFLOPs  FPS/Wi Size/MB
YOLOvIt 89. 1 85.3 87.2 91. 1 1.73 6.4 42.2 4. 140
CHEk10] 88.9 82. 4 85.5 89. 2 2.35 5.7 86. 4 4.891
cik[12] 89.0 84.7 86. 8 91.2 4.20 7.2 81.3 8. 456
SCHk[15] 89. 8 86. 3 88.0 91. 6 2.75 11.2 64.9 5.900
CHk[27] 88.3 84. 3 86. 3 90. 0 2.53 6.5 89. 5 5.246
AR SRR AY 91.4 86.0 88. 6 91.7 1.56 5.5 92. 6 3.442

HH 2% 5 X L S 86 45 3R 1] 40, CCEI-YOLOvS & Ak K
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6. 1% A 0.5%, {HH AR R K, FR, X R4
YOLOv8n, 7% 3 it 57 32 45 A i 2 81 A 50 140 1
Ik 48. 3% 1 32. 1% AL H9 1. 56 X 10° 1 5. 5 GFLOPs, />
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(c) Poorly lit scene detection
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Fig. 13 Comparisons of literature algorithm visualization
4 g A its application status [ J ]. Foreign Electronic
Z5 TE

CCEIFYOLOvS 8 R bk il Bk R A T CIB B ik
YOLOv8n HvE (18 1 W 4% 55 3038 W 45 , i 13 R 36 J IR
BE TR 53 45 R, BE % 52 90 T w55 0 b R AT B2 BRCRN R AIE il
GO RN A TR AWK, 446
RT-DETR #5748, T YOLOvVS 23 M 2% I i, CCFM
B, KiE w2 58 it B sk 2l b, 8 0m T
BVEXTA W] ROEE ( FRAE Rl G RE 1. 51 A EMA & 1L
il o B84 5 D 24 3 AR 56 2R AN 42 )R 2T BB 7. DT 4R B
HU5E B A [F R AE 9 RE J1. e Ja . R A Inner-EloU i 2k bR
B BT 105 RE 7 AORE R L B AR P 22 1) A DE i S
S SR BRI O T ik A R I R N R R Y
A3 BT, Bt G 0 A 3 A R ) o R L [l RSP S R
mAP@ 50 3%k 8 T 91.4%.86.0%.91. 7%, F1 {6 N
88.6 4r, % E N 1.56 X 10°, i35 & K 5.5 GFLOPs,
LN 3. 442 MB,

MR 4 YOLOv8n i 47 % & fh s ik, 3T T CCEIL-
YOLOvS a4 I H 2, LK IRE KSR H &,
PR IORS BE L 0T 5 E RT3 WA B AR AR DU Bk AT L
PHAT 5w R A B R D SRR S R, T S A
TE TR UR A B A A% Bl 2 3 At A X0 1 158 4 o s k0 E
B I 2 BT v ST A
S &

(1] B Mpsc, ARl VRIS o 0 H bR 0 g
i B KBRS BT LI, B S ol R
2022, 41(6): 165-174.

HOU X L, SHAN T F, XUE J G. Analysis of typical

target detection algorithm based on deep learning and

« 142 -

(2]

(3]

[4]

(5]

[6]

[7]

Measurement Technology, 2022, 41(6): 165-174.
R, XK, R AR, S ST HEE I ALE &
MR AECR SRR R[] ], R 2R R R,
2024, 20(8): 196-202.

HANF T, LIU Y Q, FANG Y D, et al. Detection
model for wearing status of safety helmet based on
attention mechanism[]J]. Journal of Safety Science and
Technology, 2024, 20(8): 196-202.

MR, IR, ROKAR, ST RURHE Bl A o
R-CNN 1 /NG BB R 77 v5 pF9E [T, o D 2
LU ERFAR, 2023, 37(7) . 213-220.

YE F, LUO X ZH, SONG Y CH, et al. Research on
defect inspection of power small fittings based on
improved R-CNN and double feature fusion [ ] ].
Journal of
Instrumentation, 2023, 37(7) . 213-220.

GIRSHICK R. Fast R-CNN[C]. IEEE International
Conference on Computer Vision, 2015 1440-1448.
REN SH Q. HE K M, GIRSHICK R, et al. Faster

R-CNN: Towards real-time object detection with

Electronic Measurement and

region proposal networks[]J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2017, 39
(6): 1137-1149.

LIU W, ANGUELOV D, ERHAN D, et al.
MultiBox detector [ C J.
Conference on Computer Vision.
Netherlands: Springer Cham, 2016 21-37.

LINTY, GOYAL P, GIRSHICK R, et al. Focal loss

for dense object detection[ J]. IEEE Transactions on

SSD:.
European

The

Single shot

Amsterdam,



RORN FARIRRFPRAEBRALREZHEN G & 55 8 1]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Pattern Analysis and Machine Intelligence, 2020,
42(2): 318-327.

REDMON J, DIVVALA S, GIRSHICK R, et al.
You only look once: Unified, real-time object
detection[ CJ. IEEE Conference on Computer Vision
and Pattern Recognition, 2016 779-788.

RE/NGR . DT T, WhlfE, 45, BTk YOLOv8n i
Rt TAET /N B AR K 7 k)], T0° A3k, 2024,
50(8): 105-111.

XUE XY, HE XY, YAO CH X, et al. Small object
detection method for mining face based on improved
YOLOv8n[J]. Journal of Mine Automation, 2024,
50(8): 105-111.

HREM. MaE, Die%, % Bk YOLOvS Byt
A 4 0 R I Bk LT . B T I R, 2024,
47(17) . 147-154.,

ZHANG G P, ZHOU ] ZH, MA G C, et al
Lightweight safety helmet wearing detection algorithm
of improved YOLOvS8 [J]. Electronic Measurement
Technology. 2024, 47(17): 147-154.

Vi, KRB, B, T A PR BE Y YOLOVS % 4
RAAMT]. 0TI EHOR, 2024, 47(7): 121-129.
XU D, ZHANG SH Q, GE CH. YOLOvS security
equipment inspection for complex environments[ ] ].
Electronic Measurement Technology, 2024, 47 (7).
121-129.

WANG Z, ZHU Y, JI Z, et al. An efficient
YOLOv8-based model with  cross-level  path
aggregation enabling personal protective equipment
detection [ J ]. IEEE Transactions on Industrial
Informatics, 2024, 20(11): 13003-13014.

SONG X, ZHANG T, YI W. An improved YOLOvS
safety helmet wearing detection network[]J]. Scientific
Reports, 2024, 14(1) . 1-14.

DI B, XIANG L, YANG D Q, et al. MARA-YOLO:
An efficient method for multiclass personal protective
equipment detection [ J]. IEEE Access, 2024, 12:
24866-24878.

LIN B. Safety helmet detection based on improved
YOLOvV8[J]. IEEE Access. 2024, 12. 28260-28272.
WANG C Y, LIAO H Y M, WU Y H, et al
CSPNet: A new backbone that can enhance learning
capability of CNN [C]. IEEE/CVF Conference on
Computer Vision and Pattern Recognition Workshops,
2020: 1571-1580.

LIU S, QI L, QIN H, et al. Path aggregation
network for instance segmentation [ C ]. IEEE

Conference on Computer Vision and Pattern

Recognition, 2018: 8759-8768.

[18] HUANG S, LI X, JIANG Z, et al. Hyper feature
fusion pyramid network for object detection[C]. 2018
IEEE International Conference on Multimedia & Expo
Workshops(ICMEW), 2018 1-6.

[19] GEZ, LIUS, WANG F, et al. YOLOX: Exceeding
YOLO series in 2021 [J]. ArXiv preprint arXiv:
2107. 08430, 2021.

[20] FENG C, ZHONG Y. GAO Y, et al. TOOD: Task-
aligned one-stage object detection [ C]. 2021 IEEE/
CVF International Conference on Computer Vision
(ICCV). IEEE Computer Society, 2021: 3490-3499.

[21] WANG A, CHEN H, LIU L, et al. YOLOvIO:
Real-time end-to-end object detection [ J]. ArXiv
preprint arXiv: 2405. 14458, 2024.

[22] ZHAO Y, LYU W, XU S, et al. DETRs beat
YOLOs on real-time object detection[ C]. IEEE/CVF
Conference on Computer Vision and Pattern
Recognition, 2024: 16965-16974.

[23] ZHENG Z, WANG P, REN D, et al. Enhancing
geometric factors in model learning and inference for
object detection and instance segmentation[J]. TEEE
Transactions on Cybernetics, 2022, 52 (8):
8574-8586.

[24] ZHANG Y F, REN W, ZHANG Z, et al. Focal and
efficient IOU loss for accurate bounding box
regression[ ] ]. Neurocomputing, 2022, 506: 146-157.

[25] ZHENG Z, WANG P, LIU W, et al. Distance-IoU
loss: Faster and better learning for bounding box
regression [ C ].  AAAI Conference on Artificial
Intelligence, 2020: 12993-13000.

[26] ZHANG H, XU C, ZHANG S. Inner-IoU: More
effective intersection over union loss with auxiliary
bounding box [ J 1. ArXiv  preprint arXiv:
2311. 02877, 2023.

[27] ®EHE K. & F 8. FEV-YOLOv8n: &b % 208
DA J7 (7], AP 546, 2025, 33(1):
69-77, 84.

HAN B, ZHANG ] J, LU Z AO. FEV-YOLOvS8n:
Lightweight helmet wearing detection methods [ ] ].
Computer Measurement & Control, 2025, 33(1): 69-
77, 84.
EEE N
WKW CGEGFER W BIHUR . WA, FE R
) Ay TR BE 2 2 AT RS T A R
E-mail: zy701(@ mails. cqjtu. edu. cn
XU BB oY A, SO M O IR ] L B AR
LioRlll8
E-mail: 19923878839@163. com

o 143 -



