GUENA 2025 4F 5525 % 45 16 1) By R 5 T # ISSN 1671—1815 bl
: " 2025, 25(16) : 07004 -09 Science Technology and Engineering CN 11—4688/T Ch-. :

DOI; 10. 12404/j. issn. 1671-1815. 2406188

SIAMESC R, SOk, WIVEMT, 45, 2T YOLOVSs-SimAM-ASFF A9 UR RT3 % A e Ui S RSP e & h [ ] Bk 5 T
T, 2025, 25(16) ; 7004-7012.
Hu Jingiu, Zhang Laibin, Hu Yangbai, et al. YOLOvS5s-SimAM-ASFF-based oil and gas drilling and production wellsite safety hazard identi-

fication and smart wearable device development[ J]. Science Technology and Engineering, 2025, 25(16) . 7004-7012.

E F YOLOvVSs-SimAM-ASFF )30 S 55 5% H 35
ZEEEINFNEERTFEIZEMA

B RARRDD ST BRRAL ) MR, R
(1. P EAMR: (AU a5l TR, JbaT 1022495 2. [ éiﬁﬂs(miﬁ#"ﬁ%'ﬁf‘%&/ﬁﬁﬁ%gﬁ%, T3 102249,
3. E ARG R IMEEORBT T B A BRA ], dbat 102206)

i E ORAERFIHAL L L ABENES ARZFY LB RN R 2 E AL TR YOLOVS 694
BRAG o BIRA Tk, A, ABEBR T RAL,RAEE MK eGP, £FF R 3 SimAM 2 E A buE H ok,
ﬁﬁ%dﬂ‘é’ BRABGRE fﬂ-fkaﬂ-‘ﬁi@}}l VB S A RE A A, ) é]L.ﬁ;lrﬂ%mmﬂa/\(ASFF)*kéﬁz/?ﬂ%mmﬂa/\ﬁ&
BJE it 5 A B AT e T R I E AR A 49 TR B AR A AR, R AU B JE 99 YOLOVS AR 3R A - 3 4 A 1A 3R 5

10. 4% , ﬁhdmé& %iuc/\ré,%ﬂmm%aﬁ1 RIAR, KRl A4 R IR & AT BALIR WS 42 R ) e B AR — 427"““
FRELE ALRZD T HHE AR ERA R

KB mAAER A, 4T BILRA; YOLOVS

hBEES RS X937 kbR A

YOLOvS5s-SimAM-ASFF-based Oil and Gas Drilling and Production Wellsite
Safety Hazard Identification and Smart Wearable Device Development
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[ Abstract] Oil and gas drilling and production wellsites are complex and have many types of potential safety hazards, in order to
improve the accuracy of the identification of potential safety hazards in wellsites, an oil and gas drilling and production wellsite potential
safety hazard identification method based on improved YOLOv5 was proposed. Firstly, in order to solve the problem that the
background of the picture was complex and the recognition difficulty increased, the SimAM attention mechanism was introduced in the
backbone network ; secondly, in order to solve the problem that the scales of the types of hidden hazards were different and there were
multiple scales in one picture, the original feature fusion was replaced by adaptive spatial fusion of features ( ASFF). Lastly, the
hidden hazard recognition effect of the improved model was validated by comparing the model with other models. The results show that
the improved YOLOvS5 model improves the average accuracy value of recognition by 10. 4% , and has a better recognition effect on the
safety hazards of oil and gas drilling and production well sites. In order to solve the limitation of video monitoring and identification of
oil and gas drilling and production wellsite safety hazards, a set of intelligent wearable device was developed, which effectively
improved the portability of the identification of wellsite safety hazards.

[ Keywords ] oil and gas drilling and extraction well sites; safety hazards; image recognition; YOLOvS
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