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Abstract: Driven by the demands for increased oil and gas reserves/production and efficient development,
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there is an urgent need to enhance the intelligent monitoring level at field workover sites. Traditional computer—
vision—based monitoring techniques, mainly applied in manual and semi—automated operation modes, are unable
to achieve high—precision real-time positioning of key components of workover rigs. Trajectory tracking and work-
ing condition analysis are performed independently, and safety risks such as hook swing deviation and load anoma-
lies are difficult to identify automatically. To address this engineering challenge, a systematic framework integrat-
ing rapid pose estimation, fine trajectory identification, and working condition analysis was proposed. The YOLO-
Pose method for pose estimation was improved using a pose—guided non—local attention mechanism. A hierarchical
localized pose estimation strategy combining global rough positioning and local feature refinement was designed,
with five keypoints customized for the block—hook assembly. In conjunction with the wellhead single—point annota-
tion scheme, the derrick and hook were detected synchronously. Based on the pixel distance of keypoints, the con-
version relationship between image scale and real physical space scale was established. A pose—guided lightweight
channel attention mechanism was introduced to dynamically allocate feature weights driven by real-time equipment
pose information, suppressing invalid noise caused by wellsite occlusion and lighting variations, and achieving
deep coupling of trajectory tracking and working condition analysis. A spatial coordinate conversion model was con-
structed based on continuous—frame keypoint coordinates, and combined with the Newtonian dynamics model, the
time—series kinematic parameters of hook displacement, velocity, and acceleration were solved. A quantification
criterion for the vertical angle between the hook and the wellhead was defined. Ultimately, dynamic force analysis
and automatic warning of dangerous swing conditions were completed. The results show that the model tends to con-
verge stably after 300 training epochs, achieving a detection accuracy of 99. 91% and a recall of 100% for targets
and keypoints, with both bounding—box and keypoint P,q, s reaching 99. 5%, and keypoint P, g s.0.0s reaching
98.21%. Field measurements can fully reproduce the hook motion trajectory during pipe running and pulling, and
the kinematic parameter curves can clearly reflect operational stages such as start—stop, uniform motion, and
idling. A safety threshold of 5° enables accurate identification of abnormal hook swing states. This method can
achieve high—precision positioning of key components of workover rig, stable tracking of continuous trajectory, and
quantitative diagnosis of working condition in complex wellsite environments, providing early warning of opera-
tional safety hazards. The research offers an intelligent solution for complex wellsite operations.

Keywords: wellsite working condition; YOLO—-Pose; trajectory identification; workover rig system; attention

mechanism; pose estimation
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Fig. 1 Keypoint annotation scheme for the hook system
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Fig. 2 Keypoint annotation scheme for general tasks
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Fig. 3 Overall keypoint localization process
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(Photos are sourced from the test set)
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Fig. 11 Loss curves of the baseline model

3.4 HIFARE TRMRESH

3.4.1 KAEBHIIEIRIZE KHGTHE
AV BRI, AL K B

Bo B — 1 I B8 I M 30 3 0 0 g AR

TR ELbrizshig (WE15). ik En Kiis

FFAMZI 73 s, RIME G N T 3R K H 7E 05

B, SHigk—5.

R4t 38 5 v AR B2 R B 1 B2 5
B, RECR#EfTRRE T, 4R K 16 FEl
17 iR o
3.4.2 15 HAE L KAGAE RS HT

ATy A ik K A (R AF BT BRSO B IE
HERESA0. 3. 4 53 ORFMTE, 8
A AR M. g, KBS Al 18



2026 % % 54 % F 10 IAE, F: AT RAALESETOSFNARARIE RIS U5 —9—
s
4
6 4
3 SREE —e— PIRLE R —e— LERLE L
------ P31 4% ERRERES 021111 B 1111124
it =@ oyt
X, K
kS =
sk
1
1 1 1 J 0o 1 1 I | E— I
0 100 200 300 0 100 200 300 0 100 200 300 0 100 200 300
IZREEIR AR WRERIR WFRERIR
a. YIL/BERLG B ARR I 52 b YR/ Feb T BN R c. YR/ b T BAR IR d. PIGR/AS IR B ARG 43 FeH e
5 =
5 -
s
4 a
6
3L —— LBREEH —o— SLFRLG —e— LERZE AL
a (§ 0 FREE w4 TRlE g [] -3 I 2%
K K 4r K
Bt =S B, |
P
1F Lk
1 1 1 J 0 & L 1 J ] 1 1 1 J
0 100 200 300 0 100 200 300 0 100 200 300 0 100 200 300
PR [ER2/S PlER 3T RT3
e. RIE/BIRL Y B AR5 2k £. B E/ R b M 45 2 g- BRIE/ R S i LS R h. Bk R H ARG 43 Fed8 2R
B 12 WA EE AR AR 69 & T K th &
Fig. 12 Loss curves of the attention—based model
1.00 10 -
0.95 or
£
B 81
E
Qﬁ 0.90 P L
il
g
0.85 Kl
5 1 1 1 1 1 1 1
U O 39t #0.924 6 0 200 400 600 800 1000 1200
Lo T s} /s
1234567 8[93])41‘(;&1/2&121314151617181920 A 15 %%4’%%4¢lﬁk%3§ﬁ]@&
B 13 Object Keypoint Similarity (OKS)#t 5125 Flg.0165 Hook motion curve of a workover operation of a well
Fig. 13 Object Keypoint Similarity (OKS) calculation results .
1.04 04+
“““ KP(‘@{LliéJ'fE% 1.0000
1.02 -  oal
g
£ 1.00 . ® ol
X "
0.98 - “oal
0.96 - 1 1 1 1 1 1 1
0 200 400 600 800 1000 1200
I N Y T T T I /s

8 9 1011121314 1516 17 18 1920
B #uUak

Ko 27 FER

Ko » calculation results

234567
A 14

Fig. 14
Jros, M S A [m] i 200 K 48 5 0 1 e Al AR Ak .
THCRAS I, KB ST A R E AR AR R

EHARAEE, AR /INT 5% P E AR i A
3 (6) B R TR, BOE M B

B16 XEIFE IR X 42 ik E W &
Fig. 16 Hook velocity curve of a workover operation of a well
RV £ -

S5
180 = 0.087 (7)

FEZIAR L AR, KA T AEAL N AR
AINTRIE, RUPBKIETTRE.

& =



— 10 — & oW ML AR 2026 % 54K 104
03r [J]. SPE Journal, 2024, 29(8) : 3982-3999

_02r (3] SkARTE, B9, Fae, 5. WA DRSS

= DA oA R SR L]. KA, 2024,44(9)

g or 152-166.

g el Zhang Feifei, Wang Qian, Wang Xueying, et al. Multi-
“02r source and multi-modal data fusion technology and its
“B3r | . | . ‘ . | prospect in oil and gas well engineering[J]. Natural Gas

0 200 400 Hrﬁ‘gjo/s 800 1000 1200 Industry : 2024, 44(9): 152-166.
B 17 3 A AR AL K 353 Ak 2 (4] %?lﬂé&%%%ﬁf Eﬂ:?}“ﬁf;ﬁ%ﬁ&ﬁ’]ﬂﬁ
Fig. 17 Hook acceleration curve of a workover AR ALEAIT ] WA LA R4, 2007,
operation of a well 39(12):1920-1924.
5 Wang Xiaoyu, Yan Jihong, Qin Yong, et al. Attitude
n estimation based on extended Kalman filter for a two—
wheeled robot[J]. Journal of Harbin Institute of Technol-

i ogy. 2007, 39(12): 1920-1924.

S 2r [5] Zhang Kai, Xia Xiaolong, Song Zewen, et al. Trajectory
1F recognition and working condition analysis of rod pump-
of | | | | | | | ing systems based on pose estimation method with

0 200 400 Hf;‘g](;s 800 1000 1200 heatmap—free joint detection[J]. SPE Journal, 2024, 29
A8 AR Sl o LA (R 0% (6] I((t)(()tzlk‘)asssi/ll, Sljjigoz S, Akbas E. MultiPoseNet: fast
ENOEE S TSR Y-S '

Fig. 18 Overall angle variation curve at the operation site

(0 is the average angle from Eq. (5))

(1) SRR SAT AR . AR
BT T 3T R AR (S BT i, LIt
B H ORI R B Pt e 0, $R T AT
AT €

(2) FHREEGIF T PN S 30
ﬁﬁﬁﬁﬁuﬁm%“ﬁ%ﬁﬂ/ﬂﬁﬂ,%%
BB RS O AP IR ER S, R
TV VR PR R AR P

(3) FET LAY T 00K 40530 B 07 vk ﬂ

PG AR K44 s 52 1Rk
BB B0 [ 3h H 2 5 I DR G v
THE P &2 A%

Z % X M

e

[1] Sircar A, Yadav K, Rayavarapu K, et al. Application of
machine learning and artificial intelligence in oil and gas
industry [J]. Petroleum Research, 2021, 6 (4) :
379-391.

[2] Zhang Kai, Song Zewen, Xia Xiaolong, et al. Enhancing
safety and workover efficiency through real-time scale-

adaptive video detection of critical objects at the wellsite

(7]

(8]

(9]

[10]

[11]

[12]

[13]

multi—person pose estimation using pose residual network
[C]//Computer Vision—-ECCV 2018, 2018 437-453.
He Kaiming, Gkioxari G, Dollar P, et al. Mask R—-CNN
[C] /2017 IEEE International Conference on Computer
Vision (ICCV), 2017: 2980-2988.
Newell A, Yang Kaiyu, Deng Jia. Stacked hourglass net-
works for human pose estimation[ C ] //Computer Vision —
ECCV 2016, 2016: 483-499.
Cao Zhe, Simon T, Wei S E, et al. Realtime multi—
person 2D pose estimation using part affinity fields[C ] //
2017 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), 2017: 1302-1310.
Pishchulin L, Insafutdinov E, Tang Siyu, et al. Deep-
Cut: joint subset partition and labeling for multi person
pose estimation [C] /2016 IEEE Conference on Com-
puter Vision and Pattern Recognition (CVPR) , 2016:
4929-4937.
Ren Shaoqing, He Kaiming, Girshick R, et al. Faster
R-CNN:
proposal networks [J].
Analysis and Machine Intelligence, 2017, 39 (6) :

1137-1149.

towards real-time object detection with region

IEEE Transactions on Pattern

Toshev A, Szegedy C. DeepPose: human pose estima-
1//2014 IEEE Confer-
ence on Computer Vision and Pattern Recognition,

2014: 1653-1660.
Tompson J, Goroshin R, Jain A, et al. Efficient object

tion via deep neural networks [C

localization using Convolutional Networks [c] /2015



2026

%545 %104 IHE, F.

KT RAZL BT E IR RS- A 5 T U5 A7

[14]

[15]

[16]

[17]

(18]

[19]

IEEE Conference on Computer Vision and Pattern Rec-
ognition (CVPR), 2015: 648-656.

Maji D, Nagori S, Mathew M, et al. YOLO-Pose:
enhancing YOLO for multi person pose estimation using
object keypoint similarity loss [C] //2022 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
Workshops (CVPRW ), 2022: 2636-2645.

Lin TY, Maire M, Belongie S, et al. Microsoft COCO:
common objects in context [C] //Computer Vision -
ECCV 2014, 2014: 740-755.

Redmon J, Divvala S, Girshick R, et al. You only look
once: unified, real-time object detection[ C]//Proceed-
ings of the IEEE Conference on Computer Vision and
Pattern Recognition, 2016: 778-779.

Chen Yilun, Wang Zhicheng, Peng Yuxiang, et al.
Cascaded pyramid network for multi—person pose estima-
tion [C] //2018 TEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2018: 7103-7112.
Larochelle H, Hinton G E. Learning to combine foveal
glimpses with a third-order Boltzmann machine (cly
Proceedings of the 24th International Conference on
Neural Information Processing Systems—Volume 1,
2010: 1243-1251.

Wang Qilong, Wu Banggu, Zhu Pengfei, et al. ECA-
Net: efficient channel attention for deep convolutional
neural networks [ C ] //Proceedings of the IEEE Confer-
ence on Computer Vision and Pattern Recognition,

2020: 11534-11542.

[20] Hu Jie, Shen Li, Sun Gang. Squeeze—and—excitation
networks [C] //2018 IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, 2018: 7132-
7141.

[21] Liu Shu, Qi Lu, Qin Haifang, et al. Path aggregation
network for instance segmentation [C]//2018 TEEE/CVF
Conference on Computer Vision and Pattern Recogni-
tion, 2018: 8759-8768.

[22] Yang Wei, Li Shuang, Ouyang Wanli, et al. Learning
feature Pyramids for human pose estimation [ C] /2017
IEEE International Conference on Computer Vision
(ICCV), 2017: 1290-1299.

[23] Munea T L, Jembre Y Z, Weldegebriel H T, et al. The
progress of human pose estimation: a survey and tax-
onomy of models applied in 2D human pose estimation
[J]. IEEE Access, 2020, 8: 133330-133348.

F—EEEN: EMA, &, MEATEIN, £T
1987 4F, 2013 4R8NV T E AR (FBR) #HlHR
HSTRL, REL2A0, BN SR AT 6
REFARFSE TAE . Huhik: (834000) s sehidd ki, Hiif:
(0990) 6890627, email: wanglj_xj@petrochina. com. cno

MWAEEE s KIER, W% TR,

zhdjun@petrochina. com. cn,

email ;

& EIfRHER: 2026-07-19
(A3comss RIGED



