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Parameter identification for wellhead control panel instruments by
integrating RT-DETR and interpolation method

Zhang Qingzheng Zhang Shihai Qu Chongnian Guo Xiaosai

(School of Mechanical Engineering, Tianjin University of Technology and Education, Tianjin 300222, China)

Abstract: A parameter identification method based on a lightweight RT-DETR model and a spline interpolation method is proposed for
the instrument intelligent inspection system developed for the offshore platform wellhead control panel. To achieve lightweight model and
high-precision targets extraction, the backbone and neck networks of RT-DETR are reconstructed and optimized. The cross-stage local
illumination enhancement module ( CSP-IEM) and the fast enhanced hybrid aggregation module (FEMAM) are introduced to improve
illumination robustness and neck network detection efficiency. A matching-aware loss function (MAL) is designed to preserve matching
quality information. The ablation experimental results show that the model achieves a mean average precision (mAP) of 76. 1% at 0. 5,
reduces the number of parameters and computation by 30. 73% and 25. 79% , respectively, and achieves a frame rate of 216 fps. Based
on the key targets recognition and image processing methods for instruments, a method using spline interpolation to calculate instrument
readings is proposed. The experiment of reading instrument parameters from on-site collected images shows that the spline interpolation
method reduces the mean relative error and mean global error by 45. 5% and 48. 3%, respectively compared to the local angle method.
Comprehensive experiments have demonstrated that the proposed instrument parameter identification method meets the requirements for
deployment under limited on-site computing resources, as well as the needs for detection accuracy and real-time performance.
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Fig. 1  Overall research framework
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Fig. 9  Control panel instrument image

XY, FoRE KB EUE, Y, FRE | s,
NT I ERERUE ; X, RN IEZE b i R X,

SR AN M N R kR .|
2) H AR
S A SR 15 388 M 5 4 b, e i 4 rooor
LT B 1 4 A LI BRI T 1 Brss g soof
SR AN 9 R, AN RE AR I A i 2 A 10 2 ool
FIFRs o SRR JEE T SRR R (L e L B SR 6 3 £ 400}
R(N=3), ool
th 3% 3 A0, A SCHTH ) 9B T RT-DETR A7) b5 |
SATE ORI, ST X R 1 I S 8
BRI, HBCT- 1555 105 3 s BE o, RE SRR 3K 75 T 0T 50 100 1% 30 300 350
RO B R BN T E A I U Angle/(*)
TR W AR 10 SEAURBE IR A Lk

Fig. 10  Spline interpolation fitting curve of a certain instrument
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Table 3 Automatic reading results of control panel instrument images

o _ MRE/% MGE/%

FE o Yurkbe VkPa Ko™ Xin/ NP8 e PR TR e PR
1 460 462.75 1 200 1.19 0.60 0. 46 0.23
2 460 461.98 1 200 0.91 0.43 0.35 0.17
3 27 900 27 906. 78 40 000 0.28 0.02 0.19 0.02
4 32 800 32 806. 70 40 000 0.13 0.02 0.10 0.02
5 16 000 15 993. 83 40 000 0.33 0.04 0.13 0.02
6 27 100 27 146. 32 40 000 0.41 0.17 0.27 0.12
7 17 600 17 709. 70 40 000 0.63 0.62 0.28 0.27
8 34 100 34 246. 39 40 000 0. 88 0.43 0.75 0.37
9 16 900 16 992.91 40 000 0.58 0.55 0.24 0.23
10 17 900 17 914.22 40 000 0.19 0.08 0.09 0.04
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