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Simulation & Signal Optimization

Lost circulation during drilling causes formation damage and wellbore
instability, making reliable fluid-level monitoring critical. Conventional
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methods fail in the noisy annulus environment (vibrations, gases, dust). WELLBORE MUD LEVEL MONITORING SYSTEM:
Optimized Signal Processing for Mud Height Estimation (Al-Powered Approach) This project develops a non-intrusive measurement system combining FROM PHYSICAL SETUP TO REAL-TIME RESULT
physics-based simulation (HFSS) with deep-learning signal =
Stage 1: Data Acquisition & Processing opnmlzatlon ‘and multi-sensor fusion. A 1 m hardware' grototype 1. PHYSICAL ENVIRONMENT
= equipped with several sensors was tested under realistic noise
E@ conditions. Machine-learning models achieved centimeter-level = Q:EC:@
A~ Optimal Parameter Determination MUGHIEE  CSliEitn —EEscey) SEMiEElly oumEiemig Scaled Welbore Prototype Motor & Drillpipe Variable Mud Level
Simulations Advar e Signal Optimal Central F'Eqmcy“_owmz) single-sensor market solutions and enabling real-time monitoring via an e ST bt T
(Pipe with/without Mud) el ~Optimal Bandwidth (Low integrated dashboard. ysical Noise &Signala ‘ Rittons otion
PO IoUL U focessing - Optimal Signal Shape (ZadoN Chu Sequence)

- Path Loss Values

. . 2. SENSOR A ((O)) 2 ﬁt
Physics-Based Modeling FUSION LAYER ( b Jo
Low-Frequency Signal Vibration Pressure
The annulus, drill pipe, casing, and fluid domains were modeled using i g
API 5DP / ISO 11961—compliant dimensions. A single 9 m section was i Raw Accel e

simulated to characterize wave propagation and identify optimal

r
frequency, bandwidth, and transmitter parameters. Whole-well SPROCESS'NGPIPE“NE
propagation to 1.5 km depth is then predicted using lightweight N

machine-learning models combined with advanced A5
signal-processing—based channel equalization, enabling reliable —_— _; — (|

Stage 2: Signal Propagation

4. INTELLIGENCE

mud-level estimation.
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A 1-meter scaled prototype featured a 3D-printed wellbore and
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motorized drill pipe to mimic drilling conditions. Surface-mounted
sensors collected data under varying mud levels and noise, fused via
machine learning to estimate height with errors under a few
centimeters. A real-time dashboard processes inputs and displays mud
levels for operator decisions.
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(Stage 4: Final Estimation

Prediction Accuracy
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Improvement

o Physics-based HFSS modeling — Realistic wellbore geometry and e
material modeling reveal propagation behavior that cannot be inferred {
from simplified or analytical models. 40 g

e Signal Design is Critical — Proper selection of frequency,
bandwidth, and waveform significantly improves resilience to noise R
and structural losses. 2 - os

e Al-extended simulation — Lightweight Al models extrapolate
high-fidelity 9 meter simulations to kilometer-scale wellbores without
prohibitive computational cost.

e Multi-sensor fusion — Combining complementary measurements

RMSE=27.2m provides more robust mud-level estimation than single-sensor

" approaches under realistic noise conditions.
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