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Abstract—Accurate calibration of crude oil 
storage tank volumes is essential for inventory 
management and custody transfer, traditionally 
requiring laborious Manual Strapping Methods 
(MSM). While Electro-Optical Distance Ranging 
(EODR) offers a faster, non-intrusive alternative, it 
often suffers from lower precision compared to 
ground-truth manual methods. This study 
develops an XGBoost machine learning 
regression model to calibrate and enhance the 
accuracy of EODR datasets by training them 
against paired, high-accuracy MSM ground-truth 
data. Preprocessed EODR, tank depth, and 
structural parameters were utilized to predict 
MSM-level volumes, training a regression model 
to correct for systematic EODR measurement 
deviations. The model's performance was 
analyzed across multiple epochs, showing 
significant improvement in precision through 
progressive optimization, reducing MSE by 
approximately 40% at the final epoch compared to 
initial stages. The optimized XGBoost model 
(Epoch 5) achieved a 0.929% accuracy (1-MAPE), 
with a Mean Squared Error (MSE) of 0.0910, Root 
Mean Square Error (RMSE) of 0.3016, and Mean 
Absolute Error (MAE) of 0.2474. Residual analysis 
indicated high reliability, with errors ranging from 
a minimum of -0.036 to a maximum of 0.5898 
across varied tank depths. The results 
demonstrate that the proposed XGBoost model 
efficiently converges to deliver superior accuracy, 
serving as a robust tool for bridging the gap 
between rapid EODR data acquisition and high-
precision manual calibration standards. 

Keywords—XGBoost Model, Manual Strapping 
Method (MSM), Ground Truthing, Electro-Optical 
Distance Ranging (EODR), Crude Oil Storage Tank 
Calibration  

1. Introduction 

The precise determination of crude oil storage tank 
capacity, commonly known as tank calibration or 
strapping, is a critical process in the petroleum 
industry [1,2]. It ensures the accurate inventory 
management, custody transfer, and financial 
settlement of crude oil, as a highly accurate calibration 
chart (tank table) allows for the calculation of exact 
liquid volumes based on measured levels. 
Traditionally, the Manual Strapping Method (MSM) 
has been the established, high-accuracy technique for 
creating these tables [3,4]. However, the MSM is time-
consuming, labor-intensive, and presents safety risks 
due to the need for manual, physical measurements 
on tank shells [5]. 

As an alternative, Electro-Optical Distance 
Ranging (EODR) techniques, such as 3D laser 
scanning and triangulation, have emerged to provide 
faster and more efficient data collection [6,7,8]. While 
EODR offers high-speed, non-contact data 
acquisition, it can sometimes be susceptible to 
measurement noise or less accurate in capturing the 
full, complex physical deformities of older, massive 
tanks compared to the traditional manual method 
[9,10]. 

Recent advancements in industrial metrology and 
"Industry 4.0" practices emphasize the integration of 
Machine Learning (ML) to enhance measurement 
reliability [11,12]. Machine learning models, 
particularly ensemble methods like XGBoost (Extreme 
Gradient Boosting), have shown superior performance 
in prediction and regression tasks, outperforming 
traditional algorithms, especially when dealing with 
complex, non-linear relationships in data [13]. 

Therefore, there is a need for a data-driven 
approach that leverages the speed of EODR while 
guaranteeing the accuracy of the manual method. 
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Figure 7 R^2 versus epoch 

Table 3 Error metrics at the end of Epoch for 
XGBoost 

Metric Score XGBoost 
MSE 0.0910 

RMSE 0.3016 
MAE 0.2474 
𝑅ଶ. 0.9683 

1-MAPE 0.929% 
Percentage error -0.046% 

Min Error -0.036 at Depth 6290.0 
Max Error 0.5898 at Depth 5310.0 

 

4. Conclusion 

This research introduces a validated XGBoost 
approach to enhance EODR precision in tank 
calibration, using MSM data as ground truth. The 
results reveal the model’s ability to map intricate, 
nonlinear patterns, yielding strong predictive accuracy 
(consistent 𝑅ଶ of 0.9683). 

Key findings indicate that the model achieves 
optimal performance by the 5th epoch, showing 
efficient convergence and superior accuracy. 
Specifically, the final model, when compared to initial 
training phases, significantly reduces the error metrics 
(MSE, RMSE, MAE) and achieves a 40% reduction in 
mean squared error, indicating high precision. The 
steady, downward trend in the Mean Absolute 
Percentage Error (MAPE) also confirms the model's 
reliability in reducing measurement errors. 
Furthermore, the sharp performance improvement 
observed between epochs 4 and 5 indicates that the 
model effectively minimizes the residuals of previous 
trees, correcting for initial instabilities. Ultimately, this 
study provides a robust, efficient, and cost-effective 
machine-learning-based tool for tank calibration, 
offering a superior alternative to traditional, time-
intensive methods. 

Future research could focus on expanding the 
dataset to include varying tank shapes and sizes to 
further improve the model's generalization capabilities, 
and integrating real-time EODR monitoring for 
dynamic tank capacity management. 
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