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Abstract—In this work, crude oil storage tank 
volume prediction using Random Forest 
Regression (RFR) model is presented. Two set of 
the tank volume datasets acquired through the 
Manual Strapping Method (MSM) and also through 
the Electro Optical Distance Ranging (EODR) 
method are matched by the tank depth. About 30 
of such paired data items in the case study 
datasets are then used as input for data 
augmentation where the resulting augmented 
dataset has a total of 1560 paired data records. 
The augmented dataset is used for the training 
and validation of the RFR model for prediction of 
the crude oil storage tank volume that is 
equivalent to the MSM measured volume for any 
given EODR measured crude oil storage tank 
volume and tank depth. The RFR model prediction 
performance results show Mean Square Error 
(MSE) of 0.1588 bbls, Root Mean Square Error 
(RMSE) of 0.3986 bbls, Mean Absolute Error (MAE) 
of 0.3434 bbls and prediction accuracy of 0.9999%. 
Also, the RFR model has minimum absolute 
prediction error of 0.0032 bbls at tank depth of 
8210.0 mm and the maximum absolute error of 
0.6898 bbls at tank depth of 5310.0 mm. The ideas 
presented in this work are useful for the oil 
industry where alternative to the manual 
calibration is highly preferred. 

Keywords—Crude Oil Storage Tank Volume 
Calibration, Random Forest Regression Model, 
Ground Truthing, Manual Strapping Method, 
Electro Optical Distance Ranging (EODR) method 

1. Introduction 

In the petrochemical industry, the precise 
calibration of crude oil storage tanks is vital for 
managing inventory, facilitating custody transfers, and 

tracking product loss [1,2]. Because calibration 
accuracy directly affects financial reporting and 
operational success, tanks must be calibrated before 
use and re-evaluated every five years to meet 
international standards [3,4]. Historically, the Manual 
Strapping Method (MSM) has served as the standard 
industry practice for measuring tank capacity [5]. 

Despite being recognized as highly accurate, the 
MSM method involves physically measuring the tank 
circumference, which is notoriously tedious, time-
consuming, and labor-intensive [6]. Furthermore, the 
manual approach presents significant safety hazards 
to personnel, who must operate in confined spaces, 
and carries inherent risks of misreading the strapping 
tape or manual errors, making it increasingly 
discouraged in modern, automated, and high-
efficiency operations [7]. 

Conversely, Electro-Optical Distance Ranging 
(EODR) offers a modern, high-speed alternative, 
using electronic sensors and laser technology to 
generate a 3D model of the tank, significantly 
reducing both measurement time and human safety 
risks [8,9,10]. While EODR is efficient and generally 
meets the required accuracy standards, it is often 
viewed as slightly less accurate in direct comparison 
to the "ground truth" provided by rigorous manual 
methods [11]. 

Accordingly, this study introduces a Random 
Forest Regression (RFR) model to combine the speed 
of EODR with the precision of the traditional MSM 
method [12,13]. By training on historical, paired 
datasets, the RFR model learns to accurately predict 
MSM volumes directly from EODR data. This 
automated, predictive approach removes the need for 
manual, time-consuming calibration, offering a high-
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primary objective, notably, eliminating the need for 
manual, physical calibration without compromising 
precision. 

The application of the Random Forest Regression 
(RFR) model for predicting crude oil storage tank 
volume calibration data, using EODR inputs as 
predictors and MSM data as ground truth, has proven 
to be highly effective and accurate. With a high 
coefficient of determination and low error metrics, the 
model demonstrates an exceptional ability to map the 
non-linear relationship between EODR-measured tank 
depths and cumulative volume. The results, as 
illustrated in the plotted performance graphs and 
summarized in the evaluation tables, indicate that the 
model achieves high precision with minimal deviation 
from the actual manual strapping method (MSM) 
calibration chart values. 

In any case, while this study establishes a robust 
foundation for ML-driven calibration, future work 
should focus on: 

i. Dynamic and Real-Time Monitoring: 
Integrating real-time sensor streams to account for 
environmental factors like thermal expansion 
(governed by ISO 8222) and pressure variations. 

ii. Structural Defect Identification: Leveraging 
RFR or deep learning to automatically detect and 
compensate for tank tilt, longitudinal deflection, or 
"dead volume" (internal structures) as defined in ISO 
7507-1. 

iii. Cross-Geometry Generalization: Extending 
the model's application to complex geometries, such 
as horizontal cylindrical tanks (API 2.2F/ISO 12917) 
and spherical vessels. 

iv. Digital Metrology Frameworks: Aligning 
predictive models with Industry 4.0 "digital twins" to 
create fully automated, standards-compliant 
metrological systems for global petroleum asset 
management.  

In all, this research concludes that the RFR model 
serves as a robust alternative to conventional 
calibration, offering the petroleum industry a reliable, 
efficient, and accurate method to generate tank 
capacity tables without relying solely on labor-
intensive, time-consuming manual processes. In 
addition, the RFR model provides a high-fidelity, 
efficient alternative to traditional calibration, reducing 
safety risks and labor costs while ensuring the 
precision required for modern petroleum logistics. 
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