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Abstract—This study compares Linear Regression (LR) and Piecewise Multiple Linear Regression Function 
(PMLRF) models for predicting crude oil storage tank volume based on Electro-Optical Distance Ranging 
(EODR) and Manual Strapping Method (MSM) data. While both methods achieved 99.99% accuracy, the 
PMLRF model outperformed the LR model, reducing maximum errors from 13.8777 to 2.5632 and yielding 
lower overall error metrics (MSE of 0.18770 vs 0.1997). Specifically, while both models achieved an 
identical prediction accuracy of 99.99% (expressed as 1-MAPE), the PMLRF model demonstrated much 
higher stability across different tank depths. The LR model exhibited a massive peak error of 13.8777 at a 
depth of 8210.0. In contrast, the PMLRF model's maximum error was only 2.5632 (at depth 2420), 
representing an 81.5% reduction in worst-case prediction error. Also, the LR model's minimum error was 
0.0172 (at depth 1880.0), while the PMLRF model achieved a tighter minimum error of -0.0948 (at depth 
2100). In all, the statistical improvement in the PMLRF model suggests it better captures the non-linear or 
segmented nature of crude oil storage tank volumes. By using a piecewise approach, the model adapts to 
different sections of the tank depth rather than applying a single global linear trend, which effectively 
minimized the large residual spikes seen in the standard LR model. Finally, the findings indicate the 
PMLRF model better accounts for non-linearities in tank calibration. For more details, consult the study's 
findings on the methods' predictive performance. 

Keywords—Linear Regression (LR) Model, Piecewise Multiple Linear Regression Function (PMLRF) 
Model, Ground Truthing, Electro-Optical Distance Ranging (EODR), Crude Oil Storage Tank Calibration 
Dataset 

 

1. Introduction 

The calibration of crude oil storage tanks is a critical process, mandated to ensure precise volume 

measurement for custody transfer [1,2]. The Conventional Manual Strapping Method (MSM) involves 

physical measurement of tank shells, a process that is time-consuming and labor-intensive. Furthermore, 
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the inherent safety hazards associated with manual techniques, such as working at heights and in confined 

areas, necessitate safer, more modern alternatives [3]. 

The introduction of EODR represents a significant advancement in non-contact measurement, 

addressing the limitations of manual processes [4,5]. By eliminating the need for scaffolding and 

providing ground-based measurements, it enhances safety while delivering higher accuracy in shorter 

timeframes [6]. However, since historical records remain a cornerstone of the industry, a bridge 

between MSM and EODR is required. Establishing a predictive model to convert EODR data into MSM-

equivalent values is vital to ensure that this technological transition does not compromise data continuity 

or accuracy [7]. 

Previous studies have shown that while EODR is efficient, converting its data into the precise 

format of the Manual Strapping Method (MSM) is required for standardized reporting [8,9]. Machine 

learning and regression techniques have been increasingly utilized to model complex relationships in oil 

production and storage, providing higher predictive performance than manual calculations [10,11,12]. 

This research aims to bridge the gap between traditional manual methods and modern technology by 

developing a predictive framework that translates EODR data to MSM equivalents. By utilizing Linear 

Regression (LR) and Piecewise Multiple Linear Regression Function (PMLRF) models on pairs of EODR 

and MSM data, this study seeks to create a robust, accurate, and efficient automated system for predicting 

crude oil tank volume, thereby eliminating the tedium of manual calibration. 

2. Methodology 

The primary objective of this methodology is to develop a predictive framework that 

transforms Electro-Optical Distance Ranging (EODR) data into Manual Strapping Method 

(MSM) equivalent values, effectively eliminating the need for tedious manual calibration. The study 

utilizes two distinct datasets derived from crude oil storage tank calibrations. The first is the Ground 

Truth Dataset (MSM) which is obtained through traditional manual strapping. While highly accurate, it 

serves as the benchmark for "true" volume. The second is the input dataset (EODR) which is obtained via 

electronic sensors. This serves as the independent variable (x) due to its ease of collection despite its 
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inherent variance from the MSM values. The datasets are paired by tank depth, ensuring that each 

measured EODR volume corresponds to a specific MSM volume at the same vertical level. 

Specifically, the methodology for this research involves a comparative analysis and predictive 

modeling approach to translate crude oil storage tank calibration data obtained from the Electro Optical 

Distance Ranging (EODR) method into the highly accurate format of the Manual Strapping Method 

(MSM). The goal is to develop machine learning models that accept EODR volume measurements and 

output the equivalent MSM volume for any given tank depth, thereby eliminating the need for tedious 

manual calibration. 

Two main regression approaches are employed to establish the relationship 

between 𝑉୉୓ୈୖ  and 𝑉୑ୗ୑. The first is the Linear Regression Model (LR) and the second approach is the 

Piecewise Multiple Linear Regression Function (PMLRF) Model. 

 
2.1     Development of the Linear Regression Model 

At its core, linear regression is used to map the connection between a target variable (Y) and its 

predictors (X). By calculating a best-fitting line that narrows the gap between reality and prediction, we 

can better understand the dynamics between depth measurements and fluid volume in 

the MSM/EODR datasets. This approach not only clarifies the impact of depth on volume but also serves 

as a tool for interpolating missing information. For a single predictor variable (e.g., depth vs volume 

increment), the equation is given by: 

𝑉 ൌ  𝛽଴ ൅ 𝛽ଵ ൈ 𝐷 ൅ 𝜖  (1) 

Where, 𝑉 denotes fluid volume increment, 𝐷 is the depth measured in 𝑚𝑚, 𝛽଴ is the intercept which 

represent the predicted fluid volume when 𝐷 ൌ 0, 𝛽ଵ is the slope, and 𝜖 is the residual error. For multiple 

predictors, such as using both MSM and EODR increments; 

𝑉 ൌ 𝛽଴ ൅ 𝛽ଵ ൈ 𝐷 ൅ 𝛽ଶ ൈ 𝐼ெௌெ ൅ 𝛽ଷ ൈ 𝐼ாை஽ோ ൅ 𝜖  (2) 

Where, 𝐼ெௌெ is the increment in MSM volume, and 𝐼ாை஽ோ is the increment in EODR volume. 
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Least squares method is used to compute 𝛽଴ and 𝛽ଵ, in order to minimize sum of squared residuals; 

𝑚𝑖𝑛 ቀ∑ ൫𝑉௜ െ ሺ𝛽଴ ൅ 𝛽ଵ ൈ 𝐷௜ሻ൯
ଶ௡

௜ୀଵ ቁ               (3) 

Solving for 𝛽ଵ: 

𝛽ଵ ൌ
∑ሺ஽೔ି஽ഥሻሺ௏೔ି௏ഥሻ

∑ሺ஽೔ି஽ഥሻమ   (4) 

Then intercept can be computed as: 

𝛽଴ ൌ 𝑉ത െ 𝛽ଵ ∙ 𝐷ഥ   (5) 

These formulas allow effective computation of the regression coefficients from the dataset. Training the 

Model Over Epochs:  Unlike ordinary least squares (OLS), when training using gradient descent, the 

parameters are updated iteratively over multiple epochs as: 

𝛽௝
ሺ௧ାଵሻ ൌ 𝛽௝

௧ െ 𝛼 డ௃

డఉೕ
    (6) 

Where, 𝛽௝
௧ is the parameter at epoch 𝑡, 𝛼 is the learning rate, and 𝐽 is the cost function (typically the mean 

squared error): 

𝐽ሺ𝛽ሻ ൌ ଵ

௡
∑ ሺ𝑉௜ െ 𝑉ത௜ሻଶ௡

௜ୀଵ    (7) 

As training progresses, MSE should decrease until convergence. 

 

2.2   The Development of the Piecewise multiple linear regression function  (PMLRF) 
          model 
 

The graph of the MSM dataset and the EODR dataset versus tank depth is shown in Figure 1 

while the MSM dataset and the EODR dataset is shown in Figure 2. The two graphs showed that there is a 

linear relationship between the tank depth and  the MSM dataset and also between the tank depth and the 

EODR dataset. Also, the two graphs showed that there is a linear relationship between tank depth the 

MSM dataset and the EODR dataset. In addition, there is a sharp difference in the gradient of the lines at 

the tank depth of 3050 mm in the two graphs.  



Journal of Multidisciplinary Engineering Science Studies (JMESS) 
ISSN: 2458-925X 

Vol. 12 Issue 1, January - 2026 

www.jmess.org 
JMESSP13421036 5983 

Furthermore, the two trend line equations in Figure 2 were used to predict the values of the MSM 

data from the corresponding EODR data and the prediction error was plotted against the tank depth and 

the result is shown in Figure 3. 

the prediction error graph is shown in Figure 3.3. 

 

Figure 1 The graph of the MSM dataset and the EODR dataset versus tank depth 

 

Figure 2 The graph of the MSM dataset versus the EODR dataset  
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Figure 3  The graph of the prediction error versus tank depth 

𝑛ଵ   is the number of data records in the range of 0≤ di≤ 1770 

𝑉ଵ ெௌெሺ௫ሻ  is the MSM data records for the range of 0≤ di≤ 1770 

𝑉ଵ ୉୓ୈୖሺ௫ሻ  is the EODR data records for the range of 0≤ di≤ 1770 

𝑉௣ଵ ெௌெሺ௫ሻ  is the predicted MSM data records for the range of 0≤ di≤ 1770 

𝑛ଶ   is the number of data records in the range of 1770 < di≤ 3050 

𝑉ଶ ெௌெሺ௫ሻ  is the MSM data records for the range of 1770 < di≤ 3050 

𝑉ଶ ୉୓ୈୖሺ௫ሻ  is the EODR data records for the range of 1770 < di≤ 3050 

𝑉௣ଶ ெௌெሺ௫ሻ  is the predicted MSM data records for the range of 1770 < di≤ 3050 

𝑛ଷ   is the number of data records in the range of 1770 < di≤ 15460 

𝑉ଷ ெௌெሺ௫ሻ  is the MSM data records for the range of 1770 < di≤ 15460 

𝑉ଷ ୉୓ୈୖሺ௫ሻ  is the EODR data records for the range of 1770 < di≤ 15460 

𝑉௣ଷ ெௌெሺ௫ሻ  is the predicted MSM data records for the range of 1770 < di≤ 15460 

Prediction of MSM data records using the EODR data records 

 

𝑽𝒑𝟏 𝑴𝑺𝑴ሺ𝒙ሻ  ൌ  ሺ𝒂𝟏ሻ 𝑽𝟏 𝐄𝐎𝐃𝐑ሺ𝒙ሻ ൅ 𝒄𝟏  𝒇𝒐𝒓 𝒙 ൌ 𝟏, 𝟐, 𝟑, . . 𝒏𝟏    (8) 

𝑽𝒑𝟐 𝑴𝑺𝑴ሺ𝒙ሻ  ൌ  ሺ𝒂𝟐ሻ 𝑽𝟏 𝐄𝐎𝐃𝐑ሺ𝒙ሻ ൅ 𝒄𝟐  𝒇𝒐𝒓 𝒙 ൌ 𝒏𝟏 ൅ 𝟏, 𝒏𝟏 ൅ 𝟐, . . 𝒏𝟐     (9) 

𝑽𝒑𝟑 𝑴𝑺𝑴ሺ𝒙ሻ  ൌ  ሺ𝒂𝟑ሻ 𝑽𝟏 𝐄𝐎𝐃𝐑ሺ𝒙ሻ ൅ 𝒄𝟑  𝒇𝒐𝒓 𝒙 ൌ 𝒏𝟐 ൅ 𝟏, 𝒏𝟐 ൅ 𝟐, . . 𝒏𝟑    (10) 
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Where       

                       𝒏𝟏 ൅ 𝒏𝟐 ൅ 𝒏𝟑 ൌ 𝒏  𝒂𝒏𝒅 𝟏 ൑ 𝒏𝟏 ൑ 𝒏𝟐 ൑  𝒏𝟑                                    (11) 

Prediction of the MSM data records prediction error using the common tank depth, 𝑑௫  data records.  

𝒆𝒑𝟏𝑴𝑺𝑴ሺ𝒙ሻ  ൌ 𝑽𝒑𝟏 𝑴𝑺𝑴ሺ𝒙ሻ െ𝑽𝟏 𝑴𝑺𝑴ሺ𝒙ሻ   (12) 

𝒆𝒑𝟏 𝑴𝑺𝑴ሺ𝒙ሻ  ൌ  ሺ𝒃𝟏ሻ 𝒅𝒙 ൅ 𝒈𝟏  𝒇𝒐𝒓 𝒙 ൌ 𝟏, 𝟐, 𝟑, . . 𝒏𝟏     (13) 

𝒆𝒑𝟐 𝑴𝑺𝑴ሺ𝒙ሻ  ൌ 𝑽𝒑𝟐𝑴𝑺𝑴ሺ𝒙ሻ െ𝑽𝟐 𝑴𝑺𝑴ሺ𝒙ሻ   (14) 

𝒆𝒑𝟐 𝑴𝑺𝑴ሺ𝒙ሻ  ൌ  ሺ𝒃𝟐ሻ 𝒅𝒙 ൅ 𝒈𝟐  𝒇𝒐𝒓 𝒙 ൌ 𝟏, 𝟐, 𝟑, . . 𝒏𝟏     (15) 

𝒆𝒑𝟑 𝑴𝑺𝑴ሺ𝒙ሻ  ൌ 𝑽𝒑𝟑𝑴𝑺𝑴ሺ𝒙ሻି𝑽𝟑 𝑴𝑺𝑴ሺ𝒙ሻ    (16) 

𝒆𝒑𝟑 𝑴𝑺𝑴ሺ𝒙ሻ  ൌ  ሺ𝒃𝟑ሻ 𝒅𝒙 ൅ 𝒈𝟑  𝒇𝒐𝒓 𝒙 ൌ 𝟏, 𝟐, 𝟑, . . 𝒏𝟏     (17) 

Now 

𝑽𝒑ሺ𝑲ሻ 𝑴𝑺𝑴ሺ𝒙ሻ  ൌ 𝑽ሺ𝑲ሻ 𝑴𝑺𝑴ሺ𝒙ሻ  + 𝒆𝒑ሺ𝑲ሻ 𝑴𝑺𝑴ሺ𝒙ሻ    (18) 

Hence 

𝑽ሺ𝑲ሻ 𝑴𝑺𝑴ሺ𝒙ሻ ൌ  𝑽𝒑ሺ𝑲ሻ 𝑴𝑺𝑴ሺ𝒙ሻ  - 𝒆𝒑ሺ𝑲ሻ 𝑴𝑺𝑴ሺ𝒙ሻ     (18) 

So,  

 𝑽𝟏 𝑴𝑺𝑴ሺ𝒙ሻ ൌ 𝑽𝒑𝟏 𝑴𝑺𝑴ሺ𝒙ሻ െ 𝒆𝒑𝟏𝑴𝑺𝑴ሺ𝒙ሻ  (20) 

𝑽𝟏 𝑴𝑺𝑴ሺ𝒙ሻ ൌ ሺ𝒂𝟏ሻ 𝑽𝟏 𝐄𝐎𝐃𝐑ሺ𝒙ሻ ൅ 𝒄𝟏 െ ሺ𝒃𝟏ሻ 𝒅𝒙 െ 𝒈𝟏     (21) 

 𝑽𝟐 𝑴𝑺𝑴ሺ𝒙ሻ ൌ ሺ𝒂𝟐ሻ 𝑽𝟏 𝐄𝐎𝐃𝐑ሺ𝒙ሻ ൅ 𝒄𝟐 െ ሺ𝒃𝟐ሻ 𝒅𝒙 െ 𝒈𝟐          (22) 

 𝑽𝟑 𝑴𝑺𝑴ሺ𝒙ሻ ൌ ሺ𝒂𝟑ሻ 𝑽𝟏 𝐄𝐎𝐃𝐑ሺ𝒙ሻ ൅ 𝒄𝟑 െ ሺ𝒃𝟑ሻ 𝒅𝒙 െ 𝒈𝟑   (23) 

𝑽𝟏 𝑴𝑺𝑴ሺ𝒙ሻ ൌ ሺ𝒂𝟏ሻ 𝑽𝟏 𝐄𝐎𝐃𝐑ሺ𝒙ሻ െ ሺ𝒃𝟏ሻ 𝒅𝒙 ൅  ሺ𝒄𝟏  െ 𝒈𝟏ሻ     (24) 

 𝑽𝟐 𝑴𝑺𝑴ሺ𝒙ሻ ൌ ሺ𝒂𝟐ሻ 𝑽𝟏 𝐄𝐎𝐃𝐑ሺ𝒙ሻ െ ሺ𝒃𝟐ሻ 𝒅𝒙 ൅  ሺ𝒄𝟐  െ 𝒈𝟐ሻ          (25) 

 𝑽𝟑 𝑴𝑺𝑴ሺ𝒙ሻ ൌ ሺ𝒂𝟑ሻ 𝑽𝟏 𝐄𝐎𝐃𝐑ሺ𝒙ሻ െ ሺ𝒃𝟑ሻ 𝒅𝒙 ൅  ሺ𝒄𝟑 െ 𝒈𝟑 ሻ  (26) 

Essentially, the predicted MSM volume from the 𝑑௫ and EODRሺ𝑥ሻis defined as  where 𝑉ெௌெሺ௫ሻ 

𝑽𝑴𝑺𝑴ሺ𝒙ሻ ቐ

ሺ𝒂𝟏ሻ 𝑽𝟏 𝐄𝐎𝐃𝐑ሺ𝒙ሻ െ  ሺ𝒃𝟏ሻ 𝒅𝒙 ൅  ሺ𝒄𝟏  െ  𝒈𝟏ሻ 𝒇𝒐𝒓 𝒙 ൌ 𝟏 𝒕𝒐 𝒏𝟏 
ሺ𝒂𝟐ሻ 𝑽𝟏 𝐄𝐎𝐃𝐑ሺ𝒙ሻ െ ሺ𝒃𝟐ሻ 𝒅𝒙 ൅  ሺ𝒄𝟐  െ 𝒈𝟐ሻ 𝒇𝒐𝒓 𝒙 ൌ 𝒏𝟏 ൅ 𝟏 𝒕𝒐 𝒏𝟐

ሺ𝒂𝟑ሻ 𝑽𝟏 𝐄𝐎𝐃𝐑ሺ𝒙ሻ െ ሺ𝒃𝟑ሻ 𝒅𝒙 ൅ ሺ𝒄𝟑 െ 𝒈𝟑ሻ𝒇𝒐𝒓 𝒙 ൌ 𝒏𝟐 ൅ 𝟏 𝒕𝒐 𝒏𝟑

      (27) 
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Table 2: Error metrics score versus epoch  for LM model 

 Score 
Epoch MSE for 

LRM 
RMSE for 

LRM 
MAE for 

LRM 
𝑅ଶ for 
LRM 

MAPE for 
LRM (%) 

Percentage 
Error (%) 

1 0.1536 0.3919 0.3384 1.0000 0.0100% 0.0100% 
2 0.1536 0.3919 0.3330 1.0000 0. 0100% 0.0100% 
3 0.1652 0.4064 0.3482 1.0000 0. 0100% -0.0001% 
4 0.1536 0.3919 0.3435 1.0000 0. 0100% 0.0100% 
5 0.1997 0.4469 0.4201 1.0000 0. 0100% -0.0100% 

 

Table 3  Error metrics at the end of Epoch for LM model  

Metric Score for LRM 
MSE 0.1997 
RMSE 0.4469 
MAE 0.4201 
𝑅ଶ. 0.9987 
MAPE 0.0001% 
Percentage error -0.0001% 
Min Error 0.0172 at Depth 1880.0 
Max Error 13.8777 at Depth 8210.0 
 

3.2 The results of the Piecewise Multiple Linear Regression Function  (PMLRF) Model 

The results of the Piecewise multiple linear regression function  (PMLRF) model is presented in 

Figure 8 for the volume versus tank depth plot, Figure 9 for residual plot, and Table 4  for the  overall or 

steady state metric scores of the PMLRF model. The results as presented in Table 4 showed that the 

PMLRF model MSE of 0.18770, RMSE of 0.39365, MAE of 0.36112 and prediction accuracy expressed 

as 1-MAPE having a value of 0.9999%. Also, the PMLRF model has the minimum error of -0.0948 at the 

tank depth 2100 and the maximum error of 2.5632 at the tank depth  2420, as shown in Table 4. 
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Table 4 Error metrics at the end of Epoch for the Piecewise multiple linear regression 

          function  (PMLRF) Model 

Metric Score for PMLRM 
MSE 0.18770 
RMSE 0.39365 
MAE 0.36112 
𝑅ଶ. 0.99965 
MAPE 0.0009% 
Percentage error -0.00004% 
Min Error -0.0948 (at Depth 2100) 
Max Error 2.5632 (at Depth 2420) 
 

4. Conclusion 

This study successfully developed and validated Linear Regression (LR) and Piecewise Multiple 

Linear Regression Function (PMLRF) models designed to bridge the accuracy gap between Electronic 

Optical Distance Ranging (EODR) and the traditionally accurate Manual Strapping Method (MSM). As 

manual strapping is highly tedious and time-consuming, this research establishes that the developed 

models, particularly the piecewise approach, can accurately predict the "ground truth" MSM volume 

using data acquired from the more efficient EODR method. 

By training on historical datasets, the proposed models minimize the high variance (error) 

between the two methods. Consequently, this study provides a viable, highly accurate, and time-efficient 

alternative for tank calibration, effectively eliminating the need for tedious manual calibration methods in 

modern oil storage applications. The models enable automated, precise volume prediction, ensuring that 

the EODR-based data meets necessary industry standards (e.g., API) without requiring direct, manual 

measurement of the tank. 
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