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Comparing Gasoline Shipment Prediction Model Performance of
Oil Reservoir using Machine Learning
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Abstract

Predicting Oil shipment is an important part of logistics management, such as refining transfer costs and inventory
management, as it has a great influence on oil stocks. However, the existing method of predicting shipments at oil
reservoir does not predict accurate shipments. The reason is that the existing oil reservoir shipment forecast method is
established based on the sales plan qualitatively established by business experts. Accordingly, problems such as
inventory stockout/overstock transfer are occurring. This causes huge losses to the company. Therefore, in order to
solve this problem, this paper proposes machine learning-based gasoline shipment prediction model of oil reservoir.
This paper selects 18 variables that affect gasoline shipments at oil reservoir, and uses data on gasoline shipments
from oil company A's area B to verify empirically. With these data, we construct 7 models including GLM, Random
Forest, GBM, Deep Learning, and ensemble learning model, and compare and analyze the performance of each.
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Table 1. List of input variables
Building Variable Building Variable
variable type variable type
Temperatures | Continuous Diesel Continuous

P (0.001%)

. . Diesel .
Heating day | Continuous (0.05%) Continuous
Cooling day | Continuous co Continuous

g (180cst/3.5%)

Rain Continuous Nafta Continuous

Snow Continuous DUBAI Continuous
Gasoline . .
(95RON) Continuous BRENT Continuous
Gasoline . )
(92RON) Continuous WTI Continuous
Kerosene Continuous Holiday Binary

Num_transaction Continuous Date Continuous

_store
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Table 2. List of input variables

Output variable Output variable type

Continuous

Gaosline shipment
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Table 3. List of used hyper parameters

" Method Additional attributes and
Abbreviation
name model parameter
Generalized Family Gguss.ian )
GLM inear Regula'nzanon . Elastic net
models Alpha : 0.5
Lamda : 5.8953
Number_of_trees : 50
Gradient | Min_depth : 5
GBM boosting | Max_depth : 5
machine | Min_leaves : 8
Max_leaves : 30
Number_of_trees : 50
Min_depth : 19
RF Rf(‘;gg{” Max_depth : 20
Min_leaves : 637
Max_leaves : 761
Activiation function : RelLU
Number of hidden layers : 4
DL Deep Learning rate : 0.01
learning | Epochs : 1000
Max Iteration : 1000
Alpha : le-05
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Table 4. Comparison of performance of prediction model
for gasoline shipment

No Model MAPE
1 GLM 35.37%
2 GBM 29.98%
3 RF 29.55%
4 DL 44.98%
5 Ensemble1 (GLM, GBM, RFt, DL) 31.95%
6 Ensemble2 (GBM, RF, DL) 31.95%
7 Ensemble3 (GBM, RF) 29.39%
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Fig. 5. Comparison graph of real gasoline shipment and predicting gasoline shipment using ensemble model
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