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Abstract: The classification of crude oils plays an important role in the petroleum transportation and production. In
this paper, terahertz time-domain spectroscopy (THz-TDS) is used to assess seven various crude oils combined with
machine-learning algorithms. From THz-TDS, frequency, refractive index and absorption coefficient are used to set
models, which are based on Extreme Gradient Boosting (XGBoost), Random Forest (RF) and K-Nearest Neighbors
(KNN), respectively. In order to evaluate the accuracy of each model, the confusion matrix and the Area under the
curve (AUC) are introduced to access the classification ability, and 5-fold cross-validation are used to compare the
generalization ability and robustness. Compared to other models, the classification accuracy of XGBoost reaches the
maximum 0.9622. Meanwhile, the test 5-fold cross-validation F1-score and the AUC of XGBoost model are higher
than other models, which indicates the high consistency and robustness. Experimental results suggests that terahertz

time-domain spectroscopy may be a powerful tool for the identification of various crude oils.
Keywords: Terahertz spectroscopy, Crude oil classification

Doi:

1. Introduction

As the blood of the industry and a kind of non-renewable resource, petroleum is becoming more

valuable and scarcer than before. In the modern oil industry, classification for crude oil plays an
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important role in the process of petroleum transportation and transaction. Before being processed
and refined, crude oil is transported to refineries through long pipelines. Due to the wide range of
oil source, many kinds of crude oils are transported alternately in the pipeline. In addition,
transmission system is very complicated because of numerous trunk lines. Therefore, it is of great
practical significance to identify various crude oils. Moreover, oil spills have grown up to be a
global problem, especially in industrialized countries.[1] Oil tracing plays a key role in the

investigation and accountability of oil spills.

Generally, the crude oil consists of paraffin, aromatics, naughtiness and asphaltene.[2] The
composition of crude oils is different, which is closely related to the geographical location. Most
crude oil analysis methods are built on standard methods, which are related to the American Society
for Testing and Materials International and Institute of Petroleum. Though these detection methods
have the advantages of high precision and high sensitivity,[3] recently, with the development of
technology, optical methods provides credible tools for oil analysis. Applied gas chromatography
(GC) and mass spectrometry (MS) in crude oil analysis can improve sensitivity, selectivity,
resolution.[4-9] Inductively coupled plasma (ICP) and nuclear magnetic resonance (NMR) have
also shown a great potential in oil characterization.[10-14, 15-17] In order to ensure the accuracy
of the experiment, crude oil must be detected many times. However, most of standard test methods

are rather time consuming, environmental non-friendly, elaborate and expensive.[ 18]

In recent years, terahertz (THz) spectroscopy has been used in the analysis of crude oil. The
effect of asphaltenes on different crude oils had been researched based on terahertz time-domain
spectroscopy (THz-TDS). Results suggest that the refractive index spectra of the asphaltene show
variation in the low THz frequencies and comparable spectra in the higher frequencies.[19]
Furthermore, the morphology and structure of wax crystals in crude oils is characterized by THz-
TDS. Dynamic processes of the clusters in the model oils are analyzed and identified based on the
measured absorption and extinction coefficients in the THz region.[20] However, the size and
complexity of the problem increase with the number of classes. It becomes important to use highly
effective approach for the crude oil classification. As the performance of machine learning has
improved, it has been widely used in the THz field.[21] Combined with deep learning method, THz

has been used to analyze polluted sand particles and monitor crude oil spills in real time.[22]

In this study, seven crude oils are measured by THz-TDS which is used to realize the crude oil
classification combined with machine learning methods. Frequency, refractive index and
absorption coefficient are selected as the inputs of various models. Extreme Gradient Boosting
(XGBoost), Random Forest (RF) and K-Nearest Neighbors (KNN) are used to set different

models.[23-26] Moreover, the classification accuracy of different models is compared and both the
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generalization ability and robustness are considered. Results suggest that THz-TDS can be used to

characterize crude oils from different oil fields.

2. Materials and methods
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Fig. 1 Schematic diagram of the THz-TDS system.

Crude oil samples are obtained from Wenmi oilfield, Russia, Changqing oilfield, Hongtai oilfield,
Jiudong oilfield, Santanghu oilfield and Daqing oilfield, which named Oil A, Oil B, Oil C, Oil D,
Oil E, Oil F and Oil G, respectively. Moreover, crude oils are dehydrated to avoid effect of water
molecules. The quartz cuvettes are used to accommodate crude oils with the geometry of 20 mm x
45 mm and a thickness of 10 mm. The experimental equipment is TeraPulse 4000 which is produced
in UK. A THz spectrometer in the transmission mode is used to acquire the optical information of
crude oils. As shown in Figure 1, laser pulses are split into two beams: one beam is employed to
irradiate the oil sample, and the other is applied for THz detection. The air environment is measured
in the first as a reference signal. For accuracy, TeraPulse4000 are performed 3 times for a single
sample. And then, the average value is used to calculate the optical parameters. Furthermore, all of

the measurements are performed at room temperature.

The confusion matrix is usually used to evaluate the performance of the models. Furthermore,
confusion matrix can also compare the performance of different models according to the evaluation
indicators. The matrix consists of two parts, which is corresponded to the results of model
classification results and training data. True Positive (TP), True Negative (TN), Fales Positive

(FP) and Fales Negative (FN) are the four important indicators of the confusion matrix. Accuracy,
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recall, precision and F1 score are calculated by equation (1) to equation (4). True Positive Rate

(TPR) represents the percentage of correctly classified data in the total number of predictions.

F1 score is expressed by the harmonic mean of accuracy and TPR.

TP + TN
Accuracy = 4 TN Y FP+ FN @
o TP
Precision = TP T FP (2)
TP
TPR=Tp N ®)

_ 2 X Precision X Recall

Precision + Recall )

Receiver operating characteristic (ROC) curve is used to select the best model and set the best
threshold. Moreover, Area under the curve (AUC) is an evaluation indicator for classifying models,
which is calculated by integration. A large value of the AUC represents a high accuracy of the
model classification. In this study, ROC method is used to solve multi-classification problems by
conducting a binary classification analysis. The macro-average of each binary analysis is chosen
as the final evaluation basis.

3. Results and discussion
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Fig. 2 Terahertz time-domain spectrum of seven crude oil samples.
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Fig. 3 Vp and time delay of crude oil samples.

The THz pulse waveforms are displayed in Figure 2, which are transmitted through the empty
quartz cuvette and different crude oils. The THz response of quartz cuvette are selected as the
reference pulse. A phase shift relative to the reference pulse occurrs for THz pulses transmitted
through the crude oil samples, and a significant decrease in the amplitude is also observed. The
time delay and THz signal peaks (Vp) are extracted from THz pulse waveforms, which are shown
in Figure 3. The Vp of Oil F achieves maximum value at 6.49 V, while the Vp of Oil G achieves
minimum value at V. The time delay values of Oil A, Oil B, Oil C, Oil D Oil E and Oil G are
different, which are 30.79 ps, 18.92 ps, 24.99 ps, 23.80 ps, 25.02 ps, 25.88 ps, and 25.85 ps,
respectively. The Vp and time delay are different from each other, which indicates that various

crude oils can be identified using THz spectra.
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Fig. 4 Frequency dependence of (a) absorption coefficient and (b) refractive index spectra.
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Following the fast Fourier transform (FFT) of the reference and sample spectra, the THz-TDS
are obtained in Figure 4(a). It is noticed that the there is a peak at ~1.68 THz for different crude
oils. The composition of crude oil is complex. It is difficult to verify which vibration of the
chemical bonds result in the peak at ~1.68 THz for crude oils. According to the THz-TDS, the
frequency dependence of refractive index could be obtained and are plotted in Figure 4(b), when
the frequency ranges from 0.5 to 2.0 THz. Comparing the THz-TDS of the crude oils in Figure 2,
the time delays are different from each other, indicating variant refractive index among them. There
is a precipitous decay at 1.625 THz in Figure 4(b), which can be owing to the frequency
dependence of dispersion. According to the refractive index, the seven crude oils are divided into
three amplitude ranges. When the frequency ranges from 0.5 to 1.6 THz, the refractive index of Oil
A and Oil D is about 498. However, the refractive index of Oil B, Oil C and Oil E is about 538 and
the refractive index of Oil E and Oil F and Oil G is about 563 at the same frequency range.
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Fig. 5 Kendall correlation coefficient heat maps of features.

The spectra information dataset consists of 10472 records, which are obtained from
TeraPulse4000. In order to ensure better predictability of the model, Kendall correlation analysis
is used to evaluate the correlation among features. The results of Kendall correlation analysis are
displayed in Figure 5. It is clear that correlation coefficients of features are less than 0.8, which
has proved that there is no significant correlation between features. Hence, refractive index,
absorption coefficient and the corresponding frequency are the independent features of oil samples,

which could be used as inputs for machine-learning models.
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Fig. 6 The confusion matrixes of the classification results of (a) XGBoost, (c) KNN, and (e) Random Forest. The
ROC curve of (b) XGBoost, (d) KNN, and (f) Random Forest.
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Fig. 7 (a) Classification accuracy of crude oils by various models. (b) Evaluation indicators for the classification

results.

To build a more precise model, XGBoost, RF and KNN algorithms are used to classify different
crude oils. The dataset of crude oils is split into two groups. In the experiment, 80% of the data are
used for training, and 20% of the data are used for testing. In Figure 6, the diagonal of the confusion
matrix suggests the quantity of correct classification of seven oils. From Figure 6 (a), (¢) and (e),
it is clearly that more features of Oil G are correctly identified followed by Oil B. As shown in
Figure 6(b), (d) and (f), the macro-average AUC of all classification algorithms exceeds 0.9, which
suggests that XGBoost, RF and KNN models are suitable for crude oil classification based on THz-
TDS data. The maximum macro-average AUC calculated by XGBoost is up to 0.99, which has

verified the conclusion of confusion matrix.

Tab. 1 Comprehensive performance of various models.

5-fold cross-
macro-average

Model Accuracy  Precision Recall Fl-score validation F1-
AUC
score
XGBoost 0.9622 0.8690 0.8689  0.8689 0.99 0.8643
KNN 0.9374 0.7808 0.7854  0.7817 0.94 0.7634
RF 0.9534 0.8390 0.8391 0.8387 0.98 0.8334

The classification accuracy of the three machine learning models is displayed in Figure 7 (a). It
can be seen that the classification performances of RF and XGBoost are relatively accurate, and
the overall classification effect is better than KNN. In order to verify the accuracy and stability of

the model, the accuracy, recall rate, accuracy and F1 score values are calculated, respectively. From
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the Figure 7 (b), it can be seen that four indicators of the XGBoost model are higher than those of
the others, which referr to Accuracy, Precision, TPR and F1-score. The specific values of them are
shown in Table 1. Experimental results suggest that the classification effect of XGBoost model is
better than that of other models.

The performance of classification models is generally evaluated by k-fold cross validation. [27,
28] In this study, crude oils data set is first randomly divided into 5 folds, which has approximately
the same number of subsets. Moreover, every fold in turn plays the role for testing the model
induced from the other 4 folds. In the end, the average F1-score of the five cross-validation models
is adopted as an indicator to evaluate the generalization capability of various classification models.
From Table 1, the average Fl-score of XGBoost model is higher than others, which has proved
again its superiority in crude oil classification. Moreover, six indicators in Table 1 has proved that

XGBoost achieves best classification performance and generalization ability.

The optical methods have played a crucial role in the past few years. Laser technology has also
been used for the monitoring of laser drilling, identification of crude oils, characterization of water
content in crude oil emulsion, measurement of wax appearance temperature, characterization of
viscosity change for crude oils.[29-33 ] Moreover, THz method has been widely used in the oil field.
THz-TDS has been used to characterize oil disaggregation under magnetic field and analyze the
state of oil-water two-phase flow.[20, 34, 35| In this work, THz-TDS method is used for
identification of various crude oils. The Vp, time delay, refractive index and absorption coefticient
are analyzed. Moreover, XGBoost, Random Forest and KNN algorithms are used for the crude oil
classification. The inputs of different models are related to frequency, refractive index and
absorption coefficient. Results suggest that the XGBoost model have the best classification effect
among three models.

4. Conclusion

Finding the true source is a crucial step for the leakage in the oil transportation. In this work, the
classification of various crude oils is realized by THz-TDS combined with machine-learning
algorithms. The frequency dependence of the refractive index and absorption coefficient are
analyzed based on the THz-TDS of crude oils. XGBoost, Random Forest and KNN are chosen as
machine-learning models to classify various crude oils. Frequency, refractive index and absorption

coefficient are selected as the inputs of different models. Results have demonstrated that the
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classification effect of XGBoost is the best while the KNN model is the worst. The six evaluation
indicators of XGBoost model are better than those of the others. Moreover, XGBoost has the
strongest consistency and robustness based on the highest test 5-fold cross-validation F1-score and
the AUC value. In conclusion, combined with machine-learning algorithms, THz-TDS is a fast and

simple technique for the characterization of crude oil.
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