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ABSTRACT

Coal structure is a critical parameter in coalbed methane (CBM) development due to its significant impacts on
methane enrichment, fluid flow and hydraulic fracturing. Traditional statistical analysis and data-driven machine
learning methods for coal structure identification are highly dependent on the labeled logging data and have
potential limitations when labeled logging data is limited. To address this issue, this paper proposed a semi-
supervised learning method based on Laplacian support vector machine (LapSVM) to identify coal structure
by using few labeled logging data. By mining the structure information from abundant unlabeled data, LapSVM
can improve the model performance and alleviate the over-reliance on labeled data. To evaluate and verify the
effectiveness and reliability of the proposed LapSVM method in coal structure identification, datasets collected
from 32 CBM wells in the southern Qinshui Basin, China, are utilized in this study. The particle swarm opti-
mization (PSO) is adopted for parameter optimization of LapSVM models. For the LapSVM model, the addition of
unlabeled data is conducive to enhance model accuracy, and unavoidably increases the computational cost at the
same time. The comparison of training, testing and blind-well test results between the LapSVM and standard
support vector machine (SVM) models indicates that the LapSVM outperforms traditional SVM and possesses
higher accuracy and generalization in coal structure identification. It has been demonstrated that the LapSVM
can be a reliable tool for coal structure identification when limited labeled logging data is available.

1. Introduction

classified as cataclastic, granulated and mylonitized coals [10-12]. Be-
sides, some researches divided deformed coals into three series of de-

Coal structure refers to the damage degree of in situ coals after un-
derwent tectonic movements, and is a critical parameter reflecting the
characteristics of coal reservoirs [1-3]. Initially, coal structure was
proposed from the perspective of gas control in underground coal mines
[4,5], and was classified as the undeformed coal and deformed coal. The
undeformed coal (i.e., primary structural coal) is defined as coals with
well-preserved original structures [6-8], including the bedding texture,
lineation texture and primary cleat. By contrary, the deformed coal has
characteristics of deformation and metamorphism, in which original
structures are damaged under the action of tectonic stress [9,10]. The
ductile and brittle deformations (e.g., crumple structure, schistose
bedding, and exogenous fracture) are common in deformed coals. With
the increase of deformation degree, deformed coals are typically
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formations and ten classes [13,14]. Due to distinct differences of
petrological, physical and mechanical properties, coal structure has
significant influences on the adsorption, desorption, gas-bearing and
percolation abilities of coalbed methane (CBM) reservoirs [15-18], and
plays pivotal roles in the process of drilling, completion and hydraulic
fracturing [19-22]. Exploitation practices of CBM indicate that the
spatial distribution of coal structures possesses strong heterogeneity,
which greatly restricts the CBM development [23-25]. Therefore, the
accurate identification of coal structure can provide a better under-
standing for the variation of reservoir characteristics, and is significant
to the effective development of CBM resources.

There are many different approaches for identifying coal structure,
including the direct and indirect methods. The underground mine
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observation and core description are the most direct methods, and have
relatively high identification accuracy [10]. However, both methods are
difficult to implement in many situations hindered by the complex
condition of underground coal mines and low recovery rate of coal
cores. Indirect identification methods of coal structure mainly depend
on the geophysical data including seismic interpretation and well log-
ging analysis. Seismic data interpretation is an effective technique for
predicting regional distribution of coal structures [3], but it is generally
inefficient to obtain vertical distribution due to the limitation of data
quality and resolution. The geophysical logging data, with advantages of
good continuity, high vertical resolution and convenient data acquisi-
tion, has been widely applied in many fields of CBM development, such
as the gas content estimation [26], physical and mechanical properties
evaluation [10,27-29], coal macrolithotype prediction [30,31] and coal
structure identification [10-12,32,33].

The key of coal structure identification through geophysical logging
data is to establish the corresponding relationship between well logging
parameters and coal structures [11,33]. To address this issue, numerous
mathematical methods have been introduced to the quantitative iden-
tification of coal structure. Traditional methods mainly include the
characteristic curve [12], empirical formula [15], and cross plot analysis
[31] techniques. In practical application, all these methods depend
heavily on the experience and knowledge of analysts, and commonly
have shortcomings of high subjectivity, low efficiency and poor practi-
cability. In addition, relationships between the logging data and coal
structure are highly complex and generally exhibit nonlinear features.
Most of these methods are ineffective in establishing the precise and
universal mathematical relationship between logging parameter and
coal structure limited by their weak data mining ability. Recently, with
the rapid development of artificial intelligence, several machine
learning methods have been used to develop coal structure identification
models, such as the cluster analysis (CA) [10], linear discriminant
analysis (LDA) [11], principal component analysis (PCA) [32], and
kernel Fisher discriminant analysis (KFD) [33] algorithms. Compared
with traditional mathematical methods, machine learning algorithms
possess stronger ability in extracting hidden information from original
data and dealing with complex nonlinear problems, which greatly im-
proves the identification accuracy. In addition, machine learning
methods are highly applicable benefiting from their learning autonomy,
computing efficiency and adjustmental flexibility.

Currently, common machine learning methods for coal structure
identification include the unsupervised learning and supervised learning
algorithms [34-36]. Major differences between these two algorithms are
reflected in the utilization of class-label information for modeling. Un-
supervised learning algorithms partition unlabeled data (i.e., logging
data without coal structure label) into subgroups based on similarities
and differences of data structure features. Despite unsupervised learning
algorithms have proven to be useful in areas without observed samples,
it is difficult to evaluate the effectiveness of model performance since no
specific output is provided. In contrast, supervised learning method
utilizes labeled data (i.e., logging data with coal structure label) for
identification model training. Compared with unsupervised learning,
supervised learning algorithms usually have better performance because
the labeled data can provide more accurate and reliable guidance for
classification [37]. In addition, it is noteworthy that supervised learning
algorithms are data-driven methods and require sufficient labeled
samples for modeling to guarantee models can obtain strong general-
ization ability. However, labeled logging data are typically limited due
to the high cost and time-consuming of manual labeling. Most super-
vised learning methods are unable to excavate enough classification
information to develop a powerful identification model when there are
too few labeled samples. Meanwhile, there are massive unlabeled log-
ging data that containing abundant valuable information, which are not
used for model development by supervised learning [38]. In this context,
supervised learning methods cannot sufficiently exert their effects in
coal structure identification. The limited labeled-sample problem is
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unavoidable in coal structure identification and should be given serious
consideration.

Semi-supervised learning algorithm, a branch of machine learning,
takes advantage of learning strategies from unsupervised learning and
supervised learning methods [39]. In the modeling process, the semi-
supervised learning utilizes both the feature information of labeled
data and data structure of unlabeled data to construct classifiers [40,41].
Thus, semi-supervised learning methods overcome the shortcoming of
unsupervised learning and supervised learning methods that completely
relying on unlabeled or labeled data, and show strong ability in handling
few labeled-sample recognition and classification issues [34]. A variety
of semi-supervised learning algorithms have been proposed and can be
roughly classified as the self-training, co-training, generative model, and
graph-based model [42,43]. The Laplacian support vector machine
(LapSVM) is a typical graph-based methods in semi-supervised learning
[40]. It is an extension of traditional support vector machine (SVM), and
introduces the structure information of unlabeled data to standard SVM
in form of Laplacian manifold regularization to obtain more accurate
classification. By combining classification strategies of SVM (kernel-
based method) and semi-supervised learning, LapSVM generally out-
performs other semi-supervised methods in highly nonlinear and few
labeled-sample tasks [44-47]. In recent years, LapSVM has been grad-
ually applied in petroleum geology, such as the lithology identification
[35] and fracture predication based on well logging data [37]. The
LapSVM provides a good opportunity for coal structure identification
with limited logging data, whereas few studies have been performed to
investigate its application.

In this paper, a semi-supervised coal structure identification method
based on LapSVM was proposed to address the limited labeled-sample
problem and improve the identification accuracy. Core samples and
logging data collected from the Anze CBM field in the southern Qinshui
Basin, China, were used for the development of LapSVM model. In
modeling processes, the particle swarm optimization (PSO) technique
was employed to derive optimal parameters of LapSVM model. To
illustrate the significance of unlabeled data, the LapSVM model was
trained with different sizes of labeled data and unlabeled data. Then,
predicted results of the LapSVM-based model were compared with these
of traditional SVM model to demonstrate the performance improvement
of the proposed LapSVM method. In addition, blind-well tests were also
performed to verify the reliability and generalization of the built
LapSVM model. Finally, a sensitivity analysis was conducted to evaluate
the variable importance for LapSVM model.

2. Data acquisition and analysis
2.1. Geological background

In this study, core samples and well logging data used for coal
structure identification were collected from the Permian Shanxi For-
mation of the Anze CBM field in the southern Qinshui Basin, China
(Fig. 1). The Anze block has experienced multistage tectonic movements
after the coal-bearing strata deposited and now is manifested as a SE
plunging syncline with an average dip of formations less than 5° [48]. A
series of small normal faults with NNE-SSW and NE-SW strikes and
gentle folds with axial oriented NNE-SSW are widespread in this region
[48,49], which have significant impacts on coal deformation and coal
structure [3,22]. In the study area, the Permian Shanxi Formation is one
of the main coal-bearing strata [49,50], in which the No.3 coal seam is
the major layer for CBM production (Fig. 1). The No.3 coal seam is
developed in interdistributary bay environments of lower delta plain,
and is mainly composed of vitrinite, inertinite and some minerals.
Macrolithotypes of No.3 coal seam are dominated by semi-bright and
bright coals, and coal ranks are semi-anthracite to anthracite with the
maximum vitrinite reflectance (R max) ranging from 1.9 % to 2.7 %
[49]. The current burial depth of the No.3 coal seam is approximately
600 m to 1300 m, and gradually increases from northwest toward
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Fig. 1. Locations of (a) the Qinshui Basin in China and (b) the Anze CBM field in southern Qinshui Basin. (c) Main geologic structure, burial depth of No. 3 coal seam
and well distribution of the Anze block. (d) Stratigraphic characteristics of the southern Qinshui Basin.

southeast of the study area (Fig. 1). Drilling data indicates that the
thickness of No.3 coal seam ranges from 2.36 to 6.82 m, with an average
of 5.26 m.

2.2. Types and characteristics of coal structure

Due to the inferior mechanical strength of coal seam, the recovery
rate of coal cores is generally low in No. 3 coal seam of the Anze block.
Totals of 52 coal cores with lengths of 16.3 m were obtained from 5 CBM
wells in the study area. The length of each sample is approximately
between 0.20 m and 0.45 m.

Coal structure of the No.3 coal seam in the Anze block can be clas-
sified into the undeformed coal, cataclastic coal and granulated coal
following Chinese National Standard GB/T 30050-2013, whereas the
mylonitized coal is not found. Macroscopic and microscopic observation
shows that core samples with different coal structures have significant
discrepancy in the macrolithotype distinguishability, bedding integrity,
degree of fragmentation, development degree of fracture and crumple,
and rock mechanics strength (Table 1). Undeformed coals commonly
possess intact block structures (Table 1a) and coal macrolithotypes are
easy to distinguish. Original bedding textures, cleats and organic pores
are well preserved, while tectonic fractures and crumple structures are
rarely seen (Table 1b). These coals are firm and can hardly be crushed by
hand. Cataclastic coals present angular block structures (Table 1c¢) with
relatively visible boundaries between different macrolithotypes. Pri-
mary sedimentary beddings and cleats are damaged to some extent
(Table 1d), but can still be distinguished. These coals are usually cut by
different groups of cleats and tectonic fractures, and can be broken into
cm-scale fragments by hand. Granulated coals show granular or lumpy
structures (Table 1le), and it is difficult to distinguish coal macro-
lithotypes. The sedimentary textures have been severely damaged and
are indiscernible, and tectonic fractures (Table 1f) and crumple struc-
tures are well developed. Granulated coals are easily crushed into mm-
scale fragments and even powders by hand.

2.3. Logging responses of coal structure

Well logging data used for modeling were collected from 32 CBM
wells drilled in the study area (Fig. 1c), including 5 coring wells
(aforementioned in Section 2.2) and 27 non-coring wells. Logging types
of each well consist of the natural gamma ray (GR), caliper (CAL), in-
terval transit time (AC), compensation density (DEN), and deep lateral
resistivity (LLD) logs. A total of 1575 datasets were recorded with a
sampling interval of 0.10 m. For a semi-supervised learning algorithm,
the learning effect of the trained model depends largely on the
comprehensiveness of input variables. Hence, all five types of well logs
were used as input data for modeling to guarantee more information can
be learned by semi-supervised models. In addition, due to various
interfering factors during the logging and data collection process, out-
liers and unrealistic values inevitably exist within well logs, which will
greatly affect the accuracy of model training. Hence, to ensure the
comprehensiveness and validity of logging data, the data cleaning and
quality evaluation of raw dataset are necessary. In this study, the Three-
sigma Criterion was employed to deal with these abnormal data in well
logs. Based on the standard deviation (SD) of individual well logs, all
logging values outside the range of + 3.0 SD were designated as outliers
and excluded from raw data. Through the preprocessing, totals of 1530
datasets were finally obtained and the statistical properties of the pre-
processed datasets were presented in Fig. 2. It can be seen that all well
logs have wide a range of logging values and roughly follow a normal
distribution, which are available for modeling.

After the cleaning of abnormal data, coal samples of 5 coring wells
were depth-matched to well logs according to core description reports.
On this basis, a total of 158 labeled datasets were obtained, including 50
undeformed coal, 55 cataclastic coal and 53 granulated coal datasets.
The information of each dataset comprises the logging values of five well
logs (the GR, CAL, AC, DEN, and LLD logs) and corresponding labels of
coal structure. For instance, totals of 6 coal cores comprising 27 labeled
datasets were collected from well 1. The vertical profile of coal
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Table 1

Types and characteristics of coal structures in the No.3 coal seam of southern Qinshui Basin.
Coal structure Core photos SEM photos Characteristic description
Undeformed

(1) Macrolithotypes are easy to distinguish;(2)

Intact large-scale block structure;(3)

Original banding textures and cleats are distinctly;(4)
Tectonic fractures are undeveloped;(5)

Hard to crush by hand.

coal (a)

0 5 10 15 20 25cm

Cataclastic coal (1) Macrolithotypes are relatively clear;(2)

Angular block structure;(3)

Original banding structures can be traced
intermittently;(4)

Tectonic fracture can be observed;(5)
Can be crushed into cm-scale fragments.

0 5 10 15 20 25 30cm

Granulated coal (1) Macrolithotypes are indistinguishable;(2)

Granular or lumpy structures;(3)

Tectonic fractures are well-developed;(4)

Easy to be crushed into mm-scale fragments and
powders.

0 5 10 15 20 25 30cm

Note: (a) Undeformed coal with block structure, core observation, 1089.70 m; (b) Well-preserved organic pores in undeformed coal, SEM image, 1102.65 m; (c)
Cataclastic coal with angular block structure, core observation, 1136.23 m; (d) Original cleats are damaged in cataclastic coal, SEM image, 1057.69 m; (e) Granulated
coal with granular structure, core observation, 1135.32 m; (f) Two tectonic fractures in granulated coal, SEM image, 1178.30 m. SEM = scanning electron microscope.
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Fig. 3. Coal structure distribution and well logging response of No.3 coal seam of well 1 in the study area.

structures is undeformed, cataclastic, cataclastic, granulated, unde-
formed, and cataclastic coals from the top to bottom (Fig. 3). It can be
observed that logging responses differ from different coal structures and
deformed coals commonly have low values of GR and DEN, and high
values of CAL, AC and LLD. To more intuitively reflect the relationship
between the logging data and coal structures, value ranges of all well
logs for each coal structure are presented in Fig. 4, where the diagonal
line are boxplots of well logging data and others are scatter cross-plots of
pairwise variables. From the perspective of average value, the GR and
DEN logs gradually decrease from the undeformed coal to granulated
coal, while the CAL, AC and LLD logs present a gradual increasing trend.
These logging response characteristics of coal structures basically
consist with previous research results [11-13]. Nevertheless, it can be
found that large numbers of data points belonging to different coal
structures possesses similar logging responses, and there are certain
degrees of value overlaps among different coal structures. These over-
laps make it difficult to determine the accurate decision boundary for
classification and will cause multiple interpretation problems in coal
structure identification. This suggests the attempt to classify a multi-
variate and nonlinear dataset by traditional statistical analysis based
on correlation coefficient is infeasible, particularly when there only are a
small number of labeled logging data.

3. Methodology
3.1. Laplacian support vector machine

Laplacian support vector machine (LapSVM) is a graph-based semi-
supervised classification method proposed by Belkin et al. [40]. It is
built on the standard SVM framework and incorporates a manifold
regularizer to SVM model. LapSVM inherits the advantage of traditional
SVM and overcomes the insufficient training problem when the labeled
data is limited. To better illustrate the principle of LapSVM, we will
briefly introduce the SVM first.

Support vector machine (SVM) is a kernel-based supervised learning
algorithm proposed by Cortes and Vapnik [51]. The basic idea of SVM is
to project the input labeled data from original space into the high-
dimensional feature space by nonlinear mapping, and then construct
an optimal separating hyperplane with maximum classification interval
[52,53]. Thus, the nonlinear relationship of original data is indirectly
transformed into a linear one. Given a training dataset of [ labeled

samples T = {xi7 yl-} ;» where x; € RY is the feature vector of input

i=1,2,,
data, y; is the class label of input data, and N is the dimension of x;. The
goal of the SVM is to find the optimal separating hyperplane f in feature
space, which can be derived by solving the following optimization

problem:

1 2
= in— » V(x;,y, 1
f = argmin ; (i yio ) + vl 1l M

In this formula, the first term V(x;,y;,f) is the hinge loss function
measuring the error between predicted label and true label, and can be
expressed as:

V(xi, yi,f) = max{0, 1 —yf(x:)} 2

In Eq. (2), f(x) = w-¢(x) +b is the decision function, where w is a
weight vector, ¢(x) is the nonlinear mapping, and b is a bias term. Ac-
cording to the Representer Theorem [54], w can be expressed as w =
Zﬁzlaiqﬁ(xi), where a; = {a1, a2, -, ;} is the Lagrange multiplier. In
addition, the kernel function k(x;,x;), defined as the dot product oper-
ation of (¢(x;), ¢(x;)), is utilized to reflect the nonlinear mapping ¢(x)
implicitly. Thus, decision function f(x) can be further written as:

]
f@) =" ak(xi,x)+b 3)
i=1

The common kernel function includes the linear kernel, sigmoid
kernel, radial basis function (RBF) kernel and polynomial kernel.
Compared with other kernels, the RBF kernel has better performance in
handling nonlinear problems since it has fewer parameters and smaller
complexity [55,56]. Hence, the RBF kernel k(x;, x) = exp( —g||x;—x||*) is
selected as the kernel function in this work, where g = 1/262, and ¢ is
the width parameter of RBF.

The second term \Lin, is the squared norm of function f in the
reproducing kernel Hilbert space (RKHS), and is used to preserve the
smoothness of solution in RKHS. yy is the corresponding weight that
controls the functional complexity of decision function f in RKHS. The
IIfII? is written as:

I£15 = Iwl* = w'w = (9a)" (pa) = a"ka 4

The optimization problem in Eq (1) can be transformed into the
following constrained optimization problem by introducing the slack
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variable & = {&,,&,,-, &}

1<
f~ = argmin— Zé[ +y,0 Ka

acRl g ERI i=1

s.r.

1
i <Zjla,»k(x,»,x) + b) >1-¢ -
£>0,i=1,2-1

By solving the optimization problem in Eq (5), the decision function
can be obtained and its value can be calculated from samples in the low-
dimensional space to realize nonlinear classification. Therefore, SVM
processes unique advantages in handling high dimensional and
nonlinear problems. However, its performance will be greatly restricted
when labeled samples for training are insufficient.

Different from the SVM that are trained only with labeled data,
LapSVM takes the additional information contained in unlabeled data
into account to reveal more about data structure (Fig. 5). In the LapSVM
algorithm, it specifies a standard SVM as the learner core and introduces
a graph-based regularizer to constrain the SVM’s classification function
be smooth along the graph. To effectively utilize the unlabeled data,
there two basic assumptions about data distribution in LapSVM algo-
rithm, namely, the cluster assumption and manifold assumption [40].
Specifically, cluster assumption states that samples in the same cluster
tend to have the same class label, and manifold assumption states that
the intrinsic data structure of high-dimensional data can be roughly
represented by a low-dimensional manifold.

Given the additional dataset of u unlabeled samples U =
{xi}i-ts1142.. 11y and normally wsl. Based on the standard SVM
framework (Eq. (1)), a manifold regular term is added to LapSVM to
achieve semi-supervised classification. In LapSVM, the decision function
f can be achieved by minimizing:

feHk l

1Y :
£ =argmine > "V, v f) + rullf I+ rllF 1 ©)
1

where Hfo,, is the manifold regular term related to inherent data
structure of all samples and is used to keep decision function smooth
along the intrinsic manifold [44]. y,, is the corresponding regularization
parameter that controls the intrinsic geometric complexity of marginal

distribution. The ||f|2 is expressed as:

2 L St ) o)) = L
Wlhe = G 2 Wil = )" == @

where Wj is the edge weight in data adjacency graph, W = [Wij}nxn is
the edge weight matrix, and n =1 + . L is the graph Laplacian matrix, D
is a diagonal matrix with diagonal elements D; = Jlill‘Wy, and L =
D —W. Decision function f = Zﬁfl‘aik(xi,x) =Ka, and Ki; = k(x;,%;),1,
j=12 i+ u

Then, by introducing slack variables &;, the unconstrained optimi-
zation problem of Eq. (7) can be written as [40]:

o' KLKa

(14 u)?

1Y
f = argmin ~ Y &4y a’Katyy,
aeRf”'.g,ERl i—1

IHu
) ak(xi,x)+b ) > 1 =&
(S en) 212 o
£20,0=12-1

Finally, the objective function Eq. (8) can be further simplified to a
Lagrangian function:
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1 1
L{a.p) = 5a" (21K + 27y KLK)a — a' KI"Yf + > B )
i=1
where J = [I,0] is a matrix of I x (I+u), I is an [ x [ identity matrix, Y =
diag(yl,yz,---, yl), and p; is the Lagrange multiplier.

The coefficient « is computed as:

(14 u)

Thus, the primal problem in Eq. (6) is reduced to an optimization
task of finding optimal coefficient vector a. After solving Eq. (10), the
decision function f can be obtained and used to identify coal structure.

-1
2
P (2y,,1+y“2u(> JYp (10)

3.2. Particle swarm optimization

Parameter optimization is a key issue for improving the overall
performance of classification models. To illustrate the influence of
hyperparameters, namely, the regularization parameters yy, 7y, and
RBF kernel parameter g, on the LapSVM model, the particle swarm
optimization algorithm was employed in this work for hyperparameter
optimization.

Particle swarm optimization (PSO) algorithm is a population-based
search technique proposed by Kennedy and Eberhart [57], which orig-
inates from research on the socially-coordinated behavior of animal
swarms. The PSO comprises several particles initialized randomly in the
search space with their own position and velocity. The particles repre-
sent the potential solution of the extremum optimization problem, and
are used to compute the global optimum for fitness function. Given a p-
dimensional search space, the population X = {X;,X5,---,Xn} is the
combination of N particles, X; = {xj1,Xi2, -, Xip} and V; = {va, Vi, -,
vip } are the position and corresponding velocity of the i-th particle in the
search space. During iterations, the position and velocity of each particle
are updated according to the distance to its personal best position and
distance to global best position. The update formulas are described as
follows:

Vi(t+ 1) = oV;(1) + c1ri (pbest; — x; (1)) + cara(gbest — x;(1)) 1)
xi(t4+1) = vi(t+ 1) +x,(0) 12)

where pbest; is the personal best position searched by i-th particle, gbest
is the best-so-far position searched by entire population. c¢; and c, are
acceleration coefficients, and t is the number of current iterations. r; and
ry are independent random numbers.  is the inertia weight, and w(t) =
Omax —(Omax — Omin )t/ tmax, Where tp,y is the maximum number of itera-
tions.

During the parameter searching process by PSO, the position of
particle is continuously updated by changing velocity, and finally con-
verges at a global optimum in search space. In this work, the particle’s
position is the vector of y, y), and g, and is denominated as P (yy, yu &)-
The average accuracy of 5-fold cross-validation is set as the fitness
function to assess the performance of optimization process. The PSO
algorithm procedure terminates when a minimum error threshold or the
maximum iteration is achieved.

3.3. Workflow of coal structure identification

To improve the accuracy of coal structure identification under the
situation of limited labeled logging data is available, this paper proposed
a LapSVM-based coal structure identification method based on the semi-
supervised learning strategy. Datasets used for modeling consist of 158
labeled data and 1372 unlabeled data, of which the latter is over 8 times
more than the former. Input variables include the GR, CAL, AC, DEN,
and LLD logs. Besides, other eight sets of data with different labeled-
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Fig. 6. Workflow of coal structure identification by LapSVM and PSO.

unlabeled data ratios are designed to investigate the impact of unlabeled
data on model performance. The development, optimization and vali-
dation of the LapSVM model were conducted in the Matlab 2016b
environment running Windows system with a 2.4 GHz CPU. The overall
flowchart of the LapSVM-based coal structure identification method is
shown in Fig. 6. The specific workflow is as follows:

Step 1. Data preprocessing. Input datasets are first standardized to
eliminate the order-of-magnitude differences between well logs and
reduce the computational complexity. The standardization function
Xnor = (X — Xmin)/ (Xmax — Xmin) is adopted to normalize each well logs
into the range of [0,1], where Xpnor, Xmin, Xmax are the normalized, mini-
mum and maximum values, respectively. Then, input datasets are
randomly portioned into the training set (~70 %) and testing set (~30
%) by a module randperm in Matlab to avoid model over-fitting.

Step 2. Parameter initialization. To reconcile the model performance
and operational efficiency, the parameters of PSO are set as tyq,, = 100,
N = 20, and parameters of LapSVM are set as yy € [0.01,5],
va € [0.01,6], g € [0.01,20].

Step 3. Model construction and optimization. The training data are
firstly assigned into the initial LapSVM model for training. In the
training process, the PSO randomly assigns hyperparameters to LapSVM
model, and the performance of this set of hyperparameter is estimated
by the average accuracy of 5-fold cross-validation. The optimum
hyperparameter is obtained when the termination condition is satisfied.
Then, the trained model is applied to testing datasets to verify its clas-
sification performance.

Step 4. Model evaluation and verification. The performance of
LapSVM model is compared with traditional SVM model for coal
structure identification to demonstrate the superiority of the proposed
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identification method. Further, the built LapSVM model is applied to
blind-well tests to validate its stability and generalization ability.

3.4. Performance evaluation indicators

For multi-classification problems, the confusion matrix and its
associated evaluation parameters provide an effective approach to
appraise the model performance. Commonly used evaluation indicators
include the accuracy, precision, recall, and F1-score [58], which assess
the model performance from different perspectives. Specifically, accu-
racy is the ratio of correctly classified samples and total samples, and
measures the overall classification accuracy. Precision refers to the ratio
of correctly classified samples and samples classified into this class, and
reflects the accuracy of a specific classification result. Recall is the ratio
of correctly classified samples and total samples in this class, and reflects
the classification accuracy of a specific class. F1-score is the harmonic
mean of precision and recall, and is known as a balanced indicator. The
higher of indicator values (close to 1) imply that the model has better
classification performance. The expression of these evaluation in-
dicators is defined as follows in Table 2.

4. Results and discussion
4.1. Determination of optimal parameters

The previously defined hyperparameters yy, vy, and g have signifi-
cant impacts on the classification accuracy and generalization ability of
LapSVM model. Hereinto, the regularization parameter y; controls the
smoothness and complexity of separating hyperplane in ambient spaces.
When the value of y is small, the hyperplane complexity is strong. The
classification accuracy of training samples is high at this time, whereas
the accuracy of testing samples is quite low, indicating the model is over-
fitting (Fig. 7a). With the increase of yy, the complexity of hyperplane
will reduce and the testing accuracy increases sharply. When yy
increasing to a certain value, the hyperplane will be too smooth to
capture classification features, and the under-fitting is prone to occur
(Fig. 7a). The regularization parameter y,, determines the contribute of
Laplacian-based regularizer to separating hyperplane in the intrinsic
space. As the y,, increases, the more manifold structure information of
data will be considered for constructing the hyperplane. When the y,, is
too large, LapSVM forces a solution that is smoother relative to the
intrinsic geometry and ignores the labeled data, so that its classification
effect will be similar to the unsupervised learning (Fig. 7b). In particular,
when the y,, reduces to zero, the LapSVM model will not impose
manifold constraints during training and degenerate into a standard
SVM. The kernel parameter g controls the geometric feature of RBF
kernel and further determine the action scope of kernel function. The
smaller the g is, the wider the action scope of kernel function and the
easier the model is to under-fitting. On the contrary, the over-fitting will
occur when the value of g is too large (Fig. 7c). Therefore, the choose of

Table 2
Definitions of performance evaluation indicators used in this work.

Evaluation indicators Mathematical expression

Accuracy Accuracy — TP + TN
TP+ FP +FN + TN
Precision Precision — TP
TP + FP
Recall TP
Recall = TP FN
F1-score Fl —score — 2-Precision-Recall

" Precision + Recall

Note: TP = True Positives; FP = False Positives; TN = True Negatives; FN =
False Negatives. TP, FP, TN, FN represent the numbers of positive samples
correctly predicted, negative samples incorrectly predicted as positive sam-
ples, positive samples incorrectly predicted as negative samples, and negative
samples correctly predicted, respectively.
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Fig. 7. Training and testing accuracies of LapSVM models with different values of hyperparameters. (a) Default y,,, g and different y; values; (b) Default y, g and
different y,, values; (c) Default yy, 7, and different g values.

appropriate hyperparameters for the LapSVM model is critical to ach- process requires large amounts of computing resources. Accounting the
ieve an optimal classifier. model performance and operational efficiency, searching ranges of

It is noteworthy that the effect of hyperparameters 7y, vy, and g on hyperparameters in LapSVM were set as yy € [0.01,5], 7, € [0.01,6],
LapSVM is not independent, and they collectively balance the accuracy and g € [0.01, 20] according to numerous test results (Fig. 7). The PSO

and generalization of models. Meanwhile, these hyperparameters algorithm was adopted for parameter optimization of the LapSVM model
commonly have a wide range of values, and the parameter optimization and the searching process of optimal hyperparameters was presented in
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Fig. 8a. It can be found that the fitness value (average accuracy of 5-fold
cross-validation) increases correspondingly with the iteration process
and finally converges to a stable value, which indicates that the
parameter search is featured with optimal results. By the optimization
through PSO, optimal hyperparameters of the LapSVM model were ob-
tained as [yy, 7m, 8l = [0.89,3.06,7.65].

4.2. Impact of unlabeled data on LapSVM

By utilizing large amounts of unlabeled data, LapSVM mines the
structure information of data to enhance the model performance and
alleviates the over-reliance on labeled data. Hence, it is necessary to
illustrate the effect of unlabeled data on LapSVM model performance. As
shown in Table 3, eight sets of data with different labeled-unlabeled data
ratios were designed, of which the ratios varied from 1:1 to 1:8. The
minimum ratio was set as 1:1 because it cannot be called a few labeled-
sample issue when the amount of unlabeled data was less than that of
labeled data. It should be noted that the labeled datasets in each set of
data are the same (i.e., 158 labeled samples mentioned in Section 2.3),
and the unlabeled datasets are randomly sampled from 1372 unlabeled
data. Under the same running environment, each set of data was trained
and tested twenty times individually to investigate how the unlabeled
data impacted the performance of LapSVM in terms of the classification
accuracy, computation time and memory consumption. The hyper-
parameters of each model were optimized by PSO (Fig. 8b-i).

Results of independent experiments on eight sets of data are pre-
sented in Fig. 9. It can be seen that the classification accuracy become
higher with the unlabeled data increase (Fig. 9a). Average accuracies of
LapSVM models increase rapidly from 84.6 % to 95.5 % before the
labeled-unlabeled data ratio reaches 1:6, and the improvement of model
accuracy is insignificant as the amount of unlabeled data continues to
increase. In addition, it can be also found that the computation time
(Fig. 9b) and memory consumption (Fig. 9¢) increase sharply with the
increase of unlabeled data. Average computation times increase
approximately 10 times from 0.45 s to 4.31 s, and the average memory
consumption increases about 200 times from 22.0 kb to 4336.5 kb. Thus,
the addition of more unlabeled data to modeling process can greatly
improve the classification accuracy of LapSVM, since they provide more
useful structure information of data for classification. Simultaneously, it
also leads to significant increase of computational costs, although these
are acceptable for this work. To further enhance the performance of
LapSV), it is needed to reduce the computational cost under the
premise of high model accuracy.

4.3. Performance comparison and validation

To demonstrate the performance improvement of the proposed
LapSVM method, training and testing results of the LapSVM model were
compared with these of a traditional SVM model. The RBF kernel was
also selected as the kernel function for SVM. As it belongs to the su-
pervised learning algorithm, SVM utilizes only the labeled data for
model development. In the modeling process, the 70 % of 158 labeled
data was utilized for training and the other 30 % was used for testing. In
addition, the cross validation and grid searching methods were applied

Table 3
Numbers of labeled and unlabeled data in each dataset.

Labeled data Unlabeled data Labeled-unlabeled data ratio
Dataset 1 158 158 1:1
Dataset 2 158 316 1:2
Dataset 3 158 474 1:3
Dataset 4 158 632 1:4
Dataset 5 158 790 1:5
Dataset 6 158 948 1:6
Dataset 7 158 1106 1:7
Dataset 8 158 1264 1:8
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Fig. 9. Performance comparison of (a) classification accuracy, (b) computation
time and (c) memory consumption for LapSVM models with different ratios of
labeled and unlabeled data. Each ratio of dataset is trained and tested twenty
times individually under the same running environment.

for the parameter optimization of SVM. The optimal parameter can be
determined when the SVM model obtains the highest accuracy. In the
end, the grid searching and cross validation found [C, g] = [5.33,6.25] as
optimal parameters of the SVM model (Fig. 10).

Confusion matrices of training and testing results for SVM and
LapSVM models are displayed in Fig. 11. In the confusion matrix, the
diagonal positions represent the correct classification in each class and
the others are misclassification. The classification result shows that
training and testing accuracies of the SVM model are 90.9 % and 68.8 %,
and these of the LapSVM model are 96.4 % and 91.7 % (Table 4). Form
these results, it can be found that both the SVM and LapSVM perform
well during model training as their classification accuracies of training
data are greater than 90 %. Meanwhile, the performance of LapSVM
model is significantly better than that of SVM in the testing process, with
the testing accuracy increased by 22.9 %. This is mainly due to the SVM
method is based on the supervised learning and is data-driven, and
abundant labeled data are required for training to keep the model per-
formance. Thus, SVM model cannot be completely trained and is prone
to overfitting when the training data is limited. Different from SVM,
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Fig. 11. Confusion matrices of training and testing results for SVM and
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Table 4
Accuracy of SVM and LapSVM models based on training, testing and total data.
Acc_training Acc_testing Acc_total
SVM 90.9 % 68.8 % 84.2 %
LapSVM 96.4 % 91.7 % 94.9 %

LapSVM constructs the decision boundary by considering the intrinsic
features of both labeled and unlabeled data, thereby it relieves the
dependence on labeled data. Hence, the LapSVM model can achieve high
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Fig. 12. Performance comparison by evaluation indicators (a) precision, (b)
recall, and (c) F1-score of SVM and LapSVM models. The precision, recall and
Fl-score are calculated based on training and testing results.

classification accuracy in both training and testing processes, and the
small difference in accuracy (4.7 %) indicates that LapSVM possesses
stronger stability.

Furthermore, other evaluation indicators precision, recall and F1-
score were calculated according to confusion matrices for the perfor-
mance comparison of SVM and LapSVM models. Calculation results of
these evaluation indicators for each model are presented in Fig. 12. It is
observed that the precision, recall and F1-score of undeformed coals for
the two models are all more than 0.92, and the value differences be-
tween models are very small. It manifests that both the SVM and
LapSVM models have good abilities to identify undeformed coals.
Meanwhile, the LapSVM model shows better performance than standard
SVM model in the classification of cataclastic and granulated coals. The
values of precision, recall and F1-score for LapSVM model are over 0.90,
which are 0.09-0.16 higher than these of SVM model. The accurate
prediction of cataclastic coal and granulated coal is critical for CBM
development, because the former is usually high-quality reservoirs and
are most favorable for CBM production, while the latter is adverse in-
tervals due to its poor hydraulic fracturing effects [11,30]. In terms of
statistical metrics (i.e., accuracy, precision, recall and F1-score), the
proposed LapSVM method outperforms standard SVM method over 10 %
in coal structure identification and has its own advantages in the pre-
diction of cataclastic and granulated coals.

To further validate and compare the generalization ability, the built
SVM and LapSVM models were applied to a new set of data from two
blind-wells in the study area, of which all 93 labeled datasets (40
datasets of well A and 53 datasets of well B) were not used in modelling
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Fig. 13. Coal structure identification of blind-test well A and well B by the core observation, SVM and LapSVM methods.

process. According to core observations, coal structures of well A are
cataclastic, undeformed, cataclastic, undeformed, granulated, cata-
clastic, granulated, cataclastic coal, and undeformed coals from top to
bottom, and those of well B are cataclastic, undeformed, cataclastic,

Table 5
Confusion matrices of blind-test wells by SVM and LapSVM.

granulated, cataclastic, granulated, undeformed, granulated, cata-
clastic, and undeformed coals. Coal structure identification results of
SVM and LapSVM models are displayed in Fig. 13. It can be found that
identification results of the LapSVM model are highly consistent with

Predicted (SVM)

Predicted (LapSVM)

Undeformed coal Cataclastic coal Granulated coal Undeformed coal Cataclastic coal Granulated coal
Actual (well A) Undeformed coal 9 (81.8 %) 2 (18.2 %) 0 (0 %) 11 (100 %) 0 (0 %) 0 (0 %)
Cataclastic coal 3(15.8 %) 13 (68.4 %) 3 (15.8 %) 0 (0 %) 19 (100 %) 0 (0 %)
Granulated coal 1 (10.0 %) 2 (20.0 %) 7 (70.0 %) 0 (0 %) 2 (20.0 %) 8 (80.0 %)
Actual (well B) Undeformed coal 13 (92.9 %) 0 (0 %) 1 (7.1 %) 14 (100 %) 0 (0 %) 0 (0 %)
Cataclastic coal 2 (10.0 %) 10 (50.0 %) 8 (40.0 %) 0 (0 %) 19 (95.0 %) 1 (5.0 %)
Granulated coal 0 (0 %) 2 (10.5 %) 17 (89.5 %) 0 (0 %) 2 (10.5 %) 17 (89.5 %)
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these of core observations except for a few depths. The identification
accuracy of LapSVM for blind-test data is 94.6 % (classification accu-
racies of well A and well B well A are 95.0 % and 94.3 %, respectively,
Table 5) and is quite close to the total accuracy of modeling process
(94.9 %). By contrast, identification results of the SVM model are not
ideal. The identification accuracy of SVM is only 74.2 % (classification
accuracies of well A and well B well A are72.5 % and 75.4 %, respec-
tively, Table 5), and is much lower than that of modeling data (84.2 %).
These results further confirm the stability and generalization of the built
LapSVM model.

In blind-well tests of well A and well B, misclassifications of coal
structure by LapSVM method mainly occurred at the interface of
different coal structures. For instance, granulated coals at depth of
753.96-754.13 m (interval I in well A, Fig. 13a) and 984.10-984.21 m
(interval II in well B, Fig. 13b) were misclassified into cataclastic coals,
and cataclastic coals at depth of 987.00-987.17 m (interval III in well B,
Fig. 13b) were misclassified as granulated coals. In the research of Chen
et al. [11], the authors attributed these misclassifications to the
“boundary effects”, which was mainly caused by the low resolution of
logging data. In the interface of coal structure transformation, logging
values may be disturbed or diminished due to the low logging resolution
and are not the true logging response of coal structures. In this context,
the misclassification of coal structure cannot be imputed to the identi-
fication ability of LapSVM model. The successful application of LapSVM
in new wells indicates that it is a reliable method to identify coal
structure when limited labeled logging data is presented.

4.4. Sensitive analysis

The validity and reliability of the proposed LapSVM method have
been verified by above performance evaluation and blind-well test. In
the meantime, it is worth noting that the LapSVM model operates as a
“black box” in the coal structure identification due to the difficulty in
visualizing the classification process, thereby it remains unclear the ef-
fect of input variables on identification results. The establishment and
validation of LapSVM model should not be the end of coal structure
identification. The sensitive analysis of input variables can provide a
way to unlock the “black box” of model and make the machine learning
method more understandable in geological views, which is conducive to
the application and promotion of methods.

Shapley additive explanations (SHAP) is an effective interpretative
tool of machine learning models and is adopted in this work for sensitive
analysis. Based on cooperative game theory, SHAP estimates the
importance of input variables by considering the contribution margin
when adding a variable to model [59]. The variable importance is rep-
resented by SHAP value y;, which is defined as:

_ ISI'(IN] = S| = 1)!

-[V(SU{x}) - V(S)] a3

l SCN{x} V!
where N is the set of all input variables, S is the subset of N, V(S U {x;})
and V(S) are model outputs that trained with and without input vari-
ables S, respectively. SHAP value of the input variable i is determined by
the average value of all possible permutations of variable set.

Sensitive analysis results of five logging variables for LapSVM model
based on SHAP are shown in Fig. 14. The abscissa is the SHAP value that
represents the contribution of a certain logging variable to model out-
puts. The ordinate is the types of logging variables that are arranged in
order of importance degree from top to bottom, namely GR, AC, DEN,
LLD and CAL. The higher the SHAP value, the greater the contribution of
logging variable. From the perspective of geophysical interpretation,
different contributions of well logs reflect the distinct sensitivities of
logging responses. Specifically, the GR log measures the radioactivity of
coal seams and is sensitive to the variation of radioactive elements
density in coals. The DEN and AC can precisely detect the diversity of
bulk density in coals caused by different development degree of pores
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Fig. 14. SHAP values of each input variable used in LapSVM model.

and fractures. The LLD log measures the resistivity of coals that are
associated with gas content. In general, gas content increases with the
deformation degree since high pore/fracture space provide more surface
areas for gas adsorption. However, numerous practices of CBM devel-
opment indicated that gas content of coal reservoirs was also controlled
by complex storage conditions, such as the thickness of coal seam and
sealing capacity of roof and floor. The CAL is the record of borehole size,
and it is susceptible because of the weak mechanical strength of coals.
According to above sensitive analysis and geophysical interpretation, it
can be concluded that the GR, DEN and AC logs have largest contribu-
tions in the identification process of LapSVM, followed by the LLD log,
while the CAL log contribute the least.

4.5. Future work

The effectiveness and superiority of the proposed LapSVM method
have been demonstrated through above analysis results. Nonetheless,
there are still some issues should be considered in future work to further
improve the LapSVM model. First, the computational cost of LapSVM is
high. In this work, the computation time and memory consumption of
model are acceptable as the scale of data for modeling is relatively small.
However, computational costs will predictably be striking when massive
data are added. Thus, one of future work is toward reducing computa-
tional cost for improving the model performance. Second, the proposed
LapSVM method currently is unable to handle the data imbalance
problem. To ensure the performance of classification model, data used
for model training should be balanced, such as the dataset used in this
study, where sample numbers of each coal structure are approximately
the same. However, data imbalance is ubiquitous in practice and always
aggravated by data acquisition. Normally, classification model trained
with imbalanced data is biased towards majority classes, resulting in
underprediction of minority ones [60]. Hence, the imbalanced data can
dramatically reduce the model performance. The prototype generation
(PG) algorithm and synthetic minority over-sampling technique
(SMOTE) are potential solutions. Furthermore, the LapSVM method
proposed in this work for coal structure identification is developed based
on high-rank coal. However, coal ranks have significant diversities from
region to region due to the variation of depositional environment and
coalification condition, which may create difficulties to the promotion
of the proposed LapSVM method in different coals. The model optimi-
zation based on actual coal properties and logging data is the critical
issue when the LapSVM-based method is adopted to other regions. The
PSO used in this work may be not the most appropriate method for
model optimizing in other coal reservoirs, and more parameter optimi-
zation methods, such as the whale optimization algorithm (WOA) and
grey wolf optimizers (GWO), will be explored in future work.
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5. Conclusions

The limited labeled-sample problem poses a great challenge to the
accurate identification of coal structure. In this study, a semi-supervised
learning strategy-based LapSVM method was proposed to identify coal
structure under limited labeled logging data. The LapSVM-based method
can improve the identification performance of model by mining struc-
ture information of abundant unlabeled data, and alleviate the reliance
on labeled data. Datasets collected from 32 CBM wells in the southern
Qinshui Basin, China, were applied to evaluate the performance of
proposed LapSVM method. Experiments with different ratios of labeled
and unlabeled data illustrated that the addition of unlabeled data was
conducive to improve model accuracy, but increased the computational
cost simultaneously. The modeling and blind-well test results validated
the outstanding validity and generalization of the proposed LapSVM
method. The LapSVM model outperformed the standard SVM model
with more than 10 % increase in accuracy, precision, recall and F1-
score. Particularly, LapSVM had better performs in the identification
of cataclastic and granulated coals. The sensitive analysis based on
SHAP revealed that the GR, DEN and AC logs had greatest contributions
in identification process of LapSVM. To extend the application of the
proposed LapSVM identification method, the computational cost, data
imbalance and parameter optimization issues will be explored in future
work.
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