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Featured Application: Using Support Vector Machine identified the macerals in the laminae.

Abstract: Identifying organic matter in laminae is fundamental to petroleum geology; however, many
factors restrict manual quantification. Therefore, computer recognition is an appropriate method for
accurately identifying microscopic components. In this study, we used support vector machine (SVM)
to classify the preprocessed photomicrographs into seven categories: pyrite, amorphous organic
matter, mineral matter, alginite, sporinite, vitrinite, and inertinite. Then, we performed a statistical
analysis of the classification results and highlighted spatial aggregation of some categories using
the kernel density estimation method. The results showed that the SVM can satisfactorily identify
the macerals and minerals of the laminae, and its overall accuracy, kappa, precision, recall, and F1
are 82.86%, 0.80, 85.15%, 82.86%, and 82.75%, respectively. Statistical analyses revealed that pyrite
was abundantly distributed in bright laminae; vitrinite and sporinite were abundantly distributed in
dark laminae; and alginite and inertinite were equally distributed. Finally, the kernel density maps
showed that all classification results, except inertinite, were characterized by aggregated distributions:
pyrite with the distribution of multi-core centers, alginite, and sporinite with dotted distribution, and
vitrinite with stripe distribution, respectively. This study may provide a new method to quantify the
organic matter in laminae.

Keywords: macerals; laminae; organic petrology; SVM

1. Introduction

Laminae are the most minor or thinnest virgin layers of a sedimentary rock or sedi-
ments that can be distinguished [1]. The field of petroleum geology involves the identifica-
tion and quantification of organic matter in laminae [2–4], widely adopting the methods
used in organic petrology to identify different macerals [5,6]. The characteristics and
maturity of insoluble organic matter are utilized in related research on organic matter
sources, types, sedimentary environment, and resource evaluation [7–10]. However, the
quantitative analysis of macerals is usually performed manually [11,12], which relies on
the standards established by the International Committee for Coal and Organic Petrol-
ogy [13] and American Society for Testing and Materials standard D2799-13 (2013) [14].
Furthermore, the experimenter’s experience limits the accuracy of the quantitative analysis.
Therefore, the analysis results may vary from specialist to specialist and do not accurately
describe information on the distribution of maceral groups and minute differences in the
laminae, limiting its large-scale analysis and application. In recent years, some advanced
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techniques, such as the Advanced Mineral Identification and Characterization System and
X-ray diffraction, can identify organic matter in source rocks. However, the focus of these
techniques is on identifying the mineral composition of rocks and they cannot identify
specific macerals [3,15]. Consequently, the application of new methods to quantify macerals
in source rocks is urgently needed.

Previous studies have made considerable attempts to overcome the challenges related
to the quantitative study of coal macerals using computer recognition techniques. In
recent years, some computer scientists have utilized support vector machine (SVM), neural
networks, and random forest plots to identify as well as quantify some maceral groups
and mineral components [16–21]. These scholars started from the perspective of improving
the accuracy of the algorithm and proposed to achieve satisfactory results. Whereas
the fluorescence mode commonly used in the manual calibration of macerals was rarely
mentioned in previous studies, less attention has been paid to the macerals of conventional
sedimentary rocks.

In the studies of computer scientists, methods have been developed for identifying
coal macerals; however, some issues need to be overcome. First and foremost, the content of
organic matter in these rocks is usually below 5% [22–24], and it requires a combination of
reflected-light and fluorescent-light photomicrographs to identify maceral groups [25–27].
Therefore, it may be hard to notice certain organic matters in a sample, resulting in an
insufficient sample for selecting the region of interest (ROI). Second, the morphology of
macerals in shale is more complex and laborious to distinguish than in coal; thus, it is
difficult to calibrate certain macerals accurately. These issues undoubtedly complicate the
quantification of the microscopic components in the laminae. The different combinations
and content of macerals, as well as types of laminae, however, have significant effects on
oil generation [3]. Due to the variation in the tiny laminae, it is complicated to describe
them using conventional methods.

To tackle these issues, this study first stitched and preprocessed hundreds of micro-
scopic images to collect photomicrographs with a large field of view and performed image
enhancement to improve the accuracy of computer recognition. Second, we classified the
micrographs using SVM. Furthermore, we performed a statistical analysis of the area of
the classification results. Notably, this is the first attempt at using computer recognition to
identify the organic matter and its small variations in the tiny laminae of shale.

Nevertheless, an interesting point has not been addressed: how to characterize the
spatial distribution of macerals in the laminae with less organic matter content. Fortunately,
kernel density estimation can satisfactorily resolve the concern about the spatial distribution
characteristics of geographical elements. Therefore, we attempted for the first time to utilize
the method to characterize the spatial distribution of macerals in the laminae. Moreover, if
comprehensive geological data are available, this method can provide supporting evidence
for determining the sedimentary environment of the laminae.

2. Materials

The lacustrine shale from the second member of the Kongdian Formation in Cangdong
Sag was selected, which was obtained by seasonal laminations (hundreds to thousands of
µm). The total organic carbon content is 8.01%, and the average vitrinite reflectance is 0.79.
This sample was made according to the industry standard ISO 7404-2 (2009) [28], using an
epi-illumination microscope with a 50× oil immersion objective magnification. In total,
over 100 reflected-light micrographs and matching fluorescent-light micrographs of the
field were obtained in a JPG format. Each image had a resolution of 2748 × 2208 pixels.

During the study, we divided the photomicrographs into seven categories: pyrite,
amorphous organic matter (AOM), mineral matter, alginite, sporinite, vitrinite, and inerti-
nite. Most of the shale is composed of minerals, mainly pyrite, quartz, albite, etc., and a
small portion is composed of organic matter. Pyrite usually has high grayness values in
white reflected light mode and is spherical or filled with biological remains. Since other
minerals are transparent and hard to identify under the epi-illumination microscope, we
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only identified pyrite of minerals. AOM (or bituminite), alginite, as well as sporinite belong
to the liptinite group, which is an active oil-bearing component of source rocks. AOM does
not have a specific shape and is usually distributed in a strip. The sporinite is elongated
and differs from the AOM in that it has a more defined boundary. The alginite is ellipsoidal
in shape, brighter under fluorescence, and has clearer borders. Both vitrinite and inertinite
are derived from higher plants, and one of the significant differences between them is that
inertinite has a higher value of brightness than vitrinite in reflected white light. Figure 1
presents the typical photomicrographs of the macerals and minerals in this sample. In
fluorescence mode, we can identify alginite, sporinite, and AOM easily, while vitrinite,
inertinite, pyrite, and mineral matter can be shown more clearly under white reflected
light mode.
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Figure 1. Illustrative examples of micrographs of macerals and minerals. (a–c) fluorescence mode;
(d–f) white reflected light mode, same field as (a–c). AOM: Amorphous organic matter.

3. Methods
3.1. Software and Data Preprocessing

The software we used is the Environment for Visualizing Images (ENVI) and ArcGIS.
ENVI software is widely used in remote sensing digital image processing and has also
been successfully applied in other fields, such as estimating wheat crop canopy and dis-
tinguishing the shelf life of pears [29,30]. The software has the advantages of a mature
algorithm, friendly interface, and convenient operation. In addition, it does not require
users to have background knowledge in machine learning or program development to
perform tasks such as image classification and feature information extraction. Therefore,
it is highly reproducible, and we used the ENVI 5.3 software for selecting the ROI, SVM
classification, accuracy check, and post classification. To facilitate the classification, we per-
formed preprocessing, such as geometric correction, image rotation, and boundary cutting
(Figure 2a,b). Owing to the stitching of photomicrographs and the small displacement of
the microscope, the reflected-light and fluorescent-light images had large deviations. These
differences accumulate in the large field of view images and can substantially affect the
classification accuracy. As a result, we corrected the fluorescent-light micrographs using the
reflected-light micrographs to erase the variations based on the nearest neighbor algorithm.
We also cut boundaries to ensure that the stitched micrographs had a regular shape.
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Figure 2. Data preprocessing. (a) Stitching result of geometrically corrected fluorescent-light pho-
tomicrograph; (b) stitching result of reflected-light photomicrograph.

3.2. Color Space Transformation and Feature Extraction

Compared with RGB color space, hue, saturation, and value (HSV) space has more
advantages for machine learning and can better highlight the contrast level of different
categories. Therefore, more scholars in image recognition use the transformation between
HSV and RGB space [31,32]. Similarly, this study transformed the RGB space into HSV
space to increase the accuracy of machine recognition (Figure 3).
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Figure 3. Color space transformation. (a) Fluorescent-light photomicrograph in RGB space;
(b) fluorescent-light photomicrograph in HSV space; (c) reflected-light photomicrograph in RGB
space; and (d) reflected-light photomicrograph in HSV space.

Furthermore, we analyzed eight features (mean, variance, homogeneity, contrast, dis-
similarity, entropy, second moment, and correlation) based on the co-occurrence measures to
extract additional photomicrograph information. Texture analysis can reflect the dispersion
degree of the micrograph grayscale, distinguish macerals with similar grayscale but different
internal structures, and improve the accuracy of computer recognition techniques. Since some
channels have high correlation, we only performed texture analysis for fluorescent-light R
and the reflected-light R channels with low correlation. As a result, the dimensionality of the
dataset can be reduced as well as overfitting of the model can be avoided.
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3.3. Image Classification Based on SVM

SVM is a machine learning method based on statistical learning theory that is widely
used in various fields (particularly in identifying coal macerals). It can create a hyper-
plane, meaning an optimal separation boundary plane to minimize misclassification [33].
SVM mainly discards the training sets next to the support vectors, and the basic two-class
problem in two dimensions is shown in Figure 4 [34]. This shows that even with a small
training set, SVM can obtain better results in identifying microscopic components. The
feature is consistent with the fact that the amount of organic matter in shale may be small.
Moreover, it is a simple computational method, involving the use of few artificially set
parameters [35,36]. In addition, the selection of the kernel function is critical for classifica-
tion accuracy. Relying on previous experience [17,19], we used the radial basis function as
the kernel function. Once the kernel function is selected, SVM has two significant parame-
ters to determine: gamma and penalty parameter. We adopted the values automatically
calculated by the software, with a gamma value of 0.05 and penalty parameter of 100. A
detailed description of the SVM can be found in the papers on machine learning [34,37].
The election of ROI is also critical for machine learning, thus typical, well-characterized
areas are the key ROI we chose. Through the calculation of sample separability based on
the Jeffries–Matusita distance, the separability of ROI in this study was all greater than 1.97,
which belonged to the qualified samples.
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Figure 4. Example of the linear SVM. Modified from Burges (1998) [34].

After testing we found that SVM is indeed more accurate than maximum likelihood,
Mahalanobis distance, and neural net among the supervised classification algorithms of
ENVI (Figure 5). As a result, it is appropriate to utilize SVM for this study.

3.4. Post Classification

To improve the classification accuracy, enhance the continuity, and reduce the noise in
the classified image for the following statistical analysis, a series of post-classification anal-
yses, such as majority analysis, sieve classes, classification merging, etc., were carried out in
this study. Owing to the limited resolution of the micrographs, some classification results
were too small to be validated, which affected the following data analysis. Accordingly, we
removed the classification results that were different from the surrounding 8 pixels and
had less than 2 pixels (about 0.81 µm). We performed classification merge to classify the
unclassified pixels, and these were removed by the sieve classes. In this study, we merged
these pixels into mineral matter.
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photomicrograph; (b) fluorescent-light photomicrograph, same field as (a); (c) maximum likelihood
classification results; (d) Mahalanobis distance classification results; (e) neural net classification
results; (f) SVM classification results. MM: Mineral matter.

3.5. Classification Accuracy Assessment

The kappa coefficient is an accuracy evaluation metric based on a confusion matrix and
ranges from 0 to 1. The higher the value, the better the accuracy. The overall classification
accuracy is the ratio of correctly classified points to the total number of points. In addition,
the accuracy evaluation metrics in this study include precision (P), recall (R), and F1, which
are calculated as shown in formulas (1)–(3):

P =
TP

TP + FP
(1)

R =
TP

TP + FN
(2)

F =
2·P·R
P + R

(3)

where TP, FP, and FN represent true positive, false positive, and false negative.

3.6. Statistical Analysis and Kernel Density Analysis

The area statistical analysis in this study was taken as the relative percentage content
of each classification result, i.e., the percentage of each category was obtained by counting
the pixel points. This can be easily achieved with the “Class Statistics” function in the
ENVI software.

Kernel density estimation is a standard method that can highlight the spatial dis-
tribution characteristics of an element [38,39]. Therefore, it is also possible to show the
features of maceral groups, and the higher the value, the more aggregated the distribution
of macerals in the laminae. Using the ArcGIS 10.3 software, the kernel density estimation
analysis was carried out by converting the feature surface data into the point data. This
analysis reflects the spatial aggregation of the classification and is calculated as follows:

fb(x) = 1
nh

n
∑

i=1
K
(

x−xi
h

)
(4)
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where fh is the kernel density value of the classifications, n is the total number of elements,
h is the bandwidth, and K is the calculation function.

4. Results and Discussion
4.1. Accuracy Assessment

The classification accuracy is crucial for computer recognition. To verify the accuracy of
the classification result, we first generated 350 random checkpoints using the classification
result. Then, the checkpoints were modified manually according to the real macerals and
minerals. Finally, the modified checkpoints were compared with the original checkpoints
to derive the accuracy check metrics.

Table 1 shows the confusion matrix for the classification result, and the result of
accuracy evaluation is given in Table 2. The overall accuracy, kappa, precision, recall, and F1
are 82.86%, 0.80%, 85.15%, 82.86%, and 82.75%, respectively, which meets the requirements
of this study. However, some macerals and minerals are likely to be misclassified in the
classification, such as inertinite misidentified as pyrite and sporinite misidentified as AOM.
As a result, the precision of pyrite and AOM (76.27% and 75.81%) and the recall of inertinite
and sporinite (62.00% and 70.00%) are low. In addition, the low precision of mineral matter
(70.00%) is mainly because some other categories are mistakenly classified as it.

Table 1. Confusion matrix for classification result.

Categories Pyrite AOM MM Alginite Sporinite Vitrinite Inertinite

Pyrite 45 0 4 0 0 0 1
AOM 0 47 1 0 1 1 0
MM 1 0 49 0 0 0 0

Alginite 0 2 5 43 0 0 0
Sporinite 0 13 1 1 35 0 0
Vitrinite 0 0 5 0 0 40 5
Inertinite 13 0 5 0 0 1 31

Table 2. Accuracy evaluation of the classification result.

Evaluation Metrics Pyrite AOM MM Alginite Sporinite Vitrinite Inertinite Overall

Precision 76.27% 75.81% 70.00% 97.73% 97.22% 95.24% 83.78% 85.15%
Recall 90.00% 94.00% 98.00% 86.00% 70.00% 80.00% 62.00% 82.86%

F1 82.57% 83.93% 81.67% 91.49% 81.39% 86.96% 71.26% 82.75%
Overall accuracy 82.86% Kappa, K 0.80

4.2. Image Classification Result and Statistical Analysis

Figure 6 shows the image classification result and the area percentage of each category
in each lamina. The classification results can solve the challenge of quantifying macerals.
Importantly, this addresses the problem that microscopic observers cannot accurately
describe macerals in source rocks to other geologists.

Since mineral matter is not a maceral group and the AOM quantification criteria are
controversial [40], we excluded them from the subsequent analysis. From Figure 6, it is clear
that the concentrations of mineral matter and AOM are the highest. The concentrations of
pyrite, alginite, sporinite, vitrinite, and inertinite in the lamina account for 1.80%, 0.39%,
0.36%, 0.59%, and 0.78% respectively (Figure 7a). However, there is a large variation in
their contents in different laminae due to paleoenvironment changes [41,42]. To explore
the distribution, we divided the lamina into four parts according to the differences in the
brightness values [43], i.e., we labeled clayey laminae as dark laminae (dk1 and dk2), and
silty laminae as bright laminae (b1 and b2).
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In the b1 and b2 laminae (Figure 7b,d), the proportions of pyrite account for the
largest area because of the extensive distribution of framboidal pyrites and the discovery of
biogenic (pyrite-filled) remains in bright laminae. In the dk1 and dk2 (Figure 7c,e), vitrinite
and sporinite cover the largest percentage of area. Overall, the alginite and inertinite are
more equally distributed.

There are significant differences in the area ratio of the thin laminae. To further analyze
the classification distribution of the results, we divided them into 30 thin laminae by pixels
(Figure 6). Pyrite occupies the highest proportion in the 16th thin lamina, accounting for
3.68%, followed by 3rd and 2nd. Alginite has the highest distribution in the 28th thin
lamina, namely 1.33%, followed by 2nd and 26th, with a notable variation between the
25th and 29th thin laminae. Sporinite occupies the highest proportion in the 24th thin
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lamina, accounting for 1.07%, followed by 20th and 23rd. Vitrinite concentrates in the 29th,
7th, and 20th thin laminae, with the highest value being 3.86% in the 29th thin lamina.
Inertinite focuses on the 4th, 29th, and 19th thin laminae, with the highest value being
2.11% in the 4th thin lamina. With this method, even tiny differences in the thin laminae can
be expressed.

4.3. Analysis of the Spatial Characteristics

Although we analyzed the primary data and their variations in the laminae, the spatial
aggregation characteristics cannot be highlighted. As a result, the kernel density estimation
analysis was carried out to visualize the aggregation mode of each classification on the
laminae. We calculated the kernel densities of pyrite, alginite, sporinite, vitrinite, and
inertinite. Figure 8 shows the kernel density maps, and the spatial distribution of the
components was successfully represented by this method.
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(e) inertinite.

Notably, the spatial aggregations of these classifications are closely related to the four
laminae (b1, dk1, b2, and dk2), divided according to the grayscale values of the reflected-
light micrograph only. This indicates a pattern in the spatial distribution of microscopic
components. Pyrite shows the spatial distribution of multi-core centers and is concentrated
in the b1 and b2. The spatial distribution of alginite shows the dotted distribution and is
concentrated in the b1 and dk2. Similarly, sporinite has the spatial distribution of dotted
and is aggregated in dk2. Vitrinite is characterized by the spatial distribution of stripe and
aggregated in b1 and dk2. In comparison, the aggregation distribution of the inertinite is
poor. The spatial aggregation characteristics of vitrinite and inertinite have partial similarity,
which may be due to misclassification.

5. Conclusions

In this study, we used SVM to quantify some maceral groups and inorganic minerals
in the laminae, and the main conclusions are as follows:

(1) Using an appropriate degree of image preprocessing and enhancement can meet
geological research needs, and the overall accuracy and kappa coefficient are 82.86%
and 0.80, respectively. This method is based on ENVI software and thus is replicable
for geologists with little knowledge of machine learning theory. In addition, the map
of classification results can illustrate the microscopic components of the source rock
to other researchers.

(2) Through statistical analysis of the classification results, it is possible to find that the
organic matter and mineral areas vary in different laminae. Using this method can
provide a new way for subsequent research on the combination of laminae and the
difference between laminae in oil generation.
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(3) The spatial distribution of each component can be revealed by the presentation of the
kernel density map: pyrite for the multi-core centers distribution, alginite and spori-
nite for the dotted distribution, and vitrinite for the stripe distribution, respectively;
however, inertinite has no noticeable local enrichment. This discovery can assist in
the follow-up study of the sedimentary environment of the laminae.

However, it is to be noted that there are some limitations in the research, which is a
preliminary study of quantitative macerals in laminae. First, we performed analysis on a
sample only with lamellar layers because of the lack of examples. Second, the complexity
and the fewer numbers of macerals in shale led to some classification results with imperfect
accuracy. Although there are limitations, this study serves to provide new approaches
to quantify the macerals in laminae, and we will further investigate how to improve the
accuracy of computer recognition with few samples and complex macerals in shale.
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