
International Journal of Coal Geology 247 (2021) 103847

Available online 7 September 2021
0166-5162/© 2021 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

High-speed nanoindentation mapping of organic matter-rich rocks: A 
critical evaluation by correlative imaging and machine learning 
data analysis 

S. Vranjes-Wessely a,b,*, D. Misch a, D. Kiener b, M.J. Cordill c, N. Frese d, A. Beyer d, 
B. Horsfield e, C. Wang f, R.F. Sachsenhofer a 

a Department of Applied Geosciences and Geophysics, Montanuniversitaet Leoben, A-8700 Leoben, Austria 
b Department of Materials Science, Montanuniversitaet Leoben, A-8700 Leoben, Austria 
c Erich Schmid Institute of Materials Science, Austrian Academy of Sciences, A-8700 Leoben, Austria 
d Faculty of Physics, Bielefeld University, D-33615 Bielefeld, Germany 
e GEOS4 GmbH, D-14552 Michendorf, Germany 
f State Key Laboratory of Biogeology and Environmental Geology, China University of Geosciences, Beijing, China   

A R T I C L E  I N F O   

Keywords: 
Mechanical properties 
High resolution 
K-means clustering 
SEM 
HIM 
Vitrinite 
Solid bitumen 
Shale 

A B S T R A C T   

Nanoindentation is a valuable tool, which enables insights into the material properties of natural, highly inho
mogeneous composite materials such as shales and organic matter-rich rocks. However, the inherent complexity 
of these rocks and its constituents complicates the extraction of representative material parameters such as the 
reduced elastic modulus (Er) and hardness (H) for organic matter (OM) via nanoindentation. The present study 
aims to extract the representative H and Er values for OM within an over-mature sample set (1.33–2.23%Rr) from 
the Chinese Songliao Basin and evaluate influencing factors of the resulting parameters. This was realized by 
means of high-speed nanoindentation mapping in combination with comprehensive optical and high resolution- 
imaging methods. The average Er and H values for the different particles range from 3.86 ± 0.17 to 7.52 ± 3.80 
GPa and from 0.36 ± 0.02 to 0.64 ± 0.09 GPa, respectively. The results were subsequently processed by the 
unsupervised machine learning algorithm k-means clustering in order to evaluate representative Er and H results. 
The post-processing suggests that inherent heterogeneity of OM is responsible for considerable data scattering. In 
fact, surrounding, underlying and inherent mineral matter lead to confinement effects and enhanced Er values, 
whereas cracks and pores are responsible for a lowered stiffness. Adjusted for these influencing factors, a 
declining trend with increasing maturity (up to 1.96%Rr) could be observed for Er, with average values calcu
lated from representative clusters ranging from 5.88 ± 0.37 down to 4.07 ± 0.32 GPa. Er slightly increases again 
between 2.00 and 2.23%Rr (up to 4.85 ± 0.35 GPa). No clear relationship of H with thermal maturity was 
observed. The enhanced accuracy archived by a large data set facilitated machine learning approach not only 
improves further modelling attempts but also allows insights of impacting geological processes on the material 
parameter and general understanding of mechanical behavior of OM in rock formations. Thus, the presented 
multimethod approach promotes a fast and reliable assessment of representative material parameters from 
organic rock constituents.   

1. Introduction 

In 1992, Oliver and Pharr developed an instrumented nano
indentation method which enables local mechanical material charac
terization at the micro- and nanometer scales (Oliver and Pharr, 2004, 
1992). Since then, this technique has been continuously developed for 

use with a wide range of engineering (Hay, 2009; Oliver and Pharr, 
2010, 2004) and biological materials (Ebenstein and Pruitt, 2006; Oyen, 
2013). In recent years, nanoindentation also caught the attention of 
geoscientists, as the small required testing volume allows the small-scale 
analysis of highly inhomogeneous rock samples with complex compo
sition and microstructure (e.g., Goldsby et al., 2004; Kranjc et al., 2016; 

* Corresponding author. 
E-mail address: sanja.vranjes-wessely@unileoben.ac.at (S. Vranjes-Wessely).  

Contents lists available at ScienceDirect 

International Journal of Coal Geology 

journal homepage: www.elsevier.com/locate/coal 

https://doi.org/10.1016/j.coal.2021.103847 
Received 23 April 2021; Received in revised form 26 August 2021; Accepted 31 August 2021   

mailto:sanja.vranjes-wessely@unileoben.ac.at
www.sciencedirect.com/science/journal/01665162
https://www.elsevier.com/locate/coal
https://doi.org/10.1016/j.coal.2021.103847
https://doi.org/10.1016/j.coal.2021.103847
https://doi.org/10.1016/j.coal.2021.103847
http://crossmark.crossref.org/dialog/?doi=10.1016/j.coal.2021.103847&domain=pdf
http://creativecommons.org/licenses/by/4.0/


International Journal of Coal Geology 247 (2021) 103847

2

Ma et al., 2020; Shukla et al., 2015; Thom and Goldsby, 2019; Yin and 
Zhang, 2011; Zhu et al., 2007). These include for example fine-grained 
and OM-rich sedimentary rocks (e.g., shales) (e.g., Abedi et al., 2016; 
Bennett et al., 2015; Bobko and Ulm, 2008; Kumar et al., 2012b, 2015; 
Liu et al., 2016, 2018; Luo et al., 2020; Ma et al., 2020; Misch et al., 
2018; Shukla et al., 2013; Ulm and Abousleiman, 2006; Yang et al., 
2020), which not only play a vital role as fossil energy carriers given 
sufficient thermal maturity, but also represent potential disposal sites for 
nuclear waste material and may act as geological barriers in the attempt 
to store anthropogenic CO2 or H2 in abandoned hydrocarbon fields 
(Charlet et al., 2017). 

Generally, the mechanical parameters (hardness H, elastic modulus 
E) of shales are measured by static or dynamic macro-scaled experiments 
on drill cores or core plugs. However, while drill core material from 
exploration wells is generally limited, shale intervals are rarely cored 
and typically show a poor core recovery and preservation (Kumar et al., 
2012b; Liu et al., 2016). Furthermore, the standard macroscopic testing 
routines often exhibit low precision and inconsistency of results in case 
of shales, and material properties for the individual constituents (e.g., 
the organic fraction) cannot be derived either. OM occurs as finely 
dispersed, layered or network-like varieties and often fills intergranular 
voids within the rock matrix. This reportedly has a large influence on the 
mechanical and fracture behavior of the overall rock (Khatibi et al., 
2018; Kumar et al., 2015; Sayers, 2013), and therefore on the hydro
carbon producibility and wellbore stability. As a consequence, various 
studies targeted the nanomechanical characterization of OM in shales 
using atomic force microscopy (AFM) (Ahmadov et al., 2009; Eliyahu 
et al., 2015; Emmanuel et al., 2016; Yang et al., 2017) or nano
indentation (Alstadt et al., 2016; Kumar et al., 2012a; Mashhadian et al., 
2018; Zeszotarski et al., 2004; Zhao et al., 2020). The large discrepancies 
between results from both techniques highlight the difficulties in the 
acquisition of representative material parameters for different OM types. 
Eliyahu et al. (2015) concluded in their AFM study that the elastic 
modulus of OM is heterogenous at the nanoscale and that the spatial 
resolution is a key factor for a full mechanical characterization. How
ever, even at the nanoscale, a precise determination is challenging due 
to the complex nature of OM particles embedded within the mineral 
matrix. Individual indents are not sufficient for a holistic mechanical 
characterization of OM, since the individual particles are restrained by 
the surrounding fine grained matrix minerals, which affects the nano
indentation response and complicates the mechanical characterization. 
In contrast, the nanoindentation mapping technique (Bobko and Ulm, 
2008; Constantinides et al., 2006; Liu et al., 2018; Luo et al., 2020; Ulm 
and Abousleiman, 2006) offers great advantages compared to the 
traditional, individual point measurements. In nanoindentation map
ping, material parameters can be obtained statistically from defined 
equal-distance grids placed on the selected surface areas of interest (e.g., 
Constantinides et al., 2006; Liu et al., 2018; Ulm and Abousleiman, 
2006). By doing so, inherent property variations are captured and 
interface effects are visualized. 

In order to test the suitability of high-speed nanoindentation map
ping for the determination of phase-specific micromechanical properties 
in shales and other OM-rich rocks, various types of OM within a set of 
samples from a deep exploration well (Songke-2 Well; SK-2) in the 
Chinese Songliao Basin were characterized. This study is intended as a 
proof-of-concept for nanoindentation mapping of organic matter in fine- 
grained rocks of any kind. In order to study the influence of micro
structural heterogeneities (e.g., pore structure, surface features, micro- 
texture) on the accuracy of micromechanical data, complementary 
high-resolution imaging by means of scanning electron microscopy 
(SEM) and helium ion microscopy (HIM) was conducted. In addition, 
traditional optical petrography was performed for a clear identification 
of OM types (kerogen vs. solid bitumen). Cross-correlation between 
different characterization techniques is a challenge often encountered in 
shale studies (Hackley et al., 2017). To even enable a spatially-resolved, 
correlative analysis between the mechanical property maps and the 

obtained optical and high-resolution SEM and HIM images, a novel, 
high-precision marking tool was utilized. Analysis grids were applied by 
a thermally non-invasive femtosecond laser (Pfeifenberger et al., 2017). 
This approach vastly improved data correlation and interpretation. 
Finally, the micromechanical testing results were further processed by 
the unsupervised machine learning algorithm k-means clustering (Har
tigan and Wong, 1979). The implementation of the k-means clustering 
served to evaluate phase heterogeneities and grain boundary effects and 
to identify outliers caused by unavoidable measurement errors in het
erogeneous structures. Various material science studies already 
demonstrated the potential of machine learning application for material 
characterization as k-means proved to be a successful tool for data 
deconvolution and analysis of nanoindentation results (e.g., Kon
stantopoulos et al., 2020; Koumoulos et al., 2019; Vignesh et al., 2019). 
The established work flow for a reliable determination of phase-specific 
micromechanical properties should improve the quality of input data in 
digital rock modelling and prediction of rock mechanical changes during 
subsurface processes such as hydraulic fracturing. Furthermore, using 
this procedure thermal maturity effects on OM properties are discussed. 

2. Material and methods 

2.1. Sample material 

The examined samples (Table 1) were recovered from the SK-2 well 
drilled during the Deep Continental Scientific Drilling Engineering 
Project in the Songliao Basin of Northeastern China. The Songliao Basin 
covers an area of 260,000 km2 and is known as one of the most pro
ductive oil and gas provinces worldwide (Desheng et al., 1995). 
Remarkably, the SK-2 well was the deepest continental scientific drilling 
project accomplished by any Asian nation (Hou et al., 2018). A focus of 
the project was the exploration of deep unconventional gas resources 
within the Cretaceous succession. The studied samples were recovered 
from the Lower Cretaceous Shahezi Formation. These rocks are char
acterized by a high total organic carbon content (TOC) and extensive 
occurrences of shale gas (Hou et al., 2018). As the samples originate 
from great burial depths (3376–4426 m), the present OM is thermally 
mature. The vitrinite reflectance values range between 1.33 and 2.23% 
Rr corresponding to the oil phase-out to dry gas transition (Noah et al., 
2020). A detailed regional geological overview is given in Hou et al. 
(2018). 

2.2. Sample preparation and laser-marking 

Prior to experiments, the selected SK-2 samples were embedded into 
epoxy resin perpendicular to their bedding plane and mechanically 
polished (final polishing step: 0.04 μm colloidal SiO2 suspension with 
water and polyethylenglykol). The OM within the polished sections were 
then examined and defined by optical microscopy using Leica DM 4500P 

Table 1 
Overview of burial depths, vitrinite reflectance values and geochemical bulk 
parameters by Noah et al. (2020) for the studied samples. (VR – vitrinite 
reflectance, TOC – total organic carbon, S1 – free hydrocarbons (HC), Tmax – 
Rock Eval temperature of maximum HC-generation, HI – hydrogen index).    

by Noah et al. (2020) 

Name Depth VR TOC S1 Tmax HI  

m %Rr wt% mg HC/g ◦C mg HC/g TOC 

SK2 3376 1.33 20.4 0.55 510 56 
SK5 3466 1.68 2.42 0.06 533 22 
SK9 3586 1.96 7.37 0.05 552 25 
SK10 3616 1.89 1.85 0.02 557 17 
SK12 3676 2.00 1.31 0.01 555 16 
SK18 3866 2.23 4.43 0.02 579 11 
SK37 4426 2.21 1.10 0.03 597 5  
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and DM 4P microscopes, both under oil immersion (DM 4P) and at air in 
dry state (DM 4500P). Representative areas of interest were selected and 
subsequently marked with a femtosecond laser-machined grid in order 
to facilitate nanoindentation and subsequent correlated examination of 
the OM particles (Fig. 1). The suitability of this ultrashort pulsed laser 
ablation technique for use with heat-sensitive specimen such as bio
materials is well documented and the thermal overprint is considered 
negligible (Jakob et al., 2017; Pfeifenberger et al., 2019, 2017). The 
parameter set used during grid preparation with the Auriga Laser plat
form (Carl Zeiss) is summarized in Table 2. 

2.3. High-speed nanoindentation mapping 

The nanoindentation property mapping was performed using a 
Hysitron TS 77 Select (Bruker) equipped with a Cube Corner diamond 
tip. A fused silica standard was used for the calibration of the Cube 
Corner area function following the Oliver-Pharr method (Oliver and 
Pharr, 1992). Prior and subsequently to property mapping, scanning 
probe microscopy (SPM) was performed to identify and document un
disturbed areas for representative measurements. All SPM images are 
visualized with Gwyddion (Nečas and Klapetek, 2012). The individual 
indents were performed in load-controlled mode with a trapezoidal 
loading profile (0.5 s loading, 1 s hold, 0.5 s unloading) and a maximum 
load of 800 μN. Equivalent to conventional nanoindentation tests, 
hardness (H) and reduced elastic modulus (Er) are calculated based on 
the evaluation of the resulting load-displacement curves after the Oliver- 
Pharr method (Oliver and Pharr, 1992). The elastic Young’s modulus 
differs from the reduced elastic modulus mainly in that the deformation 
of the diamond tip during the testing procedure is considered. For soft 
material such as OM, the Young’s modulus and reduced elastic modulus 
values are alike, as the deformation of the Cube Corner tip by the soft 
substrate is negligible. Consequently, in this study Er will be used as 
mechanical parameter of OM. For each sample, at least five maps with 
variable arrays (up to 9 × 9 indents) were placed on OM particles visible 
within the femtosecond laser grids. The array spacing was 2–3 μm 

between the individual measurement spots in order to fully resolve 
property heterogeneities while still avoiding interference between the 
indents. An indent-depth ratio of 10 was recommended for a wide va
riety of materials (Sudharshan Phani and Oliver, 2019). Due to the 
ductile nature of OM resulting in indentation depths of ~700 nm, this 
ratio is not reached for the studied samples, as such a wide spacing 
would hinder the correct acquisition of true property heterogeneities. A 
careful examination of all load-displacement curves for unwanted ef
fects of plastic pre-deformation did not reveal any signs of measurement- 
induced bias. 

2.4. Scanning electron microscopy 

Scanning electron microscopy was performed using a Tescan Clara 
field emission (FE)-SEM equipped with backscattered (BSE) and sec
ondary electron (SE) detectors as well as an energy-dispersive X-ray 
(EDX) detector (Oxford Instruments). For the correlative study, SEM 
images were acquired in two steps. At first, imaging was done on the 
mechanically polished and laser-marked blocks for an overview of 
measurement spots. These investigations were performed on the un
coated specimen surfaces at low electron energy (<5 kV) in order to 
maintain the undisturbed state for further introduced HIM imaging. In 
the second stage (after nanoindentation and HIM), representative sub- 
specimens were cut from the mechanically polished blocks and further 
prepared with a Hitachi ArBlade 5000 broad ion beam (BIB) preparation 
system with an Ar beam at 8 kV for 2 h. The BIB-polished surface was 
then coated with few nm Au and subsequently imaged at 5–10 kV. BIB- 
SEM is nowadays a standard technique in the characterization of OM 
nanostructures, allowing for the investigation of artefact-free micro
structures and particularly porosity associated with OM at high resolu
tion (Hackley et al., 2021). 

2.5. Helium ion microscopy 

HIM was carried out using an Orion Plus microscope (Carl Zeiss). 
HIM images were acquired at an acceleration voltage of 34.5–36.1 kV 
and a beam current set at 0.3–2.9 pA. The sample surface was not 
sputtered with a conductive layer to prevent artifacts that may result 
from such coating. Thus, an electron flood gun was used during imaging 
in order to stabilize charging of the specimen surface. HIM has the 
capability to provide SE images at ultra-high resolution, and offers a 
surface sensitivity and contrast superior to conventional FE-SEM. 
Furthermore, it is particularly efficient in the use with materials 
constituted of low-mass elements such as carbon, as the helium ion beam 
has a lower interaction volume compared to an electron beam (Bell, 
2009; Hlawacek et al., 2014; Scipioni et al., 2009; Sijbrandij et al., 2010; 
Ward et al., 2006). Due to the very limited availability of such micro
scopes, relatively few studies have used HIM for the characterization of 
OM in mudstones and shales (Cavanaugh and Walls, 2016; Hackley 
et al., 2021; Huang et al., 2020; King et al., 2015; Peng et al., 2015; 
Wang et al., 2020; Wu et al., 2020). Nevertheless, HIM proved to be a 
valuable complementary method in this study due to its ability to ach
ieve highest resolutions on mechanically polished and native samples, as 
well as to better resolve topographic features compared to SEM (Cav
anaugh and Walls, 2016; King et al., 2015). 

Fig. 1. (a) SEM overview image of a femtosecond laser marked surface of 
sample SK10, facilitating the (b) optical examination of specific OM particles as 
well as the nanoindentation mapping of the latter (nanoindentation grid is 
visible on the surface of the OM particle). 

Table 2 
Femtosecond laser parameter set for grid preparation (Ef – fluence, f – pulse 
repetition rate, D – divisor, vs – scan speed, λ – Laser wavelength, L – line rep
etitions, S – scan repetitions, for further information see Pfeifenberger et al. 
(2017)).  

Ef f D vs λ L S 

J cm− 2 kHz  mm/s nm   

0.49–1.15 50 15–50 1 515 1 15–25  
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2.6. k-means clustering 

k-means is a machine learning algorithm for cluster analysis. It 
identifies the local means of a given number of cluster subsets k within a 
larger dataset. After predefinition of the number of clusters k, the al
gorithm optimizes the clustering by assigning each data point to the 
cluster with the closest mean central value (“centroid”) (Hartigan and 
Wong, 1979). The clustering is then iteratively improved until the 
average sum of squared distances amid points of each cluster is mini
mized and no further point shifts occur (Hartigan and Wong, 1979). k- 
means clustering is classified as unsupervised machine learning since 
labeling, categorization and training of the data set prior to analysis is 
not required. However, the number of clusters needs to be pre
determined by the users, either by knowledge of the phases within the 
sample (Vignesh et al., 2019) or by the implementation of heuristic 
methods for quality validation of clustering. These approaches include 
for instance the Elbow method (Thorndike, 1953) and the Silhouette 
method (Rousseeuw, 1987). After specifying the number of clusters, the 
initial centroids are chosen uniformly at random, then recomputed 
iteratively until the minimal within-cluster sum of squares is reached. 
However, this random initialization might affect overall clustering 

performance for certain data sets. Implementation of the k-means++

algorithm (Arthur and Vassilvitskii, 2007) is an approach for improved 
cluster initialization and was adopted for this study. Property mapping 
results for H and Er were clustered using the Python machine learning 
library scikit-learn (Pedregosa et al., 2011) in order to improve local 
mean values for the individual mapped phases and to detect boundary 
effects. The clustering algorithm was applied twice on each data set: (1) 
the tested minerals were separated from the OM within the map in order 
to (2) evaluate the different mechanical domains within the OM 
particles. 

3. Results 

3.1. Optical and SEM petrography 

Optical and scanning electron microscopy revealed strongly differing 
textural characteristics of the imaged samples. The following description 
is ordered according to increasing burial depth and thermal maturity 
(see Table 1). 

Fig. 2. (a) Optical image (oil immersion) of sample SK2 showing elongated vitrinite particles. (b) BSE overview image of the BIB polished area. (c, d) Non-porous OM 
within chert exhibiting occasional pores. 
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3.1.1. SK2 
Sample SK2 (1.33%Rr) consists of silicified fossil wood with abun

dant vitrinite (Fig. 2a). The well-preserved cell structure, which is also 
visible in the BSE overview image (Fig. 2b), indicates that silicification 
occurred during early diagenesis. Due to the dilution by microcrystalline 

quartz (chert), the TOC content is only ~20 wt% (Table 1). Neverthe
less, SK2 is the most organic matter-rich of all studied samples. The 
elongated OM parts appear structureless and non-porous at higher BIB- 
SEM resolution (Fig. 2c, d). The chert exhibits occasional pores, which 
are frequently located in proximity to vitrinite (Fig. 2d). However, 

Fig. 3. (a) Photomicrograph of the solid bitumen network in sample SK5. (b) BIB-SEM overview of the OM network filling intergranular voids in-between carbonate 
and quartz grains; the detail image in (c) shows porous bitumen hosting round and angular pores and quartz inclusions. (d) Solid bitumen containing few pores. (e) 
Porous solid bitumen with large interface pores (white arrows). 

S. Vranjes-Wessely et al.                                                                                                                                                                                                                      



International Journal of Coal Geology 247 (2021) 103847

6

overall porosity is limited in the microcrystalline quartz as well. 

3.1.2. SK5 
Sample SK5 (1.68%Rr) hosts solid bitumen filling intergranular pore 

space in-between coarse quartz and carbonate grains (Fig. 3a). The solid 
bitumen forms a continuous OM network throughout the imaged spec
imen (Fig. 3b–e). In contrast to sample SK2, vitrinite is largely absent. 
OM pores are generally rare but occur occasionally within the solid 
bitumen groundmass or at interfaces with matrix minerals (Fig. 3c–e). 
These pores exhibit either rounded or angular morphologies. 

3.1.3. SK9, SK10, SK12 
Samples SK9 (1.96%Rr), SK10 (1.89%Rr) and SK12 (2.00%Rr) show 

similar thermal maturity and OM types, SK9 is richest in OM (7.37 wt% 
TOC; Table 1). In contrast to the comparable OM composition, the 
mineral matrix texture of the three samples varies considerably 
(Figs. 4b, 5b, 6b). Sample SK9 is characterized by large grains and 
considerable carbonate cementation (Fig. 4b), while SK10 is dominated 
by fine-grained clay minerals (Fig. 5b). Sample SK12 is characterized by 
a clay matrix similar to sample SK10, but coarse grains and carbonate- 
cemented areas are also present (Fig. 6b). 

All three samples are characterized by relatively large, disseminated 
vitrinite particles, while inertinite occurs in smaller amounts (Figs. 4a, 
5a, 6a). BIB-SEM images reveal that the structureless OM is non-porous 
(Figs. 4c, d, 5c, 6d). However, particularly in samples SK10 and SK12, 
OM particles with significant amounts of finely dispersed mineral in
clusions were observed (Figs. 5d, 6c). 

3.1.4. SK18, SK37 
Samples SK18 (2.23%Rr) and SK37 (2.21%Rr) are the specimen with 

the highest maturity. Sample SK18 (4.43 wt% TOC; Table 1) contains a 
shaly part with detrital vitrinite particles and an approximately 5 mm 
thick vitrinite layer. 

One large detrital vitrinite particle in the shaly part contains abun
dant authigenic quartz (Fig. 7a–c), while authigenic quartz in the thick 
vitrinite band occurs less frequently (Fig. 7d, e). Vitrinite contains oc
casional pores, which are mostly angular and occur in irregularly 
distributed clusters often adjacent to the authigenic minerals. 

Sample SK37 has the lowest TOC content of all studied samples and 
consequently exhibits a low amount of OM particles (Fig. 8a, c). The 
observed OM is mostly vitrinite and inertinite, embedded into a clay 
mineral-rich matrix (Fig. 8c, d). Only few vitrinite particles host minor 
internal porosity (Fig. 8b). 

3.2. High-speed nanoindentation mapping and correlative high-resolution 
imaging 

High-speed nanoindentation mapping was performed for 38 selected 
OM particles within the investigated samples (Table 1). The average Er 
and H values of all maps are summarized in Table 3. Additionally, the 

total average of all maps from each sample were calculated for a better 
comparability (Table 4). 

Seven maps have been collected for vitrinite in sample SK2 (1.33% 
Rr). The average Er values for these maps range from 5.85 to 6.77 GPa, 
resulting in the highest total average Er value of all samples (6.26 ± 1.09 
GPa). The average H values vary from 0.45 to 0.57 GPa. Variations 
within a particle and the respective load-displacement curves are dis
played for a vitrinite grain (map 5) in SK2 (Fig. 9). 

Five maps representing solid bitumen were obtained for sample SK5 
(1.68%Rr). Both average Er (4.98–5.81 GPa) and H (0.40–0.48 GPa) 
values are lower than for vitrinite in SK2. 

Five vitrinite particles were selected from sample SK9 (1.96%Rr). 
Four of these particles (maps 2–5) show relatively low average Er 
(3.86–4.68 GPa) and H values (0.36–0.48 GPa). The lowest deviation of 
Er and H values within a map in SK9 were obtained from a relatively 
large and homogenous vitrinite particle (map 5) (Fig. 10). Only map 1 
exhibits a higher average Er of 6.65 ± 1.71 GPa, likely due to abundant 
authigenic minerals. However, in contrast to Er, the average H value of 
map 1 (0.46 ± 0.04 GPa) is within the range of the other vitrinite 
particles. 

Five vitrinite particles (maps 1–5) in sample SK10 (1.89%Rr) are 
characterized by higher average Er (4.83–6.34 GPa) and H values 
(0.47–0.54 GPa) compared to SK9, despite of the comparable thermal 
maturity of both samples. 

The average Er obtained from five vitrinite particles (maps 1–5) in 
sample SK12 at 2.00%Rr are rather uniform (4.83–4.98 GPa). They 
range above most of the values determined in SK9, but lower compared 
to SK10. The average H values span from 0.39 to 0.54 GPa. 

Six vitrinite maps were obtained for sample SK18 (2.23%Rr). Maps 1 
to 3 represent the approximately 5 mm-thick coaly layer described 
above and display relatively consistent average Er (4.64–4.91 GPa) and 
H values (0.54–0.57 GPa). Maps 4 to 6 represent vitrinite particles in the 
shaly part of the sample and show slightly higher Er values 
(5.04–7.52 GPa). The high average Er value of map 4 is also character
ized by a large standard deviation (7.52 ± 3.8 GPa). Average H values in 
the range of 0.50 to 0.57 GPa are similar to those in the coaly layer. 

One inertinite (map 1) and four vitrinite particles (maps 2–5) were 
investigated in sample SK37 (2.21%Rr). Average Er and H values ob
tained from the vitrinite maps range from 4.67 to 5.61 GPa and from 
0.49 to 0.59 GPa, respectively. The inertinite particle exhibits an 
average Er of 5.65 ± 2.7 GPa which is similar to that of vitrinite in map 4, 
but its H value (0.64 ± 0.09 GPa) is the highest of all investigated OM 
particles. 

The total average Er and H values obtained of each sample (average 
of all maps per sample, see Table 4) are plotted versus vitrinite reflec
tance in Fig. 11. The plot reveals a large variation for the mechanical 
parameters, in particular for Er (see Fig. 11). Based on the average Er 
(Table 4), a slight decrease with increasing maturity can be observed. In 
contrast, the average H values vary from 0.40 to 0.56 GPa without a 
systematic maturity trend. 

Fig. 4. Photomicrograph and BIB-SEM images of sample SK9. (a) Optical image of vitrinite particles (white arrows) under oil immersion. (b) BIB-SEM overview of 
the rock texture. (c, d) BIB-SEM images of non-porous OM particles. 
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Fig. 12a shows an optical micrograph of a vitrinite particle in sample 
SK12 (map 4). The correlative HIM image of the OM particle is presented 
in Fig. 12b. Nanoindents are shown in the SPM surface map (Fig. 12c). 
HIM imaging revealed that the SPM surface scans affected the soft 
maceral surface (Fig. 12d, detail in D). Corresponding property maps for 
Er and H are displayed in Fig. 12e, where the highest Er values are 
observed in proximity to mineral grain boundaries. 

A further example of nanoindentation property mapping of a vitri
nite particle is shown for sample SK12 in Fig. 13 (Table 3, map 5 in 
SK12). HIM imaging enabled a more detailed view on individual indents 
and cracks within the OM (see inset in Fig. 13a). The property maps 
exhibit local variability of Er and (at a lesser degree) H values and in 
combination with the correlative imaging it appears, that these are often 
obtained in proximity to surrounding mineral matrix and cracks (Fig. 13 
a, b). Er values of OM adjacent to minerals are typically enhanced, but 
reduced values were also obtained (Fig. 13b). In order to correct for such 
unwanted boundary and topography effects, k-means clustering was 
executed on the micromechanical dataset in order to obtain “represen
tative” OM properties (see explanations below). 

3.3. k-means clustering 

k-means clustering was applied on the mapping datasets in order to 
study the data structure by identifying clusters and their centers 
(Fig. 14a). The maximum number of clusters was set to four. These 
different clusters within an individual OM particle may represent 
influencing factors such as proximity to mineral grain boundaries 
(Fig. 14b, c) or the local presence of pores or cracks. For several samples, 
the Elbow method (Thorndike, 1953) and the Silhouette method 
(Rousseeuw, 1987) proved helpful in predetermining the cluster num
ber. The final assignment of clusters and the quality check of individual 
measurements was assisted by the evaluation of SPM maps and, if 
available, data from correlative high-resolution imaging (Figs. 12, 13). 

Usually, the most “representative” OM domains (no apparent min
eral inclusions/pores/cracks; distant to grain boundaries) are repre
sented by the largest clusters for most property maps (Figs. 14, 15). The 
remaining obtained clusters and their respective centroids are denomi
nated as “low”, “elevated” and “high” based on their values compared to 
the “representative” clusters/centroids (Table A in supplemental). In 
contrast to map 1 in sample SK2 (Fig. 14), map 1 in SK10 also needs to be 
corrected for a “low” cluster, underestimating the representative results 
(Fig. 15; Table A in supplemental). 

Table A (see supplemental to this article) summarizes the k-means 
clustering results for Er and H values obtained from each property map. 
In order to ensure reliability and enable comparability between the 
samples, the average of all data points within the representative clusters 
per sample/vitrinite reflectance were calculated (Table 5). Average 
representative k-means Er show a decreasing trend with increasing vit
rinite reflectance (Fig. 16a) from 1.33 up to 1.96%Rr. In contrast, no 
maturity trend exists for the average k-means H (Fig. 16b), which re
mains relatively constant for all samples (0.40–0.55 GPa). 

OM at 1.33%Rr (SK2) exhibits the highest Er with representative k- 
means centroids ranging from 5.41 to 6.17 GPa (seven maps, mean at 
5.88 ± 0.37 GPa calculated from data points within representative 
clusters). For solid bitumen in SK5 at 1.68%Rr the representative k- 
means centroids for Er vary from 4.68 to 5.25 GPa. The average Er 
calculated from representative clusters for Er at 1.89%Rr (SK10), 1.96% 
Rr (SK9) and 2.00%Rr (SK12), obtained from 5 maps each, deviate 
significantly from each other, despite the minor differences in thermal 
maturity (Table 5). The largest discrepancy between representative Er 
centroids is observed at 1.96%Rr (SK9), where the k-means centroids of 
four out of five maps show only minor variation from 3.86 to 4.27 GPa, 
whereas one larger OM layer with mineral inclusions is strongly shifted 
to 5.58 GPa (Table A in supplemental, map 1 in SK9). 

The average representative Er obtained from samples at ~2.2%Rr 
range at 4.43 ± 0.55 GPa for sample SK37 (five maps) and 

Fig. 5. (a) Optical image of vitrinite particles (white arrows) under oil immersion within sample SK10. BIB-SEM images displaying an (b) overview of the mineral 
fabric, (c) non-porous OM particle and (d) OM hosting finely dispersed mineral inclusions. 

Fig. 6. (a) Photomicrograph displaying vitrinite particles in sample SK12. (b) BIB-SEM overview of the sample. (c) OM particle containing mineral matter. (d) BIB- 
SEM images of a non-porous OM particle of sample. 
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4.85 ± 0.35 GPa (six maps) for sample SK18. In contrast to the 
remaining samples, an inertinite particle was also included in the testing 
of sample SK37, exhibiting similar results compared to vitrinite (Table A 
in supplemental, map 1 in SK37). The results for SK18 were obtained 
from six property maps including three maps from a single vitrinite layer 
and three maps from dispersed vitrinite hosting authigenic minerals. 
The particles with authigenic mineral inclusions show slightly elevated 
Er values and more variation between the individual representative 
centroids (4.77–5.37 GPa; Table A in supplemental, map 4–6 in SK18) 

compared to those obtained from the homogeneous vitrinite layer 
(4.79–4.83 GPa; Table A in supplemental, map 1–3 in SK18). Further
more, the non-representative “elevated” and “high” clusters of vitrinites 
with extensive authigenic mineral occurrence show considerably higher 
Er values with a maximum at 16.86 GPa for a non-representative 
centroid (Table A in supplemental, map 4 in SK18). 

Fig. 7. (a) Optical image (oil immersion) of dispersed vitrinite in sample SK18. (b, c) Porous vitrinite hosting authigenic minerals (predominately quartz). (d, e) BIB- 
SEM overview and detail images of a broad vitrinite layer hosting angular pores and quartz inclusions. 
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4. Discussion 

4.1. Influence of boundary proximity and mineral inclusions on 
micromechanical properties of organic matter 

The nanoindentation property mapping revealed strong heteroge
neities of the micromechanical parameters (especially Er) within indi
vidual OM particles. These variations are mostly noticed either in 
presence of mineral inclusions within OM or the restraint by surround
ing mineral grains, mostly resulting in increased elastic modulus values 
near OM – mineral grain boundary regions (Figs. 12–15). Also, the 
nanoindentation mapping-procedure might also induce cracks in tested 
particle (Fig. 17). For the postmature samples investigated here, the 
locally increased Er values are interpreted as the result of intense burial 
compaction and consequently the OM being indented by the grain 
framework. Similar observations (enhance apparent modulus of OM due 
to surrounding and underlying mineral matrix) were also reported by 
Zargari et al. (2016) for OM in Bakken shales. 

Vranjes et al. (2018) observed a positive correlation of ash yield 
(inorganic residue after coal combustion) and the Er of vitrinite in coals. 
As the mineral matter content of a coal seam can be approximated by its 

ash yield, this trend was interpreted as the result of a relative density 
increase of the tested vitrinite particles due to mineral inclusions. 

Even for the undisturbed OM groundmass (representative centroids 
and respective data points from k-means clustering), significantly 
different Er values have been determined for samples at comparable 
thermal maturity (e.g., samples SK10, SK9 and SK12 at 1.89, 1.96 and 
2.00%Rr VR, respectively; Table 5; Table A in supplemental). For these 
samples, BIB-SEM images reveal substantial differences regarding grain 
size and diagenetic cementation (Figs. 4b, 5b, 6b). The average Er ob
tained from representative k-means clusters for the OM particles within 
the coarse-grained, well-cemented sample SK9 is 4.07 ± 0.32 GPa 
(excluding an outlier from mineral matter-rich OM; see Table 5; Table A 
in supplemental, map 1 in SK9) and ranges considerably lower 
compared to the finer-grained, clay-rich sample SK10 (average Er at 
5.01 ± 0.34 GPa). 

This difference in stiffness is likely attributed to the more intense 
burial compaction in the clay-rich facies. The absence of pressure 
shadows in-between large, brittle mineral grains results in a systematic 
increase in OM compression by the surrounding clay matrix. Enhanced 
compression might be an effect of more efficient compaction effects 
based on the plate-like morphologies of clay minerals (Hubbert and 

Fig. 8. (a) Photomicrograph of vitrinite and inertinite particles within sample SK37. (b) BSE image of an OM particle exhibiting few internal pores. (c) BIB-SEM 
overview of SK37 documenting the OM-lean texture with only few isolated OM particles. (d) Detail image of a non-porous OM particle interpreted as vitrinite. 
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Rubey, 1959; Revil et al., 2002). Hence, the lower clay content and 
predominately coarse-grained mineral matrix of sample SK9 likely 
impeded compaction, thereby leading to less confinement and lower 
average Er of OM particles (Fig. 10; Table 5). 

4.2. Micromechanical changes with thermal maturation and pore 
structure evolution 

The average Er calculated from the data points within representative 

k-means clusters of OM exhibit a decreasing trend with increasing 
thermal maturity (%Rr). Declining modulus values were also observed 
by Zargari et al. (2016) for kerogen at maturity levels from the onset of 
the oil window throughout the gas window. According to these authors, 
this observation is likely related to the formation of gas- or bitumen- 
filled nanopores with proceeding thermal maturity. In contrast, 
Emmanuel et al. (2016) showed in their AFM study a general increase of 
the elastic modulus for kerogen between 0.40 and 0.82%Rr and stable 
mechanical properties between 0.82 and 1.25%Rr. A general increase of 
the Young’s modulus of vitrinite with thermal maturity (between 0.62 
and 1.13%Rr) was also demonstrated in the nanoindentation study by 
Zhao et al. (2020). Both studies (Emmanuel et al., 2016; Zhao et al., 
2020) concluded that the thermally-induced stiffness increase is likely a 
result of ongoing aromatization. These findings are supported by an 
atomistic modelling study where the Young’s modulus of kerogen in
creases exponentially with density and aromatic ordering caused by 
increasing burial stress (Kashinath et al., 2020). However, the natural 
variability of OM-hosted porosity was not accounted for in the funda
mental property modelling study and the authors emphasize that local 
porosity may lead to a significant weakening (Kashinath et al., 2020 and 
references therein). The effects of pore generation have been discussed 
within a previous TEM study on vitrinite macerals in coals (Vranjes- 
Wessely et al., 2020). In the aforementioned study, a stiffness decrease 
has been linked to increasingly larger mesoporosity due to hydrocarbon 
cracking from the primary kerogen. Vranjes-Wessely et al. (2020) 
concluded that smaller pores can share an applied load more efficiently 
in contrast to samples containing fewer but larger pores. It also needs to 
be emphasized that most experimental data cited for kerogen (Emma
nuel et al., 2016; Zargari et al., 2016; Zhao et al., 2020) was obtained 
from samples below a thermal maturity of 1.25%Rr, whereas the spec
imen in this study cover postmature samples up to 2.23%Rr. No major 
SEM-visible OM-hosted porosity was observed in samples at 1.33%Rr, 
1.89%Rr, 1.96 and 2.00%Rr. Furthermore, the apparent absence of 
visible OM porosity at 1.33%Rr (Fig. 2c, d) might be linked to pore 
occlusion by hydrocarbons (bitumen), as previously demonstrated by 
bitumen-extraction experiments of post-mature samples (Misch et al., 
2019b; Valenza et al., 2013; Wei et al., 2014). In comparison, kerogen at 
2.23%Rr (sample SK18) exhibits distinct porosity (Fig. 7c, e) indicating 
removal of clogging bitumen from pores and further thermally induced 
pore generation (Misch et al., 2019a). The OM pores at 2.23%Rr are 
characterized by angular/asymmetrical shapes and inhomogeneous 
distribution within the particles (Fig. 7c, e). Irregular pore distribution 
within a single OM particle might be attributed to initial inherent in
homogeneities (Löhr et al., 2015), differential grain support during 
compaction (Curtis et al., 2012; Mathia et al., 2016; Schieber, 2013) and 
intercalations between OM and mineral matter (Mathia et al., 2016; 
Milliken et al., 2013). Misch et al. (2020) showed that OM-hosted pore 
shapes are influenced by burial compaction similar as mineral matrix 
pores. A slight increase of the average representative Er observed from 
2.00 to 2.23%Rr might be an indicator of enhanced confinement of the 

Table 3 
Average Er and H results and corresponding standard deviation (SD) values 
calculated based on the total number of indents per particle (n) for each map. (v 
– vitrinite, sb – solid bitumen, i – inertinite).    

Average   

Name Map Er SD H SD OM type n   

GPa GPa GPa GPa   

SK2 1 6.77 1.71 0.46 0.05 v 33 
2 5.90 0.80 0.46 0.05 v 40 
3 6.46 1.26 0.45 0.05 v 14 
4 5.85 0.45 0.55 0.02 v 30 
5 6.11 0.97 0.57 0.03 v 58 
6 6.01 0.25 0.53 0.03 v 24 
7 6.76 1.15 0.53 0.06 v 41 

SK5 1 5.81 1.51 0.47 0.09 sb 21 
2 5.09 0.52 0.40 0.02 sb 46 
3 4.98 0.73 0.44 0.04 sb 40 
4 5.50 1.35 0.48 0.06 sb 34 
5 5.33 1.27 0.41 0.02 sb 15 

SK9 1 6.65 1.71 0.46 0.04 v 24 
2 4.30 0.57 0.48 0.04 v 33 
3 4.28 0.80 0.36 0.02 v 35 
4 4.68 1.12 0.46 0.07 v 18 
5 3.86 0.17 0.36 0.02 v 48 

SK10 1 5.20 0.81 0.51 0.02 v 30 
2 5.41 0.44 0.53 0.02 v 39 
3 4.83 0.43 0.47 0.02 v 66 
4 5.72 1.49 0.54 0.05 v 28 
5 6.34 1.76 0.49 0.05 v 27 

SK12 1 4.85 1.26 0.47 0.06 v 41 
2 4.98 0.77 0.39 0.03 v 44 
3 4.94 0.57 0.48 0.02 v 37 
4 4.94 1.09 0.49 0.03 v 62 
5 4.83 0.64 0.54 0.03 v 24 

SK18 1 4.91 0.18 0.57 0.02 v 22 
2 4.76 0.18 0.55 0.01 v 47 
3 4.64 0.38 0.54 0.01 v 21 
4 7.52 3.80 0.57 0.15 v 22 
5 5.06 0.56 0.56 0.06 v 36 
6 5.04 0.92 0.50 0.03 v 32 

SK37 1 5.65 2.70 0.64 0.09 i 39 
2 4.67 1.01 0.52 0.08 v 50 
3 4.98 1.23 0.59 0.05 v 25 
4 5.61 2.07 0.56 0.04 v 25 
5 4.69 0.83 0.49 0.03 v 25  

Table 4 
Average Er and H values for each sample. (v – vitrinite, sb – solid bitumen, i – inertinite).     

Average    

Name Depth VR Er SD H SD Indents OM types Comments  

m %Rr GPa GPa GPa GPa n   

SK2 3376 1.33 6.26 1.09 0.52 0.06 240 v All data included 
SK5 3466 1.68 5.27 1.06 0.44 0.06 156 sb All data included 
SK9 3586 1.96 4.19 0.70 0.40 0.06 134 v Outlier excluded (map 1) 

4.56 1.27 0.41 0.07 158 v All data included 
SK10 3616 1.89 5.35 1.10 0.50 0.04 190 v All data included 
SK12 3676 2.00 4.92 0.94 0.47 0.06 208 v All data included 
SK18 3866 2.23 5.21 1.64 0.55 0.06 180 v All data included 

4.77 0.26 0.56 0.02 90 v Coaly part (maps 1, 2, 3) 
5.65 2.23 0.54 0.09 90 v Shaly part (maps 4, 5, 6) 

SK37 4426 2.21 5.09 1.78 0.56 0.09 164 v, i All data included  
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particles due to greater burial depth (Fig. 16; Table 5). The virtual 
absence of SEM-visible porosity likely results from increased confine
ment effects of OM restrained within the grain framework. A depen
dence of OM porosity and pore geometry factors on brittle mineral 
content was also reported by Misch et al. (2018) for oil to wet gas mature 
shales. In the aforementioned study, abundant OM pores at gas window 
maturity were interpreted as being the result of lesser compaction in- 
between a brittle grain fabric. Nevertheless, the visible OM pores 
within the sample SK5 (Fig. 3c–e) at 1.68%Rr might be rather associated 
with organic – inorganic interfaces than under-compaction, which is 
supported by relatively high Er values despite a porous structure of the 
investigated OM. 

Interestingly, despite the OM tested in SK5 is interpreted as sec
ondary solid bitumen rather than vitrinite, the determined stiffness is 
among the highest values of all investigated samples (Tables 3–5; 
Table A in supplemental). Therefore, it is suggested that the controlling 
factors for micromechanical properties are complex and not solely 
related to the evolving pore structure. In consequence, the general 
decrease of Er with increasing thermal maturity cannot exclusively be 
assigned to evolving pore development and stiffness prediction therefore 
requires a comprehensive evaluation of all possible maturity-related 
geochemical and structural changes, as well as the microstructural 
characteristics of the individual sample, which in turn controls the 
porosity preservation (see also Curtis et al. (2012)). Thus, the material 
properties of OM can be viewed as the result of mechanical and 
geochemical processes that vary for each unique geological environ
ment. Our novel approach using k-means clustering in conjunction with 
high-resolution imaging techniques has proven to be an effective 
approach for geological reasoning of micromechanical property 

variations. 

4.3. Micromechanical properties of vitrinite/inertinite versus solid 
bitumen 

Different OM classifications are used in organic geochemical and 
petrographical studies (see Misch et al., 2019a and Mastalerz et al., 
2018). Vitrinite is the predominant OM constituent in the studied 
sample set (see Figs. 2a, 4a, 5a, 6a, 7a, 8a). The structure of vitrinite is 
characterized by a great degree of aromaticity, which further increases 
with thermal maturity. In contrast, solid bitumen, a transformation 
product of primary OM during thermal alteration, hosts a significant 
proportion of aliphatic hydrocarbon chains. However, these aliphatic 
compounds break down with ongoing cracking, resulting in a relative 
increase of aromaticity (Craddock et al., 2015). This leads to a conver
gence of the reflectance properties of solid bitumen and vitrinite above 
1.0%Rr (Hackley and Lewan, 2018; Landis and Castaño, 1995) and 
particularly in overmature stage, growing a challenge in their 
discrimination. 

According to previous nanomechanical studies, primary macerals 
(vitrinite and inertinite) exhibit a higher stiffness compared to more 
ductile solid bitumen (Emmanuel et al., 2016; Zhao et al., 2020). 
However, the results of Zhao et al. (2020) indicate that the Young’s 
modulus of solid bitumen increases with thermal maturity and becomes 
more similar to the values determined for vitrinite at equal maturity 
beyond the late oil window (see table 2 in Zhao et al. 2020). This is 
supported by the mechanical parameters determined for solid bitumen 
in sample SK5 of this study; Er and H values comparable to vitrinite in 
the overmature sample are likely a result of the increased aromaticity at 

Fig. 9. (a) Photomicrograph of a vitrinite particle (map 5) in sample SK2 under oil-immersion and (b) the corresponding SPM image (20 × 20 μm scan). (c) 
Nanoindentation load-displacement curves measured along the profile (red line in (b)) resulting in the respective Er and H values shown in (d). (For interpretation of 
the references to color in this figure legend, the reader is referred to the web version of this article.) 
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this stage. Nevertheless, different character of solid bitumen due to 
changing organofacies was reported, and particularly the solid bitumen- 
hosted porosity trends may deviate substantially for changing primary 
OM composition (Misch et al., 2019a, 2019b), which may result in 
changing mechanical behavior as well. On the other hand, it may be 
difficult to delineate between solid bitumen and vitrinite, in cases where 
soluble bitumen is retained by vitrinite an both form an entity even in 
overmature state (Cardott et al., 2015; Misch et al., 2019a). 

The representative k-means central value obtained for Er of an 
inertinite particle in sample SK37 (Table A in supplemental, map 1 in 

SK37) shows no significant deviation from the values determined for 
vitrinite in the same specimen. Inertinite is mainly a product of land 
plant material charred during paleo-wildfires. As a consequence, it 
shows considerably higher initial C and O contents, as well as lower 
initial H contents compared to vitrinite and other primary OM types. It is 
well accepted that structural changes (devolatilization, aromatization) 
of inertinite occur comparably early during diagenesis (International 
Committee for Coal and Organic Petrology (ICCP), 2001; Levine, 1993). 
Furthermore, Vranjes et al. (2018) clearly showed that the micro
mechanical properties of inertinite macerals in coals from the Ukrainian 

Fig. 10. Optical micrograph of a large vitrinite particle (map 5) in sample SK9 under oil immersion pre and after indention mapping (see inset). (b) SPM surface map 
(15 × 15 μm) of the tested area and (c) load-displacement curves obtained along the profile (red line in (b)). (d) Slight variations of Er and H along measured profile 
(red line in (b)). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 

Fig. 11. Averages for (a) Er and (b) H versus vitrinite reflectance (see Table 3).  
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Donets Basin correlate perfectly with the inertinite reflectance, which 
reflects the temperature conditions during paleo-wildfires and hence 
pre-depositional processes. In spite of these fundamental differences to 
the diagenetic evolution of vitrinite, previous studies postulated a 
converge of properties particularly at high rank >2%Rr (Levine, 1993). 
Relating this to the overmature state of the samples investigated here, it 
is reasonable to assume that ongoing homogenization may have 
occurred, leading to similar material behavior of vitrinite and inertinite. 

4.4. Improved workflow and quality control in micromechanical testing 

Specimen preparation by a femto-second laser grid (Fig. 1) enabled 
correlation between imaging and mechanical testing. This approach 
should be adopted in future micromechanical studies, as a strong 
interdependency between mechanical parameters and structural fea
tures was clearly proven by nanoindentation mapping combined with 
SEM and HIM (Figs. 12, 13). Material parameters (Er and H) were 

identified from individual OM particles and analyzed by k-means clus
tering. In combination with the SPM images and the correlative high- 
resolution imaging, the obtained Er and H clusters were evaluated to 
identify the reasons behind local variations (e.g., boundary effects, 
intraparticle heterogeneity, etc.). It proved extremely valuable to be 
able to trace back to the individual indent in the complementary image 
data. Thereby, outlier measurements, e.g. due to breakouts along OM – 
mineral contacts, could easily be identified (Fig. 17). A further 
enhancement of data quality and property correlations was achieved by 
the k-means++ − enhanced k-means clustering of the high-speed 
nanoindentation mapping data (Figs. 14, 15; Table A in supple
mental). Microstructural and thermal maturity influences which were 
not clearly resolved by the initial data set, became more distinct after 
cluster-processing (Table 3, Table A in supplemental; Fig. 16). However, 
further analytical improvements, particularly for the investigation of 
OM-rich rocks, may be achieved by optimized low- or non-invasive 
preparation (Hackley et al., 2020; Loucks et al., 2009). Particularly 

Fig. 12. (a) Optical micrograph (oil immersion) of a vitrinite particle in sample SK12; the corresponding HIM images in (b, d) show a slight alteration (fine lines 
indicated by variations in SE contrast) of the mapped surface caused by the diamond tip during (c) SPM scanning (20 × 20 μm scan). (e) Corresponding Er and H 
property maps (map 4) of the respective area. The black dots represent the positions of individual indents, while the property maps are created by linear interpolation 
between these values. 

Fig. 13. Correlative analysis of an OM particle (map 5) in sample SK12 including (a) SEM, HIM and SPM (16 × 16 μm scan) imaging (see insets). (b) displays the 
linearly interpolated Er and H property maps of the respective area (black dots represent individual indents). Indents in proximity to minerals are indicated by white 
arrows, while interpreted shrinkage cracks are highlighted by black arrows. 
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Fig. 14. k-means clustering results for a map of sample SK2 (map 1). (a) H plotted versus Er; the individuall data points are color-coded according to their cluster 
assignment. The representative centroids are indicated by stars (b) The color-coded nanoindents visualized within an SPM scan. (c) Example of load-displacement 
curves; the color-coding corresponds to the cluster colors shown in (a) and (b). 

Fig. 15. (a) SPM surface scan of a vitrinite particle in sample SK10 (map 1). The nanoindents are color-coded according to the k-means clustering results shown in 
(b). (c) Load displacement curves for the indents highlighted by black circles in (a). 

Fig. 16. Average k-means representative centroids for (a) Er and (b) H plotted against vitrinite reflectance (see Table 5). Non-clustered averages were included for 
comparison (see Table 4, Fig. 11). 
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the influence of variations in the array spacing during high-speed 
property mapping in soft materials such as kerogen and bitumen 
needs to be addressed further, in order to balance maximum resolution 
and minimize interference between neighboring indents. Also, the 
impact of surface alteration by the Cube Corner tip during scanning, 
which was clearly observed in HIM images (Fig. 12d, detail in D), has to 
be considered. HIM proved a valuable tool for the detection of such 
surface effects, as the image contrast created by the helium ion beam is 
not based on atomic number as compared to an electron beam (Ward 
et al., 2006), and thus OM structures can be visualized at even higher 
resolution and topographic sensitivity compared to conventional SEM 
systems (Bell, 2009; Scipioni et al., 2009). This includes detailed images 
of indents in OM and at OM/mineral interfaces (Figs. 12, 13), which 
helped to identify outliers such as nanoindentation-induced cracks at 
OM – mineral boundaries (Fig. 17). 

5. Conclusion 

In this study the OM of an over-mature sample set from the Songliao 
Basin in China was mechanically characterized by a new approach of 
combined high-speed nanoindentation property mapping, high- 
resolution imaging and machine learning based data processing. 
Femto-second laser marked areas enabled a correlative study, which 
facilitated further evaluation of the mechanically tested areas. In order 
to gain a better understanding regarding the material characteristics and 
potential influencing factors, high-resolution SEM and HIM imaging was 
carried out. The resulting Er and H data from each high-speed nano
indentation property map was subsequently processed by the unsuper
vised machine learning algorithm k-means clustering to evaluate the 
representative material properties of OM particles which in general 
exhibit inhomogeneous stiffness and thus a large spread of Er. Enhanced 
OM modulus values were associated with adjacent mineral matter, while 

Table 5 
Average Er and H calculated from all data points within the representative clusters for each sample (see Table 4 for average obtained from raw data). (v – vitrinite, sb – 
solid bitumen, i – inertinite; rep. – representative).     

Representative average    

Name Depth VR k-means Er SD k-means H SD Indents OM types Comments  

m %Rr GPa GPa GPa GPa n   

SK2 3376 1.33 5.88 0.37 0.51 0.05 143 v All data included (rep.) 
SK5 3466 1.68 4.98 0.36 0.43 0.05 134 sb All data included (rep.) 
SK9 3586 1.96 4.07 0.32 0.40 0.06 129 v Outlier excluded (map 1) 

4.24 0.59 0.41 0.06 145 v All data included (rep.) 
SK10 3616 1.89 5.01 0.34 0.50 0.03 160 v All data included (rep.) 
SK12 3676 2.00 4.63 0.28 0.47 0.06 182 v All data included (rep.) 
SK18 3866 2.23 4.85 0.35 0.53 0.03 150 v All data included (rep.) 

4.81 0.12 0.55 0.01 78 v Coaly part (maps 1, 2, 3) 
4.90 0.48 0.51 0.03 72 v Shaly part (maps 4, 5, 6) 

SK37 4426 2.21 4.43 0.55 0.42 0.05 122 v, i All data included (rep.)  

Fig. 17. Correlative imaging of a vitrinite particle within sample SK12 (excluded from quantitative analysis). (a) SEM and (b) HIM and (c) optical (dry state) 
overview of the laser grid quadrant with detailed excerpts (d, e respectively), (f) SPM image with indicated topographical feature within tested OM area (15 × 15 μm 
scan). A crack likely resulting from the property mapping can be imaged by means of HIM imaging (see e). 
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pores, cracks and surface artifacts likely lead to significantly lowered Er. 
The formation of these varying mechanical domains is interpreted to be 
a result of differential density and compaction of the OM on the sub
micron level. It was also determined that the Er of OM generally de
creases with increasing maturity (from 1.33 to 1.96%Rr), starting with 
representative average values of 5.88 ± 0.37 down to 4.07 ± 0.32 GPa, 
while a slight increase is observed between 2.00 and 2.23%Rr (Table 5; 
Fig. 16a). The respective H averages (ranging between 0.4 and 0.5 GPa) 
do not exhibit an obvious relation to maturity (Table 5; Fig. 16b). The 
trend for Er must be viewed with caution, as the compaction and stress 
support of the OM particles are likely dependent on the mineral fabric. 
At comparable maturity, OM within predominant clay matrix (SK10, 
SK12) exhibits higher Er results compared to OM embedded within a 
rock fabric with coarse character (SK9), as the presence of clay minerals 
favors a more effective compaction (Table 5; see detailed table regarding 
clustered data in the supplemental material, Table A). 

The lacking porosity of kerogen presumably related to pore occlusion 
by secondary generated bitumen. Although solid bitumen is believed to 
have similar properties to vitrinite in the over-mature state, it is not yet 
clear how it affects the mechanical properties of kerogen while 
occluding pores and forming an interphase. Also, effects on the me
chanical characterization such as surface alteration by SPM scanning, 
general surface roughness and the chosen preparation technique (me
chanical vs. ion polishing), as well as indentation spacing, must be taken 
into consideration. 

In conclusion, this approach proved itself extremely valuable for the 
detailed material characterization of complex and highly inhomoge
neous materials. While this already opens a wealth of exciting new 
possibilities, future studies on this subject shall also focus on the further 
optimization of the experimental settings and enhancement of the 
workflow. 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.coal.2021.103847. 
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