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A B S T R A C T   

This study focuses on the construction of small-scale atomistic representations of three Appalachian coals of 
different ranks– high volatile bituminous, low volatile bituminous, and semi-anthracite. Ultimate, proximate, 13C 
NMR, FTIR, and XPS data were used to infer 2D and construct multiple 3D molecular models for each coal. A new 
simulation strategy for structure optimization, termed “Sectioned Optimization”, is introduced to ensure ener
getically stable configurations of the 3D coal models. Density functional methods are applied to the models, 
improving their quality, and giving insight into the limitations of empirical simulations in this complex system. 
The structural models were validated ex post facto using a density functional code, VASP. We describe the dis
tribution of local atomic environments in the models to emphasize the significant structural distinctions between 
the three coal ranks. We also report the first ab initio vibrational density of states calculations for coal and 
compare it to FTIR and Inelastic Neutron Scattering experiments and identify vibrational modes using ab initio 
calculations. We also provide animations of the vibrational normal modes in coal that are consistent with FTIR 
band assignments. We show that the specific heat capacity compares favorably with experimental data.   

1. Introduction 

Coal, a ubiquitous form of matter on Earth, exhibits diverse varia
tions across locations and seams. The intricate molecular composition 
and structure of coal remains insufficiently understood. The evolving 
landscape of coal processing, extending beyond fuel production to ma
terials engineering [1–3], necessitates a comprehensive understanding 
of its fundamental chemistry. An example of this evolving narrative is 
the “greening of coal”, where coal finds utility as a filler material in 
composites with various plastics [4–7]. Another compelling example is 
the heightened research focus on coal graphitization [8–13]. This comes 
in response to the issue both natural and synthetic graphite availability, 
impacting the industrial production of devices such as lithium-ion bat
teries, lubricants, and refractories, among others [14]. If coal is going to 
be used to support the demand for graphite, these applications will 
require a chemically realistic understanding of coal’s molecular 
composition and structure at the nanoscale, with a specific emphasis on 

the interatomic interactions within coal and interfacial dynamics be
tween coal and other materials. 

Following the pioneering work by van Krevelen [15], several coal 
models have been proposed [16–20], and there exists a body of work 
that employ these models in exploring useful coal properties and coal 
dynamics [21–23]. The prevailing view of coal’s structure conceptual
izes it as clusters of fused aromatics and hydroaromatic rings, potentially 
linked by weaker aliphatic bonds. Within these ring clusters there exist 
functional groups of non-carbon elements such as oxygen, sulfur, and 
nitrogen. Assuming a universally applicable structure for coal is 
misleading, as coal structures can vary drastically between coal beds; 
even within the same rank, there are significant variations. Conse
quently, it oversimplifies the complexity of the molecular composition 
and structure to adopt a proposed model for a particular coal solely 
based on its rank. 

Proximate/ultimate analyses, cross-polarization/magic angle spin
ning (CP/MAS) 13C nuclear magnetic resonance (NMR), Fourier 
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transform infrared spectroscopy (FTIR), and X-ray photoelectron spec
troscopy (XPS) are analytical techniques that provide valuable infor
mation on the molecular composition and structure of coal. Proximate/ 
ultimate analyses offer key insights into the fundamental constituents of 
coal, aiding in its rank classification and understanding its combustion 
behavior. CP/MAS 13C NMR elucidates the carbon framework of coal 
molecules by detecting the resonances of carbon nuclei in diverse en
vironments [20,24–28]. FTIR identifies characteristic patterns corre
sponding to functional groups such as aliphatic and aromatic 
hydrocarbons, carbonyl, hydroxyl, nitrogen, and sulfur compounds, by 
measuring the absorption of infrared light [29,30]. XPS analyzes the 
photoemission of electrons from the coal surface when exposed to 
x-rays, discerning elements and their chemical environments, including 
functional groups and heteroatoms [31–33]. 

While 13C NMR, FTIR and XPS offer valuable insights, each has 
specific limitations, and all suffer from the “scourge of averaging” (local 
information is lost by measuring spectra average over the entire sample) 
[34]. These shortcomings create difficulties in quantitative analysis due 
to overlapping peaks and limited spatial resolution, particularly when 
capturing localized structural differences [30,35,36]. Notably, both 
FTIR and XPS primarily provide surface-sensitive information, poten
tially leading to incomplete representations of the bulk composition [37, 
38]. Nonetheless, the synergistic analysis of results from these methods 
enhances the overall comprehension of coal molecular composition and 
structure, providing a more comprehensive characterization of both 
surface and bulk properties. 

Inferring two-dimensional structures for coal through these analyt
ical techniques is only a preliminary step. To truly comprehend the local 
chemistry of the coal, it is essential to leverage the inferred structure 
through the creation of realistic, small-scale three-dimensional struc
tural models. These models are essential ingredients for molecular dy
namics simulations, providing insights into the coal’s behavior in all 
thermodynamic conditions and its interfacial interaction with other 
materials [4,12,20,23,39,40]. This study employs analyses of proximate, 
ultimate, 13C CP/MAS NMR, FTIR, and XPS data, to characterize the 
chemical and molecular structure of coal. Realistic atomistic models are 
determined for three coals from Pennsylvania: high volatile bituminous 
(Pittsburgh seam No. 8; P8), low volatile bituminous (Keystone 325; 
KS-325), and semi-anthracite (Keystone 121; KS-121) coals. Fig. S1 in 
the supplementary material delineates the major bituminous and 
anthracite fields in Pennsylvania. The annotated regions, denoted as “A” 
and “B”, specify the mining sites for P8 and KS-325 respectively, situated 
in Allegheny and Somerset County, Southwestern Pennsylvania. The 
location labeled as “C” identifies the site for KS-121 in Northumberland 
County, Northeastern Pennsylvania. The macromolecular structural 
models predicted from these methods are designed to comply with 
experimental NMR data, constrained by FTIR and XPS data. Addition
ally, recognizing the intricate nature of coal structure, a minimum of 
three models were generated for each coal, each exhibiting some unique 
structural characteristics while reproducing the experimental NMR 
spectra. 

The models were converted into realistic 3D models with periodic 
boundaries using the reactive force field (ReaxFF) potential [41] as 
implemented in the Large-scale Atomic/Molecular Massively Parallel 
Simulator (LAMMPS) [42]. We introduce a structure optimization 
technique termed sectioned optimization, which ensures the generation of 
realistic coal molecular structures with minimum local atomic energies. 
To achieve chemically realistic structures, the bond configurations in the 
models were refined through density functional theory (DFT) energy 
minimization in VASP (Vienna Ab Initio Simulation Package) [43]. The 
variations in the local chemical environment of the DFT-treated models 
were assessed using the Smooth Overlap of Atomic Positions (SOAP) 
framework [44–46], providing a description and analysis for the 
atom-centered environment in the structures that remains invariant to 
permutations, translations, and rotations. The models were further 
explored by calculating the vibrational density of states (VDoS), serving 

as a theoretical benchmark for comparison with experimentally 
obtainable vibration data, including FTIR and Inelastic Neutron Scat
tering (INS), facilitating the identification of a variety of new predictions 
for vibrations in coal. INS almost directly provides the VDoS and typi
cally offers more information than energy-dependent spectroscopic 
methods such as FTIR or Raman Spectroscopy [47,48]. It is also the 
preferred method for the analysis of hydrogenous species in a 
non-hydrogenous matrix [49]. The VDoS is also used to compute the 
specific heat capacity, which was compared with experimental specific 
heat data. We note that this is the first reported ab initio vibrational 
density of states calculation for coal. 

The models derived from this study are suited for accurate computer 
simulations that can explain and predict structural, electronic, vibra
tional, and thermal properties, as well as combustion characteristics. 
Specifically, they can be applied to investigate interfacial dynamics in 
composite materials, where the matrix is comprised of coal and various 
plastics [4], as well as to study the electronic properties of coal-derived 
graphite-like materials [9,13]. In a previous work, we outlined a method 
to simulate carbonization and graphitization processes of coal-like ma
terials [12], however, achieving accurate and reliable results necessi
tates chemically accurate and structurally robust models for the coal of 
interest. This is particularly relevant in research concerning the pro
jection of the electronic conduction of a material in spatial grids, where 
local atomic configurations of atoms are the driving forces [50]. 

Another aspect of this work is our documentation of the procedures 
involved in analyzing, constructing, validating, and comparing coal 
models. This level of detail allows other researchers to replicate the 
process on different coals. Furthermore, we include the coal models 
derived in this study along with supplementary information to enhance 
accessibility and facilitate further research in this domain. 

2. Methods 

2.1. Experiments 

Pittsburgh seam No. 8 (P8), Keystone 325 (KS-325), and Keystone 
121 (KS-121) coal, sourced from coal mines in the Commonwealth of 
Pennsylvania, United States, were used for this study (refer to Fig. S1 for 
regions where the coals were mined). The D50 particle size for P8 is 
about 25 μm (500 mesh) and 34 μm (400 mesh ASTM E− 11 sieve) for 
KS-325 and KS-121. Prior to analyses, the coal powder was dried in a 
convection oven at 110 ◦C for 24 h to decrease the moisture content to 
less than 1 wt%. 

2.1.1. Proximate, ultimate and calorific analyses 
A Blue-M drying oven was used to assess the coal’s moisture content 

at ~105◦ C. The coal ash yield was examined employing a Thermcraft 
XSB-10 muffle furnace, heated to ~1100◦ C in air. The determination of 
fixed carbon and volatile matter yield was performed using a Hoskins 
vertical furnace. For the ultimate analysis, which included carbon, 
hydrogen, and nitrogen, a LECO 628 elemental determinator was 
employed, with sulfur content determined by incorporating a Sulfur Add- 
on Module. A PARR 6400 calorimeter was used for calorific analysis. 
Proximate analysis was conducted using the ASTM D3172-13 standard 
methods [51]. For the ultimate analysis, the testing method adhered to 
ASTM D3176-15 standards [52]. In detail, carbon, hydrogen, and ni
trogen were analyzed following ASTM D5373-08 [53], while sulfur 
analysis followed the guidelines outlined in ASTM D4239-18 [54]. 

The United States classification system for medium- and high-rank 
coal, also used in this study, is based on volatile matter and fixed car
bon content in the dry mineral-matter-free (dmmf) basis [55]. In the 
dmmf basis, the analyses and calculations are carried out assuming no 
moisture or mineral matter in the coal sample [56]. An estimate of the 
mineral-matter content (Mb) is obtained from the dry ash yield (A) using 
the Parr formula [57]: 
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Mb =(1.08×A) + (0.55× St) 1  

where St is the total sulfur concentration (in wt.%) obtained from the 
ultimate analysis. The volatile matter yield on dmmf basis (Vdmmf) is 
then calculated as: 

Vdmmf =
100

100 − Mb
×

100 × Vd

100 − A
2  

where Vd is the percentage of volatile matter in the dry basis. The fixed 
carbon in the dmmf basis is derived as 100 - Vdmmf . 

2.1.2. Nuclear magnetic resonance spectroscopy 
The 13C Cross-Polarization Magic Angle Spinning Nuclear Magnetic 

Resonance Spectroscopy (CP-MAS NMR) experiments were conducted 
on a Bruker Avance III HD 600 MHz DNP spectrometer and was equip
ped with a triple-resonance HXY 3.2 mm DNP solid-state probe. The 
probe was tuned to 1H and 13C double mode. Each sample was packed 
into 3.2 mm rotors and spun at 10 kHz MAS at room temperature (~300 
K) and collected with 24k scans (17 h) each. Pulses and chemical shifts 
were externally calibrated to N-acetyl-valine. 

The NMR spectra are partitioned into three main regions: aliphatic 
carbon (0–90 ppm), aromatic carbon (91–170 ppm), and carboxyl/ 
carbonyl group (171–225 ppm) [20,58]. In this study, the structural 
parameters (denoted by f i

j ) assigned to NMR regions are based on pre
vious studies on coal NMR [20,25,26,58,59], and summarized in 
Table 1. Aliphatic carbons were classified into four sub-groups: terminal 
methyl carbon (f*

al , 0–25 ppm), CH, CH2 and quaternary carbon (fH
al , 

25–51 ppm), oxy-methylene or oxy-methine carbon (fO
al , 51–75 ppm), 

and carbon adjacent to oxygen atoms in alcohols or aliphatic ethers (fO
al , 

75–90 ppm). The aromatic carbon region between 90 and 150 ppm is 
divided into aromatic carbon atoms bound to hydrogen (fH

a , 90–129 
ppm), bridgehead and substituted aromatic carbon atoms connected to 
hydroaromatic CH2 carbon (fB

a , 129–137 ppm), and alkyl side chains (fS
a , 

129–137 ppm). Oxygenated aromatic carbons linked to phenolic hy
droxyl, methoxy, and aromatic ether (phenolic ether) oxygen atoms (fP

a ) 
are attributed to the chemical shift between 150 and 165 ppm. The 
bands ranging from 165 to 188 ppm correspond to carboxyl carbon, 
while those spanning 188–220 ppm were associated with carbonyl 

carbon (both denoted as fC
a ). Illustrations of aromatic clusters, bridges, 

loops, and side chains are presented in Fig. S2. 
Seven additional structural parameters for the coal samples were 

derived from some of the structural parameters obtained directly from 
the 13C NMR spectra. The calculated structural parameters, also sum
marized in Table 1, include the fraction of aromatic bridgehead carbon 
(Xb), average number of carbon atoms within aromatic clusters (ncl), the 
number of attachments per cluster (σ), fraction of intact bridges per 
cluster (Ib), the number of bridges and loops per cluster (BL), number of 
side chains per cluster (SL), and the total molecular weight of the cluster 
(Wc). The methodology employed to obtain the additional parameters is 
based on the work of Solum, Pugmire, and Grant [24,25], and the 
equations are derived in Section S1.1 of the supplementary material. 

2.1.3. Attenuated total reflectance fourier transform infrared spectroscopy 
Attenuated Total Reflection Fourier-Transform Infrared Spectros

copy (ATR-FTIR or simply FTIR) was conducted using a Thermo Scien
tific Nicolet 6700. The coal samples were tested using a diamond ZnSe 
crystal for a measurement range of 4000–400 cm− 1 and a spectra reso
lution of 1.0 cm− 1. Three spectra were recorded using 256 scans for each 
coal sample. 

2.1.4. X-ray photoelectron spectroscopy 
X-ray Photoelectron Spectroscopy (XPS) was used to elucidate sur

face properties of the coal samples. The investigations were conducted 
on the NEXSA G2 instrument (Thermo Scientific) employing an Al Kα 
source (1486.6 eV). Initial surveys were conducted for all samples, 
employing a pass energy of 100 eV, Step size of 1.0 eV, and a dwell time 
of 10 m s. High-resolution spectra for C 1s, N 1s, O 1s, Al 2p, S 2p, and Cu 
2p were then collected with a pass energy of 50 eV, maintaining the 
same step size and dwell time. In this study, only spectra for C, N, O, and 
S are considered. To compensate for charging effects, a flood gun with a 
current of 150 μA was employed. 

The spectra for P8, KS-325, and KS-121 were calibrated to the 
aliphatic carbon feature with peaks at 284.3, 284.2, and 283.9 eV, 
respectively. OriginPro® was employed in fitting the peaks; utilizing the 
pseudo-Voigt function with the ratio of Gaussian to Lorentzian shape 
profile factors was allowed to vary between 20:80 % to 50:50 % [60]. 
Shirley or linear background subtraction methods were used for baseline 
correction of the spectra. Before peak fitting, the vertical offset was fixed 
at 0 to reduce the number of fitting variables. Due to the low 
noise-to-signal ratio for the nitrogen and sulfur XPS data, signal 
smoothing was applied before peak fitting. 

2.2. Simulation 

2.2.1. 2D model construction from experimental data 
Methods for constructing coal models have been extensively 

reviewed by Matthews et al. [21] and by Liu et al. [23]. Our procedure 
for constructing 2D structural models for coal, outlined in the flowchart 
depicted in Fig. 1, adopts a bottom-up strategy. We commence with 
carbon skeletal structures comprising clusters and aliphatic loop
s/bridges, gradually incorporating non-carbon functional groups as the 
system size expands. The decision-making process regarding model 
expansion and the inclusion or exclusion of functional groups follows a 
systematic trial-and-error methodology. This involves comparing 
calculated NMR spectra from a proposed structure with experimental 
NMR spectra, until they align. 

A similar flowchart to Fig. 1 is available in Figure S3 of the supple
mentary material, accompanied by a step-by-step elucidation of our 
method for constructing 2D coal model. Below, we outline the general 
procedure: 

Table 1 
Structure parameters assignment for solid 13C NMR spectra.  

Parameters Chemical Shift [ppm] Assignment 

f*
al 0–25a Terminal-CH3 carbon 

fH
al 25–51b CH, CH2 and quaternary carbon 

fO
al 51–90c Aliphatic carbon bonded to oxygen 

fal 0–90 Total aliphatic carbon 
fH
a 90–129 Protonated aromatic carbon 

fB
a 129–137 Aromatic bridgehead carbon 

fS
a 137–150 Alkylated aromatic carbon 

fP
a 150–165 Phenolic or phenolic ethers 

fN
a 129–165 Non-protonated aromatic carbon 

fC
a 165–220d Carbonyl and carboxyl carbon 

fa 90–220 Total aromatic carbon 
Xb (129–137)/(90–165) Fraction of aromatic bridgehead carbon 
ncl See Equation S2 and S3 Number of carbon atoms per cluster 
σ See Equation S4 Cluster coordination number 
Ib See Equation S5 Fraction of intact bridges 
BL See Equation S6 Fraction of looped and aliphatic bridges 
SC See Equation S7 Side chains per cluster 
Wc See Equation S8 Molecular weight of clusters in g/mol  

a Aliphatic terminal-CH3 carbon (0–16 ppm), aromatic terminal-CH3 carbon 
(16–25 ppm). 

b CH or CH2 carbon (25–36 ppm), quaternary carbon (36–51 ppm). 
c Oxy-methylene or oxy-methine carbon (51–75 ppm), carbon adjacent to 

oxygen atoms in alcohols or aliphatic ether groups (75–90 ppm). 
d Carboxyl carbon (165–188 ppm), carbonyl carbon (188–220 ppm). 
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1. Gather experimental information on aliphatic and aromatic carbon 
structures, along with various functional groups, obtained using the 
aforementioned methods. 

2. Delineate 2D molecular structures of the coal using a molecular ed
itor, such as ChemDraw®. We recommend models with at least 100 
carbon atoms or system size above 200 atoms (depending on the coal 
rank)  

3. Compute the NMR spectra for the initial structure, utilizing tools like 
ChemDraw® or MestRenova®. An example of the NMR chemical 
shifts computed using ChemDraw® is depicted in Figure S4.  

4. The model’s small volume, compared to real materials, causes the 
calculated NMR spectrum to appear as spikes at different chemical 
shifts, resembling δ functions. OriginPro® is employed to combine 
these spikes and construct a curve mirroring the experimental data, 
using peak convolution algorithms.  

5. Iteratively refine the structure to coincide with the experimental 13C 
NMR spectrum. Pay attention to the analysis from other experi
mental methods (FTIR, XPS, ultimate analysis etc.), considering 
them as limiting factors (see discussion in Figure S3). 

In Fig. 1, all shapes within the flowchart adhere to their conventional 

meanings [61]. The parallel processing bar signifies that the three manual 
processes (represented by trapezoids) for updating the carbon, nitrogen, 
sulfur, and oxygen structures occur synchronously. The Compute NMR 
subroutine can be partially automated by using input scripts to execute 
tasks in MestReNova® or ChemDraw®. Similarly, the decision for a good 
fit can also be automated in OriginPro®, although human intervention 
still is necessary to update structures and assess whether the model 
aligns with the desired chemistry, based on experimental data. 

2.2.2. 3D model construction and ReaxFF optimization 
The final 2D coal models are first converted into 3D structures using 

the Chem3D feature in ChemDraw®. Optionally, the MM2 force field 
[62], implemented in Chem3D, can be used to for crude optimization of 
the structure through steric energy minimization. To build realistic 
three-dimensional coal models that are useful for local chemical analysis, 
especially at classical molecular dynamics and density functional theory 
(DFT) levels, the 3D models obtained from ChemDraw® were optimized 
using the ReaxFF interatomic potential [41]. ReaxFF, designed for sys
tems with chemical reactions like coal [12], was implemented in 
LAMMPS [42], encompassing interactions for hydrogen, carbon, nitro
gen, oxygen, and sulfur. 

Fig. 1. Flowchart for the bottom-up, trial-by-error approach to constructing coal models using experimental data. Step-by-step elucidation of the method is provided 
in Fig. S3. (A colour version of this figure can be viewed online.) 
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In LAMMPS, the conventional procedure for creating 3D coal models 
involves placing the model in a cubic box, and then heating it under 
isobaric-isothermal (NPT) conditions to optimize the structure and 
density. This is followed by energy minimization (using the conjugate 
gradient algorithm) to attain a minimum energy stereochemical 
configuration. However, this conventional method often fails, particu
larly if the starting configuration is far from the equilibrium confor
mation. In practice, this often leads to highly unrealistic models. To 
address this, we introduced a new structure optimization strategy that 
we have termed “sectioned optimization”. The procedure involves cycles 
of: (1) heating the system in a canonical (NVT) ensemble for atom 
rearrangement, (2) continuing this heating process in an NPT ensemble, 
(3) minimizing the energy of the intermediate structure using conjugate 
gradient algorithm, and then (4) repeating steps 1–3 until convergence 
in the energy and density of the system is achieved. The key point here is 
that the first iteration of the NVT (step 1) and NPT (step 2) simulation 
should be executed over shorter runtimes (about 25–50 ps). Subse
quently, longer runs (≥100 ps) can be employed until density and en
ergy convergence are achieved. This approach guides the system to an 
optimized energy conformation. 

An implementation of sectioned optimization on a representative KS- 
121 coal model is depicted in Fig. 2. The region “a” in the density plot 
identifies steps 1–3 and region “b” is the conventional method. The 
unmarked area between a and b represents the transition region where 
the simulation runtime is increased. The system pressure variation is 
illustrated in the lower panel of Fig. 2, using moving averages (MA) with 
periods of 0.25 (brown) and 1 ps (gray). To obtain the optimal models in 
this work, the temperature and pressure were fixed at 500 K and 0.4 
GPa. This is a general burial temperature and pressure for coal [12]. 
Temperature and pressure were controlled using the Nosé-Hoover 
thermostat and barostat, respectively [63–65], employing a time step of 
0.25 fs. The barostat was set to act independently along the three di
mensions (x, y, and z), so that the diagonal components of the stress 
tensors (Pxx, Pyy, and Pzz) are not coupled. The damping constants (τ) 
[66] were set to 100 and 1000 timesteps for the thermostat and barostat, 
respectively. This means that the temperature and pressure are rescaled 
every 25 and 250 fs, respectively. 

2.2.3. DFT post-treatment, vibrations and specific heat capacity 
To obtain the highest level of energetic stability in the coal models, 

the energy and structure of the models were validated ex post facto via 
DFT, implemented within VASP. Zero-pressure (conjugate gradient) 
relaxation of the models was carried out until energy convergence with a 
tolerance of 10− 5 eV. The vibrational density of states (VDoS) of the 
DFT-relaxed models were computed from the force constants (Hessian 
matrix), using the finite difference approach – the dynamical matrix was 
constructed, diagonalized, and used to determine the phonon modes and 
frequencies of the models. Within the harmonic approximation, the 
VDoS (g(ω)) is given as: 

g(ω)=
1

3N
∑3N

k=1
δ(ω − ωk) 3  

where, N and ω represent the number of atoms and the eigen-frequencies 
of normal modes, respectively. The δ function is approximated by a 
Gaussian with a standard deviation of 1.5 % of the maximum frequency. 
To quantify the localization of the vibrational normal modes, vibrational 
inverse participation ratio (VIPR) was also calculated as: 

Ѵ(ωn)=

∑N
i

⃒
⃒ui

n

⃒
⃒4

(∑N
i=1

⃒
⃒ui

n

⃒
⃒2
)2 4 

Here, ui
n is the displacement vector of the ith atom for the nth normal 

mode frequency (ωn). VIPR ranges from 1/N to 1, where VIPR → 1/N 
indicates that several atoms contribute to the normal mode and VIPR → 
1 indicates fewer atoms contribute to that eigen frequency, signifying a 
highly localized mode. 

Exploiting the vibrational density of states, the temperature- 
dependent specific heat capacity, denoted as C(T) was computed, 
using the following equation derived from elementary statistical me
chanics [67,68]: 

C(T)=
∫ Emax

0

(
hω

KBT

)2 exp
(

hω/KBT

)

[

exp
(

hω/KBT

)

− 1
]2 g(ω) dω 5 

A single k-point (Γ) and periodic boundary conditions were used for 
all DFT calculations, and the interactions between the electrons and ions 
were described using the Perdew–Burke–Ernzerhof projected- 
augmented-wave pseudopotential [69,70]. We set a cutoff energy of 
400 eV for the plane-wave-basis used to expand electronic wave func
tions during the MD simulation. For the vibrational density of states 
calculations, the tolerance for the total energy convergence was reduced 
to 10− 6 eV. 

2.2.4. The Smooth Overlap of Atomic Positions (SOAP) framework 
Identifying clear structural differences among coal structures poses 

challenges due to shared features like polyaromatic hydrocarbons across 
various seams and ranks. Without a localized metric to confirm the 
uniqueness of a specific coal structure in comparison to others, mean
ingful progress in developing distinct coal structures for the same type or 
different ranks remain elusive. To address this challenge, we have 
adopted the Smooth Overlap of Atomic Positions (SOAP) framework, 
originally developed by Bartók, Kondor, and Csányi [44,45], to differ
entiate between structures and confirm their unicity. SOAP derives a 
permutation, translation, and rotation invariant description of the 
atomic environment in given coal structure (henceforth referred to as 
descriptors). It captures atomic geometry regions by employing a local 
expansion involving a Gaussian-smoothed atomic density, utilizing 
orthonormal functions derived from real (tesseral) spherical harmonics, 
Ym

l (θ,φ), and radial basis functions, ρn(r) [71]. The DScribe software 
package [46] was employed to obtain SOAP descriptors, which is a 
power spectrum vector P, defined as: 

Fig. 2. Time development for the density and pressure (P) convergence at 0.4 
GPa for a KS-121 coal model. The sectioned optimization region is labeled “a” 
in the density plot. The region “b” corresponds to the conventional optimization 
method. The unlabeled area between a and b is the transition region. The lower 
panel illustrates pressure variations, employing moving averages (MA) with 
periods of 0.25 (brown) and 1 ps (gray). (A colour version of this figure can be 
viewed online.) 
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where n and n′ are radial basis functions (up to some nmax), l is the 
angular degree of the spherical harmonics. Z1 and Z2 are atomic species. 
The function gz(r) is a Gaussian smoothed density of atoms with atomic 
number Z. To characterize the local environments of atoms in this study, 
a cutoff radius of 3 Å was applied. The maximum radial basis function 
and the angular degree of spherical harmonics, Ym

l , were set to 9. 
Employing these parameters, SOAP descriptors for each coal structure 
were generated as a N × L dimensional matrix, where N corresponds to 
the number of atoms in the structure and L is the descriptor vector for 
each atom, comprising 10,350 elements. 

Utilizing the SOAP descriptors derived for the atom-centered envi
ronments (α and β) for two coal structures (A and B), a measure of (dis) 
similarity between the structures is determined through the average 
kernel approach (K(A,B)) given as [45]: 

K(A,B)=
1

NM
∑

αβ
Cαβ(A,B) 7  

Where N and M denote the number of atoms in structure A and B, 
respectively. The term Cαβ(A,B) represents a pairwise metric, chosen as 
the radial basis function (rbf) kernel [72] in this study. The value of K 
ranges from 0 to 1, with K →1 signifying that the two structures being 
compared have similar or the same local environment, and K → 0, 
meaning the opposite. K is a symmetric matrix with the number of rows 
corresponding to the number of structures being compared. 

3. Results 

Experimental data from four techniques: (1) proximate and ultimate 
analyses, (2) nuclear magnetic resonance (NMR) spectroscopy, (3) 
attenuated total reflectance Fourier transform infrared (ATR-FTIR) 
spectroscopy, and (4) x-ray photoelectron spectroscopy (XPS) were 
collectively utilized in estimating the elemental composition and mo
lecular structural characteristics of P8, KS-325, and KS-121 coals. The 
subsequent sub-sections provide discussions of the experimental results. 

3.1. Proximate and ultimate analyses 

The proximate analysis is presented in Table 2. The ash yield in KS- 
121 is twice that of the bituminous coals (P8 and KS-325) and contains 
the lowest percentage of volatile matter. The weight percentage of fixed 

carbon in KS-325 coal is slightly higher (~4.5 %) than KS-121, with P8 
coal having the lowest fixed carbon content at ~53 %. From Equation 
(2), the volatile matter yield on the dmmf basis for P8, KS-325, and KS- 
121 coals is 46.63, 19.10, and 14.78 wt%, respectively. The elemental 
concentration of carbon, hydrogen, nitrogen, and sulfur in the coal 
samples were determined from ultimate analysis. The element to carbon 
ratios for the total hydrogen (H/C), nitrogen (N/C), oxygen (O/C), and 
sulfur (S/C) in the coal samples is presented in Table 2. 

3.2. Nuclear magnetic resonance spectroscopy 

The 13C NMR spectra for P8, KS-325, and KS-121 is illustrated in the 
left panel of Fig. 3. The NMR peaks were fitted into 8 major peaks using 
the OriginPro® software (version 2023b). The peaks are labeled and 
color-coded “a – h” with the corresponding functional groups respon
sible for those peaks displayed in the right panel of Fig. 3, with the 
contributing carbon group colored red. The relative ratios of aliphatic, 
aromatic, and oxygenated carbon in the coal samples are presented in 
Table 3. The (gray) shaded columns in Table 3 are the structural pa
rameters, which have been described previously in Table 1. The calcu
lated structural parameters [24] are also presented. Additional details, 
such as the area of the peaks and the modal position of the NMR 
chemical shift position for each coal, are provided in Table S1. 

3.3. Attenuated total reflectance fourier transform infrared spectroscopy 

The fitted peaks obtained from ATR-FTIR spectroscopy for P8, KS- 
325, and KS-121 are shown in the first, second, and third columns in 
Fig. 4, respectively. The rows labeled I–IV represent frequency regions 
corresponding to different chemical environments in the coal. The fre
quency regions considered are (I) 700–900 cm− 1, (II) 1000–1800 cm− 1, 
(III) 2800–3100 cm− 1, and (IV) 3100–3600 cm− 1. Table 4 presents the 
relative percentage ratios calculated for the peaks in each frequency 
region, with peak assignments drawn from the work of Painter et al. 
[28]. For ease of reference, the average peak positions calculated for all 
the coals are presented in Table 4 and utilized in subsequent discussions. 
However, precise peak positions, as well as the peak areas for each coal, 
are presented in Tables S2 to S5 for the frequency regions I to IV, 
respectively. Furthermore, the complete frequency range of the FTIR 
spectra for all the coals is depicted in Figure S5. 

The peaks a – g in Row I of Fig. 4 (700–900 cm− 1 region in Table 4) 
corresponds to aromatic substitutions present in the coals. The number 
of adjacent hydrogens in aromatic rings offers an estimate of the degree 

Table 2 
Proximate and ultimate analyses (on dry basis) of the coal samples.  

Coal 
Samples 

Proximate [%] Ultimate Analysis [%] Atomic Ratio 

Ash Volatile Matter Fixed Carbon Carbon Hydrogen Nitrogen Oxygen Sulfur H/C N/C O/C S/C 

P8 8.16 38.40 53.44 75.90 5.18 1.35 6.66 2.75 0.8 0.02 0.1 0.01 
KS-325 7.71 16.06 76.23 82.19 3.92 1.20 3.98 1.00 0.6 0.01 0.04 0.005 
KS-121 18.83 9.49 71.68 72.47 2.78 1.05 3.88 0.99 0.5 0.01 0.03 0.01  

PZ1Z2
nn′l =

̅̅̅̅̅̅̅̅̅̅̅̅

8π2

2l + 1

√
∑

m
dZ1

nlmdZ2
n′lm

dZ
nlm =

∫∫∫ .

R 3
dV ρn(r)Y

m
l (θ,φ)gZ(r)

gZ(r) =
∑|Zi |

i
e− 1/2σ2 |r− Ri |

2

6   
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of aromatic substitution. Among these peaks, peak “a,” associated with 
ortho-aromatic substitutions (four adjacent aromatic C–H), is the 
dominant environment across all the coals. Peaks “b” and “c” correspond 
to trisubstituted aromatic groups, while peaks “d” and “g” are attributed 
to isolated C–H groups, although peak d (~812 cm− 1) has also been 
suggested by Kuehn et al. [73] to be associated with vibrations from two 
adjacent aromatic C–H. Concerning the weak para-aromatic substitution 
(peak e), P8 and KS-121 exhibit relative ratios of 2 and 3 %, respectively, 

while no peak was found for KS-325. Only P8 shows a peak around 855 
cm− 1 (peak f), assigned to tetrasubstituted aromatic groups, at ~10 %. 

Except for peak “d” in Row II of Fig. 4, attributed to the deformation 
vibrations of CH2 and CH3, the remaining peaks are associated with 
oxygen-containing functional groups. Notably, the relative ratios 
observed for the bituminous coals are almost evenly distributed (refer to 
Table 4). KS-121 exhibits a dominant peak “a” (~54%), assigned to 
aliphatic ethers and alcohols, with only 8 % relative ratio for C–O 

Fig. 3. (Left Panel) Solid state 13C NMR spectra of the coals. The right panel shows the carbon atoms (colored in red) in the chemical environment responsible for the 
peaks (labeled a - h). The structural parameters assigned to the peaks are: (a) f *

al, (b) fH
al , (c & d) fO

al , (e) fH
a + f B

a + f S
a , (f) f S

a + f P
a , (g & h) fC

a . 

Table 3 
Specific carbon structural distribution of the coal samples from solid13C NMR. The chemical shift range associated to each structural parameter is provided in ppm (e. 
g., 0–16 ppm, 25–36 ppm, etc.).  

Coal Relative Ratios of Aliphatic Carbon Groups   

f*
al   fH

al   fO
al fal 

0–16 16–25 0–25 25–36 36–51 25–51 51–75 75–90 51–90 0–90 

P8 0.03 0.08 0.11 0.11 0.12 0.23 0.09 0.01 0.10 0.44 
KS-325 0.01 0.03 0.04 0.01 0.01 0.02 0.09 0.01 0.10 0.16 
KS-121 0.01 0.02 0.03 0.01 0.01 0.02 0.10 0.01 0.11 0.17  

Relative Ratios of Aromatic Carbon Groups 
fH
a fB

a fS
a fP

a fN
a fC

a fa       

90–129 129–137 137–150 150–165 129–165 165–188 188–220 165–220 90–220  

P8 0.23 0.12 0.09 0.03 0.24 0.06 0.03 0.09 0.56  
KS-325 0.31 0.20 0.12 0.01 0.33 0.02 0.18 0.20 0.84  
KS-121 0.38 0.18 0.07 – 0.25 0.02 0.18 0.20 0.83   

Relative Ratios of the Additional Structural Parameters 
Xb ncl σ Ib BL SC Wc [g/mol]    

P8 0.26 13 2.9 0.3 0.7 2.2 388.1    
KS-325 0.31 16 2.5 0.8 1.9 0.6 278.3    
KS-121 0.28 14 1.2 0.6 0.7 0.5 279.5     
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stretching and O–H bending in phenolic structures (peak c). In some 
studies [26,29], bands around 1600 cm− 1 have been associated with 
aromatic ring stretching mode. However, an alternative interpretation 
links this peak to highly conjugated hydrogen-bonded carbonyl groups 
[65,66], and from Table 4, the average position of peak “e” for all three 
coals is ~1590 cm− 1 (close to 1600 cm− 1). However, analysis of the 
peak areas supports the assignment to highly conjugated 
hydrogen-bonded carbonyl groups. This is evidenced by the expectation 
that peaks attributed to aromatic ring in high-rank coals, like low vol
atile bituminous and semi-anthracites, should display larger areas. 
However, this trend is not observed in KS-325 and KS-121, which 
demonstrates a relative ratio of only 27 and 24 % for peak “e”. 

Row III in Fig. 4 is linked to C–H vibrations in both aliphatic and 
aromatic groups. The aliphatic C–H stretching bands fall between 2800 
and 3000 cm− 1 (peaks a, b, and c), while aromatic C–H groups are found 
between 3000 and 3100 cm− 1 (peaks d and e). The position of peak “a” 
(P8: 2857 cm− 1, KS-325: 2861 cm− 1, KS-121: 2862 cm− 1) makes it 
challenging to assign it to either symmetric vibrations of CH2 or CH3 [29, 
73]. However, since peak “a” contributes only 20 % in P8 and 30 % in 
KS-325 and KS-121, it is disregarded when constructing the coal models. 
P8 and KS-325 display a higher ratio for CH2 bridges (peak b) at ~ 50 

and 42%, respectively, while this peak is only about 28% in KS-121. 
Peak c, with a mean position at ~2956 cm− 1, is attributed to aromatic 
terminal − CH3, although CH2 in some hydrocarbons also absorbs 
around 2950 cm− 1 [29]. Peak d and e are associated with aromatic C–H 
vibrations. Peak d is fitted separately at 3014 cm− 1 for KS-325 because 
highly strained aliphatic rings also have bands around that frequency 
(~3000 cm− 1) [29]. However, experimental evidence for such vibra
tions in coal is lacking. Later in the discussion section, evidence from the 
vibrational density of states calculations will confirm that Peak d is 
indeed due to aromatic C–H stretching mode. Row IV (3100–3600 cm− 1) 
is associated with hydrogen bonding groups in the coals. The primary 
feature for all the coals is hydrogen bonded to oxygen functional groups 
(OH–O–R) in peaks b and c, while the bituminous coals display a higher 
peak area for hydrogen bonding between OH groups (OH–OH) 
compared to KS-121 in peak d. 

3.4. X-ray photoelectron spectroscopy 

Fig. 5 displays the chemical species obtained from fitting the C 1s, N 
1s, O 1s, and S 2p XPS signals for the coal samples, with the peak binding 
energy and relative area percentage ratios summarized in Table 5. 

Fig. 4. ATR-FTIR spectra of the coal samples in the left, center, and right panels, revealing distinct chemical environments across key frequency regions. The first, 
second, third, and fourth rows, denoted as I, II, III, and IV, represent peaks within the ranges 700 to 900 cm− 1, 1000–1800 cm− 1, 2800–3100 cm− 1, and 3100–3600 
cm− 1, respectively. The fitted curves are color-coded and the peaks are labeled “a – g” using the assigned colors in rows I and IV. (A colour version of this figure can 
be viewed online.) 
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Deconvoluting the narrow scan of C 1s spectra facilitates calculating the 
contributions from C–C and C–H components in coal [31]. Additional C 
1s peaks, indicative of oxidized carbon states, such as C–O and C––O, are 
also discerned [33]. Notably, the π–π* transition, characterized by a 
distinctive shake-up line (satellite peak), is observed in KS-121 and 
KS-325, originating from carbon in aromatic compounds excited by the 
departing photoelectrons [74]. 

For easy reference, Fig. S2 illustrates representations of some nitro
gen and sulfur functional groups used in this study. Deconvolution of the 
N 1s signal enables the determination of pyridinic, pyrrolic, quaternary, 
and oxidized nitrogen species in coal [31,75]. Oxygen species (C––O, 
–OH, and –COOH) are derived from the O 1s signal, in addition to the 
analysis based on the C 1s signal. The S 2p signal is resolved into peaks 
corresponding to aliphatic sulfur, thiophenes, sulfones, sulfonates, and 
sulfates [76,77]. From the S 2p XPS signal, the organic sulfur groups 
commonly observed in all three coals were aliphatic sulfur (likely in 
form of sulfides) and thiophene, while the inorganic sulfur exists as 
sulfate. The bituminous coals, P8 and KS-325, show peaks for sulfonates 
with relative content of 14 and 19 %, while KS-121 contains a small 
proportion of sulfone (4 %). 

4. Discussion 

4.1. Characterization of the coal samples 

Volatile matter yield in dry mineral-matter-free basis (Vdmmf ), a key 
indicator of coal rank [55], is typically low in high-rank coals. The Vdmmf 

obtained for P8 (46.63 %), KS-325 (19.10 %), and KS-121 (14.78 %) 
align with classifications as high volatile bituminous, low volatile 
bituminous, and semi-anthracite coals, respectively [56]. Frazer’s fuel 
ratio (fixed carbon/volatile matter) also yields similar classification for 
the coals [78]. In dry ash-free (daf) basis [79], the fuel ratio for P8, 
KS-325, and KS-121 is 1.4, 4.7, and 7.6 respectively. P8 is additionally 
classified as high volatile B (hvBb), based on its gross calorific (heating) 
value of 13,555 Btu/lb, in the moist mineral-matter-free (mmmf) basis 
[56]. From Table 2, despite higher carbon content in bituminous KS-325 
compared to semi-anthracite KS-121, the hydrogen-to-carbon (H/C) 
atomic ratio suggests a higher carbon-to-hydrogen ratio in KS-121 than 
in KS-325. A similar trend is observed for the oxygen-to-carbon (O/C) 

ratio. 

4.2. Functional groups in the coal samples 

The chemical structure of coal can be estimated by analyzing the 
relative amounts of carbon, oxygen, nitrogen, and sulfur types derived 
from the experimental analyses in this study. All experimental data has 
been rounded to integer values and applied to a standard coal structure 
based on 100 carbon atoms for clarity. The analysis primarily focuses on 
NMR data for carbon and oxygen, complemented by XPS data for ni
trogen and sulfur. FTIR data provides additional insights into potential 
hydrogen bonding environments, oxygen functional groups, and aro
matic ring substitutions. Ultimate analysis results ensure that atomic 
ratios for the coals remain consistent. Later in this section, the vibra
tional band assignments from the FTIR analysis emerge as useful for 
post-validation of the model. They aid in understanding and comparing 
vibrational signatures observed in the model with the vibrational den
sity of states and its associated inverse participation ratio. 

4.2.1. Carbon skeletal structure of the coals 
Assignments of the carbon groups, delineated by the 13C NMR 

spectra in Fig. 3, draw primarily from the work of Solum et al. [24] and 
Yoshida et al. [58]. The analysis of carbon structures is categorized into 
aliphatic and aromatic groups. 

4.2.1.1. Aliphatic long-chain and cyclic structures. The 0–16 ppm region 
in Table 3 indicates 3 terminal methyl carbon (–CH3) per 100 carbon 
atoms in P8, and 1 each for KS-325 and KS-121. Consequently, P8 likely 
contains 3 terminal ethyl carbons (‒H2C–CH3) per 100 carbon atoms, 
while KS-325 and KS-121 contain 1 each. The 25–36 ppm spectral region 
is considered to reflect only CH2 carbons, and not CH carbons due to the 
lower occurrence of aliphatic CH groups in coal structure [29]. 
Regarding aliphatic chains, the broad peak obtained from 13C NMR data 
does not precisely indicate the length of the aliphatic –CH2– chains 
within the 25–36 ppm region. For example, the prediction of eleven CH2 
carbons per 100 carbon atoms for P8 does not directly imply the pres
ence of 1 undecane bridge every 100-carbon atom (more details in 
Figure S4b). However, the presence of aliphatic CH2 bridges can be 
inferred from the FTIR data since the “b” peak around 2918 cm− 1 in Row 

Table 4 
Relative percentage ratio of the peak area for regions in the ATR-FTIR spectra. The average peak positions calculated using all three coals are also presented.  

ATR-FTIR Region [cm− 1] Coal Samples Relative Percentage Ratio of Fitted ATR-FTIR Peaks [%] 

a b c d e f g 

700–900 1 P8 35.2 3.5 20.3 15.8 1.6 9.7 13.9 
KS-325 39.7 2.9 9.6 19.9 – – 27.9 
KS-121 58.3 3.4 17.3 – 2.6 – 18.4 

Average Peak Position [cm− 1] 745.9 783.2 797.6 812.5 830.2 855.2 869.8 
1000–1800 2 P8 18.6 25.0 13.7 20.1 22.6  

KS-325 20.6 15.3 19.0 18.6 26.5 
KS-121 54.3 – 8.0 13.2 24.4 

Average Peak Position [cm− 1] 1024.4 1178.2 1304.5 1424.5 1590.8 
2800–3100 3 P8 31.7 55.8 8.4 – 4.2  

KS-325 30.0 42.4 7.8 5.6 14.2 
KS-121 20.0 27.9 10.2 – 41.8 

Average Peak Position [cm− 1] 2859.8 2917.9 2956.3 3014.0 3038.0 
3100–3600 4 P8 13.5 28.6 32.4 18.6 6.9  

KS-325 25.1 52.7 – 20.4 1.8 
KS-121 25.8 50.7 14.0 4.1 5.5 

Average Peak Position [cm− 1] 3199.2 3298.7 3377.6 3436.0 3539.3  

1 Aromatic CH out-of-plane bending modes. (a) 1,2-substituted aromatic. (b & c) trisubstituted aromatic. (d) Isolated CH and/or two neighboring CH. (e) Weak 1,4- 
substituted aromatic. (f) Tetrasubstituted aromatic. (g) Isolated aromatic CH. 

2 (a) aliphatic ethers & alcohols. (b & c) C–O stretch and OH bend in phenoxy & ethers. (d) Deformation vibration of CH2 & CH3. (e) Highly conjugated hydrogen 
bonded C––O. 

3 (a) symmetric stretching modes of CH2 and/or CH3. (b) Telescopic vibration of asymmetric CH2 bridges only (i.e., not CH2 hydroaromatic). (c) CH3 attached 
directly to aromatic rings (although CH2 in certain hydroaromatic structures also absorb at ~ 2950 cm− 1). (d) Highly strained aliphatic rings or (more likely) aromatic 
CH vibrations. (e) Aromatic CH vibrations. 

4 (a) cyclic H-bond. (b & c) OH–O H-bond. (d) H-bonded OH groups (i.e., OH–OH hydrogen bond). (e) OH–π H-bond 

C. Ugwumadu et al.                                                                                                                                                                                                                            



Carbon 225 (2024) 119086

10

Fig. 5. Cabon 1s, Nitrogen 1s, and Sulfur 2s species obtained from x-ray photoelectron spectroscopy analysis. (A colour version of this figure can be viewed online.)  

Table 5 
XPS binding energy (in eV) peak position and the relative area percentage ratio.  

XPS Signal Chemical Species Coal Samples 

P8 KS-325 KS-121 

Energy % Ratio Energy % Ratio Energy % Ratio 

C 1s C–C; C–H 284.3 87.1 284.2 85.4 283.9 72.1 
C–O 286.1 9.0 286.1 7.8 285.2 16.5 
C––O 288.2 3.9 – – 287.4 4.5 
π – π* – – 289.2 6.9 290.1 6.9 

N 1s Pyridinic N 398.7 45.6 398.0 16.8 398.1 23.4 
Pyrrolic N 400.1 39.3 399.7 65.6 399.7 29.3 
Quaternary N 402.7 15.2 401.6 17.6 401.6 35.8 
Oxidized N – – – – 404.6 11.5 

O 1s C––O 531.9 72.3 531.6 33.7 531.9 76.3 
–OH 533.1 22.4 532.8 66.3 533.4 23.7 
–COOH 534.5 5.2 – – – – 

S 2p Aliphatic S 163.4 24.4 163.4 36.4 163.2 26.6 
Thiophene 164.7 22.5 164.6 16.1 164.2 34.9 
Sulfone – – – – 167.0 3.8 
Sulfonate 168.1 13.7 167.9 18.9 – – 
Sulfate 169.1 39.4 169.2 28.6 168.9 34.8  
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III (Fig. 4) indicates contribution from methylene bridges only. Bellamy 
suggested that methyl groups directly attached to aromatic groups also 
exhibit strong bands near 2920 cm− 1 [80], but the small number of 
terminal methyl groups observed from 13C NMR (16–25 ppm in Table 3) 
implies that the predominant contributor should be methylene bridges 
in the coals. 

While the FTIR data confirms the presence of methylene bridges, the 
challenge of determining the length (n) of the methylene chains, (CH2)n, 
persists. To address this, we utilized the lower limit for the (CH2)n 
content in coals of different ranks, reported by Calkins [81,82]. We 
assigned value for n between 1 and 3 for P8, and 1 or 2 for KS-325 and 
KS-121, subject to fitting of the experimental NMR spectra. Notably, one 
CH2 is also predicted for KS-325 and KS-121 from the NMR data. The 
NMR Peak “c” (51–75 ppm) is attributed to oxygenated –CH2– groups 
(51–75 ppm), and is proposed to marginally extend the average aliphatic 
chain length by acting as crosslinks between aromatic clusters [16–18]. 
The limited presence of aliphatic ether groups (C–O–C) in the 75–90 

ppm region (refer to Table 3) across all three coals indicates minimal to 
no aliphatic ether linkages. This is consistent with NMR reports for 
aliphatic ether bridges in similar coal ranks from other studies [18,27, 
83], reinforcing the likelihood that oxygenated –CH2– primarily func
tions as crosslinks between aromatic (Ar) clusters, forming 
Ar–O–CH2–Ar aromatic bridges. Consequently, the aliphatic bridges 
considered for the coal models in this study include –CH2–, –(CH2)2–, 
–(CH2)3–, –O–CH2–. 

Alicyclic or saturated hydroaromatic carbon in coal function as 
connecting bridges (loops) between unsaturated polyaromatic struc
tures. Fig. 6 illustrates commonly identified polycyclic aromatic hy
drocarbons (PAH) found in coal and used in this study. 
Dihydroanthracene and dihydrophenanthrene are the most frequently 
proposed PAHs for most coal structures [9,24]. From Table 3, the 
number of bridges and loops (BL) calculated for KS-121 and P8 is one per 
aromatic cluster (indicative of structures like dihydroanthracene or 
dihydrophenanthrene). KS-325, on the other hand, averages two per 

Fig. 6. Commonly identified polycyclic aromatic hydrocarbons (PAH) in coal and considered in this study. (A colour version of this figure can be viewed online.)  
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cluster. It is worth noting that, Ib, used to separate cluster coordination 
(σ) into bridges/loops and side chains (SC), can introduce errors as high 
as 25 % in the coal model. This is due to Ib considering all side chains as 
single methyl groups, neglecting other terminating groups such as OH 
and terminal methyl chains. 

4.2.1.2. Aromatic carbon groups. In Table 3, the ncl structural parameter 
values for P8 (13), KS-325 (16), and KS-121 (14) suggest a prevalence of 
linearly catenated aromatic carbon, aligning with the C4m+2H2m+4 
family of polyaromatic hydrocarbons structures. Therefore, the average 
number of fused aromatic rings (rounded to an integer) in P8, KS-325, 
and KS-121 is 3, 4, and 3, respectively. This indicates that, along with 
benzene-like isolated rings, phenanthrene, anthracene, and possibly 
chrysene (for KS-325) are the primary PAH components to be considered 
(refer to PAH structures in Fig. 6). Circular catenated PAH is also 
plausible; PAH like phenalene and pyrene are considered in the coals, as 
these structures align with the calculated number of fused aromatic 
rings. Pyrene is likely present in KS-325, considering its ncl value is 
precisely 16 carbon atoms, equivalent to a cluster of 4 benzene-like 
rings. 

The distribution of aromatic substitutions, extracted from the 
700–900 cm− 1 FTIR spectra region, is also useful in determining the type 
of PAH suitable for representation, and vice versa. For example, 
anthracene can be chosen to represent isolated CH groups, although 
isolated CH groups can also result from substitution of other functional 
groups into adjacent carbon atoms in an aromatic ring. However, the 
latter can be checked using XPS, FTIR, or the elemental ratio from ul
timate analysis (for non-carbon functional groups). Apart from using 
PAHs or terminal ethyl, aromatic terminal –CH3 in the 16–25 ppm NMR 
spectral region (8 for P8, 3 for KS-325, and 2 for KS-121) can also 
facilitate required aromatic substitutions. However, all these consider
ations are contingent upon fitting of the experimental NMR spectra. 

From the C 1s XPS data, the subtle π-π* satellite peak in KS-325 and 
KS-121 indicates the occurrence of sp2 carbon in these coals, reminiscent 
of graphite. While quantitatively determining sp2 carbon solely based on 
the satellite state might be ambitious, a qualitative comparison reveals 
the presence of the π-π* in KS-325 and KS-121, but not in P8. This in
dicates that KS-325 and KS-121 have a higher number of fused aromatic 
rings compared to P8. 

4.2.2. Oxygen functional groups 
Balancing oxygen counts from 13C NMR parameters (fO

al , f
P
a , and fC

al) 
with the O/C ratio from ultimate analysis proves challenging. In Table 2, 
the O/C ratio reveals low oxygen counts for all the coals: 5, 4, and 3 
oxygen atoms per 100 carbon atoms for P8, KS-325, and KS-121, 
respectively. This contrasts with the higher oxygen content derived 
from NMR by summing values for fO

al , f
P
a , and fC

al. While acknowledging 
potential double counting of oxygen in NMR (e.g., methoxy groups 
attached to aromatic rings are counted in both fO

al and fP
a ), the low ratio 

(3 and 1 in P8, KS-325, and KS-121, respectively) or absence (in KS-121) 
of phenol or phenolic ether indicates minimal impact on the overall 
oxygen concentration. Given that the elemental oxygen concentration is 
derived through an elimination procedure in ultimate analysis [52], the 
oxygen concentration based on NMR, supported by FTIR and XPS, is 
considered for coal structure predictions. 

Unlike P8 and KS-325, assigning phenolic groups to the semi- 
anthracite KS-121 coal is improbable. This is supported by the absence 
of an NMR peak for phenolic group in the 150–165 ppm region, further 
supported by the absence of a clear “b” and “c” peak in the FTIR ab
sorption band in the 1000–1800 cm− 1 range (Row II in Fig. 4). The low 
concentration of the phenolic group in KS-121 validates the use of Ib in 
estimating the number of sidechains available in the semi-anthracite 
coal, which is particularly relevant as the ratio of aromatic –OH termi
nations and crosslinking reactions is predominantly linked to fP

a [58]. 
In Fig. 3 and Table 3, the NMR spectra of KS-325 and KS-121 show 

minimal curve area between 165 and 188 ppm, indicating a low pres
ence of carboxyl carbon (2 in 100 carbon atoms) in both coals. This 
implies that the carbonyl functional group is predominant. XPS analysis 
in Table 5 corroborates this, showing no carboxylic (–COOH) peak in the 
O 1s signal for KS-325 and KS-121. However, P8 exhibits 6 carboxyl 
carbons per 100 carbon atoms, with a discernible carboxyl peak in the O 
1S signal. The consistent identification of carboxyl carbon through both 
XPS and NMR analyses for P8 confirms that carboxyl and carbonyl 
should be considered in the structural composition of P8 coal. These 
findings for P8 contradict Solomon’s conclusions regarding the absence 
of carbonyl and carboxyl functional groups in their P8 model [18], 
which were based on FTIR data and CO2 output from thermal 
decomposition. 

4.2.3. Nitrogen and sulfur functional groups 
NMR and FTIR provide insights into the carbon and oxygen groups, 

while XPS is preferred for inferring nitrogen and sulfur functional groups 
in coal. The N 1s scan in Table 5 indicates the presence of pyridinic, 
pyrrolic, and quaternary (or graphitic) nitrogen in all three coals. P8 has 
a lower proportion of quaternary nitrogen (15.2 %) compared to the 
other two nitrogen functional groups. Pyrrolic nitrogen dominates in KS- 
325 (65 %), with pyridinic and quaternary nitrogen close at 16.8 and 
17.6 %, respectively. KS-121 shows an additional peak attributed to 
oxidized nitrogen at 11.5 %, while the other functional groups show 
relatively equal ratios. 

From the S 2p XPS scan, the low sulfone content observed in KS-121, 
along with its absence in the bituminous coals, aligns with findings from 
Zhang et al. [76]. In coal modeling, key emphasis is placed on functional 
groups such as thiophene and aliphatic sulfur (predominantly sulfides 
and thiols) [17–20]. In KS-325, the aliphatic sulfur to thiophene ratio is 
approximately 2:1, whereas in P8 and KS-121, these functional groups 
are nearly equivalent. This suggests that when modeling P8 and KS-121, 
equal consideration should be given to both thiophene and aliphatic 
sulfur, while KS-325 leans towards a preference for aliphatic sulfur. 

4.3. Coal models, DFT post-treatment, and characterization 

While techniques like ultimate and proximate analyses, 13C NMR, 
FTIR, and XPS provide valuable insights into coal structure, their 
inherent limitations, including approximation and bias from curve- 
fitting methods, must be acknowledged. Therefore, relying solely on a 
single coal model for analysis can lead to inaccurate estimations. A more 
robust approach, used in this study, involves constructing an ensemble 
of models aligned with experimental data, offering a statistically aver
aged portrayal for accurate coal characterization. To this end, four 
distinct models were constructed for each coal to conform with the 
experimental NMR data. Details of the models are presented in Table 6. 
The 3D structure files, in .xyz format, for all 12 models are provided as 
supplementary material. Additionally, the 2D structure files (in .chxml) 
can be accessed from our website [84]. For conciseness, subsequent 
discussions will focus exclusively on the first 3 models (for each coal), 
and where applicable, individual models will be identified using the 
code name provided in the second column of Table 6. 

Fig. 7 illustrates the experimental NMR spectra alongside the 
calculated spectra and their corresponding structure for Model 1 (M1) of 
the coals. Similar representations for Models 2 (M2) and 3 (M3) are 
presented in Figure S6, S7, and S8 for P8, KS-325, and KS-121, respec
tively. Discrepancies between the carbonyl and carboxyl region of the 
experimental NMR spectra and the calculated spectra are evident across 
all models. This disparity arises because the experimental peak height 
reflects the actual molecular size of the coal, which is not entirely 
captured by the model due to finite-size effects. Despite this limitation, 
the qualitative shape of the peak remains consistent. 

The H/C ratio calculated in the models closely mirrors the range 
obtained from ultimate analysis, typically within ±0.1 deviation. 
However, the O/C ratio derived from ultimate analysis proves too low to 
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accurately match the NMR spectra. Therefore, the O/C ratio in the 
models was determined based on NMR and FTIR analysis. Nitrogen and 
sulfur functional groups were adjusted to align with XPS analysis con
clusions. P8 models feature larger system sizes compared to KS-325 and 
KS-121, as shown in Table 6, due to different constraints during model 
construction. The NMR spectra for P8 exhibits a larger relative area for 
aliphatic groups, requiring more atoms to align with the experimental 
data. Conversely, KS-325 and KS-121 require more aromatic structures 
than aliphatic ones, resulting in relatively smaller system sizes for these 
models. The final densities of all the models are within range of typical 
coal density (1.1–1.8 g/cm3) [85]. 

4.3.1. Structural properties of the models 
To ensure the chemical realism of the coal models, validation was 

performed through DFT-based energy/structural minimization. Conju
gate gradient energy minimization was employed to optimize atom 
position, bond length, bond angles, and cell shape of the models ob
tained from ReaxFF (henceforth referred to as “ReaxFF” models). This 
approach aims to minimize constraints during calculation, assuring that 
the DFT-relaxed models (henceforth referred to as “DFT” models) are 

truly optimized. To demonstrate the benefits of DFT post-treatment, we 
compared the structural attributes of the ReaxFF and DFT models by 
using total radial distribution function (RDF), bond length distribution 
(BLD), and bond angle distribution (BAD) computations [86]. Only the 
results obtained for KS121_M1 is presented in Fig. 8, for brevity, while 
similar comparisons for all 9 models are provided in Figure S9. 

The RDF plot in Fig. 8a demonstrates consistent peak matching be
tween the ReaxFF and DFT model, indicating no emergence of new 
peaks, post-DFT treatment. This pattern is consistent across the other 8 
models, as illustrated in Figure S9. The absence of new peaks in the RDF, 
combined with the absence of bond-breaking or forming throughout the 
DFT relaxation, indicates that the atoms are arranged within energeti
cally stable and realistic local environments in configuration space. 
However, the narrower RDF peaks in the DFT model indicate that the 
configuration of the ReaxFF model is not the optimal local minimum. 
The DFT model exhibits a more defined local structure compared to the 
ReaxFF model, as observed in the BLD and BAD plots in Fig. 8b and c, 
respectively, as well as in Figure S9, for the other models. In the BLD 
plot, the prominent peak “i” corresponds to C–H bond at ~1.09 Å [87, 
88], while the small peak “ii” (~1.24 Å), which is less resolved in the 

Table 6 
Details of the models constructed for P8, KS-325, and KS-121 coals.  

Coal Model Code Namea) Model Properties 

Chemical Composition Molecular Weight [g/mol] Density [g/cm3]b) 

P8 P8_M1 C207H158N4O15S2 3005.67 1.42 
P8_M2 C206H151N3O15S3 3004.66 1.42 
P8_M3 C239H175N3O18S3 3473.21 1.41 
P8_M4 C184H137N3O15S2 2694.25 1.41 

KS-325 KS325_M1 C159H104N2O17S2 2378.70 1.40 
KS325_M2 C175H109N3O16S3 2605.98 1.42 
KS325_M3 C145H88N4O11S3 2158.50 1.40 
KS325_M4 C170H111N3O16S2 2515.88 1.39 

KS-121 KS325_M1 C154H94N2O13S2 2244.57 1.43 
KS325_M2 C180H107N3O10S4 2600.09 1.43 
KS325_M3 C124H78N2O11S3 1868.17 1.44 
KS325_M4 C149H86N2O10S3 2160.51 1.43  

a M1, M2, M3, and M4 indicated the first, second, third, and fourth models constructed for the coals. All models are included in the supplementary material. Only the 
first 3 models are discussed in this study. 

b Density of final structure post-DFT treatment. 

Fig. 7. Representative models constructed for P8, KS-325, and KS-121 coals. The experimental NMR spectra is plotted along with calculated NMR spectra for Model 1 
of all the coals. Similar figures for Models 2 and 3 are available in the supplementary material. (A colour version of this figure can be viewed online.) 
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ReaxFF model, represents C–O bonding [12]. Additionally, peaks “ii” 
(~1.41 Å) and “iv” (~1.5 Å) for C––C and C–C bonds [88,89], respec
tively, are more clearly distinguished in the DFT model. Similarly, the 
BAD peaks in Fig. 8c exhibit better resolution for the DFT model. The 
broad peak observed in the ReaxFF model is separated into 2 peaks in 
the DFT models, “iv” (~110◦) and “v” (~120◦), representing C–C–H and 

H–C–H bond angles, with C–C–C bond angle also contributing to peak 
“v” [90–92]. Further exploration of structural differences involved 
examining the BLD and BAD projections onto atomic species, as pre
sented in the atom-projected bond length distribution (P-BLD) and the 
atom-projected bond angle distribution (P-BAD) plots in Fig. 8d. The 
ReaxFF model shows a broader distribution of bond lengths and angles, 

Fig. 8. Structure analysis of ReaxFF and DTF treatment of KS121_M1. (a), (b) and (c) depict the radial distribution function (RDF), bond length distribution (BLD) 
and bond angle distribution (BAD) for the KS121_M1, before and after DFT treatment. The atom-projected BLD (P-BLD) and BAD (P-BAD) of the model is illustrated in 
(d). (A colour version of this figure can be viewed online.) 

Fig. 9. (Left Panel) Configurational subtleties within coal structures are visualized through t-SNE, displaying results for Model 1 and 2 only. The N× 10, 350 SOAP 
descriptors are projected onto an N × 2 t-SNE co-ordinate. Hydrogen, carbon, nitrogen, oxygen, and sulfur are colored black, gray, blue, red, and gold colors, 
respectively. Chemical structures annotated in P8_M2 and KS121_M1 illustrate the atomic environments corresponding to the indicated data points. [Right Panel] (a) 
Similarity metric scores of the coal models. Scores are color-coded: values < 0.1 in green, between 0.1 and 0.2 in yellow, and > 0.2 in blue. The “KS” in KS-121 and 
KS-325 is omitted for convenience. (b) A density plot with the associated Gaussian kernel density estimate (brown curve) of the similarity metric scores. (c) Fre
quency distribution of the elements of in the lower triangular K matrix (without the diagonal elements). Each brown dot represents one of 36 elements. 
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resulting in less defined peaks. This trend remained consistent across all 
nine models, as evidenced by the RDF, BLD, and BAD plots in Figure S9, 
along with the P-BLD and P-BAD plots for P8_M1, illustrated in 
Figure S10. 

Therefore, it is evident that DFT post-treatment improves the ReaxFF 
models, ensuring chemically accurate representations crucial for scaling 
coal models [12,20,23,27]. Inaccuracies in local conformations can 
compromise credibility, emphasizing the need for precise structural 
features simulations. While ReaxFF offers energetically stable models, 
DFT treatment enhances structural fidelity, vital for intricate 
multi-species simulations like coal-plastic interactions for advanced 
materials [4,5,7], exploring electronic or electrochemical properties in 
coal-derived graphite [9,13], or utilizing coal in carbon-metal compos
ites for ultra-conducting wires, akin to graphene applications [93–97]. 
In all cases, accurate coal structure and chemistry is indispensable. 

4.3.2. Unicity analysis for the models using SOAP 
The models constructed for a particular coal must exhibit distinct 

and distinguishable local structures to ensure completeness of any 
conclusions drawn from their utilization. Structural orthogonality 
among the models enables exploration of a wider range of interactions 
and properties that may not be discerned using models of similar rep
resentation (from supercells constructed from single representative 
model). The unicity of the DFT models was investigated using the SOAP 
technique. The SOAP descriptor for each model is an N× 10,350 matrix, 
where N is the number of atoms in the model. Given the difficulty in 
visualizing or interpreting such high-dimensional data, we transformed 
the N × 10,350 matrix into an N × 2 matrix using the “t-distributed 
stochastic neighbor embedding (t-SNE)” algorithm, implemented using 
the Scikit-learn Python module [98]. t-SNE is a nonlinear dimensionality 
reduction technique used for visualizing high-dimensional data in lower 
dimensions [99]. Recently it has been applied to discern structural 
features in a million-atom model of silicon [100]. More on t-SNE is 
provided in Section S1.4 of the supplementary material. 

The scatter plot in the left panel of Fig. 9 projects the 10,350 SOAP 
descriptor elements of each atom onto a 2D t-SNE coordinate, preserving 
maximum structural information. Hydrogen, carbon, nitrogen, oxygen, 
and sulfur atoms are represented by black, gray, blue, red, and gold 
colors, respectively. Due to the nature of the t-SNE algorithm, direct 
reconstruction of the original high-dimensional (10,350) co-ordinates is 
challenging [99]. Nevertheless, the distance between points in t-SNE 
space reflects their structural dissimilarity in SOAP space. The plot 
distinctly clusters for each atomic species, illustrating clear separation 
even among atoms of the same chemical species. This underscores the 
accuracy of SOAP implementation in discerning similarity within the 
local atomic environment of each model. A similar plot incorporating 
data for Model 3 of the coals is presented in Figure S11. Moreover, 
certain outliers were identified in the t-SNE representations (refer to 
insets in left panel of Fig. 9). In P8_M2, hydrogen and oxygen atoms 
involved in hydrogen bonding between two phenolic groups are in 
proximity. Also, the pyrrolic and pyridinic nitrogen in KS121_M1 are 
separated and positioned near the hydrogen and carbon clusters, 
respectively. This could stem from the limited number of nitrogen atoms 
in the model or related to the presence of hydrogen in pyrrolic struc
tures, as well as the nitrogen substitution of carbon in a hexagonal ring 
(a major feature of KS-121) in pyridinic structures. 

In the right panel of Fig. 9, similarity metric scores between pairs of 
models are depicted in a gray color scale (Fig. 9a). Only the unique el
ements, derived from the 9 × 9 K matrix (using Equation (7)), are dis
played. As each model is self-similar, the diagonal elements each have a 
score of 1 (the upper limit of K) and are not considered in subsequent 
analysis. We annotate and color-code the similarity metric scores: green 
for scores less than 0.1, yellow for scores between 0.1 and 0.2, blue for 
scores above 0.2. The maximum metric score is 0.3, hence the gray scale 
extends only to 0.34. In Fig. 9b, the density plot, along with the Gaussian 

kernel estimate (KDE), reveals a bimodal distribution for the 36 unique 
elements of K, with primary and secondary modes centered around at 
~0.18 and ~0.09, respectively. The first, second, and third quartiles 
from the metric score distribution are 0.09, 0.16, and 0.21, respectively. 
Furthermore, the scatter plot in Fig. 9c illustrates the frequency distri
bution of the similarity metric scores for the unique K elements in 
ascending order. The first dot, representing the kernel element with a 
score of 0.03, highlights the most distinct local environment between 
P8_M1 and KS325_M1. Conversely, the last dot at 0.30 represents the 
metric score between KS325_M3 and KS121_M1 – indicating the most 
similar local environments. The number of dots at any position in the 
plane indicates the number of K (kernel) elements having that metric 
score. 

Considering models from the same rank, the maximum similarity 
score obtained for P8, KS-325 and KS-121 is 0.17, 0.18, and 0.23, 
respectively. The low statistical values obtained, the substantial devia
tion of the similarity metric scores from the maximum value of 1, along 
with the evident structural dissimilarity in the 2D t-SNE plot, strongly 
suggests that the models are unique and simulation-ready. 

4.3.3. Vibrational signatures and specific heat capacity 
We extend the DFT analysis to computing the vibrational density of 

states (VDoS) of the models, as it provides accurate and fundamental 
information about the low temperature vibrational excitations. It also 
serves as a metric for comparing simulated vibrational normal mode 
frequencies with experimentally obtainable data from FTIR or inelastic 
neutron scattering (INS) analysis. The upper-right panel of Fig. 10 shows 
the VDoS plot for KS121_M1, specifically the 1680–2800 cm− 1 region 
where a phonon energy gap is observed. The full VDoS for KS121_M1, 
with frequency ranging between 0 and 3800 cm− 1, is presented in Fig
ure S12. While direct comparison between the VDoS and FTIR or INS 
data are intricate, the spectra from all three methods exhibit remarkable 
similarities in their shape profiles. Notably, the absence of FTIR peaks or 
band assignments in the 1680–2800 cm− 1 frequency region, consistent 
with the findings in this study and others [20,27,29,30,49,101], high
lights a pattern that is also reflected in the dynamical structure factor, 
S(Q,ω), obtained from INS analysis of different coal ranks [49]. 

The VIPR (refer to Equation (4)) was employed to further charac
terize the vibrational normal modes. As a reminder, VIPR → 1/N in
dicates that several atoms contribute to the normal mode and VIPR → 1 
indicates fewer atoms contribute to that eigen frequency, signifying a 
highly localized mode. Lower frequency modes (<1680 cm− 1) are 
distributed over carbon atoms, while higher frequencies above ~2950 
cm− 1, characterized by high VIPR (>0.6), are predominantly linked to 
hydrogen atoms in polyaromatic structures. Near the energy gap 
(1680–2800 cm− 1), six localized modes labeled “1–6” are discerned. The 
chemical environment contributing to these vibrational normal modes 
are illustrated in the upper-left panel in Fig. 10. Apart from mode “3”, 
which is located around 2612 cm− 1 and associated with a stretching 
vibration of the hydrogen atom in a phenyl-mercaptan, the other modes 
exhibit vibrational characteristics consistent with the FTIR band 
assignment in this study and by Painter et al. [29]. 

Mode “1” (~1667 cm− 1) and mode “2” (~1717 cm− 1) localize on a 
different C––O bonds in a carboxyl and aldehyde functional group, 
respectively. Mode “4” (~2896 cm− 1) is associated with a hydrogen 
atom in a terminal aldehyde. Mode “5” (~2919 cm− 1) corresponds to a 
hydrogen atom in a bridging CH2, and mode “6” (~2934 cm− 1) is 
localized on a hydrogen atom connected to aliphatic CH bridge. Notably, 
these frequencies fall within the FTIR band assignment ranges for the 
corresponding coal functional groups [29,49,60,101]. An animation 
(gapModes.mp4) illustrating all six localized gap modes is provided in 
the supplementary material. The animations are also available on our 
website [84]. 

Additional vibrational normal modes, corresponding to FTIR band 
assignments, were identified. For example, pure bending and stretching 
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vibration normal modes in aromatic carbon rings were identified at 
~426 and ~1600 cm− 1 [26], respectively. This vibrational mode has 
also been observed in amorphous graphite [12,91]. Out-of-plane vi
brations for two neighboring hydrogen atoms and CH in polyaromatic 
hydrocarbons were observed at ~819, and ~884 cm− 1, respectively 
[29]. Breathing modes for CH3 attached to aromatic rings were observed 
at 2970 and at 2994 cm− 1. This agrees with our assignment for peak c in 
the 2800–3000 cm− 1 FTIR band region in Fig. 4 and Table 4. Corre
spondingly, the ambiguity surrounding peak “d” in the same band re
gion, regarding whether it originates from strained aliphatic rings or 
aromatic C–H stretching modes (discussed in Section 3.3), was resolved 
by the vibrational modes observed around 3115 cm− 1. This confirmed 
that the high frequency vibrations (>3000 cm− 1) indeed stem from ar
omatic C–H stretching. These additional normal modes are displayed in 
an animated video (otherModes.mp4), also provided in the supple
mentary material. The shape of the VDoS is consistent across all the 
models, regardless of rank. For comparison, the VDoS and VIPR for 
Model 3 for all the coals are presented in Figure S13. Notably, one new 
localized C–H mode was observed in KS325_M3 at ~2798.4 cm− 1, for a 
carbon atom bonded to the nitrogen in an acridine PAH (see PAH 
structures in Fig. 6). 

On a different note of general relevance to disordered materials, the 
vibration typically observed in FTIR experiments at ~860 cm− 1 is 
commonly assigned as pure vibrations involving isolated aromatic CH 
[29,60]. Our observation revealed mode mixing of vibrations form iso
lated hydrogen atoms and deformation vibrations in aromatic C––C, thus 
indicating that care is needed in mode identification, as mixing between 
modes is important in disordered (amorphous) systems [103]. 

The specific heat capacity provides an additional criterion for eval
uating computational models against real-world materials. In the lower 
panel of Fig. 10, the computed specific heat is compared with experi
mental specific heat data obtained by one of the authors (R. Olson III) 
[102]. The computed and experimental specific heat capacity profiles 
reveal a significant coincidence across the temperature spectrum 
ranging from 300 to 3200 K. To validate this agreement, the plots were 
normalized based on two distinct reference points: A region 

characterized by the steepest gradient (Fig. 10a) and at the highest 
temperature end (Fig. 10b) – which crudely approximates the 
Dulong-Petit limit [104]. The specific heat capacities for models of P8 
and KS-325 were calculated, yet they could not be compared to exper
imental data due to its unavailability. However, in Fig. 10c, the specific 
heat capacity values for all three models within the same rank were 
averaged and normalized to the fitting point region used in Fig. 10a for 
comparison. At high temperatures, discernible differences in the average 
specific heat capacity values across coal ranks are evident, with P8 
exhibiting the highest values, followed by KS-235 and KS-121 (refer to 
Fig. 10d). Conversely, at lower temperatures, the specific heat capacities 
among all models closely converge. It is worth noting that models within 
the same rank exhibit closely aligned values, as demonstrated in 
Figure S14 of the supplementary material. 

5. Conclusion 

This study constructs multiple 3D models of three coals from Penn
sylvania. The coals are of different ranks including high volatile bitu
minous (P8), low volatile bituminous coal (KS-325), and semi-anthracite 
coal (KS-121) coal. Proximate, ultimate, 13C NMR, FTIR, and XPS ex
periments were conducted to gather comprehensive data. Structural 
parameters governing the carbon skeletal structure of the coals were 
calculated from fitted NMR spectra, supplemented by FTIR data when 
necessary. Oxygen functional groups were predicted using NMR, FTIR, 
and XPS, with the latter serving as the primary indicator for sulfur and 
nitrogen functionalities proposed for coal. The structural models for the 
coals underwent iterative updates to align with the experimental NMR 
spectra, while considering insights from other experimental analyses. 

To accommodate the complexity of coal structure and potential 
biases in experimental curve-fitting methods, at least three models were 
constructed for each coal. Each model displayed distinct features while 
still matching the experimental NMR spectra. The 2D coal structures 
were further transformed into realistic 3D structures for molecular 
simulations and chemical analysis. The REAXFF models were validated 
ex post facto via DFT codes implemented within VASP. To ensure the 

Fig. 10. [Upper Panel] The VDoS and VIPR for KS121_M1 are presented. Chemical environments contributing to the localized vibrational states in the gap region 
(annotated 1 to 6) are highlighted with dashed circles. [Lower Panel] Specific heat capacity as a function of temperature from 300 to 3200 K. The calculated specific 
heat for KS121_M1 is compared with experimental data [102]. The comparison includes (a) points in the curve region with high gradients and (b) their maximum 
values (approximating the Dulong-Petit limit at “high temperatures”). These points are annotated in the figure. Additionally, (c) compares the specific heat capacity 
obtained by averaging the values obtained for models constructed for each coal, and (d) zooms in on their differences at elevated temperatures. (A colour version of 
this figure can be viewed online.) 
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uniqueness of the models, the SOAP method encoded the local envi
ronment of atoms in each coal structure. A pairwise similarity kernel 
metric was then applied to compare atom-centered environments for 
each coal, providing a robust validation of the distinctiveness of the 
constructed models. As the pièce de résistance, the vibrational density of 
state of the DFT-validated models were computed and were found to 
have striking similarities to the shape profiles from FTIR and INS. 
Furthermore, the specific heat capacity, derived from elementary sta
tistical mechanics, employing the vibrational density of states, exhibited 
remarkable congruence with experimentally determined specific heat 
values. This marks the first instance of ab initio calculations of the 
vibrational density of states for coal reported in literature. 

To the best of our knowledge, there is no publication on coal struc
tural models for coals from the semi-anthracite and low volatile bitu
minous coal regions from which KS-325 and KS-121 are mined. 
Conversely, a model exists for P8 coal, as posited by Solomon [18]. 
However, our experimental findings and analysis for P8 coal indicate an 
underestimation of carbonyl and carboxyl functional groups in Solo
mon’s coal model. It is essential to emphasize that this does not discredit 
Solomon’s proposed structure, nor does it assert superior accuracy for 
ours, but highlights the inherent non-uniqueness in describing coal 
structures, a phenomenon influenced by both the nature of the coal itself 
and potential biases in experimental techniques. Therefore, our pre
diction of the P8 coal structure only provides an alternative perspective. 
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Abstract 

This study focuses on the construction of small-scale atomistic representations of three Appalachian coals of 

different ranks– high volatile bituminous, low volatile bituminous, and semi-anthracite. Ultimate, proximate, 13C 

NMR, FTIR, and XPS data were used to infer 2D and construct multiple 3D molecular models of each coal. A 

new simulation strategy for structure optimization, termed “Sectioned Optimization”, is introduced to ensure 

energetically stable configurations of the 3D coal models. Density functional methods are applied to the models, 

improving their quality, and giving insight into the limitations of empirical simulations in this complex system. 

The structural models were validated ex post facto using a density functional code, VASP. We describe the 

distribution of local atomic environments in the models to emphasize the significant structural distinctions 

between the three coal ranks. We also report the first ab initio vibrational density of states calculations for coal 

and compare it to FTIR and Inelastic Neutron Scattering experiments and identify vibrational modes using ab 

initio calculations, offering animations for the vibrational modes in coal that are consistent with FTIR band 

assignments. We show that the specific heat capacity compares favorably with experimental data. 
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S1. Supplementary Notes and Comments 

S1.1 Formulas to calculate some 13C NMR Structural Parameters 

The methodology employed to derive all seven parameters is based on the work of Solum, Pugmire, and Grant 

[1,2]. The average number of carbon atoms per aromatic cluster or polyaromatic hydrocarbon (𝑛𝑐𝑙) is calculated 

based on the fraction of bridgehead carbon atoms (Xb), which can be expressed as: 

 𝑋𝑏 =  
 𝑓𝑎

𝐵  

𝑓𝑎
𝐻 + 𝑓𝑎

𝑁
 S1 

To determine 𝑛𝑐𝑙, the cluster size model introduced by Solum and coworkers[1] provides a numerical solution 

through the following equations:  

 𝑋𝑏 =  0.5 × {(1 − tanh β)𝑋𝑏
′ + (1 + tanh β)𝑋𝑏

′′} S2 

 𝛽 =  
𝑛𝑐𝑙 − 𝐶0

𝑚
;   𝑋𝑏

′ =  
𝑛𝑐𝑙 − 6

2 × 𝑛𝑐𝑙
;    𝑋𝑏

′′ =  
1 − √6

√𝑛𝑐𝑙

 S3 

𝐶0 and m are the shifting and scaling parameters, set to their optimal values of 19.57 and 4.15 [1]. 𝑋𝑏
′  and 

𝑋𝑏
′′ are the limits for linear and circular of carbon. Taking 𝒇𝒂

𝒔  + 𝒇𝒂
𝑷 to be the total number of aromatic ring 

attachment, the cluster coordination number (σ) of the number of attachments per cluster can be calculated as 

[1,2]: 

 𝜎 =  
 (𝑓𝑎

𝑠 +  𝑓𝑎
𝑝

) 

(𝑓𝑎/𝑛𝑐𝑙)
 S4 

If broken bridges are taken to end with a single methyl group, then one can approximate the fraction of intact 

bridges in a cluster (Ib) as [2]: 

 𝐼𝑏 =  
 (𝑓𝑎

𝑠 +  𝑓𝑎
𝑝 − 𝑓𝑎𝑙) 

(𝑓𝑎
𝑠 +  𝑓𝑎

𝑝)
 S5 

The fraction of aliphatic bridges and loops (hydroaromatic structure like the dihydroanthracene structure), 

denoted as BL, is: 

 𝐵𝐿 =  𝜎 × 𝐼𝑏 S6 

While the side chains per cluster (SC) is defined as: 

 𝑆𝐶 =  𝜎 − 𝐿𝑏 S7 

An illustration of bridges, loops and side chains is presented in Figure S2. Given the percentage of carbon in the 

coal from the ultimate analysis (%carbon), the total molecular weight (Wc) of the cluster, including all the side 

chains and half of the bridge and looped aliphatic carbon is calculated as: 



S4 

 

 𝑊𝑐 =  
𝑛𝑐𝑙 × 12.01

𝑓𝑎 × %𝑐𝑎𝑟𝑏𝑜𝑛 × 0.01
 S8 

S1.2 2D and 3D Structural Models of the KS-121, KS-325 and P8 Coals. 

The structure files for the coal models developed in this study can be accessed from our website (see link). The 

2D structure is available in ChemDraw® XML format (.chxml), while the 3D models are stored in XYZ formats. 

The coals are organized in folders using the code names from the manuscript (P8, KS325, and KS121), and 

accompanying coal structure images are included. For convenience, we also offer the 3D XYZ files as 

supplementary material. 

S1.3 Animations of Vibrational Modes in the Coal Model 

We present two video files displaying vibrational normal modes attributed to specific functional groups within 

the coal models. Figure S12 illustrates the vibrational density of states (VDoS) along with its corresponding 

inverse participation ratio (VIPR). The videos, which are also available in the KS121_Animations folder on our 

website (see link), are as follows: 

1. gapModes.mp4: This video displays vibrational normal modes associated with functional groups situated 

within the phonon energy gap region spanning from 1600 cm-1 to 29500 cm-1. 

2. otherModes.mp4: This video highlights vibrational modes occurring in both the lower and higher 

frequency regions, outside the phonon energy gap. 

In the animations, hydrogen, carbon, nitrogen, oxygen, and sulfur are color coded in white, gray, blue, red, and 

yellow, respectively. 

S1.4  t-distributed stochastic neighbor embedding (t-SNE). 

t-distributed Stochastic Neighbor Embedding (t-SNE) is an algorithm for visualizing high-dimensional data in 

lower dimensions [3]. In t-SNE, the coordinates denote the positions of data points in a reduced-dimensional 

space, typically 2D or 3D. Unlike principal component analysis (PCA), which is effective for linear data [4], t-

SNE is specifically designed to handle non-linear data. The algorithm begins by computing pairwise similarities 

or distances between data points in the original high-dimensional space. It then aims to embed these points in a 

lower-dimensional space (often 2D or 3D) while preserving their pairwise similarities as much as possible. The 

resulting coordinates in t-SNE represent the positions of the data points in the lower-dimensional space post-

embedding. Each data point is assigned a specific set of coordinates corresponding to its location in the reduced-

dimensional space. These coordinates are determined through the optimization process of the t-SNE algorithm, 

which endeavors to minimize the divergence between the pairwise similarities in the original high-dimensional 

space and those in the lower-dimensional space. 

https://people.ohio.edu/drabold/coal_models/
https://people.ohio.edu/drabold/coal_models/
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S2. Tables  

S2.1 13C Nuclear Magnetic Resonance Measurement 

Table S1. Peak area (A), chemical shifts (δ in ppm), relative area percentage ratio (r%), and structural 

parameters determined from 13C NMR analysis of the coals. 

Coal 

Fitted NMR Peaks 

a b c d e f g h 

P8 

A 1.21E+04 5.69E+04 1.89E+04 3.60E+03 9.89E+04 1.07E+04 2.60E+04 3.26E+03 

δ 19.6 34.9 60.8 75.0 128.2 151.4 194.1 213.1 

r% 5.24 24.69 8.21 1.56 42.96 4.63 11.30 1.41 

KS-325 

A 3.96E+03 2.53E+03 9.65E+03 1.45E+03 5.75E+04 9.10E+03 1.87E+04 1.97E+03 

δ 21.96 36.34 62.09 75.13 128.00 142.38 194.66 208.87 

r% 3.78 2.41 9.21 1.39 54.80 8.68 17.85 1.88 

KS-121 

A 2.24E+03 1.17E+03 1.41E+04 1.64E+03 7.05E+04 4.98E+03 2.46E+04 1.07E+03 

δ 21.5 36.2 61.2 75.5 126.9 141.9 193.3 208.8 

r% 1.73 0.91 10.91 1.27 54.59 3.86 19.07 0.83 

Structural 

Parameters 

𝒇𝒂𝒍
∗

  

(0 – 25) 

𝒇𝒂𝒍
𝑯

  

(25 – 51) 

𝒇𝒂𝒍
𝑶

  

(51 – 90) 

𝒇𝒂
𝑯

 + 𝒇𝒂
𝑩

  

(90 – 150) 

𝒇𝒂
𝑺

 + 𝒇𝒂
𝑷

  

(137 – 165) 

𝒇𝒂
𝑪

  

(165 – 220) 
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S2.2 Attenuated Total Reflectance Fourier Transform Infrared Spectroscopy 

Table S2. Peak area (A), Peak position (μ), relative area percentage ratio (r%), and functional groups 

assigned to ATR-FTIR spectra from 700 – 900 cm-1. 

Coal 

Fitted ATR-FTIR Peaks (700 – 900 cm-1) a) 

a b c d e f g 

P8 

A 0.27 0.03 0.16 0.12 0.01 0.08 0.11 

μ 747.5 783.9 799.7 814.6 828.7 855.2 872.8 

r% 35.2 3.5 20.3 15.8 1.6 9.7 13.9 

KS-325 

A 0.71 0.05 0.17 0.36 – – 0.50 

μ 746.0 784.0 796.8 810.3 – – 868.6 

r% 39.7 2.9 9.6 19.9 – – 27.9 

KS-121 

A 0.96 0.06 0.28 – 0.04 – 0.30 

μ 744.2 781.8 796.5 – 831.6 – 867.9 

r% 58.3 3.4 17.3 – 2.6 – 18.4 

a) ATR-FTIR peak Assignment: Aromatic CH out-of-plane bending modes. (a) 1,2-substituted aromatic 

group. (b and c) trisubstituted aromatic group. (d) isolated CH and/or two neighboring CH. (e) weak 

1,4-substituted aromatic group. (f) tetrasubstituted aromatic group. (g) isolated aromatic CH group.  
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Table S3. Peak area (A), Peak position (μ), relative area percentage ratio (r%), 

and functional groups assigned to ATR-FTIR spectra from 1000 – 1800 cm-1. 

Coal 

Fitted ATR-FTIR Peaks (1000 – 1800 cm-1) a) 

a b c d e 

P8 

A 7.51 10.08 5.55 8.11 9.15 

μ 1030.3 1177.2 1303.5 1430.5 1593.1 

r% 18.6 25.0 13.7 20.1 22.6 

KS-325 

A 7.06 5.23 6.50 6.38 9.06 

μ 1026.0 1179.1 1303.1 1422.9 1590.1 

r% 20.6 15.3 19.0 18.6 26.5 

KS-121 

A 12.71 – 1.88 3.10 5.71 

μ 1016.8 – 1307.0 1420.0 1589.3 

r% 54.3 – 8.0 13.2 24.4 

a) ATR-FTIR peak Assignment: (a) aliphatic ethers and alcohols. (b and c) C–O 

stretch and OH bend in phenoxy structures and ethers. (d) deformation vibration 

of CH2 and CH3. (e) highly conjugated hydrogen bonded C=O. 
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Table S4. Peak area (A), Peak position (μ), relative area percentage ratio (r%), 

and functional groups assigned to ATR-FTIR spectra from 2800 – 3100 cm-1. 

Coal 

Fitted ATR-FTIR Peaks (2800 – 3100 cm-1) a) 

a b c d e 

P8 

A 2.27 3.99 0.60 – 0.30 

μ 2856.5 2918.8 2956.0 – 3039.0 

r% 31.7 55.8 8.4 – 4.2 

KS-325 

A 2.03 2.87 0.53 0.38 0.96 

μ 2861.3 2919.3 2957.5 3014.0 3045.3 

r% 30.0 42.4 7.8 5.6 14.2 

KS-121 

A 0.59 0.82 0.30 – 1.23 

μ 2861.5 2915.5 2955.4 – 3029.8 

r% 20.0 27.9 10.2 – 41.8 

a) ATR-FTIR peak Assignment: (a) symmetric stretching modes of CH2 and/or 

CH3 groups. (b) telescopic vibration of asymmetric CH2 bridges only (i.e., no 

contribution from CH2 in hydroaromatic structures). (c) CH3 attached directly to 

aromatic rings (although CH2 of certain hydroaromatic structures also absorb 

around 2950 cm-1). (d) strained aliphatic rings or (more likely) aromatic CH 

vibrations. (e) aromatic CH vibrations 
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Table S5. ATR-FTIR Peak area (A), Peak position (μ), and relative area percentage ratio 

(r%), and functional groups assigned to ATR-FTIR spectra from 3100 – 3600 cm-1. 

Coal 

Fitted ATR-FTIR Peaks (3100 – 3600 cm-1) a) 

a b c d e 

P8 

A 0.83 1.77 2.00 1.15 0.42 

μ 3189.7 3274.2 3365.1 3454.6 3522.6 

r% 13.5 28.6 32.4 18.6 6.9 

KS-325 

A 0.62 1.31 – 0.51 0.05 

μ 3205.4 3320.0 – 3416.9 3561.6 

r% 25.1 52.7 – 20.4 1.8 

KS-121 

A 0.65 1.28 0.35 0.10 0.14 

μ 3202.6 3301.8 3390.1 3436.5 3533.8 

r% 25.8 50.7 14.0 4.1 5.5 

a) ATR-FTIR peak Assignment: (a) cyclic hydrogen bond. (b and c) OH--O hydrogen bond. 

(d) Hydrogen-bonded OH groups (i.e., OH--OH hydrogen bond). (e) OH--π hydrogen bond
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S3.  Figures  

 

 

Figure S1. (Adapted from Reference [5]) Distribution of Pennsylvania coals showing the locations 

of the five major anthracite coal fields and the four major bituminous coal fields. Areas within the 

fields are color coded to one of five coal ranks: high-, medium-, or low-volatile bituminous, semi-

anthracite, and anthracite. A, B and C show the regions where P8 (Allegheny County), KS-325 

(Somerset County), and KS-121 (Northumberland County) coals are mined. 
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Figure S2. Some representative chemical structures that can be identified using NMR, FTIR and 

XPS analysis of coal. This structure is then used to create coal models. 
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Figure S3. Flow Chart for the bottom-up approach to constructing coal models using experimental data.  

Discussion on Figure S3 

Our method for creating 2D structural models for coal, as illustrated in the flowchart shown in Figure S3, 

employs a bottom-up approach. We initiate the process with small carbon skeletal structures containing clusters 

and aliphatic loops/bridges, progressively integrating non-carbon functional groups as the system size increases. 

The decision-making process for expanding the model and determining the inclusion or exclusion of functional 

groups follows a systematic trial-and-error method. This includes comparing calculated NMR spectra from a 

proposed structure with experimental NMR spectra. 

All shapes in the flowchart adhere to their conventional meanings [6]. The parallel processing bar signifies that 

all three manual processes (represented by trapezoids) for adding carbon, nitrogen, sulfur, and oxygen structures 
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occur synchronously. The Compute NMR subroutine (or predefined process) is facilitated by MestReNova®, 

although ChemDraw® can also be utilized. It is important to note that while the trapezoid shape suggests manual 

processes, scripting within MestReNova® and ChemDraw® enables automation up to NMR calculation and data 

extraction. Additionally, OriginPro® scripts can be employed to qualify and compare peaks. However, human 

intervention remains necessary for structural updates and to ensure the model aligns with desired chemistry.  

Conditional blocks connected to the logical OR ensure the appropriate system size and NMR fit is achieved after 

iterations before proceeding to 3D model construction using ChemDraw® followed by ReaxFF structure 

optimization and DFT post-treatment. 

For constructing 2D representative coal models from scratch, we offer additional insights to consider. We 

will augment the manuscript outline, incorporating pertinent points, as necessary. The procedure is as 

follows: 

1. Gather experimental information on aliphatic and aromatic carbon structures, along with 

various functional groups, obtained using aforementioned methods. 

• The key experiments are NMR, FTIR, XPS and ultimate analysis. If other elemental 

analysis methods are available those could be useful too. We only used the four methods 

mentioned in this work. 

2. Delineate 2D molecular structures of the coal using a molecular editor, such as ChemDraw® 

or MestRenova®. 

• From the flowchart, the first step is to build aromatic clusters. For this step, the calculated 

structural parameters, especially the average number of carbon atoms within aromatic 

clusters (ncl) and the total molecular weight of the cluster (Wc), are most helpful. They 

provide information regarding the number of carbon atoms and aromatic rings expected in 

the cluster. 

• Concurrently, it is beneficial to begin computing the NMR spectra at this stage. This allows 

for a preliminary understanding of how the calculated NMR peaks correspond to the 

aromatic structures. The fitting process can be done using OriginPro® or similar tools. 

Scripting these processes optimizes efficiency, but they can also be performed manually. 
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3. Compute the NMR spectra for the initial structure, utilizing tools like ChemDraw® or 

MestRenova®. 

• This step follows the subsequent flowchart process of incorporating additional carbon 

skeletal structures, including aliphatic and alicyclic bridges. At this stage, the other five 

calculated parameters prove beneficial, as well as the main structural parameters. It is worth 

considering developing a straightforward script in a preferred programming language to 

monitor atom positions and analyze how alterations in atom-atom interactions impact NMR 

assignments. This monitoring is advantageous because NMR assignments are a localized 

property. Understanding which structures or functionalities result in incorrect fits can assist 

in avoiding such issues in future iterations. 

4. The model's small volume, compared to real materials, causes the calculated NMR spectrum 

to appear as spikes at different chemical shifts, resembling δ functions. OriginPro® is employed 

to combine these spikes and construct a curve mirroring the experimental data, using peak 

convolution algorithms. 

• Consistency is key when performing deconvolution or spectrum manipulation. For 

example, when using OriginPro®, it is advisable to process δ functions calculated from 

NMR using the convolution package within the signal processing library. Set the 

convolution type to circular and ensure to select the entire range of the NMR spectrum 

(usually 0 ~ 235 ppm). Maintaining uniform settings across all fits ensures consistency 

throughout the process.  

5. Iteratively refine the structure to coincide with the experimental 13C NMR spectrum. Pay 

attention to the analysis from other experimental methods (FTIR, XPS, etc.), at least 

considering them as limiting factors. 

• This addresses non-carbon functional groups. As outlined in the flowchart, it is essential to 

factor in conclusions drawn from other methods, particularly FTIR for oxygen and XPS 

for nitrogen and sulfur. Additionally, verifying the atomic ratios obtained from ultimate 

analysis proves beneficial. However, if the ratio from ultimate analysis is insufficient and 

no other elemental analysis results are available, it is prudent to prioritize FTIR, XPS, and 

NMR analyses. 

6. Constructing and utilizing an ensemble of structurally distinct models is advised.  

 



S15 

 

 

Figure S4. NMR computations were conducted for a representative structure using the 13C ChemNMR package 

within ChemDraw® molecular editor software. Comparable analyses can be achieved using software such as 

MestReNova®. The chemical shifts in (b) demonstrate how NMR resolution impacts the prediction of –CH2– 

chains in coal. While computed NMR spectra are well-resolved (resembling δ functions), real coal's 

experimental data appears broader. Hence, resolving the 25 – 36 ppm NMR peak region to determine the length 

of –CH2– chains is not straightforward. Experimental NMR provides the average number of CH2 but doesn't 

necessarily indicate the length of –CH2– bridges or chains. 
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Figure S5. Full ATR-FTIR Spectra for coal samples. This allows for comparison of the 

intensities of the different regions considered in the manuscript. 

 

 

Figure S6. Representative models for P8 coal. 
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Figure S7. Representative models for KS-325 coal. 

 

 

Figure S8. Representative models for KS-121 coal. 
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Figure S9. Comparison of structure features among Model 1, 2 and 3, denoted as M1, M2 and 

M3, for P8, KS-325, and KS-121. Plots are presented for the radial distribution function (RDF), 

bond length distribution (BLD) and bond angle distribution (BAD). Results are provided for 

structures obtained after ReaxFF simulation and subsequent DFT post-treatment. While the 

structural features of the ReaxFF models for all three coals are similar, notable differences emerge 

in the DFT models. Specifically, the third peak in the bond length distribution of the DFT models 

exhibits a more pronounced peak "3" (corresponding to C=C bonds [7]) in P8 compared to KS-

121 and KS-325. This feature is less prominent in the ReaxFF models. Moreover, the P8 DFT 

models display more intense bond angles at ~109° compared to KS-325 and KS-121. This peak is 

attributed to contributions from C–C–H and H–C–H bond angles [8]. The atomic species 

contributing to the differences in BLD and BAD are consistent across all coals and are depicted in 

the atom-projected BLD and BAD, labeled as P-BLD and P-BAD, as shown in shown in Figure 

S10. 
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Figure S10. Atom-projected BLD (P-BLD) and BAD (P-BAD) of the ReaxFF and DFT models 

for Model 1 of P8. The atomic species contributing to the structural features are identified. 

 

 

Figure S11. Configurational subtleties within coal structures are rendered through t-SNE. The 

SOAP 10,350 descriptors are embedded into a map with 2 unitless t-SNE co-ordinates. Hydrogen, 

carbon, nitrogen, oxygen, and sulfur are colored black, gray, blue, red, and gold, respectively. The 

chemical structures in selected panels depict the atomic environments corresponding to the 

indicated data points.  
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Figure S12. The vibrational density of states (VDoS) and its corresponding inverse participation 

ratio (VIPR) for Model 1 of the KS-121 models (KS121_M1), discussed in Figure 9 of the 

manuscript. This shape profile is consistent across all the models (see Figure S13 for comparison 

with Model 3).  

 

Figure S13. The plot for the VDoS and VIPR for Model 3 of all the coals is presented. A consistent 

overall shape profile is observed. This pattern persists even in Model 3 (not depicted). However, 

a new vibration mode, C-H bond for carbon bonded to the nitrogen in an acridine structure, is 

observed at ~2798.4 cm-1 for the KS-325 model. The environment responsible for the rest of the 

high VIPR values are same as discussed for Model 1 of KS-121 in the manuscript. 
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Figure S14. Specific heat capacity for all models, plotted as a function of temperature (300 to 

3200 K). Within the same rank, models exhibit closely aligned values, while slight differences 

emerge when comparing models from different coal ranks. At high temperatures, distinctions in 

specific heat capacity values are observed, with P8 having the highest values, followed by KS-235 

and KS-121, as demonstrated using Model 1. Conversely, at lower temperatures, the specific heat 

values among all models closely converge. 
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