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toolkit for the full lifecycle of
surface hopping trajectory data

Kevin Höllring, † Theodor E. Röhrkasten † and Carolin Müller *

Trajectory surface hopping (SH) simulations are essential for modeling excited-state dynamics, yet their

analysis remains complex and fragmented. Existing tools provide access to basic quantities, but

extracting deeper mechanistic insight, especially across multiple molecules, often requires extensive

manual work and custom scripting. To address this gap, we present ( ), an

integrated software package for the streamlined analysis, filtering, and visualization of SH data.

Supporting automated and reproducible workflows, it enables efficient interpretation of excited-state

simulations across diverse systems. As a demonstration, we apply in a comparative analysis of the

photoinduced dynamics across chemical compound space spanned by a series of alkenes (CnH2n, with n

= {2,3,4}) and CH2NH
+
2. This highlights how the toolkit facilitates comparative studies and mechanistic

discovery across the chemical compound space of molecules with similar molecular scaffolds.
1 Introduction

Mechanistic understanding of photoinduced phenomena, such
as internal conversion or intersystem crossing, and photo-
chemical reactions, relies on accurately modeling the coupled
dynamics of nuclei and electrons in electronically excited states.
To this end, non-adiabatic molecular dynamics (NAMD) simu-
lations have emerged as a powerful class of computational
approaches capable of capturing these intricate interactions.1,2

Over the years, a wide range of NAMD approaches has been
developed, spanning from fully quantum to mixed quantum-
classical frameworks.

Fully quantum approaches, such as Multiconguration
Time-Dependent Hartree (MCTDH)3 or variational Multi-
congurational Gaussian (vMCG) propagation,4 provide high
accuracy but are typically restricted to model potentials or
systems with only a few degrees of freedom due to their high
computational cost. In contrast, trajectory-based methods, like
ab initio multiple spawning (AIMS),2,5,6 Ehrenfest dynamics,7,8

and trajectory surface hopping (SH),8–10 treat nuclear motion
using classical mechanics, while describing the electronic states
quantum mechanically. These methods rely on the approxi-
mation that the nuclear wavefunction can be represented by
a swarm of classical trajectories. This mixed treatment allows
them to strike a practical balance between accuracy and
computational efficiency. Among these methods, SH has
emerged as the most widely used approach for simulating
ürnberg, Department Chemistry and
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NAMD.7,11 Its widespread adoption is also supported by the
availability of open-source and user-friendly soware packages
such as SHARC,12,13 Newton-X,14,15 PyRAI2MD,16,17 MLatom18 and
JADE-NAMD.19

SH simulations generate intrinsically complex and high-
dimensional datasets. Each trajectory corresponds to a time
series of molecular geometries, accompanied by a set of elec-
tronic properties computed on-the-y. These properties include
state-specic quantities, such as electronic energies (Ei), atomic
forces (Fi), and vertical transition dipole moments (mij), as well
as interstate couplings like non-adiabatic (NACij) and spin–orbit
(SOCij) couplings.

To interpret such rich datasets, a variety of analysis strategies
is necessary. In typical workows, both individual trajectories
and ensembles thereof are analyzed to extract physical insight.
Single-trajectory analysis commonly involves assessing energy
conservation, monitoring the evolution of state populations,
relative energies and oscillator strengths of all states relative to
the current or active state; as well as evaluating selected internal
coordinates such as bond lengths or torsional angles.12,20,21 Due
to the stochastic character of SH, however, mechanistic inter-
pretation generally requires ensemble analysis. This typically
includes computing averaged state populations, identifying
collective nuclear motions, and performing statistical analyses
of predened geometric parameters.12,20,21

Beyond conventional single-trajectory or ensemble-based
analyses, more sophisticated strategies have emerged that
leverage unsupervised learning techniques to uncover patterns
in SH simulations and classify distinct types of reactive
behavior.21–23 A typical rst step is dimensionality reduction,
using approaches such as principal component analysis
(PCA)21,24 or diffusion maps,25,26 which project the high-
© 2026 The Author(s). Published by the Royal Society of Chemistry
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dimensional nuclear motion data into a lower-dimensional
space that captures the main structural changes. Clustering
algorithms, as implemented for example in ULaMDyn21 or
DONKEY,27 are employed to group trajectories based on simi-
larities in their nuclear motion over time. This allows for the
identication of representative trajectories that correspond to
distinct reaction pathways.21,22,24,27–30

This automated categorization not only reduces the number
of trajectories that require detailed manual inspection, but also
facilitates a more systematic and interpretable understanding
of the system's photochemical reactivity.21,23,27 Despite these
advancements, many current SH analysis strategies remain
highly system-specic and oen demand signicant manual
intervention. While established packages such as SHARC12,13

and Newton-X14,15,20 support the extraction of fundamental
observables from SH simulations, more advanced tasks, such as
identifying population dynamics within trajectory subsets that
exhibit specic nuclear motions (e.g., bond dissociation or
torsional rotation relevant to photoisomerization), typically
require custom scripting, manual sorting, or external post-
processing.

In contrast, ground-state molecular dynamics simulations
have long beneted from integrated analysis environments like
TRAVIS,31,32 MDAnalysis,33 and the Visual Molecular Dynamics
(VMD) program package,34 which centralize many essential
analysis steps. A step toward similar integration for excited-state
dynamics is represented by ULaMDyn,21 an open-source Python
package that automates unsupervised analysis of SH trajecto-
ries. Despite this advancement, its scope and format compati-
bility remain limited, as it primarily supports Newton-X20

outputs and requires additional scripts or converters to process
data from other widely used packages such as SHARC12,13 or
PyRAI2MD.16,17 Other existing methods and studies22,23,27

concentrate on individual analysis tasks, such as PCA or
trajectory clustering, and are oen implemented through case-
specic scripts.

This fragmented landscape poses a barrier to reproduc-
ibility, modularity, and cross-platform compatibility, not only
hindering comprehensive analysis of individual systems but
also limiting the ability to conduct systematic comparisons
across molecular systems or simulation conditions, such as
varying excitation wavelengths.

Herein, we introduce ( ), a versatile open-
source Python toolkit designed to unify and streamline pro-
cessing, storage, management, analysis, and visualization of SH
simulation data. By supporting data from widely used packages
such as SHARC, Newton-X, and PyRAI2MD, standardizes
complex excited-state trajectory outputs into a consistent
format, enabling efficient and reproducible exploratory anal-
ysis. also serves as the core analysis extension of the

dataset (Surface Hopping Nested Instances
Training Set for Excited-State Learning) recently published by
some of us.35,36

In the following sections, we rst present key features of the
package, focusing on data curation, including the loading

and writing of trajectory data, followed by advanced processing
and visualization methods centered on ltering and exploratory
© 2026 The Author(s). Published by the Royal Society of Chemistry
analysis in geometric and property spaces. Finally, we demon-
strate the capabilities of by a showcase application analyzing
trajectories across chemical compound space for a series of
alkenes (CnH2n, with n = {2,3,4}) and CH2NH

+
2,36,37 showcasing

its versatility and power to handle diverse molecular datasets.
2

In this work, we introduce ( ), a Python
package developed for the post-processing, statistical analysis,
and visualization of surface hopping (SH) trajectory data.
Designed to support comprehensive data analysis workows,
builds on the ,38 ,39 and 40 frame-
works, and is compatible with trajectory outputs from
commonly used engines such as SHARC, Newton-X and
PyRAI2MD.

At the core of is a hierarchical data model for organizing
SH trajectory ensembles. Data is stored in a tree-like structure
that allows trajectories to be grouped and subdivided according
to molecular system, electronic structure referencemethod, and
other simulation settings (e.g. time step or hopping scheme, see
Fig. S1). This enables comparison of different methods for
a given molecule, analysis of multiple molecules at a common
level of theory, and combinations of these views within a single
dataset. In this way, complex collections of SH simulations can
be analyzed in a consistent and systematic manner, supporting
ensemble level statistics and cross-method and -system studies
without the need for manual data restructuring. It is specically
designed to support all stages of the SH trajectory data lifecycle
following data generation – including processing and storage,
management, analysis, and visualization (cf. Fig. 1) – thereby
facilitating the efficient interpretation of SH simulations
through streamlined data handling and interactive analysis.

The following sections start by describing the internal data
structure of (see Section 2.1) and subsequently turns to
a detailed overview of the core modules and functionality
features of in Sections 2.2–2.6, which cover (cf. Fig. 1):

� Collection, management & storage: the module of
supports the parsing of SH trajectories with varying simulation
parameters (e.g., initial active states, state types, simulation
length, and atom counts) into structured datasets,
where observables are annotated with metadata, converted to
standardized units, and made available for export to NetCDF,
supporting reproducibility and data sharing37 (see Section 2.2).

� Data processing: at the postprocessing stage, the
module supports the systematic identication and removal of
non-physical or undesired trajectory segments based on ener-
getic and geometric criteria (see Section 2.3). Furthermore, the

module supports the restriction of the analysis to
selected electronic states and chemically relevant molecular
substructures (see Section 2.4).

� Analysis: for analysis, offers tools for the statistical
evaluation and post-processing of computed properties,
including e.g. the calculation of relative energies, averaged
oscillator strengths, and state populations. It further supports
the identication of collective geometric descriptors and the
Digital Discovery, 2026, 5, 2016–2027 | 2017
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Fig. 1 Schematic overview of the ( ) data lifecycle
and analysis workflow. reads surface-hopping (SH) trajectory data
produced by various simulation engines (such as SHARC, PyRAI2MD,
and Newton-X) via a unified parsing layer, which standardizes their
diverse outputs into a hierarchical data model enriched with metadata.
A sanity-check stage filters non-physical data based on energetic and
geometric criteria. The selection stage then allows restriction of the
dataset to specific electronic states or molecular substructures, so that
all subsequent operations act only on the chosen subset (or on all
states and the full structure if no selection is applied). The analysis
stage provides tools for computing geometric descriptors (e.g., bond
lengths, angles, dihedrals, pyramidalization) as well as their dimen-
sionality-reduced representations and calculation of statistical
observables such as state populations, spectra, and distributions of
electronic and geometric properties. The respective results are
explored in the visualization stage using time-dependent plots,
spectra, scatter plots, and ensemble statistics. Finally, the write stage
exports curated datasets in NetCDF format for reproducible storage
and sharing, and generates PDF or SVG datasheets containing stan-
dardized summary plots of the geometry and property space of
a certain dataset (e.g., histograms, time plots, absorption spectra) for
the selected states and molecular substructures.
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statistical analysis of user-dened internal coordinates (see
Section 2.5).

� Visualization & interpretation: supports exploratory
visualization of selected substructures and their associated
geometric features as well as the distribution of certain elec-
tronic properties or spectra for selected states, and geometric
features at both the single trajectory and ensemble level. A
datasheet module enables rapid generation of summary plots
that highlight trends across geometry and property space, both
streamlining and standardizing common post-processing and
analysis tasks (see Section 2.6).
2.1 Data structure

Given the multidimensional nature of SH data, leverages the
package38 for effective and user-friendly data handling.

In , data is stored in memory as an (see
2018 | Digital Discovery, 2026, 5, 2016–2027
performance benchmarks in Tables. S2 and S3). These objects
function as labeled dictionaries of arrays, where different
properties can share common axes – referred to as dimensions.
Key dimensions for both static and dynamic data include the
number of electronic states (state), couplings (statecomb),
atoms (atom) and time (time), the latter of which only exhibits
a single tick in static datasets.

To retain information of different trajectories with poten-
tially different metadata in regards to parameter conguration,
SH soware versions and setup parameters used, or to keep
track of varying length of trajectories, we employ a hierarchical
tree structure similar to a le system hierarchy to store multiple
datasets in a shared database-like structure. This structure,
which we refer to as in , can group datasets by
distinct compounds but additionally supports further subdivi-
sion at an arbitrary number of levels into groups to, e.g.,
differentiate different uses of the respective member datasets or
different time resolution of trajectories. For analysis and post-
processing purposes, this enables ltering for certain features
like the version of the SH soware used, the EST level or addi-
tional derived features like whether a state transition has
occurred. This not only allows for comparison of results
between different setups but also efficient retention of infor-
mation for potential future applications in machine learning,
where the accidental combination of data from different levels
of theory or different setups can limit the ability of a network to
produce highly accurate results.

On a technical level, the current implementation of
employs a custom, lightweight tree structure in

memory, which is mapped to an structure to
support easy mapping to and loading fromNetCDF les in a way
that allows all relevant meta-data to be preserved for repro-
ducibility purposes contrary to other tools in the eld.
Furthermore, offers a range of API functions for the purpose
of parallel processing and ltering of its hierarchically struc-
tured datasets that should be used to interact with the con-
tained data, similar to the API of other data management
systems. For the analysis of ensembles (i.e., collections of
trajectories corresponding to the same reaction or molecular
system), can introduce an additional synthetic dimension
(frame) along which frames (i.e. system states at an arbitrary
time step), can be continuously indexed. Naturally, a single
static dataset only contains a single frame, whereas a dynamic
dataset may contain hundreds or thousands. This trans-
formation introduces a structure similar to that of SPaiNN
databases,41 where properties are stored in a series of arbitrary
snapshots of a system to better support ML applications. In
technical terms, the frame axis associates each index with
a trajectory and a timestep within that trajectory using
a with trajectory index ( ) and time
( ) as levels (see Fig. 2) allowing for mapping between either
a frame-sequential or hierarchical representation. Functions for
the conversion from hierarchical to the frame-sequential
representation are provided by . However, the retention of
all relevant metadata is only guaranteed in the hierarchical data
structure and frame-segmentalization is only recommended for
data-processing steps, where the knowledge of detailed
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 Schematic overview of the data access pipeline for retrieving
permanent dipole moments of a specific frame (geometry) from
a trajectory , illustrating two selection paths: (left) selecting
a specific frame using the. method of , which returns
a reduced while retaining all other dimensions; and (right)
selecting a specific data variable (here permanent dipoles, )
using dictionary-like syntax, which returns a . These
selection operations can be applied in either order to isolate the
permanent dipoles corresponding to a specific single frame.
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metadata is no longer essential, but not for long-term data
storage and data exchange.

Through the use of features, users can
either extract individual variables, such as energies, from an
ensemble yielding an (see SI Section 2) or
a collection of variables through selection across shared axes
between individual trajectories within the same time step,
yielding a view of the dataset (see Fig. S1–S3). This simplies
both the implementation of provided functionality in the
package as well as future custom extensions by the user. For
variables supported and parsed by the default input routines,
annotations for the individual variables will be provided, add-
ing a description of their contents and units if the variable may
need to be converted to be processed together with other data
for which also provides appropriate tooling.
2.2 Data curation ( )

supports the processing of geometries and their corre-
sponding quantum chemical properties relevant to excited-state
dynamics. These include state-specic properties such as
energies (Ei), forces (Fi), phases (pi) and permanent dipole
moments (mi) of electronic states i (see overview in Table. S1).
Additionally, properties arising from interactions between
states, such as transition dipole moments (mij), non-adiabatic
couplings (NACij) and spin–orbit couplings (SOCij) are pro-
cessed for pairs of electronic states (ij) with j > i. Each of these
properties is associated with a specic molecular geometry,
which is stored as Cartesian coordinates upon parsing/loading
of the data. The module additionally tracks the active
© 2026 The Author(s). Published by the Royal Society of Chemistry
(diabatic) electronic state, state combination indices (ij), as well
as trajectory-specic metadata such as the number of time steps
and time step size.

2.2.1 Read. The package provides dedicated function-
ality for parsing trajectory data from standard output les
generated by the widely used SH programs SHARC12,13 (versions
2.0 to 4.0), Newton-X14,15 (versions 2.0 to 2.6), and PyRAI2MD16,17

(version 2.4) via the module. Furthermore, this module
supports direct parsing of initial condition les from SHARC
simulations through the same interface. Input routines have
been extensively tested to ensure reliable operation across
a large range of congurations with test data for several versions
provided in the release on Zenodo.42 Specically,
we have tested the parsing of data from versions 2.0 to 4.0 of
SHARC, versions 2.0 to 2.6 of Newton-X and Version 2.4 of
PyRAI2MD. Additional versions can easily be supported in the
future as they become available (see SI Section 3.1). For this
purpose but also more general extensibility to other formats, we
provide the abstract base class, which can
be implemented for different formats in their own sub-module
of (see e.g. for the SHARC implementation).
This guarantees the transferability of the pipeline and
extensibility to newly emerging tools, e.g. associated with novel
ML approaches.

The parsing of all supported formats is supported via the
format-agnostic function, e.g.

. It automatically attempts to detect the
format of the input directory and will search for subdirectories
of that may be of an appropriate input format in case
the targeted directory itself holds subdirectories containing
different trajectories that should be loaded in parallel (see also
SI Section 3.1). This functionality has been employed in the
construction of the dataset,35,36where the
module was used to extract and organize trajectory data from
SHARC and Newton-X simulations. Finely granular congura-
tion options and controls for the parsing function are docu-
mented for the function, allowing, e.g., to control
the patterns for subdirectories that should be considered,
specifying formats that should be checked, the units of input
variables or whether multiple trajectories should be read in
parallel or sequentially, which can help with the debugging of
newly added format interfaces.

For ease of use and to promote data sharing and reproduc-
ibility, we also provide a simple CLI script

that performs the conversion of
a set of input directories into a -style format, to
support standardized data publication processes without
requiring any coding by the user.

2.2.2 Write. Curated datasets generated with can be
exported in the standardized NetCDF43 format using the

function, e.g.,
. Each dataset

retains both original and processed data, with derived proper-
ties stored as additional data variables, if so desired. This
structure aligns with the FAIR principles by ensuring interop-
erability and enabling reproducible workows through trans-
parent tracking of data transformations. In principle, the
Digital Discovery, 2026, 5, 2016–2027 | 2019
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generic nature of NetCDF le formats also allows for the storage
of licensing and publication information, which is intended
to support in the future to facilitate programmatic reuse of
published data with appropriate attribution of the original
sources.

Thus, the data structure of provides a consistent and
extensible format for long-term storage and exchange of SH
simulation data in addition to a user-friendly foundation for
further processing in-memory. Notably, the recently introduced

dataset,37 that aims to provide a growing plat-
form of SH data, is based on this format. Users can access the
respective dataset or any NetCDF le generated with by
loading it as an object via the function.

In addition, supports the export to the Atomic Simulation
Environment (ASE) database format,44,45 which is widely used in
the training and development of machine learning potentials
for excited states.41,46,47 The import from such databases is
supported given appropriate internal structure of the observ-
ables (shape and consistent dimension sizes) and sufficient
provided metadata like units for each property.
Fig. 3 Comparison of three trajectory-filtering strategies applied to an
trajectory ensemble of ethene (A01; taken from ref. 35 and 36).
Filtering is performed sequentially using two criteria: (i) a maximum
allowed change in potential energy between consecutive frames in the
active state of DEactivepot # 0.7 eV; and (ii) a maximum C–H bond length
of 250 pm. Each trajectory is represented by a horizontal bar; the
vertical ordering is arbitrary. Segments removed by the energetic filter
are shown in pale yellow, those removed by subsequent geometric
filtering in white, and segments retained for the final analysis are
shown in yellow. (a) Both criteria are applied by truncation, yielding
trajectories that are first cut by the energy threshold (blue) and then
further truncated on the basis of the geometric threshold (yellow). (b)
The energy criterion is applied by truncation, whereas the geometric
criterion is applied by omission, so that trajectories exceeding the C–H
threshold at any time are removed entirely (white). (c) Both criteria are
applied by truncation, followed by a transection at 50 fs (black dashed
line), which removes all trajectories shorter than this time and cuts the
remaining ones accordingly.
2.3 Data cleaning ( )

In SH simulations, trajectory ensembles may contain non-
physical or otherwise undesired segments arising from
numerical instabilities, limitations of the electronic-structure
description, or rare but chemically irrelevant reaction path-
ways. Such segments must be excluded prior to further analysis
to ensure meaningful interpretation of ensemble-based
observables.13 To this end, the module provides
ltering procedures based on multiple energetic criteria,
commonly employed in SH simulations (e.g. those provided in
the diagnosis functionality of SHARC13) as well as bond-length
thresholds as geometric criteria, combined with different
ltering strategies.

To account for problems with time step consistency, total
energy conservation, potential/kinetic energy smoothness or
hopping energy restriction, the core energetic descriptors are
derived from the kinetic, potential and total energies, and
include the deviation (dri) of the total energy from its initial
value (t = 0), frame-to-frame changes (steps) in each energy
component, and state-hopping events tracked explicitly. The
respective default thresholds of the resulting ve energy-based
criteria are listed in Table. S4 (note that a respective unit
conversion is handled automatically). The geometric ltration
is based on interatomic distances, where by default, any bond
exceeding 300 pm is agged as violation, while a stricter
threshold of 200 pm is by default applied to C–H and N–H
bonds, to take into account their dissociation that might be
triggered based only on the selection of initial conditions. Any
other bond criterion can be dened and added by the user.

The core concept of the ltering framework is the denition
of trajectory- and frame-resolved diagnostic quantities, referred
to here as ltranda, whose excursions beyond user-dened
thresholds indicate the onset of unreliable or undesired
behavior. By applying the criteria, for each trajectory and each
criterion, a maximum usable time is determined,
2020 | Digital Discovery, 2026, 5, 2016–2027
corresponding either to the full simulation length or to the time
at which the rst violation occurs. Because all ltranda and
thresholds are stored alongside the raw trajectory data within
the same -based data structure, they are directly acces-
sible for inspection. Dedicated visualizations are provided to
help users assess how changes in threshold values affect the
retained ensemble in terms of the number of trajectories, the
number of frames, and the accessible simulation time (cf.
Fig. S4). Importantly, different ltering choices can be explored
without modifying the original trajectory data on disk.

In analogy to the maximum usable time concept employed in
SHARC diagnostics,13 ltering in involves an inherent trade-
off between ensemble size and the temporal range over which
ensemble-averaged observables can be interpreted reliably. This
trade-off is illustrated by sequential ltering of SH trajectories
of ethene (A01) using one energetic and one geometric criterion
(see Fig. 3). When both criteria are applied using the truncation
strategy, most trajectories contribute at least to the early part of
the dynamics, resulting in a large number of retained frames
(see Fig. 3a). However, because trajectories are truncated at
different times, ensemble-averaged observables are only statis-
tically meaningful up to the earliest truncation times, analo-
gously to analyses based on the maximum analysis time in
SHARC. A stricter ltering is exemplarily achieved by combining
truncation for energetic criteria with omission for geometric
criteria, such that trajectories exceeding any C–H bond-length
of 200 pm are removed entirely from the ensemble (see
Fig. 3b). This reduces the number of retained trajectories and
frames but still shares the limitation that reliable ensemble
statistics are conned to early simulation times (e.g. circa 10 fs
in the example). In contrast, the transection strategy explicitly
© 2026 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5dd00299k


Paper Digital Discovery

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

7 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 6
/1

1/
20

26
 1

2:
07

:0
7 

PM
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online
enforces a common analysis window by dening a minimum
acceptable trajectory length. Only trajectories that remain free
of violations up to this time are retained, and all retained
trajectories are cut to the same temporal extent (see Fig. 3c).
This ensures that ensemble-averaged observables are statisti-
cally consistent throughout the selected time interval, at the
cost of excluding a larger fraction of trajectories. As with
SHARC's maximum usable time criterion, choosing a longer
transection time improves temporal coverage but reduces
ensemble size, while shorter transection times admit more
trajectories but limit the accessible simulation window.
2.4 Structure and state selection ( )

SH simulations are frequently used to investigate specic
photochemical pathways, so that oen only certain electronic
states or structural motifs are of direct mechanistic interest.
Focusing the analysis on key states and structures enables
a more direct and interpretable characterization of the under-
lying reaction pathways, avoiding dilution of mechanistic
insight by geometric motions that are not directly coupled to
the reactive process or state interactions that are irrelevant to
a photochemical reaction of interest.48,49

2.4.1 Structure selection. In many photochemical applica-
tions, only a limited set of structural motifs governs the reaction
mechanism, such as the isomerizing bond in E/Z-photo-
switches50,51 or the bonds that are formed or broken in
electrocyclic reactions.21,52 To focus the analysis on substruc-
tures that are most relevant for a given photochemical process,

provides the class. In , structure
selection is implemented as a dedicated pre-processing step
based on an index-labeled molecular graph constructed from
a suitable (i.e., the energetically lowest or the rst) frame of
a respective trajectory. Substructures may be specied using
SMARTS patterns, explicit atom indices, or combinations
thereof. SMARTS queries are matched against the molecular
graph to identify pattern matching structure fragments, while
atom indices enable the selection of arbitrary atom sets. If no
structure is specied, the full molecular geometry is retained for
analysis. Selected substructures can be visualized using built-in
drawing routines (see Fig. S5), as demonstrated in the accom-
panying tutorial notebooks.42

Multiple selections can be combined using standard set
operations, including union, intersection, difference, and
complement, enabling exible denitions of substructures of
interest. The resulting selected set is then passed to down-
stream analysis stages (cf. Section 2.5), where users may specify
which internal coordinates, including bond lengths, bond
angles, dihedral angles, or pyramidalization angles, should be
evaluated. automatically determines which coordinates are
well-dened based on the size and connectivity of the selected
fragment; for example, distances require two (bonded) atoms,
dihedral angles require four atoms sequentially connected by
three bonds, and pyramidalization angles require a central
atom bonded to three neighbors. In this way, all geometrically
meaningful descriptors are generated consistently and auto-
matically for the chosen molecular substructure.
© 2026 The Author(s). Published by the Royal Society of Chemistry
Beyond the analysis of a single molecular system, also
supports the comparison of structurally related compounds
through the extraction of analogous substructures across
multiple molecules. This enables cross-compound analyses in
which equivalent reactive or functional motifs are examined on
a common geometric footing. To perform such an analysis,
trajectory datasets must rst be grouped within the ,
e.g. according to molecular identity, for example into separate
branches for the methylenimmonium cation (I01) and a retinal
model system (I02) (see Fig. S3). For each branch, the molecular
graph is constructed and used as input to a maximum common
substructure (MCS) search, which yields a canonicalized
SMARTS representation of the shared chemical motif. Alterna-
tively, a user-dened SMARTS pattern may be specied (see
Fig. 4). The resulting substructure pattern is then passed to the
structure selection to generate a consistent atom mapping for
each compound. This mapping is applied to all trajectory
datasets within the respective branch, restricting all coordinate-
dependent properties to the atoms belonging to the matched
substructure. In this way, properties such as atomic positions,
forces, or geometric descriptors are reduced to a common set of
atoms with identical ordering across compounds. As an
example, the maximum common substructure of I01 and I02 is
described by the SMARTS pattern

, corresponding to a ve-atom
substructure motif. Applying this mapping reduces the atom
position shaped data of I01 by one atom and that of I02 by nine
atoms, yielding an aligned ve-atom representations for both
systems (see Fig. S3).

2.4.2 State selection. In close analogy to structural
substructure selection, provides a dedicated

framework to restrict ensemble analysis to
specic electronic states and state combinations. This enables
chemically targeted investigation of electronic processes such
as internal conversion or intersystem crossing by focusing the
analysis on the relevant parts of the electronic state space.

State selection in is hierarchical. Users may rst specify
subsets of electronic states, for example restricting the analysis
to singlet or triplet manifolds, and may subsequently (inde-
pendently) dene state combinations to isolate specic types of
transitions. For instance, singlet–singlet or triplet–triplet
combinations allow focused analysis of internal conversion
processes, whereas singlet–triplet combinations enable the
investigation of intersystem crossing events. These selections
can be applied either independently or jointly within a single
call. Electronic states are specied using a term symbol-like
notation. Classes of states are dened by their spin multi-
plicity ( , , or ). Individual states can be identied by
their index or their assigned names. By default, in , this is
their multiplicity followed by a state index, such as for the
singlet ground state or for the rst electronically excited
singlet state. Triplet manifolds are represented by their degen-
erate components (e.g., , , and ). If a label for
a multiplicity class is given, all the corresponding singlet,
doublet or triplet states are selected for further analysis. Alter-
natively, states may be addressed directly by their numerical
Digital Discovery, 2026, 5, 2016–2027 | 2021
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Fig. 4 Schematic illustration of structure selection across compounds, using the alkenes ethene (A01), propene (A02), butene (A03), and the
methylene immonium cation (I01) as illustrative examples. A maximum common substructure analysis across these molecules yields a carbon
atom bearing one hydrogen and two explicit additional connections (SMARTS: [#6;H1;D2]). As a result, the corresponding substructure matches
occur twice in the alkenes but only once in I01, as indicated by the gray boxes on the left. Structure selection using the SMARTS pattern [#6,#1]
[#6;H1] = [#6,#7;H1][#6,#1] identifies an analogous four-atom substructure in all compounds, highlighted in purple on the right. For this
substructure, the projections of the trajectories onto the first two principal components obtained from a principal component analysis per-
formed on pairwise distances of A03 are shown on the right-hand side. In each subplot, the full trajectory ensemble of all molecules is shown in
gray, while the trajectories of the respective highlighted compound are overlaid in color. For A03, photoisomerization outcomes are distin-
guished by final torsion angle: Z / Z (blue, 4 < 80°) and Z / E (yellow, 4 > 100°). White and yellow dots indicate S1 / S0 and S2 / S1 hopping
points, respectively. Furthermore, the distributions of the associated pyramidalisation and torsion angles of the hopping points are shown. For I01
the pyramidalisation angles refer to S2/ S1 hops, while the dihedrals are shown for the S1/ S0 hops. For the alkenes, all properties are shown for
S1 / S0 hops. The underlying trajectory data is taken from SHNITSEL-data;35,36 trajectories exhibiting any bond length exceeding 200 pm were
excluded from the analysis.
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indices in the adiabatic representation provided by the under-
lying SH engines.

State combinations are specied using arrow notation. By
default, combinations such as are treated as undirected
and include both directions of population transfer, thus
selecting trajectory segments before and aer hopping events
between the two states. When required, selections can be made
directional, for example to isolate trajectory segments
preceding the rst directed transition. In this case,
bidirectional transitions are indicated by . This exible
formalism allows concise denitions of complex electronic
subsets; for example, a selection such as restricts the
analysis to all singlet states and undirected singlet–triplet
transitions, enabling postprocessing focused on intersystem
crossing while retaining access to singlet-state dynamics.

2.4.3 Selection of hopping points. In SH simulations,
a surface hop is dened as a change of the active electronic state
between consecutive time steps and typically occurs in regions
where potential energy surfaces are close in energy. These
events therefore mark key congurations governing processes
such as internal conversion and intersystem crossing.

The hop-selection framework of allows subsets of
hopping events to be extracted by specifying, similar to the state
combination selection, initial-nal state pairs (e.g., or

), enabling directional ltering, e.g., forward, backward,
or both (see Fig. 5a and S7). The selection is applied consistently
to all stored observables, including user-dened and derived
quantities, enabling direct comparison of hopping geometries,
such as distributions of torsion and pyramidalization angles as
illustrated for A01, A02, A03 and I01 in Fig. 4.
2022 | Digital Discovery, 2026, 5, 2016–2027
For the analysis of trends around hops, supports hop-
aligned time coordinates, dened as time offsets relative to
a selected hopping event. Two alignment modes are available:
(i) In the trajectory-focused mode (see Fig. 5b), either the rst or
the last hop is selected per trajectory, and the entire trajectory is
aligned to that event, facilitating the identication of structural
motifs associated with the hopping event. (ii) In the hop-
focused mode (see Fig. 5c), each hop is treated as an indepen-
dent event; trajectories containing multiple selected hops are
duplicated and aligned to each hop individually. This is
particularly useful for dening hop-centered time windows, for
example to generate trajectory movies or to increase sampling
density near these regions. Missing frames introduced by time
shiing are padded with values and are ignored by stan-
dard aggregation operations.
2.5 Analyze ( )

The phase space sampled in SH simulations comprises a wide
range of observables describing both electronic and nuclear
dynamics. In , these observables are organized into three
complementary categories: (i) per-state properties associated
with individual electronic states, such as state energies Ei and
permanent dipole moments mi; (ii) inter-state properties that
describe couplings between pairs of states, including non-
adiabatic couplings NACij, transition dipole moments mij, and
energy gaps Eij; and (iii) over-state properties that are inde-
pendent of electronic state, such as Cartesian coordinates or
trajectory-level labels. This classication provides a consistent
framework for organizing, transforming heterogeneous simu-
lation data, which further guides the visualization and analysis
strategies used throughout the package.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 5 Schematic illustration of two concatenated trajectories (yellow
and blue) on an absolute time axis (a), with surface hops indicated by
white markers. Panels (b) and (c) illustrate two approaches to hop-
centered analysis. In the trajectory-focused representation (b),
trajectories are aligned to a hop-centered time coordinate and each
trajectory is included once; when multiple hops are present, a single
event is selected for alignment (here the last hop of the yellow
trajectory). In the hop-focused representation (c), each hop is treated
as an independent event, such that trajectories containing multiple
hops are duplicated and restricted to a defined time window around
each hop (here −0.5 # t # 0.5 fs, indicated by the double arrow).
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Building on this representation, supports the analysis of
trajectory ensembles, individual trajectories, and static datasets
through a set of modular postprocessing tools. These include
the computation of geometric descriptors, ensemble-level
statistical evaluation (such as averages and condence inter-
vals), dimensionality-reduction techniques, and the construc-
tion of derived electronic observables, for example absorption
spectra and population dynamics. All operations are performed
in a unit-consistent manner, with automatic conversion
between different unit systems (if needed).

While many of these capabilities apply to both nuclear and
electronic observables, offers specialized tools for their
respective analysis. Accordingly, the following sections high-
light two complementary views: the geometry space, which
focuses on structural descriptors and collective nuclear motion,
and the property space, which addresses per-state and inter-
state electronic observables and their (statistical)
postprocessing.

2.5.1 Geometry space. To explore the geometric space
sampled in SH simulations, provides tools for computing
structural descriptors and for identifying and visualizing the
dominant modes of structural variation using principal
component analysis (PCA). These analyses can be performed
using geometric descriptors such as pairwise distances, internal
coordinates, or collective variables including the bond-length
alternation (BLA).

A central component of this workow is the automated
generation of geometric descriptors. supports a broad range of
© 2026 The Author(s). Published by the Royal Society of Chemistry
internal coordinates, including bond lengths, dihedral (torsion)
angles, and pyramidalization angles. During the substructure
selection step (see Section 2.4), users may specify which atoms or
fragments are of interest (e.g., a reactive moiety or a particular
dihedral motif). For the selected atoms, or for the full molecule if
no selection is applied, automatically determines which
geometric features are well dened based on molecular connec-
tivity and size (see Section 2.4) all applicable geometric descriptors
(bond lengths, bond angles, pyramidalization angles, and torsion
angles) are then generated automatically and consistently for the
chosen substructure. Combinations of these descriptors enable
the characterization of collective motions such as hydrogen out-
of-plane distortions, and additionally provides explicit
support for the selection and calculation of BLA in conjugated
systems. If only specic features (e.g., only dihedral angles) are
required, these can be requested directly in the structure selection
step (see Section 2.4).

The resulting geometric descriptors can be used as input for
dimensionality reduction techniques, including PCA, Linear
Discriminant Analysis (LDA) and Partial Least Squares (PLS).
However, provides extensive support for PCA in combination
with the selection and ltering capabilities described above,
enabling the identication of the key geometric degrees of
freedom that govern excited-state dynamics (see Fig. S6). PCA
can be performed either on translation-invariant descriptors
like pairwise distance matrices jrijj or on any chosen set of
geometric features. The module visualizes the low-
dimensional embedding (i.e. the projection onto the rst two
principal components), highlights density-based clusters using
kernel density estimation, and maps the dominant PCA load-
ings back onto the molecular structure. This representation
directly reveals which geometry descriptor drive the principal
geometric rearrangements and data clustering.

As an example, Fig. 6 shows the PCA biplot for SH trajectories
of 1,3-cyclohexadiene (R02),36,52 using pairwise distances as
descriptors. Upon photoexcitation, this molecule undergoes an
electrocyclic ring-opening reaction following population of
a ss* state, yielding hexatriene.52 The PCA projection reveals
two well-separated clusters, colored by the distance between the
two sp3 carbon atoms, which ranges from approximately 150
pm (blue) to 650 pm (yellow). These atoms form a bond in the
closed-ring structure, and its cleavage during ring opening gives
rise to the photoproduct. The separation in PCA space therefore
provides a direct distinction between reactive and non-reactive
trajectories.

This interpretation is further supported by the PCA loadings
mapped onto the molecular structure. Loading a highlights the
breaking C–C bond and an associated C–H distance involving
the two sp3 carbon atoms (Fig. 6, subset a), consistent with the
dominant reaction coordinate. In contrast, for non-reactive
trajectories, loading b is dominated by distances between
hydrogen atoms attached to the sp3 carbons and the central sp2

carbons (subset b), reecting out-of-plane ring distortions
rather than bond cleavage.21,52 In addition, can provide
a textual summary of PCA results that identies the most
important features contributing to the overall projection and to
Digital Discovery, 2026, 5, 2016–2027 | 2023
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Fig. 6 PCA biplot for the SH data of 1,3-cyclohexadiene (R02). (Left)
PCA representation of R02 (ref. 36 and 52) showing the projection
onto the first two principal components. Data points are color-coded
by the distance between the two sp3 carbon atoms that are cleaved
during the photoinduced electrocyclic 6p ring-opening reaction.
(Right) Representative molecular structures highlighting atom pairs
associated with the dominant PCA loadings (a and b). Loading
a corresponds to the primary reaction coordinate and captures the
C–C bond breaking accompanied by a coupled change in the C–H
distance, defined between one of the cleaving sp3 carbon atoms and
a hydrogen atom bound to the opposite cleaving carbon. Loading (b) is
dominated by distances between the hydrogen atoms attached to the
sp3 carbons and the central sp2 carbons, indicating an out-of-plane
ring distortion (puckering). The plot was generated using the data of
R02 reported as datatree on Zenodo.37
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individual principal components, as demonstrated in the
accompanying tutorial.

2.5.2 Property space. To analyze the high-dimensional
property space of SH simulations, provides an integrated
framework for transforming, visualizing, and statistically eval-
uating electronic and nuclear observables across trajectories
and time. In close analogy to the structural selection described
above, allows users to restrict the analysis to selected elec-
tronic states of interest (see Section 2.4). All subsequent pro-
cessing steps, including, for example, the construction of inter-
state quantities and ensemble-level statistics, are then carried
out consistently for this chosen subset of states and state
combinations, enabling a targeted analysis of the photoinduced
dynamics.

Generally, the analysis and visualization is adapted to the
type of observable. Per-state quantities are typically represented
as state-colored one-dimensional histograms, whereas inter-
state observables are explored using two-dimensional correla-
tion plots that reveal relationships between quantities such as
NACij, mij, and Eij. For high-dimensional tensorial quantities,
including forces, non-adiabatic couplings, and dipole
moments, employs the Frobenius norm to reduce dimen-
sionality while preserving physical interpretability (see property
distributions in Fig. S8). A schematic overview of property-space
visualization strategies is provided in Fig. S11 and in the
accompanying tutorials on Zenodo.42

Beyond the inspection of raw observables, supports the
computation of derived, experimentally relevant quantities.
Electronic absorption spectra are constructed from vertical
excitation energies Eij and transition dipole moments mij by
evaluating oscillator strengths, for all selected state pairs. These
transitions are separated into ground-state (i = 0) and excited-
2024 | Digital Discovery, 2026, 5, 2016–2027
state (i > 0) contributions and subjected to Gaussian broad-
ening to yield continuous spectral line shapes (see Fig. S14).

fosc ¼ 4

3

mep

e2h2
Eijkmijk22with j. i:

Time-dependent relaxation kinetics are obtained from elec-
tronic state populations, computed as the fraction of trajecto-
ries occupying a given active state at each time step (see Fig. S9
and S10). evaluates ensemble-averaged population curves
together with statistical condence intervals, allowing the reli-
ability of kinetic features to be assessed, in particular at longer
simulation times where trajectory ltering may reduce
ensemble size (see Section 2.3).

2.6 Visualization ( )

In , the postprocessing and analysis of data is closely inte-
grated with visualization. In general, provides tools for
handling both time-dependent and static data in property and
conformational space, employing techniques such as dimen-
sionality reduction, slicing, and aggregation. Frequently-used
functions are made available as methods of every
and by registering an accessor for users
familiar with the data model. Users can generate indi-
vidual plots for detailed inspection or employ the
class to automatically compile comprehensive summary visu-
alizations of trajectory datasets for a quick analysis (see
accompanying tutorial on Zenodo42 and Github53).

3 Example application

To illustrate the capabilities of , we present a cross-compound
analysis of four structurally related molecules from the
SHNITSEL-data set:36,37 ethene (A01), propene (A02), Z-but-2-ene
(A03), and the methylenimmonium cation (I01, CH2NH

+
2). All

scripts used for this analysis are provided in the SI (cf. SI section
4). These molecules were chosen because they exhibit closely
related excited-state relaxation pathways. In all cases, pop-
ulation transfer from S1 to S0 occurs via twisted and pyr-
amidalized geometries around the central double bond,
associated with S1/S0 conical intersections (Fig. 7). This makes
them an ideal test case for evaluating whether can identify
shared reaction coordinates across chemically distinct systems.

The trajectory data for all four compounds were rst loaded
into a common , with each molecule assigned to
a separate branch. Standard energetic and geometric sanity
lters were applied, and to enable direct structural comparison
across molecules with different sizes, we selected a common
chromophoric substructure dened by the SMARTS pattern

. This yields a six-atom
fragment representing the central double-bond unit, which
serves as a common geometric reference for all compounds
(Fig. 4). All subsequent geometric analyses were restricted to
this aligned substructure.

To explore how this shared motif evolves during the excited-
state dynamics, was used to compute torsion and pyramid-
alization angles as well as pairwise distances for the selected
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 7 Schematic representation of the potential energy surfaces of
the ground state (S0) and first excited state (S1) along a torsional
coordinate defined by a dihedral angle. The inset structures corre-
spond to optimized geometries of conical intersections between S0
and S1 of the methylenimmonium cation (I01) and the alkenes A01–
A03, computed using spin-flip time-dependent density functional
theory (SF-TDDFT)54 at the BHANDHLYP/def2-TZVPD level.55–58
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atoms. The pairwise distances were then subjected to PCA,
where the PCA basis was constructed from the trajectories of
A03, and the trajectories of all four molecules were subse-
quently projected into this two-dimensional space (see right
panel in Fig. 4). In this representation, hopping events are
highlighted, with S1 / S0 transitions shown in white and S2 /
S1 transitions in yellow (note, trajectories of I01 were initialized
in S2, while all other trajectories started in S1 as active state).

For A03, the trajectories were colored by means of the
dihedral of the heavy atom backbone, where yellow refers to
trajectories showing Z / E isomerization and blue to the
photophysical Z / Z processes. In the respective PCA projec-
tion these two photoinduced reaction channels are clearly
separated, appearing as two distinct clusters. Importantly, the
S1 / S0 hopping events are concentrated between these clus-
ters, at torsion angles near ±90° (see hopping point dihedral
distributions in Fig. 4), consistent with the geometry of the
underlying conical intersection. A similar pattern is observed
for A02 and A01, whose hopping points likewise cluster around
4 z 90°, demonstrating that captures a common reaction
coordinate across the alkene series. Remarkably, the trajecto-
ries of I01 overlap strongly with those of A01 in the PCA space,
indicating closely related nuclear dynamics despite the
different chemical composition. For I01, the additional S2 / S1
transitions form a shied but parallel distribution, reecting
analogous distortions along pyramidalization coordinates, in
agreement with previously reported conical-intersection
geometries.2,41,59,60

Overall, the geometric analysis reveals the following key trends:
(i) hopping geometries for both alkenes and I01 predominantly
occur near 4 z 90°; (ii) A01 and I01 exhibit well-separated
signatures of pyramidalization during the dynamics; and (iii) all
molecules show torsional motion around the central double
bond, with A03 trajectories clearly separating into reactive and
non-reactive pathways. Taken together, this analysis demonstrates
© 2026 The Author(s). Published by the Royal Society of Chemistry
that facilitates a comprehensive, cross-compound exploration
of SH trajectory data. By integrating automated substructure
alignment with postprocessing of the respective geometric
features by means of dimensionality reduction and a systematic
interrogation of the underlying geometrical space, the toolkit
elucidates shared reaction coordinates, discriminates between
reactive and non-reactive pathways, and uncovers subtle mecha-
nistic differences among related photochemical systems within
a unied, data-driven framework.

4 Conclusion

We have presented ( ), a Python-based
framework for the organization, analysis, and visualization of
surface-hopping trajectory ensembles. By introducing a hierar-
chical, metadata-rich datamodel for SH simulations, enables
trajectories from different molecules, electronic-structure
methods, and simulation protocols to be combined and
analyzed within a unied representation, providing a practical
foundation for ensemble-level statistics and cross-system
comparisons.

Designed to support all stages of the SH trajectory data
lifecycle following trajectory generation, streamlines clean-
ing, ltering, storage, management, analysis, and visualization
of SH data. Its integrated tools facilitate chemically meaningful
post-processing, including state-resolved population analysis,
characterization of hopping geometries, and identication of
collective nuclear motions. The capabilities of are demon-
strated using a cross-compound analysis of structurally related
systems, including a series of alkenes (CnH2n, n = 2,3,4) and
CH2NH

+
2, illustrating how diverse datasets can be analyzed

consistently to gain insight into excited-state dynamics.
By providing a exible and extensible framework for

exploring complex SH data across individual molecules and
simulation settings, offers researchers a powerful resource
for reproducible analysis, benchmarking, and data-driven
discovery. In this context, natural future directions could
involve extending the framework to QM/MM surface hopping
simulations and coupling it more closely to machine learning
workows, for example to support active learning strategies or
the targeted generation of training data from dynamically
important regions of conguration space.
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, , , , , , ,
, , , and must be available.

All required dependencies are specied in the provided
environment le,42 which can be used to recreate

the computational environment via tools like uv. Instructions
for installing any additional libraries are included in the
accompanying Zenodo repository.42 It is recommended to use
the code within a Jupyter Notebook environment.

As part of the Python package, a set of interactive Jupyter
notebook tutorials is provided to guide users through data
import, processing, and visualization using small tutorial
datasets available alongside the code on Zenodo.42 Larger
surface-hopping datasets for the 36 molecules
A01, A02, A03, I01, and R02 are available on Zenodo in both
stacked and unstacked tree formats.37 The tutorials demon-
strate core workows, including principal component anal-
ysis of geometric descriptors, as well as visualization and
statistical analysis of electronic observables such as state pop-
ulations, property distributions, and simulated absorption
spectra. By providing these resources, we aim to make
accessible to assist users in utilizing the package for data
analysis and the development of ML models in excited-state
dynamics research.

Supplementary information (SI): data structure and usage of
. See DOI: https://doi.org/10.1039/d5dd00299k.
Acknowledgements

We thank Tobias Werner for his support in data plotting and
code testing. C.M. gratefully acknowledges nancial support by
the Emerging Talents Initiative (eti) of the Friedrich-Alexander-
Universität Erlangen-Nürnberg (FAU), the FAU Competence
Center Engineering of Advanced Materials (FAU EAM) for
funding with the EAM Starting Grant; and the Bayerische Aka-
demie der Wissenschaen (Junges Kolleg (C. M.)). Furthermore,
this work was funded by Deutsche Forschungsgemeinscha
(DFG) within the Collaborative Research Center ‘ChemPrint’
(project 538767711, CRC 1719, project: M02, C.M. and K.H.). All
high-performance computational work was performed at the
Erlangen National High Performance Computing Center
(NHR@FAU).
References
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