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H I G H L I G H T S

• Automated and reproducible workflows for 3D time series analysis.

• Comprehensive processing of massive point cloud data across the full change analysis pipeline.

• Easy coupling and exchange of state-of-the-art change analysis methods.

• Flexible interfaces to common geospatial software and scientific Python tools.

• Multi-institutional development board including research software engineers.
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A B S T R A C T

The software py4dgeo is an open-source Python library for automated analysis of 3D/4D geographic point 

clouds with a focus on topographic change detection and quantification, and on surface dynamics analysis. 

py4dgeo addresses a growing need for robust, reproducible, and extensible tools capable of handling complex spa­

tiotemporal datasets, especially for geographic applications and topographic monitoring in general. The library 

implements state-of-the-art methods for point cloud registration, bitemporal 3D change analysis, and time series-

based approaches. py4dgeo features a modular architecture combining a C++ core designed for computationally 

demanding tasks with a flexible Python interface, enabling robust processing of large datasets while support­

ing rapid scientific method development. Its object-oriented data structures manage temporal point cloud series, 

core points, and spatiotemporal neighborhoods in a transparent and extensible way. Full interoperability with 

widely used tools such as PDAL, CloudCompare, and the Python ecosystem (e.g., via LAS/LAZ format and NumPy 

arrays) facilitates seamless integration into existing workflows. The library is accompanied by comprehensive 

documentation, open data-based Jupyter demos, and community-driven development to support reproducibility 

and encourage contributions. py4dgeo provides a scalable foundation for monitoring dynamic 3D environments 

and is already used in numerous research and application projects for automated, quantitative change analysis 

in 4D point clouds. Therefore, py4dgeo contributes an essential resource to the growing field of spatiotemporal 

analysis of geographic point cloud data.
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Metadata

 

Code metadata (mandatory).

Nr. Code metadata description Metadata

C1 Current code version v1.1.0

C2 Permanent link to code/repository used for this code version https://github.com/3dgeo-heidelberg/py4dgeo

C3 Permanent link to Reproducible Capsule None

C4 Legal Code License MIT License

C5 Code versioning system used git

C6 Software code languages, tools, and services used Python, C++, Jupyter Notebook, CMake, scikit-build-core, Eigen, 

nanoflann, GitHub Actions

C7 Compilation requirements, operating environments & dependencies Operating on Linux, Windows, and macOS with 64-bit Python 

≥ 3.9. Building from source requires a C++17-compliant com­

piler and optionally Doxygen (documentation building is skipped 

if missing).

C8 If available Link to developer documentation/manual https://py4dgeo.readthedocs.io

C9 Support email for questions Please use the issue tracker of the GitHub repository.

1 . Motivation and significance

The processing and interpretation of multitemporal geographic point 

clouds, that is three-dimensional (3D) geospatial data acquired repeat­

edly over time, has gained increasing relevance due to the growing avail­

ability of high-resolution topographic data from terrestrial, airborne, 

and mobile laser scanning, as well as photogrammetric reconstruc­

tion [1–3]. Applications span diverse domains such as environmental 

monitoring, natural hazard assessment, infrastructure inspection, and 

autonomous mapping [e.g.,4–8]. These sensing strategies enable obser­

vations at temporal intervals ranging from seconds to seasons, resulting 

in dense time series of 3D scenes. Massive spatiotemporal data are 

generated especially when data acquisition is frequently repeated at 

near-continuous intervals with respect to the observed process and 

over long observation periods [2,9]. The resulting 4D (3D + time) 

point clouds require dedicated analysis methods to detect and quantify 

change. Established point cloud processing frameworks, such as PDAL, 

PCL, LAStools, and CloudCompare [10], provide extensive capabilities 

for geometric filtering, visualization, and spatial data management. For 

change analysis workflows, they offer algorithms for typical bitemporal 

operations, such as co-registration or cloud-to-cloud distance compu­

tation. CloudCompare and PDAL both provide an implementation of 

the established Multiscale Model to Model Cloud Comparison (M3C2) 

algorithm [11]. In CloudCompare, the Python wrapper CloudComPy 

provides a scriptable interface to the methods available in the graph­

ical software [12]. A Python framework dedicated to managing point 

cloud time series is provided by pointcloudset [13], but without spe­

cific processing methodology. The remaining gap lies in the lack of a 

scriptable, method‑oriented framework that integrates established and 

emerging multitemporal change analysis techniques into a coherent, 

single-interface workflow, enabling automated, reproducible and multi-

method analysis of multitemporal 3D and 4D geographic point clouds. 

The key concept of py4dgeo is to bundle different components of the 

change analysis pipeline in a modular way, thereby providing easy 

access for users to integrate into different workflows and objectives 

(Fig. 1). In summary, py4dgeo provides a scientific software platform 

focused specifically on multitemporal point cloud analysis, bridging 

the gap between general-purpose point cloud tools and the specialized 

needs of spatiotemporal change detection in multitemporal 3D and 4D 

geospatial data.

2 . Software description

As an open-source Python library for the analysis of change in 

3D/4D point clouds, py4dgeo is developed with a hybrid architecture 

that combines the usability of Python with the performance of C++. 

The Python interface provides user-friendly access to all functionalities 

and enables integration with the broader Python scientific ecosystem. 

The library is distributed under the MIT license and hosted on GitHub 

Fig. 1. Overview of the py4dgeo Python library, a modular tool that can be used 

standalone for 3D/4D geographic point cloud analysis or integrated into compre­

hensive workflows among other common open-source tools for geospatial data 

processing and visualization.

(https://github.com/3dgeo-heidelberg/py4dgeo). It is distributed both 

as a source distribution and as a pre-compiled binary distribution for 

Windows, macOS and Linux via the Python Package Index (PyPI, https:

//pypi.org/project/py4dgeo/). The comprehensive documentation in­

cludes installation guidelines, API references, and illustrative examples, 

and is automatically deployed to ReadTheDocs.org (https://py4dgeo.

readthedocs.io). A suite of more advanced demos with real-world appli­

cations is provided through a gallery of self-contained Jupyter notebooks 

that use open datasets and support reproducibility by linking to peer-

reviewed publications. py4dgeo follows an open development model 

that encourages community contributions. Software management and 

maintenance are steered by a multi-institution development board to 

ensure sustainability in terms of quality and consistency. This includes 

support from professional research software engineers, working in close 

collaboration with domain experts in geographic point cloud analy­

sis. The design of interfaces and prioritization of new features are 

guided by feedback from users and contributors mainly through the is­

sue tracker. Community contributions are reviewed via a public merge 

request process.

2.1 . Software architecture

py4dgeo follows a layered architecture with a C++ backend, Python 

bindings via pybind11, and high-level Python interfaces. This design 

places computationally intensive components into the C++ core while 

the Python side provides flexibility for method development, visualiza­

tion, and workflow composition. At the Python level, py4dgeo exposes 

a set of high-level classes and methods designed for scientific users. 

All core classes follow consistent interfaces, enabling users to substi­

tute or chain different methods with minimal changes to their code. 

The library is fully compatible with scientific Python libraries such as 
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NumPy, scikit-learn, and (geo)pandas, allowing integration into custom 

data processing workflows. py4dgeo executes selected computational 

routines in parallel using CPU multi-threading where applicable. The 

framework currently provides CPU-based processing only and does not 

include a GPU backend. py4dgeo includes utilities for reading and writ­

ing the common point cloud formats LAS/LAZ and XYZ (that is, tabular 

plain text in general) via laspy and NumPy arrays. While py4dgeo does 

not include direct, built‑in interfaces to external software such as PDAL 

or pointcloudset, it can be combined with these tools through shared 

data formats (e.g., LAS/LAZ, NumPy), enabling users to incorporate 

py4dgeo into broader geospatial or time series processing pipelines. 

Thereby, architectural design is guided mainly by principles of modu­

larity, extensibility, interoperability, and reproducibility. Configuration 

of workflows is exposed explicitly, and demos are provided using open 

datasets and published methods. This promotes sustainable community 

development and lowers the barrier for implementing and publishing re­

producible workflows in point cloud change analysis, making py4dgeo 

suitable for both exploratory and automated analysis in scientific and 

operational settings.

2.2 . Software functionalities

py4dgeo implements a suite of core methods for analysis of 3D/4D 

point cloud data. These cover the entire typical change analysis pipeline 

including registration, change detection and quantification, and time se­

ries analysis, which are detailed in the following subsections. py4dgeo 

structures multitemporal point cloud data using a compact set of extensi­

ble abstractions (Fig. 2). These support different acquisition modes and 

sampling schemes while enabling generalized change detection work­

flows. The core unit of temporal data organization is the Epoch class, 

representing a single acquisition of a point cloud at a defined point in 

time. Each Epoch object stores the point cloud coordinates, optionally 

a timestamp, and further optional metadata (e.g., sensor model, acqui­

sition method, registration accuracy) or precomputed attributes, such 

as expensive search tree data structures. For time series analysis, the 

SpatiotemporalAnalysis class encapsulates the entire analysis context for 

a list of Epoch instances together with a parametrized M3C2 algorithm, 

including the property definition of a reference epoch and of core points, 

i.e., 3D points at whose locations change is quantified. This can be an 

original epoch, a subset thereof, or separately defined coordinate loca­

tions, as developed in the original M3C2 algorithm [11] (Section 2.2.2). 

The abstraction allows time series-based change analysis to operate on 

a consistent interface, for example to assess temporal behavior at a core 

point location. The SpatiotemporalAnalysis object stores analysis results 

(e.g., change values, uncertainty variables, 4D objects).

2.2.1 . Iterative closest point (ICP) registration with stable area estimation

Accurate multitemporal alignment of point clouds is essential for 

meaningful change analysis. py4dgeo includes a standard Iterative 

Closest Point (ICP) method [14], requiring two epochs and an optional 

reduction point that shifts coordinates for accurate rotation handling 

as inputs. Application of the returned transformation object (consist­

ing of a 4×4 transformation matrix and a reduction point) to all points 

in the Epoch object is explicitly controlled by the user and recorded 

in the Epoch object. An enhanced ICP variant by Yang and Schwieger 

[15] supports automatic stable area estimation. This approach enables 

to scale the automated alignment across large 3D time series with min­

imal manual input, for example in challenging natural environments 

where fixed control points are unavailable. Practical requirements and 

potential failure modes of registration, as well as the subsequent change 

analysis methods, depend strongly on dataset characteristics and the 

specific scientific application. Users are therefore encouraged to consult 

the referenced method publications (cf. mainly Section 2.2) for detailed 

discussions of assumptions, validation steps, and recommended usage 

conditions and parametrization.

2.2.2 . Surface change analysis with the M3C2 algorithm

py4dgeo implements the M3C2 algorithm [11] for surface 

change quantification. M3C2 computes signed distances between lo­

cal neighborhoods along local surface normal vectors, with support for 

Fig. 2. Overview of main data and algorithm structures in py4dgeo representing the core modules of multitemporal registration, change detection and quantification, 

and time series-based analysis.
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multi-scale normal estimation and uncertainty quantification through 

the level of detection. Implemented state-of-the-art variants of the M3C2 

algorithm include the M3C2 with error propagation (M3C2-EP) by 

Winiwarter et al. [16] and the correspondence-driven plane-based M3C2 

(PBM3C2) developed by Zahs et al. [17]. Runtime mainly scales with the 

number of core points and the cost of neighborhood searches (e.g., cylin­

der radius and maximum distance), while memory usage is driven by the 

number of points provided as input.

2.2.3 . Time series-based analysis using the 4D objects-by-change algorithm

For dense 3D time series, py4dgeo provides 4D objects-by-change 

(4D-OBCs) extraction [18], extending standard bitemporal change anal­

ysis to consider the full temporal domain. Relevant surface activities 

are first detected in the time series of all core points as defined by 

the seed detection algorithm. Objects are spatially delineated based on 

their surface behavior over time using region growing segmentation with 

similarity between time series as homogeneity criterion. The resulting 

objects are stored in the SpatiotemporalAnalysis object with their spa­

tial and temporal extents in terms of core point indices belonging to 

the object, and the index of start and end epoch in the time series. As 

part of typical 3D time series processing steps, py4dgeo further offers a 

time series filtering method that applies a rolling median within a user-

defined temporal window to all time series in a SpatiotemporalAnalysis 

object. For this algorithm, runtime increases with the number of seeds 

and with the number of epochs (variable among seeds). The computa­

tional cost of Dynamic Time Warping (DTW)-based time series similarity 

grows approximately quadratically with the number of epochs.

2.3 . Customization possibilities

Alongside its core methods, py4dgeo provides configurable access 

to internal algorithmic components, supporting both the adaptation of 

the software to specific scientific applications and low-barrier testing of 

new methodological developments. One example is the seed detection 

step in the 4D-OBC framework, which can be adapted using application-

specific heuristics, such as the linear change behavior targeted by Ulm 

et al. [19]. Another example is the overriding of normal vector calcu­

lation by providing a fixed surface orientation or pre-computed normal 

vectors in the direction algorithm (cf. Listing 2, lines 22–25). py4dgeo 

provides documented interfaces and examples for such customizations. 

Customizations are implemented by providing callback functions for 

specific tasks. Callbacks can be written in Python or C++, allowing both 

rapid prototyping and performant implementation of established algo­

rithms within the same framework. Built-in callbacks are implemented 

in both languages and used as regression tests.

2.4 . Extension possibilities

The data structures and methods of py4dgeo can be easily used for ex­

tended analysis with the functionality of other tools or Python libraries, 

such as scikit-learn. For example, the SpatiotemporalAnalysis object pro­

vides the basis for k-means clustering to perform time series clustering 

following [20], see Section 3.2. Further extension examples are demon­

strated by Frantzen [21] using principal component analysis to explore 

spatiotemporal patterns in the dataset, and by Hulskemper et al. [22] 

using extracted 4D objects-by-change as input for object grouping with 

self-organizing maps.

2.5 . Best practices of research software engineering

py4dgeo is developed following best practices of research software 

engineering. Both the Python and C++ code are unit-tested using mod­

ern testing frameworks (pytest, Catch2). Execution of these tests on 

all target platforms (Windows, macOS, Linux) is integrated into the 

development workflow via GitHub Actions. The project employs contin­

uous integration and code‑coverage monitoring to ensure the robustness 

and sustainability of the code base. Our approach of using Jupyter 

notebooks to both render documentation and provide integration tests 

has been mentioned as an example of a successful approach to writ­

ing maintainable documentation by Fritz et al. [23]. py4dgeo relies 

on well-established performance-oriented C++ libraries like Eigen by 

Guennebaud et al. [24] and nanoflann by Blanco and Rai [25] to support 

computationally intensive components of the software. The project’s 

open license is complemented by an open contribution workflow on 

GitHub.

3 . Illustrative examples

To demonstrate the capabilities and typical use cases of py4dgeo, 

we present two illustrative examples. These examples reflect real-world 

scenarios of 3D/4D point cloud analysis covering key components of 

the library. The full examples are available as Jupyter notebooks among 

the demos in the software repository and are featured in the open-

source e-learning course E-TRAINEE [26]. We use the publicly available 

point clouds provided within module 3 of the E-TRAINEE course via the 

Zenodo data repository [27].

3.1 . Registration and bitemporal change analysis in complex topography

In the first example, our objective is to detect and quantify bitempo­

ral surface change in the complex topography of an active rock glacier, 

the Äußeres Hochebenkar (AHK) in Tyrol, Austria [28]. The two LAS 

files from 2020 and 2021 are loaded into py4dgeo as Epoch objects. 

Then, the core points are defined to use a point cloud subset defined 

as every 100th point in the first epoch. Next, the M3C2 algorithm is 

parametrized to use multi-scale normal radii from 4.0 m to 6.0 m at 

0.5 m intervals, and a cylinder radius of 0.5 m. The maximum search 

depth is set to 15.0 m, and the registration error is given by a deter­

mined alignment accuracy of 3.7 cm. The code workflow is depicted in 

Listing 1. The objects returned from the M3C2 algorithm contain the 

M3C2 distances at each core point and the associated uncertainties.

The results can be plotted with standard Python functionality, visual­

izing different layers of change information, such as the M3C2 distances, 

the directionality of the surface change (here, Z component of surface 

normal vectors), the level of detection, or areas of significant change 

where the distance value is greater than the level of detection value 

(Fig. 3). To use the results in separate software, the outputs can be 

stored as a point cloud file with all needed attributes attached to the 

core point coordinates. Layers can be rasterized for GIS processing or 

2D map visualizations, for example, using PDAL directly in the Python 

script.

With additionally available metadata of the LiDAR sensor and sur­

vey properties, the advanced M3C2 variant with error propagation 

(M3C2-EP) following [16] can be applied. This requires the additional 

specification of scan position information and full co-registration in­

formation in the form of a covariance matrix, together with an affine 

transformation matrix and a reduction point defining the rotation origin. 

Each epoch must include a per‑point scan position ID in its additional 

dimensions, linking every point to a scan position, which is required by 

the implementation for uncertainty propagation. Provided these addi­

tional parameters, the script workflow is similar to the standard M3C2. 

Corresponding to the derived distances, 3D covariance information for 

the point cloud is returned, and the estimation of the associated un­

certainty is improved through error propagation from the acquisition 

parameters to the final level of detection estimation. The full example 

of M3C2-EP is given in a dedicated basic usage tutorial in py4dgeo.
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Listing 1. Code workflow to setup and run the M3C2 change quantification in py4dgeo for two point cloud epochs loaded from LAS files.

Fig. 3. Visualizations of change analysis results produced by the py4dgeo M3C2 algorithm, generated with the Python Matplotlib package with a) M3C2 distances 

showing magnitudes of surface change in the bitemporal rock glacier scene together with b) the Z component of the surface normal vector indicating whether the 

direction of change is rather vertical (value towards 1) or horizontal (value towards 0). Uncertainties associated with the quantified change are visualized in terms 

of level of detection in c), with d) significant change at those locations where the distance value exceeds the level of detection value.

3.2 . Time series-based change analysis of highly dynamic scenes

In the second example, we feature a time series-based analysis demo 

using hourly 4D point clouds acquired by permanent Terrestrial Laser 

Scanning (TLS) at a sandy beach in Kijkduin, The Netherlands [29]. As 

a basis for these analyses, we load the LAS files of the time series into a 

py4dgeo SpatiotemporalAnalysis object. Using the force=True parame­

ter creates a new analysis object on disk even if a file of the same name 

already exists, whereas the default force=False loads the existing object 

SoftwareX 34 (2026) 102670 
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Listing 2. Code workflow to create a SpatiotemporalAnalysis object from a 3D time series.

without overwriting it (thus, base components such as reference epoch 

or M3C2 parametrization are protected from adaptation). Besides each 

point cloud dataset and corresponding timestamp information, this re­

quires the specification of a reference epoch, here the first epoch of 

the time series. To calculate changes, a definition of core points and 

parametrization of the M3C2 algorithm are required. Since the beach 

topography is overall flat and dynamics are mostly deposition and re­

moval of sand volumes, we customize the M3C2 algorithm to set all 

change directions purely vertically rather than computing the local sur­

face orientation. Finally, we smooth the time series of vertical changes 

to remove noise (Listing 2).

The data structure can now be used to apply time series clustering fol­

lowing [20] as in Listing 3 (lines 1–8). This clusters the full change time 

series based on their similarity, by default using Euclidean distances, and 

provides insight into change patterns in the scene (Fig. 4a). For the beach 

application, yielded patterns are, e.g., sand accumulation through waves 

(sand bars), human activity involving sand removal at the dunes, or 

gradual accretion in different sections of the overall scene. Furthermore, 

4D-OBCs can be extracted following [18] through parametrization of the 

time series change detection and region growing (Listing 3, lines 10–22). 

Resulting objects can be accessed for information about their time se­

ries properties, as well as their related change properties in the spatial

SoftwareX 34 (2026) 102670 
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Listing 3. Code workflow to use a SpatiotemporalAnalysis object (Listing 2) for time series clustering (lines 1–8) and the extraction of 4D objects-

by-change (lines 10–22).

domain. Fig. 4(b) shows an example object representing the temporary 

accumulation of a sand bar that was automatically detected in the time 

series and spatially delineated in the scene.

4 . Impact

py4dgeo addresses an important gap in the processing and analysis 

of 3D/4D geographic point clouds by providing a scientific open-source 

Python library specifically tailored for change analysis workflows. The 

modular architecture and hybrid Python/C++ implementation enable 

automation of complex processing steps and promote user accessibil­

ity, allowing both domain experts and software developers to prototype, 

customize, and integrate novel methods within established workflows. 

This facilitates reproducible scientific studies and supports methodolog­

ical development in 4D point cloud analysis. Its workflow compatibility 

through standard geospatial and Python data formats further enhances 

its utility by supporting multi-tool data processing pipelines.

The software implements recent methodological innovations in 4D 

geographic point cloud analysis [e.g.,7,15–19,30,31] and is being inte­

grated in third-party funded projects (e.g., see funding sources) enabling 

dedicated software development in the form of new methods, ex­

tended functionalities, and support from professional research software 

engineers.

The open-source and community-driven nature of py4dgeo with 

an active development board fosters collaborative development, ensur­

ing that the software evolves in response to emerging research chal­

lenges and user needs. By lowering the technical barriers to advanced 

4D point cloud analysis, py4dgeo contributes to ongoing advances in 

3D spatiotemporal data science and its applications across multiple

domains.
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Fig. 4. Visualization of time series-based change analysis results. Results of time series clustering in (a) show change patterns in the scene colored by unique 

clusters with corresponding time series of surface changes (average per cluster). Visual assessment enables interpretation of characteristic process types (see example 

annotations on the right). Results of spatiotemporal segmentation in (b) show an example 4D object-by-change representing a sandbar that temporarily existed for 

several weeks (indicated by gray area in the time series). Only the time series similarity within that time span is considered for spatial delineation, which is depicted 

in the change scene on the right.).

5 . Conclusions

py4dgeo offers an open-source Python framework for the analysis 

of 3D/4D geographic point clouds, integrating robust methods for reg­

istration, change detection, and time series-based analysis. Its design 

emphasizes workflow automation and adaptability, enabling repro­

ducible and customizable scientific analyses. By supporting integration 

into broader geospatial workflows through standard data formats and 

community-driven development, py4dgeo provides a flexible foundation 

for multitemporal 3D and 4D change analysis.

Current workflows primarily operate on in-memory data structures, 

which may require spatial tiling or batching strategies when work­

ing with very large datasets or long time series. Future development 

will therefore focus on further improving scalability for large datasets, 

strengthening support for extensive multitemporal analyses, and ex­

panding community-driven extensions. Through this, py4dgeo will re­

main a sustainable and adaptable platform for scientific analysis of 4D 

geographic point clouds.
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