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Abbreviations and Acronyms

GIS Geographic Information System

Exploration Information System

Graphical User Interface ‘\O
&P
N\

Summary 06\

As more versions are likely to be released this release will be refer o “first stable release” later in this

document. @
¥

Keywords Q/O

Software Design, Mineral Prospectivity Mod ineral Predictive Mapping, QGIS, Artificial Intelligence,
Toolkit, Wizard, Python

The Deliverable D3.5 provides a description of the contents and genera&ture of the EIS Toolkit final release.
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1. Executive summary

This document describes the first stable release of the “EIS Toolkit”, which is a standalone Python library for
conducting Mineral Prospectivity Mapping. The toolkit utilizes industry-standard libraries for well-defined tasks
and provides an interface for integrations both with the upcoming “QGIS EIS Plugin” and other software.

A common way to use this kind of a library is via Jupyter Notebooks, which is an interactive environment for
running Python software and a sample of such use is included with this deliverable in Appendix 1 both as a
runnable/interactive notebook file and a static export that visualizes the workflow and its results. The interactive
version works as a user manual for end users.

The technical documentation for “EIS Toolkit” is automatically generated and is described in chapter, 4, and an
export of the documentation is included with this deliverable in Appendix 2.

O
This and future releases and related documentation can be downloaded from “EIS Toolkit"é&% repository
*
which is located at: https://github.com/GispoCoding/eis_toolkit. ®\
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2. Introduction

21 General remarks

This document provides background information about the first stable release of “EIS Toolkit”.
The documentation for EIS Toolkit is currently in two forms:

e aJupyter Notebook that guides the user through an example workflow (User Guide) (see Appendix 1)
and

e a Technical Specification document that includes documentation for the actual EIS Toolkit fu»@onality

(see Appendix 2).
: %':\
\S

2.2 EIS WP3 and Task 3.3 ((\6\

The main objective of WP3 is the development of a GIS (Geographical Info@ System)-based Exploration
Information System (EIS) for predictive mapping of mineral resources. EIS d ot have a strict definition but
can be characterized as an environment for performing data analysis and @elllng, for managing data and other
information, and for representing results in various forms.

In Task 3.3, a library of Python functions for EIS is implemente b}Q call this library the “EIS Toolkit”, and it is a
comprehensive collection of independent functions reIevg r performing mineral prospectivity analysis
related tasks. These tasks include mainly predictive m nd data integration via mathematical modelling,
but also some general data processing and analysis. A@ols for evaluation of the goodness of the models and
modelling results are included for efficient decisior@ak g in the identification and prioritization of exploration
targets.

The “EIS Toolkit” contains implementatio g%)f existing and new algorithms, and new functions can be added
even after the EIS project. Emphasis is exploring the applicability of modern machine learning methods,

such as convolutional neural netwo he use of which in mineral prospectivity modelling is still at its infancy.
>

The structure of and interfac e functions included in the library have been planned so that the functions

can be smoothly integrate her software, such as the “EIS QGIS Plugin”. Existing Python libraries have been

reviewed and are used imize the coding effort.

<
&
3
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3. User manual

This chapter outlines how to use “EIS Toolkit”, what are the system requirements, how it can be installed and a
Jupyter Notebook for interactive use with guidance.

Additionally, a static export of the Jupyter Notebook is provided in Appendix 1 that visualizes an example
workflow when done inside Jupyter Notebook

3.1 System requirements

The only system requirement for installing the “EIS Toolkit” through the Python package is to have@dpported
version of Python installed on the system. The “EIS Toolkit” supports all Python 3.9.x and 3.1@ersions. The
compatible Python version should be either a system Python installation or in an enviror\@ management

system, such as Conda. @

3.2 Installation guide C)

The two primary ways of installing EIS Toolkit are installation to a C@a environment from the conda-forge
channel and installation to Python venv from PyPI (Python Packa '@dex). These are two widely used online
repositories that host various Python packages and enabl download and installation into Python
environments. Kb

To install EIS Toolkit in a Conda environment, the use create a new, empty Conda environment that uses
either Python 3.9 or Python 3.10. Then, when insidethe nvironment, the installation is done with the command

conda install —c conda-forge eis_toolkit 5&
To install EIS Toolkit in a venv, the use@ create similarly a fresh environment and use the command
pip install eis_toolkit Q

O

The package automatically @Is all the necessary Python libraries, and EIS Toolkit will be ready to use.
Sometimes, for some pla&s, a package called GDAL might cause installation issues. This is not a fault of EIS
Toolkit, but guidanc @)vercome related issues are given in the GitHub repository, namely acquiring and
installing a compa'{ble DAL binary separately before attempting to install EIS Toolkit.

b@
S pi
3.3 \Jupyter Notebook description

Jupyter notebooks are a widely used format to run Python script blocks with lasting outputs. They can be
especially useful for data analysis work, which is why the format is quite popular in academia.

During the development of EIS Toolkit, Jupyter notebooks were utilized to demonstrate the developed tools.
These notebooks are collected in the development repository of EIS Toolkit in GitHub, in folder called notebooks
directly under the root folder. Even after the main phase of development, they serve as one sort of
documentation, even if not the primary one.
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In addition to the notebooks that demonstrate individual tools, a workflow demonstration notebook was crafted
to show more comprehensively how a MPM workflow with EIS Toolkit might look like. An export of this notebook
is provided in this deliverable.

4. Technical specifications

The "EIS Toolkit" encompasses a comprehensive suite of functions designed to facilitate efficient and effective
mineral exploration. These functions are meticulously organized into distinct modules, each serving a specific
purpose within the exploration workflow. Technical specifications for the "EIS Toolkit" functions are
automatically generated from docstrings, which are extensively documented within the source code. w is
an overview of the key modules. . O

For further details on the technical specifications and functionalities of each module, plea‘seéto Appendix
2.

In the following sections, the numbers in brackets refer to the chapters / section nu@@@nthe Technical

Specifications in Appendix 2. O

N\
0

The Conversions Module in the "EIS Toolkit" provides essentia ionalities for converting different types of
geospatial data, facilitating seamless integration and anaI% in the exploration workflow.

"%

CSV to Geo Data Frame Conversion (4.1.1): @

4.1 Conversions module

This function enables users to read CSV files c ining geospatial data and convert them into Geo Data
Frames. It supports the transformation ofg%rc data represented by X and Y coordinates or geometric shapes
specified in Well-Known Text (WKT) foh@. sers can also define the target Coordinate Reference System
(CRS) for the resulting Geo Data Fra@

<
Raster to Data Frame Conver 'b@.z.z)z
>

The Raster to Data Frame. \ersion function allows users to convert raster datasets into Pandas Data Frames.
Users can select speci i@mds from multi-band raster or utilize all bands for conversion. Additionally, pixel
coordinates (row, &an be optionally included in the Data Frame for each pixel of the raster, providing
valuable spa 'aléext to the data.

By utilizin conversion functionalities, users can seamlessly transform and prepare diverse geospatial
datase@ further analysis and exploration within the "EIS Toolkit."

4.2 Evaluation module

The Evaluation Module in the "EIS Toolkit" provides essential tools for evaluating the performance and
reliability of predictive models and data analyses.
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Calculate Base Metrics (4.2.1):

The Calculate Base Metrics function computes true positive rate, proportion of area, and false positive rate
values for different thresholds. It leverages mineral deposit locations and mineral prospectivity maps to
evaluate model performance comprehensively.

Evaluate Classification Labels (4.2.2):
This module includes functions that together generate a comprehensive report of classification results.
Accuracy, precision, recall F1-score and confusion matrix are produced for the given test results.

Evaluate Classification Probabilities (4.2.3):

This module includes several tools that together form a comprehensive and advanced set to evaluate
probability array output from a classifier. The user can calculate metrics, such as ROC AUC, log loss, avetage
precision, and Brier score loss. In addition, they can plot several plots including ROC curve, DET cur 6
precision-recall curve and the calibration curve. This module supports direct evaluation of CI%Q labels

by giving information that can be used to derive custom classification threshold values or djr ssess

goodness of a classifier model. @\

Plot Confusion Matrix (4.2.4) ¢
The Plot Confusion Matrix function generates a heatmap visualization of the@@ matrix. This tool

visualizes the binary classification results in a clear way, indicating the true/f; egatives/positives with color,

percentages and counts. Q

Plot Neural Network Model Performance (4.2.5):
The Plot Correlation Matrix function generates a heatmap visuali@nn of the correlation matrix. This
b

visualization aids in understanding the relationships betwee es, providing insights into potential

multicollinearity and the overall structure of the data@

Plot Prediction-Area (P-A) Curves (4.2.6):
This function plots prediction-area (P-A) curvg\& are valuable for evaluating mineral prospectivity maps
and evidential layers. By visualizing true positi te and proportion of area values against threshold values,

users can assess the performance of pre e models.

Plot Rate Curve (4.2.7):

The Plot Rate Curve function @es success rate, prediction rate, or ROC curves based on provided X and Y
values. This visualization he@rs understand the trade-offs between true positive rate and false positive
rate, aiding in model sel nd evaluation

Score Model (4.2.%&
This tools all irect and simple evaluation of a classifier or regressor model by scoring it with the user-
defined met e supported metrics are accuracy, recall, precision, F1, MAE, MSE, RMSE and R2.

O

4.3 Exploratory analyses module

The Exploratory Analyses Module within the "EIS Toolkit" encompasses a diverse range of functions aimed at
uncovering insights and relationships within geospatial data, facilitating informed decision-making in mineral
exploration endeavors.
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Basic Exploratory Plots (4.3.1):

This module groups basic plot types that can be used to gain insight on data. These plots include histogram
plot, KDE (kernel density estimate) plot, ECDF (estimator of cumulative distribution function) plot, line plot,
scatterplot, heatmap, pair plot, regression plot, bar plot and box plot.

Chi-square Test (4.3.2):
The Chi-square test assesses independence between categorical variables.

Plot Correlation Matrix (4.3.3):
The Plot Correlation Matrix function generates a heatmap visualization of the correlation matrix. This
visualization aids in understanding the relationships between variables, providing insights into potential

o0
Plot Covariance Matrix (4.3.4): \O
The Plot Covariance Matrix function generates a heatmap visualization of the covariance m‘a%%is
visualization works similarly as Plot Correlation Matrix, but for covariance matrix data. Q\

multicollinearity and the overall structure of the data.

DBSCAN Clustering (4.3.5):

DBSCAN (Density-Based Spatial Clustering of Applications with Noise) is utilized t tify clusters within
geospatial data based on density. By specifying parameters such as maximun@ance and minimum samples,
users can effectively identify spatial patterns indicative of mineralization @Jrrences.

Descriptive Statistics (4.3.6): @
This function computes descriptive statistics from both vector a ster data, providing insights into the
distribution and variability of geospatial attributes essential @p ration analysis and decision-making.

Feature Importance Evaluation (4.3.7): @0
s

Evaluate the importance of features derived from patial data using machine learning models. By assessing
the contribution of each feature to model perchge, users can prioritize exploration targets effectively.

K-means Clustering (4.3.8): X
Perform K-means clustering on geospa@a to partition it into distinct clusters. This aids in identifying
spatially coherent regions or anom@;associated with mineralization occurrences.

*
Local Moran’s 1 (4.3.9): . \
This tool calculates the Lo% oran’s | statistic that assess local spatial autocorrelation of data. Using this tool,
the user can identify r@a ous clusters or other spatial patterns in their data which can be crucial to be aware

of. K

Test Normali 73.10):

This tool #ésts whether the given data sample is likely from a normally distributed population. Knowing if data
is normallydistributed can be important when running certain tools and understanding the nature of data at
hand.

Plot Parallel Coordinates (4.3.11):

Generate parallel coordinates plots to visualize multivariate relationships within geospatial datasets. This aids
in identifying patterns and trends across multiple variables, enhancing understanding of mineralization
indicators and exploration targets.

Principal Component Analysis (PCA) (4.3.12):

Conduct PCA to reduce the dimensionality of geospatial datasets while preserving essential information.
Visualization of principal components assists in identifying spatial patterns and relationships crucial for mineral
exploration.
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Through the utilization of these exploratory analyses functions, users can gain valuable insights into the spatial
characteristics of geological features and mineral occurrences, facilitating more informed and effective
decision-making in mineral exploration endeavors.

4.4 Prediction module

The Prediction Module in the "EIS Toolkit" equips users with powerful tools for predicting mineral occurrences
and evaluating prospectivity.

>
O

Fuzzy Overlay Operations (4.4.1):

This suite of functions enables users to perform various fuzzy overlay operations on raster d utilizing
fuzzy logic techniques such as AND, OR, product, sum, and gamma overlay, users can an ulti-dimensional
geospatial data to identify areas of interest and assess mineral prospectivity. @

Weights of Evidence Analysis (4.4.2):

These functions facilitate the calculation of weights of evidence, allowing USEQ) assess the spatial

associations between input data and mineral deposits. By determining pt?(lor probabilities and weights of
I

spatial association, users can make informed decisions regarding m|ne oration targets and planning.

Random Forest (4.4.3): Q
TBD

Logistic Regression (4.4.4): @

TBD

Gradient Boosting (4.4.5): \?
TBD @

Multilayer Perceptron (4.4. 6)' Q
TBD

4\9
4.5 Ras&{ﬁ)rocessmg module

The Raster ssing module offers a comprehensive suite of functions for efficiently manipulating raster
data, e é«g its compatibility and suitability for various analytical tasks. These tools enable users to address
dlverse ter data processing needs, including data validation, spatial analysis, and format standardization. By
providing a robust set of functionalities, the module empowers users to seamlessly manage and optimize raster
data for subsequent analysis and modeling tasks, enhancing the efficiency and accuracy of geospatial
workflows.

Clipping (4.5.1):
Clips a raster with polygon geometries, extracting specific regions of interest.
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Create Constant Raster (4.5.2):
Generates a constant raster based on user-defined parameters, offering flexibility in defining extent and
coordinate system.

Distance to Anomaly (4.5.3):

Computes a new raster where each pixel value is the euclidean distance to nearest anomaly pixel. The user can
define the anomaly threshold and criteria (higher, lower, in-between, outside). This tool is important in
processing mineral proxies and preprocessing datasets that represent anomalies.

Extract Values from Raster (4.5.4):
Extracts raster values using point data to a Data Frame, facilitating data extraction for analysis.

\

Filters (4.5.5)
*
The filters module contains a comprehensive set of different filter functions that users can appl&cess

their raster data.
w

Reclassify (4.5.6):
The reclassify module implements the most commonly used reclassification methods ely manual breaks,
defined intervals, equal intervals, quantiles, natural breaks, geometrical intervzfs @v tandard deviation. These

reclassification methods are used to discretize raster data, which is a necessagy pyeprocessing step for Weights
of Evidence modeling method. Q

Reprojecting (4.5.7): @
Re-projects a raster to match a given coordinate reference systeQ ensuring compatibility between
datasets.

Resampling (4.5.8): %
Resamples a raster according to a specified resolut aintaining data integrity during transformation.

Snapping (4.5.9): \
Aligns a raster to a reference grid raster, eq%rlng alignment for consistent analysis.

Surface Derivatives (4.5.10): ?
The surface derivatives module i@ es both first and second order surface derivatives to offer an extensive
amount of surface attributes e surface attributes can be processed to be used in models in certain

contexts. A\
Unifying (4.5.11): KQ

Unifies given ra &elative to a base raster by re-projecting, resampling, aligning, and optionally clipping them.
This operati ures consistency in grid properties and extents across multiple raster.

Uniqu binations (4.5.12):
Produces a raster where each pixel value marks a certain unique combination between input rasters in the
given location.

Windowing (4.5.13):
Extracts a window from a raster centered at specified coordinates, allowing for localized analysis. Padding with
no data values is applied if the window extends beyond the raster bounds.
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4.6 Training data tools module

The Training Data Tools module equips users with essential functionalities for preparing training datasets,
particularly in the context of machine learning tasks. By offering these tools, the module facilitates the creation
of balanced and well-prepared training datasets, crucial for achieving optimal model performance and accuracy
in machine learning applications.

Class Balancing (4.6.1):
With this function users can address class imbalance issues by applying the SMOTETomek resampling method,
ensuring a more representative distribution of classes in the training data. It adjusts the class distrit@by

oversampling the minority class and under-sampling the majority class to mitigate class imbalance i . Users
can specify various parameters such as the sampling strategy and random state to customize t ampling
process. The function returns the resampled feature matrix and target labels, ensuring a anced

dataset for training machine learning models. @

4.7 Transformations module {\Q

The Transformations module provides a suite of functions for prepr g raster data, enabling users to apply
various transformations to prepare their data for modeling and . These functions include binarization,
clipping, normalization, logarithmic transformation, sigmoid mation, and winsorization, offering
flexibility in data preprocessing to suit different modeling n . Whether it's transforming data into binary

format, clipping values based on specific thresholds, t@ alizing data to a standard scale, these tools
empower users to preprocess raster data effective@e e further analysis or modeling tasks.

Binarize (4.7.1): @
This function binarizes raster data based on a given threshold. It replaces values less than or equal to the
threshold with 0 and values greaé?n the threshold with 1.
*
Clip (4.7.2): \9

The clip transform funr@l lips raster data based on specified upper and lower limits. It replaces values below
the lower limit and abgV

CoDa Transf@ons (4.7.3):
TBD Q
Linear &4):

Min-max-scaling normalizes raster data based on a specified new range. It transforms the data into the new
interval defined by the provided minimum and maximum values.

the upper limit with provided values.

Z-Score Normalization (4.7.5):
This function normalizes raster data based on the mean and standard deviation. The resulting data will have a
mean of 0 and a standard deviation of 1.

Logarithmic (4.7.6):
The log-transform function performs a logarithmic transformation on the provided raster data. It replaces
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negative values with a specified no data value and applies the logarithmic transformation based on the chosen
base.
One-hot Encode (4.7.7):
The one-hot encode tool creates binary attributes to data from a multi-value attribute. To run deep learning
models such as MLP, having this tool available is necessary.
Sigmoid (4.7.8):
The sigmoid-transform transforms data into a sigmoid shape based on a specified new range. It uses
parameters such as minimum, maximum, slope, and center to perform the transformation.
Winsorize (4.7.9):
The winsorize function winsorizes raster data based on specified percentile values. It replaces vaIue&de
*
the specified percentile ranges with the nearest values within the range. %\
0\6
4.8 Vector processing module O((\
The Vector Processing Module in the "EIS Toolkit" offers a range of functionalitieg for handling and analyzing
vector data, facilitating geospatial analysis tasks. Q
Calculate Geometry (4.8.1): \\O !
Calculates area for each polygon feature and length for, a@u e feature in the input vector data.
Cell-Based Association (4.8.2):
This function initializes a Cell-Based Associati matrix from vector files. It calculates the mesh based on
geometries contained in the file and cell size specified by the user. Users can add multiple vector datasets to
the matrix, incorporating targeted sha%ﬁx attributes for comprehensive analysis.
Distance Computation (4.8.3):
The Distance Computation funt@alculates the distance from raster cells to the nearest geometry in a given
set of vector data. This toof@ able for proximity analysis and understanding spatial relationships between
raster and vector dataset:
Extract Shared LiQQ&SA):
Extracts sharEd® from an input vector dataset.
IDW Interpotation (4.8.5):
The In\é Distance Weighted (IDW) interpolation function performs spatial interpolation on vector data,
generating a raster output. Users can specify the target column containing values for interpolation, resolution
of the output raster, and the power parameter to control the rate at which weights decrease with distance.
Kriging Interpolation (4.8.6):
This function implements Kriging interpolation on input vector data, producing a raster output with
interpolated values. Users can select the variogram model, coordinates type, and method (ordinary or
universal) for Kriging interpolation, providing flexibility in spatial analysis tasks.
Rasterize Vector (4.8.7):
Transforming vector data into raster format is facilitated by the Rasterize Vector function. Users can specify
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parameters such as resolution, value column, default value, and merge strategy to customize the rasterization
process according to their analysis requirements.

Reproject Vector (4.8.8):

Re-projecting vector data to match a given coordinate reference system (CRS) is achieved with the Re-project
Vector function. Users can specify the target CRS using its EPSG code, ensuring consistency and compatibility
across geospatial datasets.

Vector Density (4.8.9):
The Vector Density function computes the density of geometries within a raster grid. Users can define
parameters such as resolution, base raster profile, buffer value, and statistic (e.g., density).

Funded by 16
the European Union




Exploration Information System * % EIS
. ®

Deliverable D 3.5: EIS Toolkit Final Release - User Manual and Technical Specifications

5. Conclusion

The first stable release of the “EIS Toolkit” has been completed and published at the GitHub page. It has been
internally tested among WP3 partners and is ready to be utilized and applied through the “EIS QGIS Plugin” by
EIS WP4 partners in the EIS test sites.

The implemented tools from the EIS Toolkit in the EIS QGIS Plugin are being described in Deliverable D3.6, which
is being submitted simultaneously.

Development in EIS project under WP3 has now being completed in Task 3.2 (Additional Algorithms) and Task
3.3 (actual EIS Toolkit development), and will fully shift now to Task 3.5 to further develop the beta release of
the “EIS QGIS Plugin”, whose first stable release is aimed for October 2024. Q

Based on feedback from WP4 partners in EIS using the EIS QGIS Plugin, potential bug-fixes an i Y ments of
the implemented tools from the EIS Toolkit will continue though in WP3 until the end of the E| ect duration.
*
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EIS Toolkit workflow demo

April 28, 2024

This Jupyter notebook serves as a first user guide to beta testers of EIS Toolkit. It g how to
import and call various tools of EIS Toolkit and includes steps of a simple MPM wi OwW.

correct folder structure). One can always change the filepaths and use their o ta, granted that

Note that to run this notebook without modifications you need to have the tef\%ﬁa (and under
the data is in right the format and is meaningful geospatial data. How e primary function

of this notebook is not to provide a template for conducting MPM wor, s, but instead serve as
example and showcase some of the tools of EIS Toolkit.

0.0.1 1. Imports and filepath definitions ®Q

import os @
import rasterio Q
import geopandas as gpd KO
import numpy as np @0

import matplotlib.pyplot as plt

from rasterio.io import MemoryFi Q
from rasterio.plot import show*

import sys Q\Q
sys.path.insert(0, ". "“\b

*

from eis_toolkit.ea\@atory_analyses.basic_plots_seaborn import pairplot,
~kdeplot %

from eis_toolki%.€xploratory_analyses.parallel_coordinates import

‘ plot_par@l_coordinates
from eis§ it.exploratory_analyses.descriptive_statistics import,,

qdesc@ ve_statistics_raster

from _toolkit.exploratory_analyses.pca import compute_pca

from eis_toolkit.prediction.fuzzy_overlay import gamma_overlay

from eis_toolkit.prediction.weights_of_evidence import
~weights_of_evidence_calculate_weights,
~weights_of_evidence_calculate_responses

from eis_toolkit.raster_processing.unifying import unify_raster_grids
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[]:

from eis_toolkit.raster_processing.distance_to_anomaly import
~distance_to_anomaly

from eis_toolkit.transformations.sigmoid import _sigmoid_transform
from eis_toolkit.transformations.linear import _min_max_scaling

from eis_toolkit.vector_processing.idw_interpolation import idw
from eis_toolkit.vector_processing.distance_computation import

—~distance_computation Q
from eis_toolkit.evaluation.calculate_base_metrics import calculate_?aéé;agtrlcs
from eis_toolkit.evaluation.plot_rate_curve import plot_rate_curve CE)

from eis_toolkit.utilities.nodata import set_raster_nodata <f:\

# Folder with the test data in it. Modify this match th (:;:S:; of your test,
~data folder.

test_data_folder = ". ./tests/data/local/workf1ow_dem%
AEM_inphase_fp = os.path.join(test_data_folder, ' _AEM_Inph_.tif")
AEM_quad_fp = os.path.join(test_data_folder, " _AEM _Quad.tif")
AEM_ratio_fp = os.path.join(test_data_foldexy, G_EM _ratio.tif")

Magn_AS_fp = os.path.join(test_data_fo@@ 0CG_Magnetic.tif")

till_geochem_fp = os.path.join(test_gata_folder,
"IOCG_CLB_Till_Geochem_reg_511

structures_fp = os.path.join(test_Wata_folder, "IOCG_CLB_Structures_1M.shp")

lithology_fp = os.path.join{&iiSSdata_folder, "IOCG_CLB_Lith_Asstn_1M.shp")

known_occurances_fp = os.pathwjoin(test_data_folder, "IOCG_Deps_Prosp_Occs.shp")

# Additionally, we sup s warnings, because the possible warnings are not,
~related to EIS T t but Seaborn

# and other undepld@ding lidbraries.

import warnlngsgg

warnings fllt&i rnings('ignore')

0.1 2 @eprocess data

For preprocessing, three main tools to create proxy data for modeling are showcased: Interpola-
tion of vector data (typically geochemical data), computing distances to vector features (typically
geological data) and computing distances to anomalous pixels (typically geophysical data). Beside
these, some other tools and steps to prepare data are used.

Selecting a base raster As the first thing, one raster should be selected to be the base raster
with desired grid properties. This raster is read and its profile saved to be used in processing tools.
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[]:

[]:

[]:

[1:

# Select AEM_inphase raster profile as the baes raster
with rasterio.open(AEM_inphase_fp) as AEM_inphase:
raster_profile = AEM_inphase.profile

Preprocess geochemical data Interpolate selected element concentrations.

till_geochem = gpd.read_file(till_geochem_£fp)

# Iron interpolated

till_geochem["fe_log"] = np.log(till_geochem["Fe_ppm_511"]) . OQ

fe_interpolated = idw(geodataframe=till_geochem, target_column="fe_1o%'
~raster_profile=raster_profile, power=2) . 6

# Lithium interpolated @

till_geochem["1i_log"] = np.log(till_geochem["Li_ppm_511"1)
li_interpolated = idw(till_geochem, "1li_log", raster_pr@

# Copper interpolated
till_geochem["cu_log"] = np.log(till_geochem["Cu_p 1"1)
cu_interpolated = idw(till_geochem, "cu_log", ra@_profile)

# Visualize interpolated element concentrat OQ

fig, axs = plt.subplots(2, 2, figsize = (@ 14))
cmap = plt.get_cmap('turbo') @

axs[0, 0].set_title("Fe interpol@@

clrbar = axs[0, 0].imshow(fe_interpolated, cmap=cmap)

plt.colorbar(clrbar, orient@;"horizontal“, pad = 0.05)
show(fe_interpolated, ax =_axsf0, 0], transform = raster_profile["transform"],,

~.cmap=cmap) . O

axs[0, 1].set_titlel ’% interpolated")

clrbar = axs[O0, wshow(li_interpolated, cmap=cmap)

plt.colorbar(c , orientation="horizontal", pad = 0.05)

show(li_inte@l ted, ax = axs[0, 1], transform = raster_profile["transform"],
-cmap=c

axs[ ,{;$set_title("0u interpolated")

clrbar”= axs[1, 0].imshow(cu_interpolated, cmap=cmap)

plt.colorbar(clrbar, orientation="horizontal", pad = 0.05)

show(cu_interpolated, ax = axs[1, 0], transform = raster_profile["transform"],
<cmap=cmap)

<Axes: title={'center': 'Cu interpolated'}>
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Preproces&logical data Compute distances to structures.

structidxes = gpd.read_file(structures_fp)

distances_to_stuctures = distance_computation(geodataframe=structures,,

wraster_profile=raster_profile)
# Visualize distances to structures
fig, ax = plt.subplots(figsize=(5, 9))
cmap = plt.get_cmap('turbo')

ax.set_title("Distances to structures")
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clrbar = ax.imshow(distances_to_stuctures, cmap=cmap)

plt.colorbar(clrbar, orientation="horizontal", pad = 0.05)

show(distances_to_stuctures, ax = ax, transform = raster_profile["transform"],,
~cmap=cmap)

<Axes: title={'center': 'Distances to structures'}>

1e6 Distances to structures
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Preprocess geophysical data Unify all geophysical rasters and prepare an anomaly raster from
one of them.

# First, open all geophysical data rasters and unify them. While the raster,
~datasets are open,
# we can calculate and collect descriptive statistics for each of them
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with \
MemoryFile() as memfile, \
rasterio.open(AEM_inphase_fp) as AEM_inphase, \
rasterio.open(AEM_quad_fp) as AEM_quad, \
rasterio.open(AEM_ratio_fp) as AEM_ratio, \
rasterio.open(Magn_AS_fp) as Magn_AS:
unified_rasters = unify_raster_grids(AEM_inphase, [AEM_quad, AEM_ratio,,
~Magn_AS], same_extent=True)
stats = [
descriptive_statistics_raster (AEM_inphase), Q
descriptive_statistics_raster (AEM_quad), ’\O
descriptive_statistics_raster (AEM_ratio),

)
descriptive_statistics_raster(Magn_AS) ®\6

AEM_inphase_data, AEM_inphase_meta = unified_rasters[0] O®
AEM_quad_data, AEM_quad_meta = unified_rasters[1] <:;)
AEM ratio_data, AEM_ratio_meta = unified_rasters[2]
Magn_AS_data, Magn_AS_meta = unified_rasters[3] %Q

# The AEM_inphase raster has invalid nodata se‘:?zits metadata. This could be,
wnoticed later when processing, K

# but in this case it 1s known beforeha

# To fix it, we can assign a new nodat ue to the metadata

AEM_inphase_meta = set_raster_nodatafAEM inphase_meta, np.min(AEM_inphase_data))

—anomalies for

stats [3] Q
{'min': 0.003132963, ‘\C>
'max': 164.67801, *

'mean’ : 2.18455759&51223,

'256%": 0.5747322
'50%" : 1.15;591 ,

# Statistics for Magnetic rasiisias;:ch we intend to compute distance to

"75%"': 2 25,

'stand eviation': 3.0649950135946704,
_standard_deviation': 1.4030278348349647,
5.535799740817698}

# Produce anomaly layer from one the rasters

# Here, 100 is crudely approzimated as a potentially interesting threhsold,
<value for anomalies based on the statistics abowve:

# Mean of the data is only as little as 2.18, but mazxz is 164, indicating therey
—are 1S a couple of very high pizel cells,

# 1.e. anomalies
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magnetic_anomaly_raster, _ = distance_to_anomaly(raster_profile,
~Magn_AS_datal[0], 100, "higher")

# To futher process the anomaly layer in preparation for modeling, a mazimum
winteresting distance can be set and

# the data wvalues inverted and scaled to range [0, 1]

magnetic_anomaly_raster_capped = magnetic_anomaly_raster.copy()

magnetic_anomaly_raster_capped[magnetic_anomaly_raster_capped > 20000] = 20000

magnetic_anomaly_raster_scaled = OQ
*
«_min_max_scaling(magnetic_anomaly_raster_capped, (1, 0)) \

)

>
# Visualize anomaly raster at different stages \6
fig, axs = plt.subplots(2, 2, figsize = (14, 14)) @
cmap = plt.get_cmap('turbo') @

axs[0, 0] .set_title("Distances to magnetic anomalies (v@ > 100)")
clrbar = axs[0, O].imshow(magnetic_anomaly_raster, cmag=cmap)
plt.colorbar(clrbar, orientation="horizontal", pad 05)
show(magnetic_anomaly_raster, ax = axs[0, 0], tra&*m =
~raster_profile["transform"], cmap=cmap) OQ

clrbar = axs[0, 1].imshow(magnetic_ano p raster_capped, cmap=cmap)

plt.colorbar(clrbar, orientation="hopszontal", pad = 0.05)

show(magnetic_anomaly_raster_cap QQ = axs[0, 1], transform =,
~raster_profile["transform"], cmap*cmap)

axs[0, 1] .set_title("Distances to magnesi malies capped")

axs[1, 0] .set_title("Distances/t0 magnetic anomalies scaled")

clrbar = axs[1, 0].imsho netic_anomaly_raster_scaled, cmap=cmap)

plt.colorbar(clrbar, o: tation="horizontal", pad = 0.05)

show(magnetic_anomaﬂ@ster_scaled, ax = axs[1, 0], transform =
graster_profileé'&&a sform"], cmap=cmap)

<Axes: title=(&nter': 'Distances to magnetic anomalies scaled'}>

b@
\\}Q
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0.2 3. E e data
Explore@ochemical data Some plot types to visualize vector data are shown.

[L1: # Suggg; data for plotting
till_geochem_for_pairplot = till_geochem[["cu_log", "1i_log", "fe_log",.
~"Map_sheet_"1]

# Plot pairplot of selected log transformed concentrations
pairplot_grid = pairplot(till_geochem_for_pairplot, hue="Map_sheet_")



[ 1: # Subset data for ploi@
till_geochem_for_k & = till_geochem[["cu_log", "1li_log", "fe_log"]]

# Plot KDE plot& the selected log transformed concentrations
kdeplot(till dgeochem_for_kdeplot, bw_adjust=0.4, fill=True, alpha=0.5,,
v-»linewi6 , palette="mako").set_title("Geochemical data KDE plot")

[1: Text% 1.0, 'Geochemical data KDE plot')



Geochemical data KDE plot
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[ 1: # Plot parallel coordinates for ags;;stration purposes. In this case, the plot,
~does not reveal any partica ly

# interesting patterns from ata

parallel_coordinates plot
~plot_parallel_coordi s(till _geochem_for_pairplot,
~color_column name“b% sheet_")

\Q

&
S
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Parallel Coordinates Plot
cu_log li_log fe_log

2 | %Q 9.0

A\
PCA *
rasters = [

(AEM_inphase_data, AEMAinphase_meta),

(AEM_quad_data, AEM _meta),
(AEM_ratio_data, , ratio_meta),
(Magn_AS_data, _AS _meta),

(distances_t<27 ctures, raster_profile)
]

arrays_to_s@ﬁ( = [l

# Proc<i? odata and stack rasters to feed into PCA tool
T

for _array, raster_profile in unified_rasters:
arr = raster_array[0] if raster_array.ndim == 3 else raster_array
arr [arr == raster_profile["nodata"]] = np.nan

arrays_to_stack.append(arr)
stacked_arrays = np.stack(arrays_to_stack)

# Compute PCA for the input rasters
out_array, explained_variances = compute_pca(stacked_arrays, 3)

11
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explained_variances

array([0.42220193, 0.30625044, 0.17527185])
# Visualize PCA outputs

# Scale each band

scaled _bands = []
for band in range(out_array.shape[0]):

scaled_band = _min_max_scaling(out_array[band], (0, 255)) OQ

scaled_bands.append(scaled_band)

# Stack scaled bands back together
scaled_pca_output = np.stack(scaled_bands)

# Display the RGB image

N\
&P
S

show(scaled_pca_output.astype(np.uint8), transform=rast<g;’rofile[“transform"])
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0.2.1 4. Fuzzy logic modeling

This is a very brief demonstration of fuzzy logic modeling. Usually, fuzzy memberships are produced
using various membership functions, but in this all rasters were scaled with the sigmoid transform
tool.

# Transform data before fuzzy overlay
# We can reuse the 'arrays_to_stack' produced for PCA
arrays_for_fuzzy = np.stack([_sigmoid_transform(array, (0, 1), 1, True) for,

—array in arrays_to_stack]) Q
.\O

# Compute gamma overlay

overlay_result = gamma_overlay(arrays_for_fuzzy, 0.5) 66
*
# Plot gamma ovelay result @
fig, ax = plt.subplots(l, 1, figsize = (5, 9)) @
ax.set_title("Gamma overlay result") ‘ ’O
clrbar = plt.imshow(overlay_result, cmap=cmap)
ds)

plt.colorbar(clrbar, orientation="horizontal", pad
show(overlay_result, ax = ax, transform = raster&ile["transform"] s L

-.cmap=cmap)

<Axes: title={'center': 'Gamma overlay res@&%

&
. \<§\
N

13
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1e6 Gamma ::mrerlayr result
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0.2.2 5. W s of evidence modeling

Data Q this section can be downloaded from link
https: @ cloud.gtk.fi/index.php/s/yqGrRW7sREeoArc.

Please modify the paths accordingly in the corresponding cells of this section

# Calculate weights

to

with rasterio.open("../tests/data/local/workflow_demo/Discretized_data/

<Rcls Dist_Strucs.tif") as distances_structures, \

rasterio.open("../tests/data/local/workflow_demo/Discretized_data/

<Rcls_EM Ratio.tif") as em_ratios, \

14

data:



rasterio.open("../tests/data/local/workflow_demo/Discretized_data/
~Rcls_Mag_ Anom.tif") as mag_anom, \

rasterio.open("../tests/data/local/workflow_demo/Discretized_data/
~Rcls_Mag As.tif") as mag_as, \

rasterio.open("../tests/data/local/workflow_demo/Discretized_data/
~Rcls_Rd_K.tif") as rad_k:

deposits = gpd.read_file("../tests/data/local/workflow_demo/
~Discretized_data/I0CG_Deps_Prosp_Occs.shp")

weights_strucs, arrays_strucs, out_meta, deposit_pixels, evidence_ 4;E§ =

wweights_of_evidence_calculate_weights( 6\
evidential_raster=distances_structures, S CE)
deposits=deposits, \
weights_type='ascending', @

studentized_contrast_threshold=2 O®

weights_aem_ratio, arrays_aem_ratio, _, _, _ =UQ
wweights_of_evidence_calculate_weights( (2>
evidential raster=em_ratios, @
deposits=deposits, OQ
weights_type='ascending',

student ized_contrast_thresho@b

weights_mag_anom, arrays_ma \@m, . s _ =U
~weights_of_evidence_calculat %ﬁﬁghts(
evidential_raster@nom,
deposits=deposi

weights_typq=‘ cending',
studentized rast_threshold=2

) R

weights_mag “es, arrays_mag_as, _, _, _ =.

qweights_of{evidence_calculate_weights(
idential_raster=mag_as,
Q eposits=deposits,
0 weights_type='descending',
)

studentized_contrast_threshold=2

weights_rad_k, arrays_rad_k, _, _, _ =4
sweights_of_evidence_calculate_weights/(
evidential raster=rad_Xk,
deposits=deposits,
weights_type='descending',

15



[]:

[]1:

studentized_contrast_threshold=2

# Valize generalized weights arrays
fig, axs = plt.subplots(3, 2, figsize = (14, 20))

axs[0, 0] .set_title("Generalized weights for Distances to Structures")
clrbar = axs[0, O].imshow(arrays_strucs["Generalized W+"], cmap=cmap)
plt.colorbar(clrbar, orientation="horizontal", pad = 0.05)
show(arrays_strucs["Generalized W+"], ax = axs[0, 0], transform = <:\
~out_meta["transform"], cmap=cmap) <:>

axs[1, 0].set_title("Generalized weights for AEM Ratios") ‘\6
clrbar = axs[1, 0].imshow(arrays_aem_ratio["Generalized W+"], c‘é;>
plt.colorbar(clrbar, orientation="horizontal", pad = 0.05)
show(arrays_aem_ratio["Generalized W+"], ax = axs[1, 0], <:> orm =,
~out_meta["transform"], cmap=cmap) <:i)

axs[2, 0] .set_title("Generalized weights for Magne Qlomalies")

clrbar = axs[2, 0].imshow(arrays_mag_anom["Gener d W+"], cmap=cmap)

plt.colorbar(clrbar, orientation="horizontal" = 0.05)

show(arrays_mag_anom["Generalized W+"], ax , 0], transform =
~out_meta["transform"], cmap=cmap) 0

axs[0, 1] .set_title("Generalized weights for Analytical Signal of Magnetics")

clrbar = axs[0, 1].imshow(arrays €ZZ["Generalized W+"], cmap=cmap)

plt.colorbar(clrbar, orientation="Wdrizontal", pad = 0.05)

show(arrays_mag_as["Generalj +"], ax = axs[0, 1], transform =,
~out_meta["transform"], cmapgtmap)

axs[1, 1].set_title("Gqé?)alized weights for K-Anomalies from Radiometrics")

clrbar = axs[1, 1]. w(arrays_rad_k["Generalized W+"], cmap=cmap)

plt.colorbar(clrb orientation="horizontal", pad = 0.05)

show(arrays_ra Generalized W+"], ax = axs([1, 1], transform =
~out_metal" i&ﬁform"], cmap=cmap)

"\naxs [ ebﬂ.set_title("Generalized weights for Distances to

Struc 'i;ﬁ“)\nclrbar = axs[1, 0].imshow(arrays_desc["W+"],
cmapggigp)\nplt.colorbar(clrbar, orientation="horizontal", pad =
0.05)\nshow(arrays_desc["W+"], ax = axs[1, 0], transform =
out_meta["transform"], cmap=cmap)\n\naxs[1, 1].set_title("Descending weights -
S_W+")\nclrbar = axs[1, 1].imshow(arrays_desc["S_W+"],

cmap=cmap) \nplt.colorbar(clrbar, orientation="horizontal", pad =
0.05)\nshow(arrays_desc["S_W+"], ax = axs[1l, 1], transform =
out_meta["transform"], cmap=cmap)\n\naxs[2, 0].set_title("Descending weights -
Generalized W+")\nclrbar = axs[2, 0].imshow(arrays_desc["Generalized W+"],
cmap=cmap) \nplt.colorbar(clrbar, orientation="horizontal", pad =

16



0.05)\nshow(arrays_desc["Generalized W+"], ax = axs[2, 0], transform =
out_meta["transform"], cmap=cmap)\n\naxs[2, 1].set_title("Descending weights -
Generalized S_W+")\nclrbar = axs[2, 1].imshow(arrays_desc["Generalized S_W+"],
cmap=cmap) \nplt.colorbar(clrbar, orientation="horizontal", pad =
0.05)\nshow(arrays_desc["Generalized S_W+"], ax = axs[2, 1], transform =
out_meta["transform"], cmap=cmap)\n'

17
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# Calculate posterior probabilities / responses

posterior_array, posterior_array_std, posterior_confidence =
wweights_of_evidence_calculate_responses([arrays_strucs, arrays_aem_ratio,
carrays_mag_anom, arrays_mag_as, arrays_rad_k], deposit_pixels,
~evidence_pixels)

# Plot posterior probabilities weights
cmap = plt.get_cmap('jet')
fig, axs = plt.subplots(2, 2, figsize = (14, 14))

axs[0, 0] .set_title("Posterior probabilities") N
clrbar = axs[0, 0].imshow(posterior_array, cmap=cmap)

*
plt.colorbar(clrbar, orientation="horizontal", pad = 0.05) \6

show(posterior_array, ax = axs[0, 0], transform = out_meta[“tra<égaim“],u

.cmap=cmap)
axs[0, 1] .set_title("Posterior probabilities std") C)O
clrbar = axs[0, 1].imshow(posterior_array_std, cmap=cmap)
plt.colorbar(clrbar, orientation="horizontal", pad @@5)
show(posterior_array_std, ax = axs[0, 1], transf out_meta["transform"],
-.cmap=cmap)

N
axs[1, 0] .set_title("Posterior confiden @
clrbar = axs[1, O].imshow(posterior_co‘éggence, cmap=cmap)
plt.colorbar(clrbar, orientation="hopdzontal", pad = 0.05)
show(posterior_confidence, ax = ax<352§o], transform = out_metal["transform"],

<cmap=cmap)
<Axes: title={'center': 'Poggzsssr confidence'}>

o)
N\

N

&Q)
&
\\fQ
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1e6 Posterior probabilities 1e6 Posterior probabilities std

350000360000370000380000320000400000410000

0.1 0.2 0.3 0.4

Posterior confidence
LT .
T L .

0.2.3 6. 8@%5 of Evidence Results Evaluation

prosg:SF?Vity_raster = rasterio.open("../tests/data/local/workflow_demo/
~Didefetized_data/Rescale_W_pprbl.tif")

deposits = gpd.read_file("../tests/data/local/workflow_demo/Discretized_data/
- I0CG_Deps_Prosp_0Occs.shp")

fig, ax = plt.subplots(figsize=(10, 10))
rasterio.plot.show(prospectivity_raster, ax=ax)

deposits.plot(ax=ax, facecolor='w', edgecolor='w')

<Axes: >
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[ 1: metrics = calculate_base_metrics(raster=prospectivity_raster, deposits=deposits)

7.46

metrics

[ 1: true_positive_rate_values proportion_of_area_values threshold_values
0 0.000000 0.000163 1.000000e+00
1 0.153846 0.000443 3.024189e-01
2 0.230769 0.001125 2.756724e-01
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[]:

3 0.307692 0.001590
4 0.384615 0.003666
5 0.461538 0.004707
6 0.846154 0.018130
7 0.923077 0.070688
8 1.000000 0.121263
9 1.000000 1.000000

p = plot_rate_curve(metrics["proportion_of_area_values"],
osmetrics["true_positive_rate_values"], "prediction_rate")

Prediction rate

.810836e-02
.851541e-03
.725697e-03
.111912e-04
.635408e-05
.893874e-05
.402823e+38
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1. General

1. General

This is the documentation site of the eis toolkit python package. Here you can find documentation for each module. The
documentation is automatically generated from docstrings.

Development of eis_toolkit is related to EIS Horizon EU project.

Q
%
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2. Dependency licenses

2. Dependency licenses
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Name

protobuf

absl-py

flatbuffers
google-auth
google-auth-oauthlib
google-pasta

grpcio

keras

libclang

ml-dtypes

requests

rsa

tensorboard
tensorboard-data-server
tensorflow
tensorflow-estimator
tensorflow-io-gcs-filesystem
tzdata

packaging
python-dateutil

cligj

geopandas
Markdown

MarkupSafe

Version
4.24.4
2.0.0
23.5.26
2.23.3
1.0.0
0.2.0
1.59.0
2.14.0
16.0.6
0.2.0
2.31.0
4.9
2.14.1
0.7.2
2.14.0
2.14.0
0.34.0
2023.3
23.2
2.8.2

0.7.2

&

PyKrige @ 1.7.1

Pygments @K
Shapely b
Werkzeug

affine

astunparse

click

click-plugins

colorama

contourpy

cycler

2.16.1

1.8.5.post1

3.0.0

2.4.0

1.6.3

8.1.7

1.1.1

0.4.6

1.1.1

0.12.1

License

3-Clause BSD License
Apache Software License
Apache Software License
Apache Software License
Apache Software License
Apache Software License
Apache Software License
Apache Software License
Apache Software License
Apache Software License
Apache Software License

Apache Software License

Apache Software License < ,

Apache Software Licenso
Apache Software L#

Apache Soft cense
are License

Apache

Apadefie Software License

2. Dependency licenses

@che Software License; BSD License

BSD

BSD License
BSD License
BSD License
BSD License
BSD License
BSD License
BSD License
BSD License
BSD License
BSD License
BSD License
BSD License

BSD License
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Name

fiona

gast

h5py

idna

joblib

kiwisolver

numpy

oauthlib

pandas

patsy

pyasnl
pyasnl-modules
rasterio
requests-oauthlib
scikit-learn

scipy

seaborn
statsmodels
threadpoolctl
wrapt

eis-toolkit

Pillow
shellingham
imbalanced-learn
opt-einsum
snuggs @K
GDAL b
N\

Rtree
attrs
beartype
cachetools
charset-normalizer
fonttools
markdown-it-py

mdurl

@

Version
1.9.5
0.5.4
3.10.0
3.4
1.3.2
1.4.5
1.26.1
3.2.2
2.1.1
0.5.3
0.5.0
0.3.0
1.3.9
1.3.1
1.3.2
1.11.3
0.13.0
0.14.0
3.2.0
1.14.1

0.1.0
10;L0<:\
O
&
Q:\ 11.0
3.3.0
1.4.7
3.4.3
1.1.0
23.1.0
0.13.1
5.3.1
3.3.1
4.43.1

3.0.0

0.1.2

License
BSD License
BSD License
BSD License
BSD License
BSD License
BSD License
BSD License
BSD License
BSD License
BSD License
BSD License
BSD License
BSD License
BSD License
BSD License
BSD LicenseOQ
BSD Lic

BS icense

@) License
&SD License

* European Union Public Licence 1.2 (EUPL 1.2)

Historical Permission Notice and Disclaimer (HPND)

ISC License (ISCL)
MIT

MIT

MIT

MIT License
MIT License
MIT License
MIT License
MIT License
MIT License
MIT License
MIT License

MIT License
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2. Dependency licenses

Name Version License
pyparsing 3.1.1 MIT License
PYyproj 3.6.1 MIT License
pytz 2023.3.postl MIT License
rich 13.6.0 MIT License
setuptools-scm 8.0.4 MIT License
six 1.16.0 MIT License
termcolor 2.3.0 MIT License
tomli 2.0.1 MIT License Q
typer 0.9.0 MIT License é\o
urllib3 2.0.7 MIT License * %
N\
certifi 2023.7.22 Mozilla Public License 2.0 (MPL 2.0) @
matplotlib 3.8.0 Python Software Foundation Lice
typing extensions 4.8.0 Python Software Foundation@cjwe
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3. Conversions

3. Conversions

3.1 Convert csv to geodataframe

csv_to_geodataframe(csv, indexes, target_crs)
Read CSV file to a GeoDataFrame.

Usage of single index expects valid WKT geometry. Usage of two indexes expects POINT feature(s) X-coordinate as the first index
and Y-coordinate as the second index.

Parameters: . OQ
Name Type Description Default 6%
>
csv Path Path to the .csv file to be read. require(@
indexes Sequence[int] Index(es) of the geometry column(s). requiile
target_crs int Target CRS as an EPSG code.

Returns: Ql@ired
L

Type Description

GeoDataFrame CSV file read to a GeoDataFrame. OQ

Raises: @0

Type Description @

InvalidColumnIndexException There is a mismatc@een the provided indexes and the shape of the dataframe read from
the csv.

InvalidParameterValueException Unable to c *a}eoDataFrame with point features from the given input parameters.

InvalidwktFormatException Un‘ab&eate a GeoDataFrame of WKT geometry from the given input parameters.

@0\%\
<
3
Qﬁ\
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3.2 Convert raster to dataframe

raster_to_dataframe(raster, bands=None, add_coordinates=False, nodata_value=None)

Convert raster to Pandas DataFrame.

3.2 Convert raster to dataframe

If bands are not given, all bands are used for conversion. Selected bands are named based on their index e.g., band 1,
band 2,...,band n. If wanted, image coordinates (x, y) for each pixel can be written to dataframe by setting add coordinates to

True.

Parameters:

Name
raster

bands

add_coordinates

nodata_value

Returns:

Type

DataFrame

Raises:

Type

InvalidRasterBandException

Type Description . &Tault

DatasetReader Raster to be converted. %\ required
)

Optional[Sequence[int]] Selected bands from multiband raster. Indexing besi None

from one. Defaults to None.

bool Determines if pixel coordinates are writ @ False
dataframe. Defaults to False. géb
Optional[float] Specifies the value to be considered aS"NoData. If None, None

e
raster's nodata value is used. 26

Description :

Raster converted to a DataFrame. @0

&

All selected ba@re not contained in the input raster.

Description

-11/133 -
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4. Evaluation

4. Evaluation

4.1 Calculate base metrics

calculate_base_metrics(raster, deposits, band=1, negatives=None)
Calculate true positive rate, proportion of area and false positive rate values for different thresholds.

Function calculates true positive rate, proportion of area and false positive rate values for different thresholds which are
determined from inputted deposit locations and mineral prospectivity map. Note that calculation of false positive rate is optional

and is only done if negative point locations are provided. Q
O
Parameters: %\
>
Name Type Description \% Default
raster DatasetReader Mineral prospectivity map or evidence layer. @ required
deposits GeoDataFrame Mineral deposit locations as points. @ required
band int Band index of the mineral prospectvagap Defaults to 1

negatives Optional[GeoDataFrame] Negative locations as points. @0 None

Returns: OQ

Type Description

DataFrame DataFrame containing true positive ra&)portlon of area, threshold values and false positive rate

(optional) values. Q
Raises: *

Type Description
NonMatchingCrsException The raster @ oint data are not in the same CRS.
GeometryTypeException The T@eometrles contain non-point features.
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4.2 Classification label evaluation

summarize_label_metrics_binary(y_true, y_pred)

4.2 Classification label evaluation

Generate a comprehensive report of various evaluation metrics for binary classification results.

The output includes accuracy, precision, recall, F1 scores and confusion matrix elements (true negatives, false positives, false

negatives, true positives).

Parameters:
Name Type Description fault
y_true ndarray True labels. ’\Orequired
y_pred ndarray Predicted labels. The array should come from a binary , % required

classifier. @\

Returns: @
Type Description < ,
Dict[str, Number] A dictionary containing the evaluated metrics. Q
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4.3 Classification probability evaluation

4.3 Classification probability evaluation

plot_calibration_curve(y_true, y_prob, n_bins=5, plot_title="Calibration curve', ax=None, **kwargs)

Plot calibration curve (aka realibity diagram).

Calibration curve has the frequency of the positive labels on the y-axis and the predicted probability on the x-axis. Generally, the
close the calibration curve is to line x=y, the better the model is calibrated.

Parameters:

Name
y_true

y_prob

plot_title

ax

**kwargs

Returns:

Type

Axes

Type
ndarray

ndarray

Optional[str]

Optional[Axes]

Description

Description

True labels.

should come from a binary classifier. \
Title for the plot. Defaults to "Precision-Recall C@@
An existing Axes in which to draw the pl@;a:ults to

None.
Additional keyword arguments pa%%
matplotlib.pyplot.plot. 0

@‘OQ

Matplotlib axes containing the plot@

plot_det_curve(y_true, y_prob, plot_title='DET curve', ax=None,®gs)

Plot DET (detection error tradeoff) curve.

&

ault

‘\Oequired

Predicted probabilities for the positive class. The array , 6 required

'Calibration

curve'

None

{

DET curve is a binary classification multi—t@hold metric. DET curves are a variation of ROC curves where False Negative Rate

is plotted on the y-axis instead of Trué
the performance of different modd@ curves can be slightly easier to assess visually than ROC curves.

Parameters:

Name

y_true 6
y_prob 00

plot_title
ax

**kwargs

Returns:

Type

Axes

@

i
®ndarray

ndarray

Optional[str]

Optional[Axes]

Description

Description
True labels.

Predicted probabilities for the positive class. The array
should come from a binary classifier.

Title for the plot. Defaults to "DET curve".

An existing Axes in which to draw the plot. Defaults to None.

Additional keyword arguments passed to
matplotlib.pyplot.plot.

Matplotlib axes containing the plot.

ive Rate. The ideal performance corner of the plot is bottom-left. When comparing

Default
required

required

'DET curve'
None

{
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4.3 Classification probability evaluation

plot_precision_recall_curve(y_true, y_prob, plot_title='Precision-Recall curve', ax=None, **kwargs)
Plot precision-recall curve.

Precision-recall curve is a binary classification multi-threshold metric. Precision-recall curve shows the tradeoff between
precision and recall for different classification thresholds. It can be a useful measure of success when classes are imbalanced.

Parameters:
Name Type Description Default
y_true ndarray True labels. required
y_prob ndarray Predicted probabilities for the positive class. The array required
should come from a binary classifier.
plot_title Optional[str] Title for the plot. Defaults to "Precision-Recall curve". . @ecision—kecall
%\curve'
>
ax Optional[Axes] An existing Axes in which to draw the plot. Defaults to \% None
None. @
**kwargs Additional keyword arguments passed to @ {
matplotlib.pyplot.plot. QO
Returns: Q
Type Description ®®'
Axes Matplotlib axes containing the plot. OQ
plot_predicted_probability_distribution(y_prob, n_bins=5, plot_title="'Distrijutgo &predicted probabilities', ax=None, **kwargs)
Plot a histogram of the predicted probabilities.
Parameters: \?Z
Name Type D iption Default
y_prob ndarray icted probabilities for the positive class. The required
rray should come from a binary classifier.
O
n_bins int . %\ Number of bins used for the histogram. Defaults to 5
!\ 5.
plot_title Optj @tr] Title for the plot. Defaults to "Distribution of 'Distribution of predicted
{ predicted probabilities". probabilities'

ax @&ptionaL[Axes] An existing Axes in which to draw the plot. Defaults None
6 to None.
**kwargs 00

Additional keyword arguments passed to {}
sns.histplot and matplotlib.

Returns:
Type Description
Axes Matplolib axes containing the plot.

plot_roc_curve(y_true, y_prob, plot_title="ROC curve', ax=None, **kwargs)

Plot ROC (receiver operating characteristic) curve.
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4.3 Classification probability evaluation

ROC curve is a binary classification multi-threshold metric. The ideal performance corner of the plot is top-left. AUC of the ROC
curve summarizes model performance across different classification thresholds.

Parameters:
Name Type Description
y_true ndarray True labels.
y_prob ndarray Predicted probabilities for the positive class. The array
should come from a binary classifier.
plot_title Optional[str] Title for the plot. Defaults to "ROC curve".
ax Optional[Axes] An existing Axes in which to draw the plot. Defaults to None.
**kwargs Additional keyword arguments passed to
matplotlib.pyplot.plot.
Returns: @
Type Description @
Axes Matplotlib axes containing the plot. OO
summarize_probability_metrics(y_true, y_prob) Q
Generate a comprehensive report of various evaluation metrics for classificat robabilities.

The output includes ROC AUC, log loss, average precision and Brier sa&s.

Parameters:

Name
y_true

y_prob

Returns:

Type

Dict[str, float]

O

Type Description @

ndarray True la

ndarray Predsé%robabilities for the positive class. The array

% come from a binary classifier.
.\oﬁ\
Descriptl\@

A dicj# containing the evaluated metrics.

<

<
2
S

Default
required

required

'ROC curve'

None

Default
required

required
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4 4 Plot confusion matrix

4.4 Plot confusion matrix

plot_confusion_matrix(confusion_matrix, cmap=None, plot_title='Confusion matrix', ax=None, **kwargs)

Plot confusion matrix to visualize classification results.

Parameters:

Name

confusion_matrix

cmap

plot_title

ax

**kwargs

Returns:

Type

Axes

Raises:

Type

InvalidDataShapeException

Type

ndarray

Optional[Union[str, Colormap, Sequence]]

str

Optional[Axes]

Description

Description Default
The confusion matrix as 2D Numpy array. required
Expects the first element (upper-left
corner) to have True negatives. OQ

*

Colormap name, matploltib colormap %\ None

objects or list of colors for coloring th@
plot. Optional parameter.

Title for the plot. Defaults to * ion 'Confusion matrix'
matrix".
An existing Axes in wRich fo draw the None

plot. Defaults to Nage.

Additional ke arguments passed to {}
sns.heatma

©

Q/\)

Matplotlib axes containing the plot@

b

&

Description

Raised,if Qconfusion matrix is not square.

N
NG
@

2

N
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4.5 Plot neural network training performance (accuracy and loss)

4.5 Plot neural network training performance (accuracy and loss)

plot_nn_model_accuracy(model_history)

Plot training and validation accuracies for a neural network model.

Parameters:

Name

model_history

Returns:

Type

Axes

Raises:

Type

InvalidDatasetException

InvalidDataShapeException

Type Description Default
dict Dictionary containing neural network model training history required
information, specifically entries for "accuracy" and
"val accuracy". OQ
*

Description @

Matplotlib axes containing the produced plot. @

Description @Q
Raised if "accuracy" or "val accuracy" are n in the model history.

Raised if "accuracy” and "Valaccuracy"@ smatching lengths.

Plot training and validation losses for a neural network m

plot_nn_model_Lloss(model_history) @0

Parameters:

Name

model_history

Returns:

Type

Axes

Raises: 00

Type

InvalidDatasetException

InvalidDataShapeException

Type @tion Default

dict ictionary containing neural network model training history required
. O information, specifically entries for "loss" and "val loss".

De ption

E tplotlib axes containing the produced plot.

Description
Raised if "loss" or "val loss" are not found in the model history.

Raised if "loss" and "val loss" have mismatching lengths.
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4.6 Plot prediction-area (P-A) curves

4.6 Plot prediction-area (P-A) curves

plot_prediction_area_curves(true_positive_rate_values, proportion_of_area_values, threshold_values)
Plot prediction-area (P-A) plot.

Plots prediction area plot that can be used to evaluate mineral prospectivity maps and evidential layers. See e.g., Yousefi and
Carranza (2015).

The inputs needed for this tool can be obtained with calculate base metrics() tool.

Parameters:

Name Type Description Default ‘\O

true_positive_rate_values Union[ndarray, Series] True positive rate values. required o %%
proportion_of_area_values Union[ndarray, Series] Proportion of area values. required®
threshold_values Union[ndarray, Series] Threshold values. req\@

Returns: Q
Type Description @Q

Figure P-A plot figure object. :Q
Raises: 0‘3
Type Description @
InvalidParameterValueException true positive rate val @proportion_of_area_values values are out of bounds.

References v *

Yousefi, Mahyar, and Emmanuel John M. C za. "Fuzzification of continuous-value spatial evidence for mineral prospectivity
mapping." Computers & Geosciences 74 ): 97-1009.

0\‘ N
@A
A\
b@

N
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4.7 Plot rate curve

plot_rate_curve(x_values, y_values, plot_title='success_rate')

Plot success rate.

Y-axis is true positive rate and x-axis is proportion of area.

Parameters:

Name
x_values
y_values

plot_title

Returns:

Type

Figure

Raises:

Type

InvalidParameterValueException

InvalidParameterValueException

Type
Union[ndarray, Series]
Union[ndarray, Series]

str

Description

Description

Proportion of area values.

True positive rate values.

Success rate

Matplotlib figure containing the produced plot.

Description

Invalid plot type.

O

x values or y values are out O unds.
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4.7 Plot rate curve

Default

required

required ‘\O

' ' ¢
success_rate \6

c}’(Q
,00

o
@Q
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5. Exploratory analyses

5. Exploratory analyses

5.1 Chi-square test

chi_square_test(data, target_column, columns=None)
Perform a Chi-square test of independence between a target variable and one or more other variables.

Input data should be categorical data. Continuous data or non-categorical data should be discretized or binned before using this
function, as Chi-square tests are not applicable to continuous variables directly.

*

P ters:
arameters . 6%
N\

The test assumes that the observed frequencies in each category are independent. OQ

Name Type Description @ Default

data DataFrame Dataframe containing the input data. required

target_column str Variable against which independencgsef @r variables required
is tested. C

columns Optional[Sequence[str]] Variables that are tested against\th® variable in None
target _column. If None, eve mn is used.

Returns: OQ
Type Description 0

Dict[str, Dict[str, float]] Test statistics, p-value and degr of freedom for each variable.

Raises: ®
Type Descriptic@

EmptyDataFrameException Input D@ame is empty.

InvalidParameterValueException

Iny: Qolumn is input.
R
\Q
A\
b@
\){\
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5.2 Correlation matrix

correlation_matrix(data, columns=None, correlation_method='pearson', min_periods=None)

Compute correlation matrix on th

It is assumed that the data is numeric, i.e. integers or floats. NaN values are excluded from the calculations.

e input data.

5.2 Correlation matrix

Parameters:
Name Type Description Default
data DataFrame Dataframe containing the input data. @uired
O
columns Optional[Sequence[str]] Columns to include in the correlation matrix. %\ None
If None, all numeric columns are used. . %
correlation_method Literal[pearson, kendall, spearman] 'pearson’, 'kendall’, or 'spearman'. D@ 'pearson’
to 'pearson’'. @
min_periods Optional[int] Minimum number of observati quired None
per pair of columns to hafe v result.
Optional. Q
Returns: 0@'
Type Description Q
DataFrame Dataframe containing matrix representing %&rrelaﬁon coefficient between the corresponding pair of
variables. Q
Raises: Q@
Type Description ﬂ
EmptyDataFrameException The input Datgfrarfie is empty.
InvalidParameterValueException mi{l_@%argument is used with method 'kendall'.
NonNumer i cDataException o@lected columns contain non-numeric data.
plot_correlation_matrix(matrix, ann@gue, cmap=None, plot_title=None, **kwargs)
Create a Seaborn heatmaﬂto\risualize correlation matrix.
Parameters: 66
Name Q Type Description Default
matrix DataFrame Correlation matrix as a DataFrame. required
annotate bool If plot squares should display the correlation values. True
Defaults to True.
cmap Optional[str] Colormap name for plotting. Optional parameter. Defaults to None
None, in which case a default colormap is used.
plot_title Optional[str] Title of the plot. Optional parameter, defaults to none (no None
title).
**kwargs dict Additional parameters to pass to Seaborn and matplotlib. {}
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5.2 Correlation matrix

Returns:

Type Description

Axes Matplotlib axes object with the produced plot.
Raises:

Type Description

EmptyDataFrameException Input matrix is empty.
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5.3 Covariance matrix

5.3 Covariance matrix

covariance_matrix(data, columns=None, min_periods=None, delta_degrees_of_freedom-1)
Compute covariance matrix on the input data.

It is assumed that the data is numeric, i.e. integers or floats. NaN values are excluded from the calculations.

Parameters:
Name Type Description Default
data DataFrame Dataframe containing the input data. @uired
>
columns Optional[Sequence[str]] Columns to include in the covariance matrix. If %\ None
None, all numeric columns are used. . 6
min_periods Optional[int] Minimum number of observations require@ None
pair of columns to have valid result. Op .
delta_degrees_of_freedom int Delta degrees of freedom used for @ ting 1
covariance matrix. Defaults tofl.
Returns: @Q
Type Description 9?
DataFrame Dataframe containing matrix representing the{@i ce between the corresponding pair of variables.
Raises: @
Type Description Q@
EmptyDataFrameException The input Datafr: H& empty.
InvalidParameterValueException Provided va' %eltadegreesoffreedom or min periods is negative.
NonNumer i cDataException The inf@ta contain non-numeric data.
*

@0\%\
<
3
Qﬁ\
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5.4 DBSCAN

5.4 DBSCAN

dbscan_array(data, max_distance=0.5, min_samples=5)
Perform DBSCAN clustering on Numpy array data.

If the bands/datasets that form the input 3D Numpy array have different scales and represent different phenomena, consider
normalizing or standardizing data before running DBSCAN to avoid biased clusters.

Note that the results depend heavily on the parameter values that might require careful tuning. Note also that clustering can be
computationally intesive for large datasets, for highly dimensional data consider dimensionality reduction techiniques such as
PCA.

* Q
Parameters: \O
Name Type Description ‘\% Default
a

data ndarray A 3D Numpy array containing the input data. Expe required
to be stacked 2D arrays with shape (bands, hei th).
max_distance Number The maximum distance between two sa: sQone to be 0.5
considered as in the neighborhood of the T. Defaults to
0.5.
min_samples int The number of samples in a nej ood for a point to be 5
considered as a core point. s to 5.
Returns: 0&
Type Description @
ndarray Clustering results as a 2D cluste s array.
Raises: *
Type Descriptio:
EmptyDataException The inpll\@mpy array is empty.
)
InvalidDataShapeException I@ a has incorrect number of dimensions (other than 3).

InvalidParameterException &e maximum distance between two samples in a neighborhood is not greater than zero or the

X\

dbscan_vector(data, in% rdinates=True, columns=None, max_distance=0.5, min_samples=5)

number of samples in a neighborhood is not greater than one.

Perform DBSC stering on a Geodataframe.

The attributes to include in clustering can be controlled with include_coordinates and colums parameters. Coordinates will add
spatial proximity and columns the selected attributes in the cluster creation process. If coordinates are omitted, at least some
columns need to be included.

If columns are included and the attributes have different scales and represent different phenomena, consider normalizing or
standardizing data before running DBSCAN to avoid biased clusters.

Note that the results depend heavily on the parameter values that might require careful tuning. Note also that clustering can be
computationally intesive for large datasets, for highly dimensional data consider dimensionality reduction techniques such as
PCA.
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Parameters:

Name
data

include_coordinates

columns

max_distance

min_samples

Returns:

Type

GeoDataFrame

Raises:

Type

EmptyDataFrameException

InvalidColumnException

InvalidParameterException

Type
GeoDataFrame

bool

Optional[Sequence[str]]

Number

int

Description

Description
GeoDataFrame containing the input data.

If feature coordinates (spatial proximity) will be
included in the clustering process. Defaults to True.

Columns/attributes in the input Geodataframe to be
included in the clustering process. Optional
parameter, defaults to no columns included (except
coordinates).

The maximum distance between two samples for one
to be considered as in the neighborhood of the other.
Defaults to 0.5.

5.4 DBSCAN

Default
required

True

None

S

The number of samples in a neighborhood for a poir%% 5

to be considered as a core point. Defaults to 5@

006\

GeoDataFrame containing new column for assigned cluster@s.

Description

)
R

The input GeoDataFrame is em%o

All specified columns were n@)und in the input GeoDataFrame.

The maximum distanc
number of samples

are omitted.

&)
4\
KQ

2

3

Q
O
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en two samples in a neighborhood is not greater than zero, the

S

i&n ghborhood is not greater than one or or both coordinates and attributes
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5.5 Descriptive statistics

5.5 Descriptive statistics

descriptive_statistics_dataframe(input_data, column)
Generate descriptive statistics from vector data.

Generates min, max, mean, quantiles(25%, 50% and 75%), standard deviation, relative standard deviation and skewness.

Parameters:
Name Type Description Default
input_data Union[DataFrame, GeoDataFrame] Data to generate descriptive statistics from. @uired
>
column str Specify the column to generate descriptive %\ required
statistics from. . %

Returns: ®®
Type Description O

dict The descriptive statistics in previously described order. O
descriptive_statistics_raster(input_data) @Q
Generate descriptive statistics from raster data. 0

Generates min, max, mean, quantiles(25%, 50% and 75%), standard@tion, relative standard deviation and skewness. Nodata
values are removed from the data before the statistics are co%

Parameters:

Name Type Descr@ Default

input_data DatasetReader Da* generate descriptive statistics from. required

Q
cturns: O{\

*

Type Descriptjo%\

dict The des&he statistics in previously described order.
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5.6 Feature importance

5.6 Feature importance

evaluate_feature_importance(model, x_test, y_test, feature_names, n_repeats=50, random_state=None)

Evaluate the feature importance of a sklearn classifier or regressor.

Parameters:

Name Type Description Default

model BaseEstimator A trained and fitted Sklearn model. required

x_test ndarray Testing feature data (X data need to be normalized / @uired
standardized). ‘\O

y_test ndarray Testing label data. . %@ required

feature_names Sequence[str] Names of the feature columns. required

n_repeats int Number of iteration used when calculate featur@ 50
importance. Defaults to 50.

random_state Optional[int] random state for repeatability of results.@nal None

parameter.

)

Returns: @

Type Description OQ

DataFrame A dataframe containing features and thgir h&rtance.

dict A dictionary containing importance @a mportance std, and overall importance.
Raises: ®

Type Descriptio@

InvalidDatasetException

Either a@is empty.

*

V@Q 'n_repeats' is not at least one.
*

InvalidParameterValueException
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5.7 K-means clustering

5.7 K-means clustering

k_means_clustering_array(data, number_of_clusters=None, random_state=None)
Perform k-means clustering on Numpy array data.

If the bands/datasets that form the input 3D Numpy array have different scales and represent different phenomena, consider
normalizing or standardizing data before running k-means to avoid biased clusters.

Parameters:
Name Type Description fault
data ndarray A 3D Numpy array containing the input data. Expects data \Orequlred
to be stacked 2D arrays with shape (bands, height, w1dth) 6
number_of_clusters Optional[int] The number of clusters (>= 1) to form. Optional para § None
If not provided, optimal number of clusters is compute
using the elbow method.
random_state Optional[int] A random number generation for centroi zation to None
make the randomness deterministic. Op parameter.

Returns: @.
Type Description Q

ndarray Clustering results as a 2D cluster labels ar®

Raises: @

@

Type Description

EmptyDataException The input Numpy a; is empty

InvalidDataShapeException Input data has in eCt number of dimensions (other than 3).
InvalidParameterException The num clusters is less than one.

k_means_clustering_vector(data, include_’\@tesﬂrue, columns=None, number_of_clusters=None, random_state=None)
Perform k-means clustering l@eodataframe.

The attributes to includedn clustering can be controlled with include_coordinates and colums parameters. Coordinates will add
spatial proximity an ns the selected attributes in the cluster creation process. If coordinates are omitted, at least some
éahlded.

columns need to§
If columns ar@ uded and the attributes have different scales and represent different phenomena, consider normalizing or

standardizing data before running k-means to avoid biased clusters.
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Parameters:

Name

data

include_coordinates

columns

number_of_clusters

random_state

Returns:

Type

GeoDataFrame

Raises:

Type
EmptyDataFrameException
InvalidParameterException

InvalidColumnException

Type
GeoDataFrame

bool

Optional[Sequence[str]]

Optional[int]

Optional[int]

Description

GeoDataFrame containing assigned cluster labels.

Description

Description
A GeoDataFrame containing the input data.

If feature coordinates (spatial proximity) will be

included in the clustering process. Defaults to True.

Columns/attributes in the input Geodataframe to be
included in the clustering process. Optional
parameter, defaults to no columns included (except
coordinates).

The number of clusters (>= 1) to form. Optional

parameter. If not provided, optimal number of clusters

is computed using the elbow method.

A random number generation for centroid

Optional parameter.

006\
O
&
\§O

The input GeoDataFrame is emp

The number of clusters i

All specified colum:

@ not found in the input GeoDataFrame.
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5.7 K-means clustering

Default
required

True

None

&
O
: 6.5
initialization to make the randomness detemi@\

None

an one or both coordinates and attributes are omitted.
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5.8 Local Moran's |

5.8 Local Moran's I

Llocal_morans_i(gdf, column, weight_type='queen', k=4, permutations=999)

Execute Local Moran's I calculation for the data.

Parameters:
Name

gdf

column

weight_type

permutations

Returns:

Type

GeoDataFrame

Raises:

Type

EmptyDataFrameException

Type

GeoDataFrame

str

Literal[queen, knn]

Description

Description Default

The geodataframe that contains the data to be examined required
with local morans I.

The column to be used in the analysis. ‘\Orequired

The type of spatial weights matrix to be used. Defaults.tc%% 'queen’
"queen". \

Number of nearest neighbors for the KNN weig trix. 4
Defaults to 4.

Number of permutations for significange testitffg. Defaults 999

)

oQ(a

Geodataframe appended with two new coh@one with Local Moran's I statistic and one with p-value for

the statistic.

Description

The input geodata’

Q
&P

K\
@

&

N

@

e4s empty.
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5.9 Normality test

normality_test_array(data, bands=None, nodata_value=None)

Compute Shapiro-Wilk test for normality on the input Numpy array.

5.9 Normality test

It is assumed that 3D input array represents multiband raster and the first dimension is the number of bands (same shape as
Rasterio reads a raster into an array). Normality is calculated for each band separately. NaN values and optionally a specified

nodata value are masked out before calculations.

Parameters:
Name Type Description . &Tﬂult
data ndarray Numpy array containing the input data. Array should % required
either be 1D, 2D or 3D. ‘\
bands Optional[Sequence[int]] Band selection. Applies only if input array is SD@ None
None, normality is tested for each band.
nodata_value Optional[Number] Nodata value to be masked out. Opt@@'ameter. None
Returns: Q
Type Description 0
Dict[str, Dict[str, float]] Test statistic and p value for each selec@\d in a dictionary.
Raises: @0
Type Description @
EmptyDataException The input data is em Q
InvalidRasterBandException All selected b *e not found in the input data.
InvalidDataShapeException Input data Gincorrect number of dimensions (> 3).
SampleSizeExceededException Input’@xoeeds the maximum of 5000 samples.
normality_test_dataframe(data, columns; 4\
Compute Shapiro-Wilk test @rmahty on the input DataFrame.
Nodata values are dé @automatlcally
Parameters: Q
Name 0 Type Description Default
data DataFrame Dataframe containing the input data. required
columns Optional[Sequence[str]] Column selection. If none, normality is tested for all None
columns.
Returns:
Type Description
Dict[str, Dict[str, float]] Test statistic and p value for each selected column in a dictionary.
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5.9 Normality test

Raises:
Type Description
EmptyDataException The input data is empty.
TInvalidColumnException All selected columns were not found in the input data.
NonNumer i cDataException Selected columns contain non-numeric data or no numeric columns were found.
SampLeSizeExceededException Input data exceeds the maximum of 5000 samples.
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5.10 Plot parallel coordinates

5.10 Plot parallel coordinates

plot_parallel_coordinates(df, color_column_name, plot_title=None, palette_name=None, curved_lines=True)

Plot a parallel coordinates plot.

Automatically removes all rows containing null/nan values. Tries to convert columns to numeric to be able to plot them. If more
than 8 columns are present (after numeric filtering), keeps only the first 8 to plot.

Parameters:
Name Type Description fault
df DataFrame The DataFrame to plot. ‘\Orequired
color_column_name str The name of the column in df to use for color encoding. , %% required
plot_title Optional[str] The title for the plot. Default is None. @ None
palette_name Optional[str] The name of the color palette to use. Default is @ None
curved_Lines bool If True, the plot will have curved insteadf’s ht lines. True

Default is True.

Returns: @'
Type Description OQ

Figure A matplotlib figure containing the parallel %&mates plot.

Raises:

Type Description ®

EmptyDataFrameException Raised when t ataFrame is empty.
TInvalidColumnException Raised %1 Q color column is not found in the DataFrame.
InconsistentDataTypesException Rajse@ n the color column has multiple data types.

@
\Q
A\
b@
\)Q
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5.11 PCA

compute_pca(data, number_of_components, columns=None, scaler_type='standard', nodata_handling='remove', nodata=None)

Compute defined number of principal components for numeric input data.

5.11 PCA

Before computation, data is scaled according to specified scaler and NaN values removed or replaced. Optionally, a nodata value
can be given to handle similarly as NaN values.

If input data is a Numpy array, interpretation of the data depends on its dimensions. If array is 3D, it is interpreted as a
multiband raster/stacked rasters format (bands, rows, columns). If array is 2D, it is interpreted as table-like data, where each
column represents a variable/raster band and each row a data point (similar to a Dataframe).

Parameters:
Name Type
data Union[ndarray, DataFrame, GeoDataFrame]
number_of_components int
columns Optional[Sequence[str]]
scaler_type Literal[standard, min_max, robust]

&

nodata_handling Literal[remove, repLace@

O
N4
nodata [Number]
K{®
Returns: 66
Type 00

Union[ndarray, DataFrame, GeoDataFrame]

o

ndarray

o)

Description

The computed principal components in corresponding format as the input data and the

Description

Input data for PCA.

The number of principal ents to
compute. Should be d at most
the number of nume lumns if input
is (Geo)DatafranQ
Select col ®§ed for the PCA. Other
column cluded from PCA, but

addﬁ to the result Dataframe
=Only relevant if input is

in
&Dataframe. Defaults to None.

ransform data according to a specified
Sklearn scaler. Options are "standard",
"min_max" and "robust". Defaults to
"standard".

If observations with nodata (NaN and
given nodata ) should be removed for the
time of PCA computation or replaced
with column/band mean. Defaults to
"remove".

Define a nodata value to remove.
Defaults to None.

explained variance ratios for each component.
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Default
required

required

None

'standard’

'remove’

None

Made by <a href="info@gispo.fi">Gispo Ltd.</a>



5.11 PCA

Raises:
Type Description
EmptyDataException The input is empty.
TInvalidColumnException Selected columns are not found in the input Dataframe.
InvalidNumberOfPrincipalComponents The number of principal components is less than 1 or more than number of columns if input
was (Geo)DataFrame.
InvalidParameterValueException If value for number_of_components is invalid.

plot_pca(pca_df, explained_variances=None, color_column_name=None, save_path=None)

Plot a scatter matrix of different principal component combinations. Q
*
Automatically filters columns that do not start with "principal component" for plotting. This tool is desig@(o work smoothly on

compute_pca outputs. - %

Parameters: @
Name Type Description @ Default

pca_df DataFrame A DataFrame containing computed priv@ components. required
explained_variances Optional[ndarray] The explained variance ratios for e rincipal None
component. Used for labeling a he plot. Optional

parameter. Defaults to None. 0

color_column_name Optional[str] Name of the column th e used for color-coding data None
points. Typically a Cf cal variable in the original data.

Optional paramét colors if not provided. Defaults to
None.

save_path Optional[str] The sav for the plot. Optional parameter, no saving if None
not pK' . Defaults to None.

Returns: @
Type Description OQ
*

PairGrid A Seaborp @id containing the PCA scatter matrix.

Raises: @
Type Description

InvaLidColumnExcepté DataFrame does not contain the given color column.

3
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6. Prediction

6. Prediction

6.1 Fuzzy overlay

and_over lay(data)

Compute an 'and' overlay operation with fuzzy logic.

Parameters:
Name Type Description @ault
data Union[Sequence[ndarray], ndarray] The input data as a series of 2D/3D Numpy ‘\Orequired

arrays or as a 3D Numpy array. All found 2D
arrays are overlayed. Input data should cofi.

at least 2D Numpy arrays and data sho

the range [0, 1]. @

Returns: C)O
Type Description Q

ndarray 2D Numpy array with the result of the 'and' overlay op, @h Values are in range [0, 1].
Raises: O 2

Type Description %

InvalidDatasetException If input data contains les: wo 2D Numpy arrays/raster bands.

InvalidParameterValueException If data values are ane [0, 11.

gamma_over lay(data, gamma=0.5) *

Compute a 'gamma’' overlay operation with Q{ ogic.
Parameters: \O

Name Type A\ Description Default

data Uni @ence [ndarray], ndarray] The input data as a series of 2D/3D Numpy required
K arrays or as a 3D Numpy array. All found 2D
@ arrays are overlayed. Input data should contain
6 at least 2D Numpy arrays and data should be in
the range [0, 1].

gamma 0 float The gamma parameter. With gamma value of 0, 0.5
the result will be the same as 'product’ overlay.
When gamma is closer to 1, the weight of the
'sum' overlay is increased. Defaults to 0.5.
Value must be in the range [0, 1].

Returns:
Type Description
ndarray 2D Numpy array with the result of the 'gamma' overlay operation. Values are in range [0, 1].
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Raises:
Type Description
InvalidDatasetException If input data contains less than two 2D Numpy arrays/raster bands.
InvalidParameterValueException If data values or gamma are not in range [0, 1].

or_overlay(data)

Compute an 'or' overlay operation with fuzzy logic.

Parameters:
Name Type Description
data Union[Sequence[ndarray], ndarray] The input data as a series of 2D/3D Numpy

at least 2D Numpy arrays and data shou
the range [0, 11]. @
Returns: C)O

Type Description

ndarray 2D Numpy array with the result of the 'or' overlay opergt@'Values are in range [0, 11].

Raises: OQ

Type Description %
InvalidDatasetException If input data contains less th 0 2D Numpy arrays/raster bands.

InvalidParameterValueException If data values are r® ge [0, 1].
product_over lay(data) *
Compute a 'product' overlay operation wit}&z;;ogic.

Parameters: \O

‘\Orequired
arrays or as a 3D Numpy array. All found 2D %
arrays are overlayed. Input data should con\ne%

6.1 Fuzzy overlay

fault

Name Type !\ Description Default
data Uni @’ence [ndarray], ndarray] The input data as a series of 2D/3D Numpy required
arrays or as a 3D Numpy array. All found 2D
@ arrays are overlayed. Input data should contain
6 at least 2D Numpy arrays and data should be in
the range [0, 1].
Returns:
Type Description
ndarray 2D Numpy array with the result of the 'product' overlay operation. Values are in range [0, 1].
Raises:
Type Description
InvalidDatasetException If input data contains less than two 2D Numpy arrays/raster bands.
InvalidParameterValueException If data values are not in range [0, 1].
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sum_over lay(data)

Compute a 'sum' overlay operation with fuzzy logic.

6.1 Fuzzy overlay

Parameters:
Name Type Description Default
data Union[Sequence[ndarray], ndarray] The input data as a series of 2D/3D Numpy required
arrays or as a 3D Numpy array. All found 2D
arrays are overlayed. Input data should contain
at least 2D Numpy arrays and data should be in
the range [0, 1].
Returns: Q
O
Type Description %\
>
ndarray 2D Numpy array with the result of the 'sum' overlay operation. Values are in T, % 1].
Raises:
Type Description < ’
InvalidDatasetException If input data contains less than two 2D Numpy ar@raster bands.
InvalidParameterValueException If data values are not in range [0, 1]. @
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6.2 Gradient boosting

6.2 Gradient boosting

gradient_boosting_classifier_train(X, y, validation_method="split', metrics=['accuracy'], split_size=0.2, cv_folds=5, loss='log_loss', learning_rate=0.1,

n_estimators=100, max_depth=3, subsample=1.0, verbose=0, random_state=None, **kwargs)
Train and optionally validate a Gradient Boosting classifier model using Sklearn.

Various options and configurations for model performance evaluation are available. No validation, split to train and validation
parts, and cross-validation can be chosen. If validation is performed, metric(s) to calculate can be defined and validation process
configured (cross-validation method, number of folds, size of the split). Depending on the details of the validation process, the
output metrics dictionary can be empty, one-dimensional or nested.

For more information about Sklearn Gradient Boosting classifier read the documentation here: https://scikit@rg/stable/
modules/generated/sklearn.ensemble.GradientBoostingClassifier.html. %
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6.2 Gradient boosting

Name Type Description Default
X Union[ndarray, DataFrame] Training data. required
y Union[ndarray, Series] Target labels. required
validation_method Literal[split, kfold_cv, skfold_cv, loo_cv, none] Validation method to use. 'split'

"split" divides data into two

parts, "kfold cv" performs k-

fold cross-validation,

"skfold cv" performs

stratified k-fold cross-

validation, "loo _cv" performs
leave-one-out cross-

validation and "none" will not Q
validate model at all (in this

case, all X and y will be used %\

solely for training). - %

metrics Sequence[Literal[accuracy, precision, recall, f1, auc]] Metrics to use for SC@he ['accuracy']
model. Defaults ti
"accuracy". O

split_size float Fraction @ dataset to be 0.2
used alidation data (rest

v
is %r training). Used

en validation method
Q split". Defaults to 0.2.
cv_folds int Number of folds used in 5
0 cross-validation. Used only
@ when validation method is

"kfold cv" or "skfold cv".
Defaults to 5.

loss Literal[log_loss, exponential] ® The loss function to be "log_loss'
optimized. Defaults to

@ "log loss" (same as in logistic
Q regression).

learning_rate Number \ Shrinks the contribution of 0.1
each tree. Values must be >=

!\ 0. Defaults to 0.1.

n_estimators in @ The number of boosting 100
K stages to run. Gradient
@ boosting is fairly robust to
6 over-fitting so a large
Q number can result in better
0 performance. Values must be

>= 1. Defaults to 100.

max_depth Optional[int] Maximum depth of the 3
individual regression
estimators. The maximum
depth limits the number of
nodes in the tree. Values
must be >= 1 or None, in
which case nodes are
expanded until all leaves are
pure or until all leaves
contain less than
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6.2 Gradient boosting

Name Type Description Default

min samples_split samples.
Defaults to 3.

subsample Number The fraction of samples to be 1.0
used for fitting the individual
base learners. If smaller than
1.0 this results in Stochastic
Gradient Boosting.
Subsample interacts with the
parameter n_estimators.
Choosing subsample < 1.0
leads to a reduction of
variance and an increase in

bias. Values must be in the 0\0Q

range 0.0 < x <= 1.0. %
Defaults to 1.0. 0\6

verbose int Specifies if modeling$ 0
progress and per ce
should be pri 0*doesn't

print, 1 pyfiits e in a while
dependin@he number of
tress above will print

fo Qree.

random_state Optional[int] d for random number None
OQgeneration. Defaults to None.

0& Additional parameters for {}
@ Sklearn's

GradientBoostingClassifier.

Returns: ®
Type Dex@-

Tuple[GradientBoostingClassifier, dict] @rained GradientBoostingClassifier and metric scores as a dictionary.
O
Raises: S \%\

Type e Description

InvaLidParameterVaLueExcepQ If some of the numeric parameters are given invalid input values.

NonMatchingParameter@xception X and y have mismatching sizes.

gradient_boosti% essor_train(X, y, validation_method="split', metrics=['mse'], split_size=0.2, cv_folds=5, loss='squared_error', learning_rate=0.1,

**kwargs

n_estimators=100,fax_depth=3, subsample=1.0, verbose=0, random_state=None, **kwargs)
Train and optionally validate a Gradient Boosting regressor model using Sklearn.

Various options and configurations for model performance evaluation are available. No validation, split to train and validation
parts, and cross-validation can be chosen. If validation is performed, metric(s) to calculate can be defined and validation process
configured (cross-validation method, number of folds, size of the split). Depending on the details of the validation process, the
output metrics dictionary can be empty, one-dimensional or nested.

For more information about Sklearn Gradient Boosting regressor read the documentation here: https://scikit-learn.org/stable/
modules/generated/sklearn.ensemble.GradientBoostingRegressor.html.
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Name

y

validation_method

metrics

split_size

cv_folds

loss

learning_rate

n_estimators

Type
Union[ndarray, DataFrame]
Union[ndarray, Series]

Literal[split, kfold_cv, skfold_cv, loo_cv, none]

Sequence[Literal[mse, rmse, mae, r2]]

float

&
@Qj

Q/Q

2

max_depth 0 Optional[int]

Literal[squared_error, absolute_err\' ¥ quantile]
Number QQ*
’\O
.
int A\%
-45/133 -

Description
Training data.

Target labels.

Validation method to use.

6.2 Gradient boosting

Default
required
required

‘split'

"split" divides data into two

parts, "kfold cv" performs k-

fold cross-validation,

"skfold cv" performs
stratified k-fold cross-
validation, "loo _cv" performs

leave-one-out cross-

validation and "none" will not
validate model at all (in this
case, all X and y will be used %\

solely for training).

Metrics to use for sc@he

o)
N

['mse']

model. Defaults ® .
Fraction o @t set to be 0.2

used as valid

ion data (rest

is used.for training). Used
onz eh validation method

". Defaults to 0.2.

umber of folds used in 5

ross-validation. Used only

when validation method is
"kfold cv" or "skfold cv".

Defaults to 5.

The loss function to be

'squared_error'

optimized. Defaults to

"squared_error".

Shrinks the contribution of 0.1

each tree. Values must be >

0. Defaults to 0.1

The number of boosting 100

stages to run. Gradient

boosting is fairly robust to

over-fitting so a large

number can result in better

performance. Values must be
>= 1. Defaults to 100.

Maximum depth of the 3

individual regression

estimators. The maximum

depth limits the number of

nodes in the tree.

Values

must be >= 1 or None, in

which case nodes are

expanded until all leaves are

pure or until all leaves

contain less than

min samples_split samples.

Defaults to 3.
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Name Type
subsample Number
verbose int

random_state Optional[int]

**kwargs

Returns:

Type

Tuple[GradientBoostingRegressor, dict]

Raises:

Type .
InvalidParameterValueException

NonMatchingParameterLengthsExc@&

4\

O
<

Description\?

6.2 Gradient boosting

Description Default

The fraction of samples to be 1.0
used for fitting the individual
base learners. If smaller than
1.0 this results in Stochastic
Gradient Boosting.
Subsample interacts with the
parameter n_estimators.
Choosing subsample < 1.0
leads to a reduction of
variance and an increase in
bias. Values must be in the
range 0.0 < x <= 1.0.

Defaults to 1. . OQ
\ .

Specifies if modeling %
progress and performanﬁx%

should be printed. 0 STy
print, 1 prints onces while
depending on th&ber of

tress, 2 o @Nlll print
for every\ree

Seed andom number None
tion. Defaults to None.
ditional parameters for {}
Sklearn's

GradientBoostingRegressor.

The train%GradientBoostingRegressor and metric scores as a dictionary.

Q
OO
%\escn‘ption

X and y have mismatching sizes.
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If some of the numeric parameters are given invalid input values.

Made by <a href="info@gispo.fi">Gispo Ltd.</a>



6.3 Logistic regression

6.3 Logistic regression

logistic_regression_train(X, y, validation_method="split', metrics=['accuracy'], split_size=0.2, cv_folds=5, penalty='l2", max_iter=100, solver='Llbfgs',

verbose=0, random_state=None, **kwargs)
Train and optionally validate a Logistic Regression classifier model using Sklearn.

Various options and configurations for model performance evaluation are available. No validation, split to train and validation
parts, and cross-validation can be chosen. If validation is performed, metric(s) to calculate can be defined and validation process
configured (cross-validation method, number of folds, size of the split). Depending on the details of the validation process, the
output metrics dictionary can be empty, one-dimensional or nested.

The choice of the algorithm depends on the penalty chosen. Supported penalties by solver: 'Ibfgs' - ['12', No %near' -['117,
'12'] 'newton-cg' - ['12', None] 'newton-cholesky' - ['12', None] 'sag' - ['12', None] 'saga' - ['elasticnet’, 11', ' ne]

>
For more information about Sklearn Logistic Regression, read the documentation here: https://sciki &.org/stable/modules/
generated/sklearn.linear model.LogisticRegression.html.
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6.3 Logistic regression

Parameters:

Name Type Description Default
X Union[ndarray, DataFrame] Training data. required
y Union[ndarray, Series] Target labels. required

validation_method Literal[split, kfold_cv, skfold_cv, loo_cv, none] Validation method to use. 'split’
"split" divides data into two
parts, "kfold cv" performs k-
fold cross-validation,
"skfold_cv" performs
stratified k-fold cross-
validation, "loo_cv" performs Q
leave-one-out cross- . O
validation and "none" will \
not validate model at all.(i%%
this case, all X and y wi
used solely for traini

metrics Sequence[Literal[accuracy, precision, recall, f1, auc]] Metrics to use f ring ['accuracy']
the mode ts to
"accuracy'.

split_size float Fractiomof the dataset to be 0.2
u validation data (rest
sed for training). Used
only when validation method

@ is "split". Defaults to 0.2.
cv_folds int @0 Number of folds used in 5

cross-validation. Used only
@ when validation method is
"kfold cv" or "skfold cv".

® Defaults to 5.
penalty Literal[l1, L2, elasicnet@ Specifies the norm of the 12!

penalty. Defaults to '12'.
max_iter int - OQ Maximum number of 100
o %\ iterations taken for the

solvers to converge. Defaults

A to 100.

solver it&[Lbfgs, Liblinear, newton - cg, newton - cholesky, Algorithm to use in the 'lbfgs'
@ , saga] optimization problem.
Defaults to 'lbfgs'.

progress and performance
should be printed. 0 doesn't

verbose oo int Specifies if modeling 0

print, values 1 or above will
produce prints.

random_state Optional[int] Seed for random number None
generation. Defaults to
None.

**Kwargs Additional parameters for {}
Sklearn's
LogisticRegression.
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6.3 Logistic regression

Returns:
Type Description
Tuple[LogisticRegression, dict] The trained Logistric Regression classifier and metric scores as a dictionary.
Raises:
Type Description
InvalidParameterValueException If some of the numeric parameters are given invalid input values.
NonMatchingParameterLengthsException X and y have mismatching sizes.
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6.4 Logistic regression

6.4 Logistic regression

Load_model(path)

Load a Sklearn model from a .joblib file.

Parameters:

Name

path

Returns:

Type

BaseEstimator

Type Description Default

Path Path from where the model should be loaded. Include the required

Jjoblib file extension. Q
R
Description \

prepare_data_for_ml(feature_raster_files, label_file=None)

Loaded model. @

Prepare data ready for machine learning model training. C)

Performs the following steps: - Read all bands of all feature/evidence rasters i %cked Numpy array - Read label data (and
rasterize if a vector file is given) - Create a nodata mask using all feature ra@s and labels, and mask nodata cells out

Parameters:

Name

feature_raster_files

label_file

Type
ndarray

Optional[ndarray]

Returns: bé
S

©

Type D&@ Default
Sequence[Union[str, PathLike]] ist of filepaths of feature/evidence rasters. required
iJes should only include raster that have the
\?same grid properties and extent.
Optional[Union[str, PathLi Filepath to label (deposits) data. File can be None

either a vector file or raster file. If a vector file
Q is provided, it will be rasterized into similar

- grid as feature rasters. If a raster file is
. %\ provided, it needs to have same grid properties
\ and extent as feature rasters. Optional

for predicting. Defaults to None.

@A parameter and can be omitted if preparing data

Description
Feature data (X) in prepared shape.

Target labels (y) in prepared shape (if label_file was given).

Profile Refrence raster metadata .
Any Nodata mask applied to X and y.
Raises:
Type Description
NonMatchingRasterMetadataException Input feature rasters don't have same grid properties.
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6.4 Logistic regression

reshape_predictions(predictions, height, width, nodata_mask=None)
Reshape 1D prediction ouputs into 2D Numpy array.

The output is ready to be visualized and saved as a raster.

Parameters:
Name Type Description Default
predictions ndarray A 1D Numpy array with raw prediction data from predict required
function.
height int Height of the output array required
width int Width of the output array ired
nodata_mask Optional[ndarray] Nodata mask used to reconstruct original shape of data. This ‘\O None

is the same mask applied to data before predicting to %
remove nodata. If any nodata was removed before %
predicting, this mask is required to reconstruct the inal

shape of data. Defaults to None. @
Returns: <: O

Type Description

ndarray Predictions as a 2D Numpy array in the original array&

save_model(model, path) OQ
Save a trained Sklearn model to a .joblib file. @&

Parameters:
Name Type Descr! @ Default
model BaseEstimator Trained model. required
path Path Q where the model should be saved. Include the .joblib required

le extension.
*

split_data(*data, split_size=0.2, random,st@ne, shuffle=True)

Split data into two parts. Can @;d for train-test or train-validation splits.

For more guidance, read o&mentation of sklearn.model selection.train test split: (https://scikit-learn.org/stable/modules/
generated/sklearn.mo lection.train test split.html).
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Parameters:
Name Type
*data Union[ndarray, DataFrame, csr_matrix, List[Number]]
split_size float
random_state Optional[int]
shuffle bool

Returns: 0
Type Desc%n

List[Union[ndarray, DataFrame, csr_matrix, List[Number]]]
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6.4 Logistic regression

Description Default

Data to be split. Multiple 0O
datasets can be given as input

(for example X and y), but they

need to have the same length.

All datasets are split into two

and the parts returned (for

example X train, X test, y train,

y_test).

The proportion of the second 0.2

part of the split. Typically this is Q

the size of test/validation part. ¢

The first part will be %\
complemental proportion. R)g%

example, if split size = 0.

first part will have 80%, 04t

data and the secon(@zo% of

the data. Default: 22.

Seed for ran@\umber None
generati@efaults to None.

huffled before True
ing. Defaults to True.

©

&ontaining splits of inputs (two outputs per input).
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6.5 MLP

6.5 MLP

train_MLP_classifier(X, y, neurons, validation_split=0.2, validation_data=None, activation="relu', output_neurons=1, last_activation="sigmoid', epochs=50,
batch_size=32, optimizer='adam', learning_rate=0.001, Lloss_function='binary_crossentropy', dropout_rate=None, early_stopping=True, es_patience=5,

metrics=['accuracy'], random_state=None)
Train MLP (Multilayer Perceptron) using Keras.

Creates a Sequential model with Dense NN layers. For each element in neurons, Dense layer with corresponding dimensionality/
neurons is created with the specified activation function (activation). If dropout_rate is specified, a Dropout layer is added after
each Dense layer.

Parameters default to a binary classification model using sigmoid as last activation, binary crossentropy as l@cﬁon and 1
output neuron/unit. %

*
For more information about Keras models, read the documentation here: https://keras.io/. 6

6\
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Name

neurons

validation_split

validation_data

activation

output_neurons

last_activation

epochs

Type

ndarray

ndarray

Sequence[int]

Optional[float]

Optional[Tuple[ndarray, ndarrag

@

E @ eral[relu, linear, sigmoid, tanh]

Literal[sigmoid, softmax]
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Description Default

Input data. Should be
a 2-dimensional array

required

where each row
represents a sample
and each column a
feature. Features
should ideally be
normalized or
standardized.

Target labels. For

binary classification,

y should be a 1- Q
. . *

dimensional array of \O

binary labels (0 or

For multi-class*

NS

required

1 Qhe number of
oluthns should

match the number of
Q:lasses.

Number of neurons in required

each hidden layer.

Fraction of data used 0.2
for validation during

training. Value must

be >0and <1 or

None. Defaults to 0.2.

Separate dataset None
used for validation

during training.

Overrides

validation_split if

provided. Expected

data form is (X valid,

y_valid). Defaults to

None.

Activation function 'relu’
used in each hidden

layer. Defaults to

'relu’'.

Number of neurons in 1
the output layer.
Defaults to 1.

Activation function 'sigmoid'
used in the output

layer. Defaults to

'sigmoid’.

Number of epochs to 50
train the model.
Defaults to 50.

6.5 MLP
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Name

batch_size

optimizer

learning_rate

Lloss_function

dropout_rate

early_stopping

es_patience

metrics

random_state

Type

Tuple[Model, dict]

Raises:

Type

InvalidParameterValueException

InvalidDataShapeException

Type

Literal[adam, adagrad, rmsprop, sdg]

Number

Literal[binary_crossentropy, categorical_crossentropy]

Optional[Number]

bool

int <2:>
@Q

Q/\)

Optional[Sequence[Literal[accuracy, %@ recall, f1_score]]]

h\

&

Optional[int] o

Description

Trained MLP model and training history.

Description

Shape of X or y is invalid.
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Description

Number of samples
per gradient update.
Defaults to 32.

Optimizer to be used.
Defaults to 'adam'.

Learning rate to be
used in training.
Value must be > 0.
Defalts to 0.001.

Loss function to be

used. Defaults to .

'binary crossentropy, \

Fraction of theﬁ@

units to drop,

must be & <=

1. Defa@ None.

@ or not to use
stopping in

raining. Defaults to
True.

Number of epochs
with no improvement
after which training
will be stopped.
Defaults to 5.

Metrics to be
evaluated by the
model during training
and testing. Defaults
to ['accuracy'].

Seed for random
number generation.
Sets Python, Numpy
and Tensorflow seeds
to make program
deterministic.
Defaults to None
(random state / seed).

Some of the numeric parameters have invalid values.
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Default

32

'adam’

0.001

Gi nary_crossentropy'

None

True

['accuracy']

None



6.5 MLP

train_MLP_regressor(X, y, neurons, validation_split=0.2, validation_data=None, activation='relu', output_neurons=1, last_activation='Llinear', epochs=50,
batch_size=32, optimizer='adam', learning_rate=0.001, Lloss_function="mse', dropout_rate=None, early_stopping=True, es_patience=5, metrics=['mse'],
random_state=None)

Train MLP (Multilayer Perceptron) using Keras.

Creates a Sequential model with Dense NN layers. For each element in neurons, Dense layer with corresponding dimensionality/
neurons is created with the specified activation function (activation). If dropout_rate is specified, a Dropout layer is added after
each Dense layer.

For more information about Keras models, read the documentation here: https://keras.io/.
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Name

neurons

validation_split

validation_data

activation

output_neurons

last_activation

epochs

batch_size

optimizer

learning_rate

Lloss_function

early_stopping

es_patience

metrics

random_state

4
dropout_rateoo

Type

ndarray

ndarray
Sequence[int]
Optional[float]

Optional[Tuple[ndarray, ndarray]]

Literal[relu, Llinear, sigmoid, tanh]

Literal[Llinear]

Literal[adam, as?sprop, sdg]
o\%
Number A

teral[mse, mae, hinge, huber]

Optional[Number]

bool

Optional[Sequence[Literal[mse, rmse, mae]]]

Optional[int]

Description

Input data. Should be a 2-dimensional
array where each row represents a
sample and each column a feature.
Features should ideally be normalized

or standardiz

Target labels. Should be a 1-
dimensional array where each entry
corresponds to the continuous target
value for the respective sample in X.

Number of neurons in each hidden

layer.

Fraction of data used for validation
during training. Value must be > O.a
< 1 or None. Defaults to 0.2.

Separate dataset used for vali
during training. Overrides

validation split if p‘@

data form is (X vali

to None.

Activation f Qused in each hidden
layer. Del@

Nu@ f neurons in the output layer.
a

sto 1.

ctivation function used in the output
layer. Defaults to 'linear'.

Number of epochs to train the model.

ed.

s to 'relu’'.

Defaults to 50.

Number of samples per gradient

update. Defaults to 32.

Optimizer to be used. Defaults to

'‘adam'.

Learning rate to be used in training.
Value must be > 0. Defalts to 0.001.

Loss function to be used. Defaults to

mse.

Fraction of the input units to drop.
Value must be >= 0 and <= 1. Defaults

to None.

Whether or not to use early stopping in
training. Defaults to True.

Number of epochs with no
improvement after which training will
be stopped. Defaults to 5.

Metrics to be evaluated by the model
during training and testing. Defaults to

['mse'].
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, vy Yalid). Defaults

Default

required

required

required

Q
‘\Oo.z

%%

None

"relu’

'linear'

50

32

'adam’

0.001

mse

None

True

['mse']

None

6.5 MLP
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Name Type Description Default
Seed for random number generation.
Sets Python, Numpy and Tensorflow
seeds to make program deterministic.
Defaults to None (random state / seed).
Returns:
Type Description
Tuple[Model, dict] Trained MLP model and training history.
Raises: Q
O
Type \

InvalidParameterValueException

InvalidDataShapeException

Description %

Some of the numeric parameters have invalid values. ‘\%

Shape of X or y is invalid. @

6.5 MLP
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6.6 Random forests

6.6 Random forests

random_forest_classifier_train(X, y, validation_method="split', metrics=['accuracy'], split_size=0.2, cv_folds=5, n_estimators=100, criterion="gini',

max_depth=None, verbose=0, random_state=None, **kwargs)
Train and optionally validate a Random Forest classifier model using Sklearn.

Various options and configurations for model performance evaluation are available. No validation, split to train and validation
parts, and cross-validation can be chosen. If validation is performed, metric(s) to calculate can be defined and validation process
configured (cross-validation method, number of folds, size of the split). Depending on the details of the validation process, the
output metrics dictionary can be empty, one-dimensional or nested.

For more information about Sklearn Random Forest classifier, read the documentation here: https://scikit{e@?g/stable/
modules/generated/sklearn.ensemble.RandomForestClassifier.html. %
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6.6 Random forests

Parameters:

Name Type Description Default
X Union[ndarray, DataFrame] Training data. required
y Union[ndarray, Series] Target labels. required

validation_method Literal[split, kfold_cv, skfold_cv, loo_cv, none] Validation method to use. "split" 'split’
divides data into two parts,
"kfold cv" performs k-fold cross-
validation, "skfold cv" performs
stratified k-fold cross-validation,
"loo _cv" performs leave-one-out
cross-validation and "none" will Q
not validate model at all (in this O
case, all X and y will be used \

solely for training). . %@

metrics Sequence[Literal[accuracy, precision, recall, f1]] Metrics to use for scoring, ['accuracy']

model. Defaults to "ac

split_size float Fraction of the da o be used 0.2
as validation flatad¥e€st is used

for training). only when
validationimethod is "split".

Defaul@ 2.

cv_folds int T of folds used in cross- 5
Oa ation. Used only when

validation_method is "kfold_cv"

@0 or "skfold cv". Defaults to 5.

n_estimators int The number of trees in the forest. 100
@ Defaults to 100.

criterion Literal[gini, entropy, log_loss] \ The function to measure the 'gini'
* quality of a split. Defaults to
Q "gini".

Values must be >= 1 or None, in

max_depth Optional[int] OQ The maximum depth of the tree. None
*
O

\% which case nodes are expanded

@ all leaves contain less than

min samples_split samples.

é Defaults to None.

verbose b int Specifies if modeling progress 0

00 and performance should be

until all leaves are pure or until

printed. 0 doesn't print, values 1
or above will produce prints.

random_state Optional[int] Seed for random number None
generation. Defaults to None.

**kwargs Additional parameters for {}
Sklearn's
RandomForestClassifier.
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6.6 Random forests

Returns:
Type Description
Tuple[RandomForestClassifier, dict] The trained RandomForestClassifier and metric scores as a dictionary.
Raises:
Type Description
InvalidParameterValueException If some of the numeric parameters are given invalid input values.
NonMatchingParameterLengthsException X and y have mismatching sizes.

random_forest_regressor_train(X, y, validation_method="split', metrics=['mse'], split_size=0.2, cv_folds=5, n_estimators=100, criterio@ared_error',

max_depth=None, verbose=0, random_state=None, **kwargs) ‘\
Train and optionally validate a Random Forest regressor model using Sklearn. . %%
Various options and configurations for model performance evaluation are available. No validatio@t to train and validation
parts, and cross-validation can be chosen. If validation is performed, metric(s) to calculate c efined and validation process
configured (cross-validation method, number of folds, size of the split). Depending on the ilS of the validation process, the

output metrics dictionary can be empty, one-dimensional or nested.

For more information about Sklearn Random Forest regressor, read the documen@n here: https://scikit-learn.org/stable/
modules/generated/sklearn.ensemble.RandomForestRegressor.html. @
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6.6 Random forests

Name Type Description Default
X Union[ndarray, DataFrame] Training data. required
y Union[ndarray, Series] Target labels. required
validation_method Literal[split, kfold_cv, skfold_cv, loo_cv, none] Validation method to "split’

use. "split" divides data

into two parts,

"kfold cv" performs k-

fold cross-validation,

"skfold cv" performs

stratified k-fold cross-

validation, "loo cv"

performs leave-one-out Q
cross-validation and .

"none" will not validate %\

model at all (in thisec
all X and y will be \
solely for trainifg).
metrics Sequence[Literal[mse, rmse, mae, r2]] Metrics t r ['mse']
scorifg t! odel.
Defatlts/to "mse".
split_size float %@don of the dataset 0.2

be used as validation

@ data (rest is used for

Q training). Used only
O when validation method

@& is "split". Defaults to 0.2.

Number of folds used in 5
@ cross-validation. Used

Q only when

\ validation method is
* "kfold cv" or "skfold cv".

Q Defaults to 5.

n_estimators int OQ The number of trees in 100

cv_folds int

*
the forest. Defaults to
‘\ 100.
criterion Liter@ua’ed_error, absolute_error, friedman_mse, poisson] The function to measure 'squared_error'

the quality of a split.
"absolute error" results

e é in significantly longer

training time than

"squared_error".
0 Defaults to
"squared_error".

max_depth Optional[int] The maximum depth of None
the tree. Values must be
>= 1 or None, in which
case nodes are expanded
until all leaves are pure
or until all leaves
contain less than
min samples_split
samples. Defaults to
None.
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Name Type
verbose int
random_state Optional[int]
**kwargs
Returns:
Type

Tuple[RandomForestRegressor, dict]

Raises:

Type
InvalidParameterValueException

NonMatchingParameterLengthsException

6.6 Random forests

Description Default

Specifies if modeling 0
progress and

performance should be

printed. 0 doesn't print,

values 1 or above will

produce prints.

Seed for random number None
generation. Defaults to
None.

Additional parameters

{}
for Sklearn's Q

RandomForestRegressor. ¢ \
0\6

6\

Description @
The trained RandomForestRegressor and metric scor90 dictionary.

If some of the numeric parameters@given invalid input values.

X and y have mismatching 66@

Description

-66/133 - Made by <a href="info@gispo.fi">Gispo Ltd.</a>



6.7 Weights of evidence

6.7 Weights of evidence

weights_of_evidence_calculate_responses(output_arrays, nr_of_deposits, nr_of_pixels)

Calculate the posterior probabilities for the given generalized weight arrays.

Parameters:

Name

output_arrays

nr_of_deposits

nr_of_pixels

Returns:

Type
ndarray
ndarray

ndarray

Type Description Default

Sequence[Dict[str, ndarray]] List of output array dictionaries returned by required
weights of evidence calculations. For each
dictionary, generalized weight and generalized Q
standard deviation arrays are used and summed ‘\O
together pixel-wise to calculate the posterior
probabilities. If generalized arrays are not foun %
the W+ and S W+ arrays are used (so if ou

from unique weight calculations are use 1s
function).

int Number of deposit pixels in the@;ata for required
weights of evidence calculations.

int Number of evidence pix he input data for required
weights of evidence c ions.

@Q

Description @0

Array of posterior probabilites. @
Array of standard deviations @)osterior probability calculations.

Array of confidence of tEAspectivity values obtained in the posterior probability array.

weights_of_evidence_calculate_weights(evidential_ra@ deposits, raster_nodata=None, weights_type='unique', studentized_contrast_threshold-1,

arrays_to_generate=None)

*

Calculate weights of spatial assc@%.

O

@

<
2
S
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6.7 Weights of evidence

Name Type Description Default
evidential_raster DatasetReader The evidential raster. required
deposits GeoDataFrame Vector data required

representing the
mineral deposits or
occurences point
data.

raster_nodata Optional [Number] If nodata value of None
raster is wanted to
specify manually.
Optional parameter,
defaults to None Q
(nodata from raster .
metadata is used). %\

.
weights_type Literal[unique, categorical, ascending, descending] Accepted values \ 'unique’

'unique’, 'cat 1,

'ascendingya

W
cr@generalized
asses and does not
@Qe a studentized
@ contrast threshold
value while
OQ categorical,
K cumulative ascending
@0 and cumulative

descending do.

@ Categorical weights
are calculated so that

® all classes with
* studentized contrast
Q below the defined
threshold are
OQ grouped into one
\ generalized class.
‘\% Cumulative ascending
A and descending
K@ weights find the class

with max contrast and
@K group classes above/
b below into
Q generalized classes.
0 Generalized weights

are also calculated for
generalized classes.

studentized_contrast_threshold Number Studentized contrast 1
threshold value used
with 'categorical’,
'ascending' and
'descending' weight
types. Used either as
reclassification
threshold directly
(categorical) or to
check that class with
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6.7 Weights of evidence

Name Type Description Default

max contrast has
studentized contrast
value at least the
defined value
(cumulative). Defaults
to 1.

arrays_to_generate Optional[Sequence[str]] Arrays to generate None
from the computed
weight metrics. All
column names in the
produced weights_df
are valid choices. Q
Defaults to ["Class", *
"W+","S W+] for

"unique" .
weights_type a \
["Class", "W.

Returns: Q
O

Type Description K
DataFrame Dataframe with weights of spatial ass@ etween the input data.
dict Dictionary of arrays for specified ics.

dict Raster metadata. ®

int Number of deposit pixel:*

int Number of all evideage pixels.

O

Raises: . %\
Type QA)escription

ClassificationFai LedExcepti{K Unable to create generalized classes with the given studentized contrast threshold.

InvaLidColumnExceptiE @ Arrays to generate contains invalid column name(s).
e

Invali dParameter@

ption Input weights_type is not one of the accepted values.
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7. Raster processing

7. Raster processing

7.1 Clipping

clip_raster(raster, geodataframe)

Clips a raster with polygon geometries.

Parameters:

Name
raster

geodataframe

Returns:

Type
ndarray
dict

Raises:

Type

NonMatchingCrsException

GeometryTypeException

Type
DatasetReader

GeoDataFrame

Description

Description ault
The raster to be clipped. '\Orequired
A geodataframe containing the geometries to do the clippi% required
with. Should contain only polygon features. @\

c}§Q

The clipped raster data. Q

The updated metadata.

Description

%,
&

The raster and geodataframe not’in the same CRS.

The input geometries co@on-polygon features.
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7.2 Create constant raster

7.2 Create constant raster

create_constant_raster(constant_value, template_raster=None, coord_west=None, coord_north=None, coord_east=None, coord_south=None, target_epsg=None,

target_pixel_size=None, raster_width=None, raster_height=None, nodata_value=None)

Create a constant raster based on a user-defined value.

Provide 3 methods for raster creation: 1. Set extent and coordinate system based on a template raster. 2. Set extent from origin,
based on the western and northern coordinates and the pixel size. 3. Set extent from bounds, based on western, northern,
eastern and southern points.

Always provide values for height and width for the last two options, which correspond to the desired number @els for rows

and columns.

Parameters:

Name
constant_value
template_raster
coord_west
coord_east
coord_south
coord_north
target_epsg
target_pixel_size
raster_width
raster_height

nodata_value

Returns:

Type

Tuple[ndarray, dict]

XS
2
N

Type Description @ Default
Number The constant value to use in the raster. @ required
Optional[DatasetReader] An optional raster to use as a templdfte f e output. None
Optional[Number] The western coordinate of the ousput raster in [m]. None
Optional[Number] The eastern coordinate of th(@tput raster in [m]. None
Optional [Number] The southern coordina: e output raster in [m]. None
Optional [Number] The northern cooxﬁg of the output raster in [m]. None
Optional[int] The EPSG€o the output raster. None
Optional[int] The pix@ze of the output raster. None
Optional[int] T@h of the output raster. None
Optional[int] %e height of the output raster. None

Optional[Number]

*

Q : The nodata value of the output raster. None

De ion

&p e containing the output raster as a NumPy array and updated metadata.

Raises: 66

Type 00

InvalidParameterValueException

Description

Provide invalid input parameter.
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7.3 Distance to anomaly

distance_to_anomaly(anomaly_raster_profile, anomaly_raster_data, threshold_criteria_value, threshold_criteria)
Calculate distance from raster cell to nearest anomaly.

The criteria for what is anomalous can be defined as a single number and criteria text of "higher" or "lower". Alternatively, the
definition can be a range where values inside (criteria text of "within") or outside are marked as anomalous (criteria text of
"outside"). If anomaly raster profile does contain "nodata" key, np.nan is assumed to correspond to nodata values.

Parameters:
Name Type Description N fault
anomaly_raster_profile Union[Profile, dict] The raster profile in which the % required

distances to the nearest ¢

anomalous value are det@.

anomaly_raster_data ndarray The raster data in W@e required
distances to the n

anomalous value determined.

threshold_criteria_value Union[Tuple[Number, Number], Number] Value(s) @to define required
NIf the threshold

anoma,
crit: %uires a tuple of values,
t value should be the
q mum and the second the
0& aximum value.
threshold_criteria Literal[lower, higher, in_between, out% Method to define anomalous. required

Returns: ®®

Type Description
ndarray A 2D numpy array v@ne distances to anomalies computed
Union[Profile, dict] and the origil@ maly raster profile.

*
distance_to_anomaly_gdal(anomaly_rastei@ anomaly_raster_data, threshold_criteria_value, threshold_criteria, output_path, verbose=False)
Calculate distance from rast 1 to nearest anomaly.

Distance is calculated %ch cell in the anomaly raster and saved to a new raster at output path. The criteria for what is
anomalous can be d& as a single number and criteria text of "higher" or "lower". Alternatively, the definition can be a range
where values insj teria text of "within") or outside are marked as anomalous (criteria text of "outside"). If

anomaly raste le does contain "nodata" key, np.nan is assumed to correspond to nodata values.

Does not work on Windows.
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7.3 Distance to anomaly

Parameters:

Name Type Description Default

anomaly_raster_profile Union[Profile, dict] The raster profile in which the required
distances to the nearest
anomalous value are determined.

anomaly_raster_data ndarray The raster data in which the required
distances to the nearest
anomalous value are determined.

threshold_criteria_value Union[Tuple[Number, Number], Number] Value(s) used to define required
anomalous.

threshold_criteria Literal[lower, higher, in_between, outside] Method to define anomalous. %uired

*

output_path Path The path to the raster with the %\ required
distances to anomalies S %
calculated.

verbose bool Whether to print gdal ity False
output.

Returns: QQ
Path The path to the raster with the distances to anomaQ culated.

©

Type Description
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7.4 Extract values from raster

7.4 Extract values from raster

extract_values_from_raster(raster_Llist, geodataframe, raster_column_names=None)

Extract raster values using point data to a DataFrame.

If custom column names are not given, column names are file name for singleband files and file name bandnumber for
multiband files. If custom column names are given, there should be column names for each raster provided in the raster list.

Parameters:

Name

raster_Llist
geodataframe
raster_column_names

Returns:

Type

DataFrame

Raises:

Type

NonMatchingParameterLengthsException

Type
Sequence [DatasetReader]

GeoDataFrame

Optional[Sequence[str]]

Description

Description Default Q
List to extract values from. requirea\o
Object to extract values with. req%

0|

List of optional column names for bands. @

Dataframe with x & y coordinates and the values from th@%‘ file(s) as columns.

Description

%,
&

raster list and raster@ﬂsnames have different lengths.
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7.5 Reclassify raster

7.5 Reclassify raster

reclassify_with_defined_intervals(raster, interval_size, bands=None)

Classify raster with defined intervals.

If bands are not given, all bands are used for classification.

Parameters:

Name
raster

interval_size

Type Description Default

@uired
O
c. required

DatasetReader Raster to be classified.

int The number of units in each interval.

bands Optional[Sequence[int]] Selected bands from multiband raster. Indexing b \ None
from one. Defaults to None.
Returns: O
Type Description O
ndarray Raster data classified with defined intervals. @Q
dict Raster metadata.
Raises: &O
Type Description @
InvalidRasterBandException All selected bands are n ntamed in the input raster.
InvalidParameterValueException Interval size is less 1.
reclassify_with_equal_intervals(raster, number_of_inte@smone)
Classify raster with equal intervals. Q
*
If bands are not given, all bands a{e@& for classification.
Parameters: 24
Name T& Description Default
raster t@ DatasetReader Raster to be classified. required
number_of_in%@ int The number of intervals. required
bands Optional[Sequence[int]] Selected bands from multiband raster. Indexing begins None
from one. Defaults to None.
Returns:
Type Description
ndarray Raster data classified with equal intervals.
dict Raster metadata.
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7.5 Reclassify raster

Raises:
Type Description
InvalidRasterBandException All selected bands are not contained in the input raster.
InvalidParameterValueException Number of intervals is less than 2.

reclassify_with_geometrical_intervals(raster, number_of_classes, bands=None)
Classify raster with geometrical intervals.

If bands are not given, all bands are used for classification.

Parameters:
Name Type Description ‘\ODefault
raster DatasetReader Raster to be classified. . %% required
number_of_classes int The number of classes. The true number of clas 1\t required
most double the amount, depending how sym ical
the input data is.
bands Optional[Sequence[int]] Selected bands from multiband rastgr. Inidexing begins None
from one. Defaults to None. Q
Returns: 0@0
Type Description Q
ndarray Raster data classified with geometrical i t@
dict Raster metadata.
Raises: ®
Type Descriptic@
InvalidRasterBandException All sele@bands are not contained in the input raster.
InvalidParameterValueException N!fl@of classes is less than 2.
)
reclassify_with_manual_breaks(raster, @ Eands=None)
Classify raster with manual ges.
If bands are not givge’sands are used for classification.
Parameters: Q
Name 0 Type Description Default
raster DatasetReader Raster to be classified. required
breaks Sequence[int] List of break values for the classification. required
bands Optional[Sequence[int]] Selected bands from multiband raster. Indexing begins None

from one. Defaults to None.
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Returns:

Type

ndarray

dict

Raises:

Type

InvalidRasterBandException

Description

Raster data classified with manual breaks.

Raster metadata.

Description

All selected bands are not contained in the input raster.

reclassify_with_natural_breaks(raster, number_of_classes, bands=None)

Classify raster with natural breaks (Jenks Caspall).

. . . *
If bands are not given, all bands are used for classification. \6
Parameters: ®®
Name Type Description O
raster DatasetReader Raster to be classified. Q
number_of_classes int

bands

Returns:

Type

ndarray

dict

Raises:

Type

InvalidRasterBandException

InvalidParameterValueExcepti on&

Optional[Sequence[int]]

Description

The number of classes. @Q

Selected bands from m @d raster. Indexing begins
from one. Defaults tg

~

<

Raster data classified with na@eaks (Jenks Caspall).
Raster metadata. *

Q
O
. @iption

selected bands are not contained in the input raster.

Number of classes is less than 2.

reclassify_with_quanti (@r, number_of_quantiles, bands=None)
Classify raster w@uantﬂes.
If bands are n%

iven, all bands are used for classification.

Parameters:

Name
raster
number_of_quanti les

bands

Type
DatasetReader
int

Optional[Sequence[int]]

Description
Raster to be classified.

The number of quantiles.

Selected bands from multiband raster. Indexing begins
from one. Defaults to None.
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Returns:

Type
ndarray
dict

Raises:

Type

InvalidRasterBandException

InvalidParameterValueException

Description

Raster data classified with quantiles.

Raster metadata.

Description

All selected bands are not contained in the input raster.

Number of quantiles is less than 2.

reclassify_with_standard_deviation(raster, number_of_intervals, bands=None)

Classify raster with standard deviation.

If bands are not given, all bands are used for classification. @
Parameters: O®
Name Type Description O
raster DatasetReader Raster to be classified. @Q
number_of_intervals int

bands

Returns:

Type

ndarray

dict

Raises:

Type

InvalidRasterBandException

Optional[Sequence[int]]

Description

Selected bands fr
from one. Defa

"%

@

The number of interva, :@

iband raster. Indexing begins
to None.

Raster data classified wit*ndard deviation.

Raster metadata.

O
&P
@

All selected bands are not contained in the input raster.

InvaLidParameterVaLu?x@& Number of intervals is less than 2.

O
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7.6 Reprojecting

reproject_raster(raster, target_crs, resampling_method='nearest')

Reprojects raster to match given coordinate reference system (EPSG).

Parameters:
Name Type
raster DatasetReader
target_crs int

resampling_method

Returns:
Type Description
ndarray The reprojected raster data.

Raises: *

Type Description

Literal[nearest, bilinear, cubic, average, gauss, max, min]

NonMatchinCrsException Raster is@y in the target CRS.
9

4\
\6

&
N
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Description Default
The raster to be required
reprojected. Q
Target CRS as EPSG . Orequired
code. %\

29
Resampling method 'nearest'
suitable method S
on the datasetdn
context. N &ilinear
and c some
comm oices. This

@éﬁﬁi?er defaults to
X
Q/\)

dict The updated metadata. Q@
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7.7 Resampling

resample(raster, resolution, resampling_method='bilinear")

Resamples raster according to given resolution.

Parameters:

Name

raster

resolution

resampling_method

Returns:

Type

ndarray

dict

Raises:

Type

NumericValueSignException

Type

DatasetReader

Number

Literal[nearest, bilinear, cubic, average, gauss, max, min]

7.7 Resampling

Description Default

The raster to be required

O\O-Qequired

Resampling method 3 @
suitable method S
on the datasetdn

context. N &ilinear
and c some

oices. This

p@eter defaults to
@. ar.

resampled.

Target resolution i.e. cell
size of the output raster.

'bilinear’

comm

oQ(a

Description 0&
The resampled raster data. @

O
Refohﬁé@not a positive value.
K\
@

&

The updated metadata.

Descriptio:

N
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7.8 Snapping

snap_with_raster(raster, snap_raster)

Snaps/aligns raster to given snap raster.

7.8 Snapping

Raster is snapped from its left-bottom corner to nearest snap raster grid corner in left-bottom direction. If rasters are aligned,

simply returns input raster data and metadata.

Parameters:

Name Type Description

raster DatasetReader The raster to be clipped.

snap_raster DatasetReader The snap raster i.e. reference grid raster.
Returns:

Type Description

ndarray The snapped raster data.

dict The updated metadata. @Q

Raises: Q
O

Type Description K

Raster and and snap raster ar@n the same CRS.

Raster grids are already al@d.

NonMatchingCrsException

MatchingRasterGridException
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7.9 Unifying

7.9 Unifying

unify_raster_grids(base_raster, rasters_to_unify, resampling_method="nearest', same_extent=False)

Unifies (reprojects, resamples, aligns and optionally clips) given rasters relative to base raster.

Parameters:

Name

base_raster

rasters_to_unify

resamp Ling_method

same_extent

Returns:

Type

List[Tuple[ndarray, dict]]

Raises:

Typ

e
Invali dParameterVé@pt ion

Type Description Default
DatasetReader The base raster to required
determine target raster
grid properties. Q
*
Sequence [DatasetReader] Rasters to be unified with%\ required
the base raster. .
Literal[nearest, bilinear, cubic, average, gauss, max, min] Resampling met st 'nearest’
suitable meth nds
on the dat
conte st, bilinear
and c
cﬁon choices. This
eter defaults to
arest.
bool OQ If the unified rasters will False

Desc;ip@Q

be forced to have the
same extent/bounds as
the base raster. Expands
smaller rasters with
nodata cells. Defaults to
False.

Lis@ﬁed rasters' data and metadata. First element is the base raster.

@

é Description

Rasters to unify is empty.
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7.10 Unique combinations in rasters

7.10 Unique combinations in rasters

unique_combinations(raster_Llist)
Get combinations of raster values between rasters.

All bands in all rasters are used for analysis. The first band of the first raster is used for reference when making the output.

Parameters:
Name Type Description Default
raster_List Sequence [DatasetReader] Rasters to be used for finding combinations. required Q
0\‘ ’
Returns: %

R
Type Description @

ndarray Combinations of rasters. @

dict The metadata of the first raster in raster list. c

Raises: Q

Type Description 0
InvalidParameterValueException Input rasters don't have enough banc@ rform the operation or input rasters are of different
shape.
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7.11 Windowing

7.11 Windowing

extract_window(raster, center_coords, height, width)
Extract window from raster.

Center coordinate must be inside the raster but window can extent outside the raster in which case padding with raster nodata
value is used. Args: raster: Source raster. center coords: Center coordinates for window in form (x, y). The coordinates should be
in the raster's CRS. height: Window height in pixels. width: Window width in pixels.

Returns:

Type Description . OQ

ndarray The extracted raster window. %
9

dict The updated metadata. @\

Raises: @

Type Description < ,

InvalidParameterValueException Window size is too small. Q

CoordinatesOutOfBoundException Window center coordinates are out of raste; ds.
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7.12 Derivatives

7.12 Derivatives

7.12.1 Classification

CLASSIFY_ASPECT(RASTER, UNIT='RADIANS', NUM_CLASSES=8)
Classify an aspect raster data set.
Can classify an aspect raster into 8 or 16 equally spaced directions with intervals of pi/4 and pi/8, respectively.

Exemplary for 8 classes, the center of the intervall for North direction is 0°/360° and edges are [337.5°, 22.5°], countlng forward
in clockwise direction. For 16 classes, the intervall-width is half with edges at [348,75°, 11,25°].

Directions and interval for 8 classes: N: (337.5, 22.5), NE: (22.5, 67.5), E: (67.5, 112.5), SE: (112.5, 157. %\Q57 5, 202.5), SW:
(202.5, 247.5), W: (247.5, 292.5), NW: (292.5, 337.5)

Directions and interval for 16 classes: N: (348.75, 11.25), NNE: (11.25, 33.75), NE: (33.75, 56. 2@ : (56.25, 78.75), E:
(78.75, 101.25), ESE: (101.25, 123.75), SE: (123.75, 146.25), SSE: (146.25, 168.75), S: (168. 25), SSW: (191.25, 213.75),
SW: (213.75, 236.25), WSW: (236.25, 258.75), W: (258.75, 281.25), WNW: (281.25, 303.75, ?(303.75, 326.25), NNW: (326.25,

348.75) C)

Flat pixels (input value: -1) will be kept, the class is called ND (not defined). Q

Parameters: 0
Name Type Description Q Default
raster DatasetReader The input ras@ ta. required
unit Literal[radians, degrees] The unit input raster. Either "degrees" or 'radians'
"radia@“
num_classes int @mber of classes for discretization. Either 8 or 8
1 asses allowed.

S
Q{\

@,
Type Descri
tuple[ndarray, dict, dict] & sified aspect raster, a class mapping dictionary and the updated metadata.
Raises: K
Type @ Description
InvaLidParamete@xception Invalid number of classes requested.
InvaLidRasteﬁfxception Input raster has more than one band.
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7.12.2 Parameters

7.12.2 Parameters

FIRST_ORDER(RASTER, PARAMETERS, SCALING_FACTOR=1, SLOPE_TOLERANCE=0, SLOPE_GRADIENT_UNIT='RADIANS', SLOPE_DIRECTION_UNIT='RADIANS', METHOD='HORN')

Calculate the first order surface attributes.

For compatibility for slope and aspect calculations with ArcGIS or QGIS, choose Method Horn (1981).

Parameters:
Name Type Description Default
raster DatasetReader Input raster. 6uired
parameters Sequence[Literal[G, A]] List of surface parameters to be . Orequired
calculated. %\
9
scaling_factor Optional [Number] Scaling factor to be applied to the \ 1
raster data set. Default to 1. @
slope_tolerance Optional [Number] Tolerance value for flat pix@%fﬁult 0
to 0.
slope_gradient_unit Literal[degrees, radians, rise] Unit of the slope ger parameter. 'radians'
Default to radlaQ
slope_direction_unit Literal[degrees, radians] Unit of t! direction parameter. 'radians'
DefauQ dians.
method Literal[Horn, Evans, Young, Zevenbergen] for calculating the coefficients. "Horn'

@&ult to the Horn (1981) method.

Returns: @
Type Description ®

dict Selected surface attri@d respective updated metadata.
Raises: OQ

.
Type ’@iption

InvalidRasterBandException @*aster has more than one band.
NonSquarePixelSizeExceptionKK

InvaLudParameterVaLuE@o Wrong input parameters provided.

SECOND_ORDER_BASIC @ PARAMETERS, SCALING_FACTOR=1, SLOPE_TOLERANCE=0, METHOD='YOUNG')

Pixel dimensions do not have same length.

Calculate the second order surface attributes.
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7.12.2 Parameters

References v

Young, M., 1978: Terrain analysis program documentation. Report 5 on Grant DA-ERO-591-73-G0040, 'Statistical characterization of
altitude matrices by computer'. Department of Geography, University of Durham, England: 27 pp.

Zevenbergen, L.W. and Thorne, C.R., 1987: Quantitative analysis of land surface topography, Earth Surface Processes and
Landforms, 12: 47-56.

Wood, J., 1996: The Geomorphological Characterisation of Digital Elevation Models. Doctoral Thesis. Department of Geography,
University of Leicester, England: 466 pp.

Parameters longc and crosc from are referenced by Zevenbergen & Thorne (1987) as profile and plan curvature. For compatibility
with ArcGIS, choose Method Zevenbergen & Thorne (1987) and parameters longc and crosc.

Parameters:

Name
raster

parameters

scaling_factor

slope_tolerance

method

Returns:

Type

dict

Type
DatasetReader

Sequence[Literal[planc, profc, profc_min, profc_max, longc, crosc, rot, K, genc, tan

O
. &iption Default
Q\nput raster. required

@ List of surface required
parameters to

‘ ’ : be calculated.

Optional[Number] Q
Optional[Number] @&

&

Literal[Evans, Young, Zevenber%

ﬁascription

b Selected surface attributes and respective updated metadata.

Raises: 0

Type Description

InvalidRasterBandException Raster has more than one band.
NonSquarePixelSizeException Pixel dimensions do not have same length.
InvalidParameterValueException Wrong input parameters provided.

- 88/133 -

Scaling factor 1
to be applied

to the raster

data set.

Default to 1.

Tolerance 0
value for flat

pixels. Default

to 0.

Method for 'Young'
calculating the

coefficients.

Default to the

Young (1978)

method.
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7.12.3 Partial derivatives
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7.13 Filters

7.13.1 Focal

FOCAL_FILTER(RASTER, METHOD='MEAN', SIZE=3, SHAPE='CIRCLE')

Apply a basic focal filter to the input raster.

7.13 Filters

Parameters:
Name Type Description efault
raster DatasetReader The input raster dataset. .\ quired
method Literal[mean, median] The method to use for filtering. Can be either "mean" % 'mean’
"median". Default to "mean". * %
size int The size of the filter window. E.g., 3 means a & 3
window. Default to 3.
shape Literal[square, circle] The shape of the filter window. Can eLQ‘ "square" "circle’
or "circle". Default to "circle".
Returns: @*
Type Description :Q
tuple[ndarray, dict] The filtered raster array. 0&
Raises: @

Type Description ®

Z

InvalidRasterBandException If the input ra as more than one band.
InvalidParameterValueException If the ﬁlter&s smaller than 3. If the filter size is not an odd number. If the shape is not

GAUSSIAN_FILTER(RASTER, SIGMA=1, TRUNCATE=4, SIZE=W)NE6

Apply a gaussian filter to the i@&asten

Parameters: K

Name 6a§pe

raster 00 DatasetReader

sigma Number
truncate Number
size Optional[int]

"squarf@'circle".
0\

Description Default
The input raster dataset. required
The standard deviation of the gaussian kernel. 1
The truncation factor for the gaussian kernel based on the 4

sigma value. Only if size is not given. Default to 4.0. E.g., for
sigma = 1 and truncate = 4.0, the kernel size is 9x9.

The size of the filter window. E.g., 3 means a 3x3 window. If None
size is not None, it overrides the dynamic size calculation
based on sigma and truncate. Default to None.
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7.13.1 Focal

Returns:
Type Description
tuple[ndarray, dict] The filtered raster array.
Raises:
Type Description
InvalidRasterBandException If the input raster has more than one band.
InvalidParameterValueException If the filter size is smaller than 3. If the filter size is not an odd number. If the resulting radius is

smaller than 1.

MEXICAN_HAT_FILTER(RASTER, SIGMA=1, TRUNCATE=4, SIZE=NONE, DIRECTION='CIRCULAR') *

o)

Apply a mexican hat filter to the input raster. . 6%\
Circular: Lowpass filter for smoothing. Rectangular: Highpass filter for edge detection. Results d further normalization.
Parameters: @

Name Type Description QO Default

raster DatasetReader The input raster dataset. Q required

sigma Number The standard deviati @' 1

truncate Number The truncation f E.g., for sigma = 1 and 4

truncate = 4 ernel size is 9x9. Default to

4.0. 0

size Optional[int] The the filter window. E.g., 3 means a 3x3 None
wimglow. Default to None.

direction Literal[rectangular, circular] \?e direction of calculating the kernel values. Can "circular’
e either "rectangular" or "circular". Default to

@ "circular".
Returns: OQ

*

Type Descil&@
tuple[ndarray, dict] Th@ ed raster array.
Raises: é
Type 6 Description
InvaLidRaste@[xception If the input raster has more than one band.
InvalidParameterValueException If the filter size is smaller than 3. If the filter size is not an odd number. If the resulting radius is

smaller than 1.
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7.13.2 Kernels
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7.13.3 Speckle

7.13.3 Speckle

FROST_FILTER(RASTER, SIZE=3, DAMPING_FACTOR=1.0)
Apply a Frost filter to the input raster.

Higher damping factor result in better edge preservation.

Parameters:
Name Type Description Default
raster DatasetReader The input raster dataset. 6uired
size int The size of the filter window. E.g., 3 means a 3x3 window. . 03

Default to 3.

damping values preserve edges better but smooths
Smaller values produce more smoothing. Default&

Returns: < ,O
Type Description Q

tuple[ndarray, dict] The filtered raster array. 0

. ::
damping_factor Number Extent of exponential damping effect on filtering. Larg?\% 1.0

Raises:

Type Description @0
InvalidRasterBandException If the input raster has m@than one band.
InvalidParameterValueException If the filter size is @tban 3. If the filter size is not an odd number.

GAMMA_FILTER(RASTER, SIZE=3, N_LOOKS=1) @

Apply a Gamma filter to the input raster. Q

Higher number of looks result in betté\ preservation.
>

Parameters: l\

Name T Description Default
raster étasetReader The input raster dataset. required
size b int The size of the filter window. E.g., 3 means a 3x3 window. 3

Q Default to 3.

n_Looks int Number of looks to estimate the noise variation. Higher 1
values result in higher smoothing. Low values may result in
focal mean filtering. Default to 1.

Returns:
Type Description
tuple[ndarray, dict] The filtered raster array.
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7.13.3 Speckle

Raises:
Type Description
InvalidRasterBandException If the input raster has more than one band.
InvalidParameterValueException If the filter size is smaller than 3. If the filter size is not an odd number.

KUAN_FILTER(RASTER, SIZE=3, N_LOOKS=1)
Apply a Kuan filter to the input raster.

Higher number of looks result in better edge preservation.

Parameters: Q
Name Type Description ‘\ODefault
raster DatasetReader The input raster dataset. . %% required
size int The size of the filter window. E.g., 3 means a 3x3 win| A\ 3
Default to 3.
n_Looks int Number of looks to estimate the noise variati igher 1
values result in higher smoothing. Low vglue y result in
focal mean filtering. Default to 1.
Returns: ®®'
Type Description OQ

tuple[ndarray, dict] The filtered raster array.

N
Raises: Q@
Type Description ®

InvalidRasterBandException If the input rass*as more than one band.
InvalidParameterValueException If the ﬁlfﬁsiz; is smaller than 3. If the filter size is not an odd number.

LEE_ADDITIVE_MULTIPLICATIVE_NOISE_FILTER(RASTER, srzs=3,‘_vnn=o.zs, ADD_NOISE_MEAN=0, MULT_NOISE_MEAN-=1)
)
Apply a Lee filter considering bo@@ ive and multiplicative noise components in the input raster.

Lower noise values result in@r edge preservation.

Parameters: é
Name 06 Type Description Default
raster 0 DatasetReader The input raster dataset. required

size int The size of the filter window. E.g., 3 means a 3x3 window. 3
Default to 3.

add_noise_var Number The additive noise variation. Default to 0.25. 0.25
add_noise_mean Number The additive noise mean. Default to 0. 0
mult_noise_mean Number The multiplative noise mean. Default to 1. 1
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Returns:
Type Description
tuple[ndarray, dict] The filtered raster array.
Raises:
Type Description
InvalidRasterBandException If the input raster has more than one band.

InvalidParameterValueException If the filter size is smaller than 3. If the filter size is not an odd number.

LEE_ADDITIVE_NOISE_FILTER(RASTER, SIZE=3, ADD_NOISE_VAR=0.25)
. . Py . . . g
Apply a Lee filter considering additive noise components in the input raster. \

Lower noise values result in better edge preservation. ’\%

Parameters: @

Name Type Description O® Default

raster DatasetReader The input raster dataset. Q required
size int The size of the filter window. E.g., @15 a 3x3 window. 3
Default to 3.
add_noise_var Number The additive noise Variatioault to 0.25. 0.25
Returns: @&
Type Description

tuple[ndarray, dict] The filtered raster array. ®

Raises: @
Type Descripti
*
InvalidRasterBandException If \ ut raster has more than one band.
*

InvalidParameterValueException &%he filter size is smaller than 3. If the filter size is not an odd number.
LEE_ENHANCED_FILTER(RASTER, SIZE-3, u_mo&pmc_maon:m)

Apply an enhanced e@&r to the input raster.

Higher number (ﬂ and damping factor result in better edge preservation.
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Parameters:

Name
raster

size

n_Llooks

damping_factor

Returns:

Type

tuple[ndarray, dict]

Raises:

Type
InvalidRasterBandException

InvalidParameterValueExcepti

LEE_MULTIPLICATIVE_NOISE_FILTER(RASTER,

7.13.3 Speckle

Type Description Default
DatasetReader The input raster dataset. required
int The size of the filter window. E.g., 3 means a 3x3 window. 3

Default to 3.

int Number of looks to estimate the noise variation. Higher 1
values result in higher smoothing. Low values may result in
focal mean filtering. Default to 1.

Number Extent of exponential damping effect on filtering. Larger 1.0
damping values preserve edges better but smooths less.
Smaller values produce more smoothing. Default to 1. OQ
*

Description @

The filtered raster array. @
Description Q

If the input raster has more than one ba Q
on If the filter size is smaller than 3. If size is not an odd number.

SIZE=3, MULT_NOISE_MEAN=1, N_LOOKS=1)

Apply a Lee filter considering multiplicative noise compon s il the input raster.

Higher number of looks result in better edge preserv& .

Parameters: :*
Name Type Description Default
raster DatasetReader \O The input raster dataset. required
size

mult_noise_mean {

n_Llooks t 6
Returns: 0

Type

tuple[ndarray, dict]

Raises:

Type

InvalidRasterBandException

!\ The size of the filter window. E.g., 3 means a 3x3 window. 3

@ Default to 3.

nt Number of looks to estimate the noise variation. Higher 1
values result in higher smoothing. Default to 1.

The multiplative noise mean. Default to 1. 1

Description

The filtered raster array.

Description

If the input raster has more than one band.

InvalidParameterValueException If the filter size is smaller than 3. If the filter size is not an odd number.
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8. Training data tools

8. Training data tools

8.1 Class balancing

balance_SMOTETomek(X, y, sampling_strategy='auto', random_state=None)

Balances the classes of input dataset using SMOTETomek resampling method.

Parameters:

Name

X

y

sampling_strategy

random_state

Returns:

Type

Type
Union[DataFrame, ndarray]
Union[Series, ndarray]

Union[float, str, dict]

Optional[int]

Description

The feature matrix (input data as a DataFrame).
The target labels corresponding to the feature matr%

Parameter controlling how to perform the resi

If float, specifies the ratio of samples in
to samples of majority class, if str, spec

be resampled ("minority", "not mingrrit;
majority", "all", "auto"), if dict, the\ke

targeted classes and values tthsired

"auto"

samples for the class. Defa
resample all classes exc majority class.

Parameter Control;&domization of the algorithm.
Can be given a 5& umber). Defaults to None,

which ran he seed.

&cﬂption

@ault
‘\Orequired

required
IThg. 'auto’
mi >class
i classes to
ot
should be
number of
, which will
None

tuple[Union[DataFrame, ndarray], Union[Series, ndarra@ Resampled feature matrix and target labels.

Raises:

Type

NonMatchingParameterLengths

O

’\% escription

Exceptj A
&

<
2
S

If X and y have different length.
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9. Transformations

9. Transformations

9.1 Binarize

binarize(raster, thresholds, bands=None, nodata=None)
Binarize data based on a given threshold.
Replaces values less or equal threshold with 0. Replaces values greater than the threshold with 1.
Takes one nodata value which will be re-written after transformation.

If no band/column selection specified, all bands/columns will be used. If a parameter contains only 1 entry,,@l be applied for
all bands. The threshold can be set for each band individually. %

9
Parameters: \

Name Type Description &ﬁ

raster DatasetReader Data object to be transformed. Q required
bands Optional[Sequence[int]] Selection of bands to be transformed. None
thresholds Sequence [Number] Threshold values for transfm%ﬁ required
nodata Optional[Number] Nodata value to be con . None

Returns: 0&
Name Type Description @

out_array ndarray The tra: data.
out_meta dict Upd ttmetadata.
out_settings dict @Anput settings and calculated statistics if available.

Raises: ‘\OQ

*

Type !\%Description
InvalidRasterBandException @ The input contains invalid band numbers.

NonMatchingParameterLengthg%eption The input does not match the number of selected bands.
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9.2 Clip

9.2 Clip

clip_transform(raster, limits, bands=None, nodata=None)
Clips data based on specified upper and lower limits.

Takes one nodata value that will be ignored in calculations. Replaces values below the lower limit and above the upper limit with
provided values, respecively. Works both one-sided and two-sided but raises error if no limits provided.

If no band/column selection specified, all bands/columns will be used. If a parameter contains only 1 entry, it will be applied for
all bands. The limits can be set for each band individually.

Parameters: OQ

*
Name Type Description . % Default
raster DatasetReader Data object to be transfor: ) required
bands Optional[Sequence[int]] Selection of bands toJe None
transformed. &
limits Sequence[Tuple[Optional[Number], Optional[Number]]] Lower and u@imits (lower, required
upper) asgeal values.
nodata Optional [Number] Noda% e to be considered. None
%,
Returns: OQ
Name Type Description K
out_array ndarray The transforme&.
out_meta dict Update ta.
out_settings dict Loq%t settings and calculated statistics if available.

Raises: Q :
Type ‘®Cription

*
InvalidRasterBandException !\ The input contains invalid band numbers.
NonMatchingParameterLengthsExc@ The input does not match the number of selected bands.
InvaLidParameterVaLueExcigf% The input does not match the requirements (values, order of values).

o‘\b
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9.3 Linear

min_max_scaling(raster, bands=None, new_range=[(0, 1)], nodata=None)

Normalize data based on a specified new range.

9.3 Linear

Uses the provided new minimum and maximum to transform data into the new interval. Takes one nodata value that will be

ignored in calculations.

If no band/column selection specified, all bands/columns will be used. The new range can be set for each band individually. If a

parameter contains only 1 entry, it will be applied for all bands.

Parameters: OQ

*
Name Type Description % Default
>
raster DatasetReader Data object to be transformed. @\ required
bands Optional[Sequence[int]] Selection of bands to be transformed None
new_range Sequence[Tuple[Number, Number]] The new interval data will be N @ ed into. [(0, 1)]
First value corresponds to mif, sekond to max.

nodata Optional[Number] Nodata value to be Consi@l. None

_ P
N

Name Type Description K

out_array ndarray The transform t

out_meta dict Updated me@ata.

out_settings dict Log of®ettings and calculated statistics if available.

Raises: @
Type &ption
*

InvalidRasterBandException N %\he input contains invalid band numbers.
NonMatchingParameterLengthsExcepti \ The input does not match the number of selected bands.
InvaLidParameterVaLueExceptionK The input does not match the requirements (values, order of values).

z_score_normalization(la@andsmone, nodata=None)

Normalize da§s on mean and standard deviation.

Results will have a mean = 0 and standard deviation = 1. Takes one nodata value that will be ignored in calculations.

If no band/column selection specified, all bands/columns will be used. If a parameter contains only 1 entry, it will be applied for

all bands.

Parameters:
Name Type Description Default
raster DatasetReader Data object to be transformed. required
bands Optional[Sequence[int]] Selection of bands to be transformed. None
nodata Optional[Number] Nodata value to be considered. None
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9.3 Linear

Returns:
Name Type Description
out_array ndarray The transformed data.
out_meta dict Updated metadata.
out_settings dict Log of input settings and calculated statistics if available.
Raises:
Type Description

InvalidRasterBandException The input contains invalid band numbers.

NonMatchingParameterLengthsException The input does not match the number of selected bands. '\O
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9.4 Logarithmic

log_transform(raster, bands=None, log_transform=['log2'], nodata=None)

Perform a logarithmic transformation on the provided data.

9.4 Logarithmic

Takes one nodata value that will be ignored in calculations. Negative values will not be considered for transformation and

replaced by the specific nodata value.

If no band/column selection specified, all bands/columns will be used. If a parameter contains only 1 entry, it will be applied for

all bands. The log transform can be set for each band individually.

Selection of bands to be transformed.

*

o)

Default
>

@\ required
None

The base for logarithmic transforma@walues ['log2']

Nodata value to be considered. Q None

0

R

Parameters:
Name Type Description
raster DatasetReader Data object to be transformed.
bands Optional[Sequence[int]]
Log_transform Sequence[str]
'In', 'log2' and 'log10'.
nodata Optional[Number]
Returns:
Name Type Description K
out_array ndarray The transform t
out_meta dict Updated me@ata.
out_settings dict

Raises: @
Type &ption
*

InvalidRasterBandException
NonMatchingParameterLengthsExcepti

InvalidParameterVa LueExcepti{K
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Log of@ettings and calculated statistics if available.

N %\he input contains invalid band numbers.
\ The input does not match the number of selected bands

The input does not match the requirements (values, order of values)
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9.5 One-hot encoding

9.5 One-hot encoding

one_hot_encode(data, columns=None, drop_original_columns=True, drop_category=None, sparse_output=True, out_dtype=int, handle_unknown="infrequent_if_exist',

min_frequency=None, max_categories=None)
Perform one-hot (or one-of-K or dummy) encoding on categorical data in a DataFrame or NumPy array.

This function converts categorical variables into a form that could be provided to machine learning algorithms for better
prediction. For each unique category in the feature, a new binary column is created.

Continuous data should not be given to this function to avoid excessive amounts of binary features. If input is a DataFrame,
continuous data can be excluded from encoding by specifying columns to encode.

o)
The function allows control over aspects like handling unknown categories, controlling sparsity of the ou%@nd setting data
type of the encoded columns. . %
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9.5 One-hot encoding

Parameters:
Name Type Description Default
data Union[DataFrame, ndarray] Input data as a DataFrame or required
Numpy array. If a DataFrame is
provided, the operation can be
restricted to specified columns.
columns Optional[Sequence[str]] Specifies the columns to encode None

if 'data' is a DataFrame. If None,
all columns are considered for
encoding. Ignored if 'data’ is a
Numpy array. Defaults to None.

drop_original_columns bool If True and 'data’' is a . 00
DataFrame, the original columns

being encoded will be dropped . %@

from the output. Defaults to
True. @

drop_category Optional[Literal[first, if_binary]] Specifies a method to d@le None
of the categories e &
multicollinearityy,'firgt' drops the

first categorymif binary' drops
one cate nly if the feature

is bin I&None, no category is
dr(@?efaults to None.
sparse_output bool r ines whether the output True

atrix is sparse or dense.

@0 Defaults to True (sparse).

out_dtype Union[type, dtype] @ Numeric data type of the output. int
Q Defaults to int.
hand Le_unknown Literal[error, ignore, infreqient_if_exist] Specifies how to handle "infrequent_if_exist'
Q unknown categories encountered
during transform. 'error' raises

an error, 'ignore' ignores

‘\O unknown categories, and
0\%

‘infrequent if exist' treats them
as infrequent. Defaults to

@ ‘infrequent_if exist'.
min_frequency &pionaL[Number] The minimum frequency (as a None

a category in encoding. Optional

E é float or an int) needed to include

parameter. Defaults to None.

max,categories0 Optional[int] The maximum number of None

categories to include in
encoding. Optional parameter.
Defaults to None.

Returns:
Type Description
Union[DataFrame, ndarray, csr_matrix] Encoded data as a DataFrame if input was a DataFrame, or as a Numpy array (dense or

sparse) if input was a Numpy array.
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9.5 One-hot encoding

Raises:
Type Description
EmptyDataFrameException If the input DataFrame is empty.
InvalidDatasetException If the input Numpy array is empty.

TnvalidColumnException If any specified column to encode does not exist in the input DataFrame.
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9.6 Sigmoid

9.6 Sigmoid

sigmoid_transform(raster, bands=None, hounds=[(0, 1)], slope=[1], center=True, nodata=None)
Transform data into a sigmoid-shape based on a specified new range.

Uses the provided new minimum and maximum, shift and slope parameters to transform the data. Takes one nodata value that
will be ignored in calculations.

If no band/column selection specified, all bands/columns will be used. If a parameter contains only 1 entry, it will be applied for
all bands. The bounds and slope values can be set for each band individually.

Parameters: OQ

*

Name Type Description % Default
9
raster DatasetReader Data object to be transformed. @\ required
bands Optional[Sequence[int]] Selection of bands to be transformed None
bounds Sequence[Tuple[Number, Number]] Boundaries for the calculatio: @mmoid [(0, 1)]
function (lower, upper).
slope Sequence [Number] Value which modifies the@e of the resulting [1]

sigmoid-curve.

sigmoid tran Ation.

center bool Center array und mean = 0 before True
nodata Optional[Number] Now 0 be considered. None

Returns:
Name Type Descr@
out_array ndarray nsformed data.
out_meta dict Updated metadata.
out_settings dict \O Log of input settings and calculated statistics if available.

Raises: A\
@

Type Description

InvalidRasterBandExc @ The input contains invalid band numbers.
NonMatchingParan@ngthsException The input does not match the number of selected bands.
InvaLidParam&LueException The input does not match the requirements (values, order of values)
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9.7 Winsorize

9.7 Winsorize

winsorize(raster, percentiles, bands=None, inside=False, nodata=None)
Winsorize data based on specified percentile values.

Takes one nodata value that will be ignored in calculations. Replaces values between [minimum, lower percentile] and [upper
percentile, maximum] if provided. Works both one-sided and two-sided but raises error if no percentile values provided.

Percentiles are symmetrical, i.e. percentile lower = 10 corresponds to the interval [min, 10%]. And percentile upper = 10
corresponds to the intervall [90%, max]. I.e. percentile lower = 0 refers to the minimum and percentile upper = 0 to the data

maximum. Q
*

Calculation of percentiles is ambiguous. Users can choose whether to use the value for replacement from,j or outside of the
respective interval. Example: Given the np.array[5 10 12 15 20 24 27 30 35] and percentiles(10, 101, t %
are (5, 35) for inside and (10, 30) for outside. This results in [5 10 12 15 20 24 27 30 35] and [10&

culated percentiles

20 24 27 30 30],
respectively.

If no band/column selection specified, all bands/columns will be used. If a parameter contai ly 1 entry, it will be applied for
all bands. The percentiles can be set for each band individually, but inside parameter G for all bands.

"\

Parameters:

Name Type De on Default
raster DatasetReader object to be transformed. required
bands Optional[Sequence[int]] &election of bands to be None
0 transformed.
percenti les Sequence[Tuple[Optional[Number], Optional[Number Lower and upper percentile required
values (lower, upper) between
\‘g\ [0, 100].
inside bool * Whether to use the value for False
Q replacement from the left or

Q right of the calculated
. O percentile.
nodata OptionaL[Nm@\ Nodata value to be considered. None
Returns: @

Name e Description

out_array 6 ndarray The transformed data.

out_meta 0 dict Updated metadata.

out_settings dict Log of input settings and calculated statistics if available.
Raises:

Type Description

InvalidRasterBandException The input contains invalid band numbers.

NonMatchingParameterLengthsException The input does not match the number of selected bands.

InvalidParameterValueException The input does not match the requirements (values, order of values)
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9.8 Coda

9.8.1 Additive logratio transform

ALR_TRANSFORM(DF, COLUMN=NONE, KEEP_DENOMINATOR_COLUMN=FALSE)

Perform an additive logratio transformation on the data.

*

Parameters:
Name Type Description efault
df DataFrame A dataframe of compositional data. .\ quired
column Optional[str] The name of the column to be used as the denominato, % None
column. %
keep_denominator_column bool Whether to include the denominator column i @ False
result. If True, the returned dataframe reta@
original shape. O
Returns: Q
Type Description 0@0
DataFrame A new dataframe containing the ALR transformef Q
Raises: @0
Type Description @
InvalidColumnException The input column isn@l in the dataframe.
InvalidCompositionException Data is not normaljZed to the expected value.
Numer i cValueSignException Data contai&@s or negative values.
INVERSE_ALR(DF , DENOMINATOR_COLUMN, SCALE=1.0) . \O
*
Perform the inverse transformatio set of ALR transformed data.
Parameters: K
Name é{pe Description Default
df 6 DataFrame A dataframe of ALR transformed compositional data. required
denominator_@Q str The name of the denominator column. required
scale Number The value to which each composition should be normalized. 1.0
Eg., if the composition is expressed as percentages,
scale=100.
Returns:
Type Description
DataFrame A dataframe containing the inverse transformed data.
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9.8.1 Additive logratio transform

Raises:
Type Description
Numer icValueSignException The input scale value is zero or less.
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9.8.2 Centered logratio transform

CLR_TRANSFORM(DF)

Perform a centered logratio transformation on the data.

Parameters:
Name Type Description
df DataFrame A dataframe of compositional data.
Returns:
Type Description
DataFrame A new dataframe containing the CLR transformed data.
Raises:
Type Description

InvalidCompositionException Data is not normalized to the expected value.

Numer i cValueSignException Data contains zeros or negative values.

INVERSE_CLR(DF, COLNAMES=NONE, SCALE=1.0) Q

Perform the inverse transformation for a set of CLR transformed (16&

)

9.8.2 Centered logratio transform

Default

required

Parameters:
Name Type D PHion Default
df DataFrame %ﬁi&ﬁframe of CLR transformed compositional data. required
colnames Optional[Sequence[str]] t of column names to rename the columns to. None
scale Number The value to which each composition should be 1.0

LS \%\ percentages, scale=100.
Returns: @

Type scription
DataFrame Q A dataframe containing the inverse transformed data.
Raises: o
Type Description

NumericValueSignException The input scale value is zero or less.
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9.8.3 Isometric logratio transform

9.8.3 Isometric logratio transform

SINGLE_ILR_TRANSFORM(DF, SUBCOMPOSITION_1, SUBCOMPOSITION_2)
Perform a single isometric logratio transformation on the provided subcompositions.

Returns ILR balances. Column order matters.

Parameters:
Name Type Description Default
df DataFrame A dataframe of shape [N, D] of compositional data. regulired
subcomposition_1 Sequence[str] Names of the columns in the numerator part of the ratio. . @quired
subcomposition_2 Sequence[str] Names of the columns in the denominator part of the raEiog% required

Returns: @
Type Description O@

Series A series of length N containing the transforms. Q

N

Type Description

InvalidColumnException One or more subcomposition coluSi e not found in the input dataframe.

InvalidCompositionException Data is not normalized to ti@ ed value or one or more columns are found in both
subcompositions.

InvalidParameterValueException At least one subco sision provided was empty.

NumericValueSignException Data contains ﬂ& or negative values.
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9.8.4 Pairwise logratio transform

PAIRWISE_LOGRATIO(DF, NUMERATOR_COLUMN, DENOMINATOR_COLUMN)

Perform a pairwise logratio transformation on the given columns.

Parameters:
Name Type Description
df DataFrame
transformation.
numerator_column str
denominator_column str
Returns:
Type Description
Series A series containing the transformed values.
Raises:
Type Description

InvalidColumnException

InvalidParameterValueException
SINGLE_PAIRWISE_LOGRATIO(NUMERATOR, DENOMINATOR)

Perform a pairwise logratio transformation on the gi@ues.

Parameters: *

Name Type Description

numerator Number ‘\O The numerator in the ratio.

*
denominator Number !\% The denominator in the ratio.

Returns: KQ

float64 The transformed value.

Type 6®$escﬁption
\

Raises:

Type Description

InvalidParameterValueException One or both input values are zero.
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The dataframe containing the columns to use in the

The name of the column to use as the numerator column.

The name of the column to use as the denominator.

O

)

One or both of the input columns ar; @and in the dataframe.

The input columns contain a@ne zero value.

Default
required

required

9.8.4 Pairwise logratio transform

Default

required

O%uired

*

%\ required
N

@6\
O
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9.8.5 Pivot logratio transform

9.8.5 Pivot logratio transform

PLR_TRANSFORM(DF)

Perform a pivot logratio transformation on the dataframe, returning the full set of transforms.

Parameters:

Name Type Description Default

df DataFrame A dataframe of shape [N, D] of compositional data. required
Returns: Q

O
Type Description %\
>
DataFrame A dataframe of shape [N, D-1] containing the set of PLR transformed data. \%

&
O

Type Description < ,

InvalidColumnException The data contains one or more zeros. Q
InvalidCompositionException Data is not normalized to the expected value. E @'
NumericValueSignException Data contains zeros or negative values. Q

SINGLE_PLR_TRANSFORM(DF, COLUMN)

Perform a pivot logratio transformation on the selected colu"@

Pivot logratio is a special case of ILR, where the numera c@ the ratio is always a single part and the denominator all of the
parts to the right in the ordered list of parts. \

Column order matters. *

Parameters: Q
O

Name Type \ Description Default

W

column st@ The name of the numerator column to use for the required

K transformation.
Returns: Qb
Type 0 Description

df DataFrame A dataframe of shape [N, D] of compositional data. required

Series A series of length N containing the transforms.
Raises:
Type Description
InvalidColumnException The input column isn't found in the dataframe, or there are no columns to the right of the given
column.
InvalidCompositionException Data is not normalized to the expected value.
Numer icValueSignException Data contains zeros or negative values.
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10. Utilities

10. Utilities

10.1 File I/O utilities

get_output_paths_from_common_name(outputs, directory, common_name, extension, first_num=1)
Get output paths for cases where outputs should be just numbered.

Combines directory, given common file name, number and extension. Outputs are used to get the number used as suffix. Include

dot in the extension, for example '.tif".
*

This tool is designed mainly for convenience in CLI functions. OQ

Parameters: %\

N

Name Type Description @ Default

input_paths Outputs. Used just to iterate and get numbers f(@ﬁ es. required

directory Path Path of the output directory. O required

common_name str Common name used as the basis of each@ut file name. A required
number is appended to this.

extension str The extension used for the out@, for example ".tif". required

first_num int The first number used ason‘ 1

Returns: @0

Type Description @

Sequence[Path] List of output paths. ®
get_output_paths_from_inputs(input_paths, directory, s@ns ion)

Get output paths using input paths to extra@le name bases.
*
Combines directory, file name extrac% m input path, suffix and extension. Include dot in the extension, for example '.tif".
*

This tool is designed mainly for oo&nience in CLI functions.

Parameters: K
Name e ype Description Default
input_paths Q Sequence[Path] Input paths. required
directory Path Path of the output directory. required
suffix str Common suffix added to the end of each output file name, required
for example "nodata unified".
extension str The extension used for the output path, for example ".tif". required
Returns:
Type Description
Sequence[Path] List of output paths.

-116/133 - Made by <a href="info@gispo.fi">Gispo Ltd.</a>



get_output_paths_from_names(file_names, directory, suffix, extension)

Get output paths directly from given file names.

Combines directory, file name, suffix and extension. Include dot in the extension, for example ".tif'.

This tool is designed mainly for convenience in CLI functions.

Common suffix added to the end of each output file name,

Parameters:
Name Type Description
input_paths Raw file names.
directory Path Path of the output directory.
suffix str
for example "nodata unified".
extension str
Returns:
Type Description
Sequence[Path] List of output paths.

read_and_stack_rasters(raster_files, nodata_handling='convert_to_nan')

Read multiple raster files and stack all their bands into a single 3D array’

The extension used for the output path, for example ".tif'\%

)

Checks that all rasters have the same grid properties. If there are é ifferences, exception is raised.

Parameters:

"%

&

Sequence[Path] *
Literal[convert_to_nan, ur@ai _exception, none]

Name Type
raster_files

nodata_handling

<
2
S

Returns:
Type Description
ndarray 3D array with shape (total bands, height, width).

Sequence[Profi le] List of raster profiles.

Raises:

Type Description

NonMatchingRasterMetadataException

Description
List of paths to raster files.

How to handle raster nodata.
convert to nan to changes all
nodata to np.nan, unify
changes all rasters to use
-9999 as their nodata value,
raise_exception raises an
exception if all rasters do not
have the same nodata value,
and none does not do anything
for nodata.

and mismatching nodata is encountered.
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10.1 File I/O utilities

Default
required
required

quired

required

Default
required

'convert_to_nan'

If input rasters do not have same grid properties or nodata handling is set to raise exception
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10.1 File I/O utilities

read_file(file_path)
Read an input file trying different readers.

First tries to read to a rasterio DatasetReader, then to a GeoDataFrame, then to a DataFrame. If none of the readers succeed,
raises an exception.

Parameters:
Name Type Description Default
file_path Path Input file path. required

Returns: Q
Type Description ‘\O
Union[DatasetReader, GeoDataFrame, DataFrame] The input file data in the opened format. . %@

Raises: @
Type Description O@

FileReadError None of the readers succeeded to read the input file. O

read_raster (file_path) @Q
Read a raster file to a rasterio DatasetReader. Q®

Parameters:
Name Type Description Qefault
file_path Path Input file pa@ required

&

Type Description

DatasetReader File data as a‘RﬁQ DatasetReader.
K %\
Raises: !\

Type Deéc ion

Fi leReadError ésterio failed to open the input file.
p :

read_tabular(file_|

Read tabular to a DataFrame.
Parameters:
Name Type Description Default
file_path Path Input file path. required
Returns:
Type Description
DataFrame File data as a DataFrame.
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Raises:
Type Description
FileReadError Pandas failed to open the input file.

read_vector(file_path)

Read a vector file to a GeoDataFrame.

10.1 File I/O utilities

Parameters:
Name Type Description Default
file_path Path Input file path. required Q
O
Returns: %\
9
Type Description \
GeoDataFrame File data as a GeoDataFrame. @@
Raises: c O
Type Description Q
FileReadError Geopandas failed to read the input file. @@'

-119/133 - Made by <a href="info@gispo.fi">Gispo Ltd.</a>



10.2 Nodata utilities

10.2 Nodata utilities

convert_raster_nodata(input_raster, old_nodata=None, new_nodata=-9999)

Convert existing nodata values with a new nodata value for a raster.

Parameters:
Name Type Description Default
input_raster DatasetReader Input raster dataset. required
new_nodata Number New nodata value that will be used to replace existing Qﬂe
nodata for all bands. Defaults to -9999. ® O

Returns: ’\%

Type Description @
Tuple[ndarray, dict] The input raster data and metadata updated with the new nodata.o

Raises: Q
Type Description @'
InvalidParameterValueException Nodata is not defined in raster metadat@l old nodata was not specified.

handle_nodata_as_nan(func) 0&

Replace nodata values with np.nan for function execution and rses the replacement afterwards.

nan_to_nodata(data, nodata_value) Q@

Convert np.nan values to specified nodata value. *

Parameters: Q
Name Type - OQ Description Default

data ndarray ’\% Input data as a numpy array. required

nodata_value Numbe@ Value that np.nan is converted to. required

<
Returns: @K

Type 06 Description

ndarray 0 Input array where np.nan has been converted to specified nodata.
nodata_to_nan(data, nodata_value)

Convert specified nodata value to np.nan.

Parameters:
Name Type Description Default
data ndarray Input data as a numpy array. required
nodata_value Number Value that is converted to np.nan. required
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10.2 Nodata utilities

Returns:
Type Description
ndarray Input array where specified nodata has been converted to np.nan.

set_raster_nodata(raster_meta, new_nodata)

Set new nodata value for raster metadata or profile.

Note that this function does not convert any data values, it only changes the metadata. The inteded use case for this tool is fixing

metadata with invalid nodata value.
Parameters:

Name Type Description Default OQ

raster_meta Union[Dict, Profile] Raster metadata or profile to be updated. required
>

nodata_value New nodata value. r&
Returns: @

Type Description < ’

Union[Dict, Profile] Raster metadata / profile with updated nodata value. Q
unify_raster_nodata(input_rasters, new_nodata=-9999) 0 E

All old nodata values in the input rasters are converted to the Q‘»&\t&l value. Raster metadatas is also updated with the new

nodata value.
Parameters: Q@

Unifies nodata for the input rasters.

Name Type &s iption Default
input_rasters Sequence[DatasetReader] required
new_nodata Number Q New nodata value that will be used to replace existing -9999

‘\O nodata for all bands in all input rasters. Defaults to
>

\@ -9999.

N
Returns: KQ

Type é Description

Sequence[Tuple[n: ict]] Output raster list. List elements are tuples where first element is raster data and second
0 element is raster metadata.
Raises:
Type Description
InvalidParameterValueException Input raster list contains only one raster.
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10.3 Raster data utilities

comhine_raster_bands(input_rasters)

Combine multiple rasters into one multiband raster.

10.3 Raster data utilities

The input rasters can be either singleband or multiband. All bands are stacked in the order they are extracted from the input

raster list.

All input rasters must have matching spatial metadata (extent, pixel size, CRS).

Parameters:

Name

Type

input_rasters Sequence [DatasetReader]

Returns:
Type Description
ndarray The combined raster data.
Profile The updated raster profile.
Raises:
Type Description

InvalidParameterValueException
NonMatchingRasterMetadataException
profile_from_extent_and_pixel_size(extent, pixel_size, round%at

Create a raster profile from given extent and p size

If extent and pixel size do not match ex
rounding for the width and height is

Parameters:

Name

extent

pixel_size 0

E @gple Number, Number, Number, Number]

Union[Number, Tuple[Number, Number]]

round_strategy Literal[nearest, up, down]

Returns:
Type Description
Profile Rasterio profile.

Description

List of rasters to combine.

Default \
required . %%
\S

Input rasters contains o@e raster.

Input rasters hax%%&tchmg spatial metadata.

_Iupl)

j.e. raster width and height calcalated from bounds and pixel size are not integers,

Description Default
Raster extent in the form (coord west, required
coord east, coord south, coord north).

Desired pixel size. If two values are required
provided, first is used for x and second fory.

If one value is provided, the value is used

for both directions.

The rounding strategy if extent and pixel 'up'

size do not match exactly. Defaults to "up".

-122/133 - Made by <a href="info@gispo.fi">Gispo Ltd.</a>



10.3 Raster data utilities

split_raster_bands(raster)

Split multiband raster into singleband rasters.

Parameters:
Name Type Description Default
raster DatasetReader Input multiband raster. required
Returns:
Type Description
Sequence[Tuple[ndarray, Profile]] Output singleband raster list. List elements are tuples where first element is @r data (2D)
and second element is raster profile. S \O
Raises: ’\%
Type Description @
InvalidParameterValueException Input raster contains only one band. O®

stack_raster_arrays(arrays) Q

Stack 2D and 3D NumPy arrays (each representing a raster with one or multip@%is) along the bands axis.

Parameters:

Name

arrays

Returns:

Type

ndarray

Raises:

Type

Type Description @ Default
Sequence[ndarray] List of 2D and umPy arrays. Each 2D array should have required
shape (height, w . and 3D array shape (bands, height,

width).s‘@@

A single 3D I\Lur@gay where the first dimension size equals the total number of bands.
.\@\
&scription

Description

InvalidDataShapeExcepti K Input raster arrays have mismatching shapes or all input rasters are not 2D or 3D.

3
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11. Vector processing

11. Vector processing

11.1 Calculate geometry

calculate_geometry(geodataframe)

Calculate the length or area of the given geometries.

Parameters:
Name Type Description Default Q
geodataframe GeoDataFrame Geometries to be calculated. required '\O

Returns: ‘\%%

Name Type Description @
calculated_gdf GeoDataFrame Geometries and calculated values. O
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11.2 Cell-Based Association

11.2 Cell-Based Association

cell_based_association(cell_size, geodata, output_path, column=None, subset_target_attribute_values=None, add_name=None, add_buffer=None)

Creation of CBA matrix.

Initializes a CBA matrix from a vector file. The mesh is calculated according to the geometries contained in this file and the size
of cells. Allows to add multiple vector data to the matrix, based on targeted shapes and/or attributes.

Parameters:
Name Type
cell_size int
geodata List[GeoDataFrame]
output_path str
column Optional[List[str]]

L3 ‘ Q?
subset_target_attribute_values (N%N ist[Union[None, Llist, str]]]

N\
@A
A\
6@
)

add_buffer Optional[List[Union[Number, bool]]]

Optional[List[Union[str, None]]]
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Description fault

‘\Orequired

GeoDataFrame to create the %% required
CBA matrix. Additional e\
GeoDataFrame(s) can be@

imputed to add to th

matrix. O
Name of the@ tif file.

Name ecolumn of interest. None

Size of the cells.

required

If n ute is specified, then
cial attribute is created

Q esenting the presence or

bsence of the geometries of this
file for each cell of the CBA grid.
A categorical attribute will
generate as many columns
(binary) in the CBA matrix than
values considered of interest
(dummification). See parameter .
Additional column(s) can be
imputed for each added
GeoDataFrame(s).

List of values of interest of the None
target attribute, in case a

categorical target attribute has

been specified. Allows to filter a

subset of relevant values.

Additional values can be

imputed for each added

GeoDataFrame(s).

Name of the column(s) to add to None
the matrix.

Allow the use of a buffer around None
shapes before the intersection

with CBA cells for the added
GeoDataFrame(s). Minimize

border effects or allow

increasing positive samples (i.e.

cells with mineralization). The

size of the buffer is computed

using the CRS (if projected CRS

in meters: value in meters).
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11.2 Cell-Based Association

Returns:
Type Description
GeoDataFrame CBA matrix is created.
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11.3 Distance computation

distance_computation(geodataframe, raster_profile)

11.3 Distance computation

Calculate distance from raster cell to nearest geometry.

Parameters:

Name

geodataframe

raster_profile

Returns:

Type

ndarray

Raises:

Type
NonMatchingCrsException

EmptyDataFrameException

Type

GeoDataFrame

Union[Profile, dict]

Description Default

The GeoDataFrame with geometries to determine distance required

to.

The raster profile of the raster in which the distancesto ¢ Orequired
the nearest geometry are determined. %\

N

6\

Description @
A 2D numpy array with the distances computed. < ’O
Description @

The input raster profile and geodatafram{@ gismatching CRS.
The input geodataframe is empty@é
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11.4 Extract shared lines

11.4 Extract shared lines

extract_shared_Lines(polygons)

Extract shared lines/borders/edges between polygons.

Parameters:

Name

polygons

Returns:

Type

GeoDataFrame

Type Description Default

GeoDataFrame The geodataframe that contains the polygon geometries to required

be examined for shared lines. Q
o\‘ )

: 6.5
Description \

Geodataframe containing the shared lines that were found between the p, ns.
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11.5 IDW

idw(geodataframe, target_column, raster_profile, power=2)

11.5 IDW

Calculate inverse distance weighted (IDW) interpolation.

Parameters:

Name
geodataframe
target_column

raster_profile

power

Returns:

Type

ndarray

Raises:

Type

EmptyDataFrameException
InvalidParameterValueException

NonMatchingCrsException

Type
GeoDataFrame

str

Union[Profile, dict]

Number

Description

Description Default
The vector dataframe to be interpolated. required
The column name with values for each geometry. @uired

*
The raster profile used for output grid properties. Needs \ required
to include at least crs, transform, width and height. . %@

The value for determining the rate at which the wej 2
decrease. As power increases, the weights for dj
points decrease rapidly. Defaults to 2.

QO
)

Numpy array containing the interpolated values. QQ

Description

R\
@

Invalid resolut:

©

Q/\)

The input GeoDataF& mpty.
ion or %arget column.
The input @r&me and raster profile have mismatching CRS.

Q
.\O

3
\}Q
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11.6 Kriging interpolation

11.6 Kriging interpolation

kriging(geodataframe, target_column, raster_profile, variogram_model='Llinear', coordinates_type="'geographic', method='ordinary")
Perform Kriging interpolation on the input data.

Parameters:

Name Type Description Default

geodataframe GeoDataFrame GeoDataFrame containing required
the input data.

target_column str The column name with . Orequired
values for each geometry. %\

raster_profile Union[Profile, dict] The raster profile use required
output grid properti
Needs to includeqdt Yeast
crs, transfor i and
height.

variogram_model Literal[linear, power, gaussian, spherical, exponential] Varioggam model to be used. 'linear'
Ei 'Iinear’, 'power’,

@ sian', 'spherical' or
ponential'. Defaults to
OQ 'linear’.

K Determines are coordinates 'geographic'

@0 on a plane (‘euclidean') or a

sphere (‘geographic'). Used
@ only in ordinary kriging.
® Defaults to 'geographic'.

method Literal[ordinary, universal] * Ordinary or universal 'ordinary’

Q kriging. Defaults to
Q ‘ordinary’.
O
2\

R\

Type Desc®
ndarray {J&Y array containing the interpolated values.

Raises: 6
Type 00 Description

coordinates_type Literal[euclidean, geographic]

Returns:

EmptyDataFrameException The input GeoDataFrame is empty.
InvalidParameterValueException Target column name is invalid or resolution is not greater than zero.
NonMatchingCrsException The input GeoDataFrame and raster profile have mismatching CRS.
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11.7 Rasterize vector

11.7 Rasterize vector

rasterize_vector(geodataframe, raster_profile, value_column=None, default_value=1.0, fill_value=0.0, buffer_value=None, merge_strategy='replace')

Transform vector data into raster data.

Parameters:

Name
geodataframe

raster_profile

value_column

default_value

fill_value

buffer_value

merge_strategy

Returns:

Type

ndarray

Raises:

Type

Type Description Default

GeoDataFrame The vector dataframe to be rasterized. required

Union[Profile, dict] The raster profile used for output grid properties. Needs @uired
to include at least CRS, transform, width and height. ‘\O

Optional[str] The column name with values for each geometry. If I\lor%% None
then default value is used for all geometries. \

float Default value burned into raster cells based on @ 1.0
geometries. @

float Value used outside the burned/rasteri@gnetry cells. 0.0

Optional[float] For adding a buffer around passe@metries before None
rasterization. @

Literal[replace, add] How to handle overlappi etries. "add" causes "replace’
overlapping geometri d together the values while

"replace" does not. \N g them together is the basis for

density compuytagio here the density can be calculated
by using a lyvalue of 1.0 and the sum in each cell is
the count@in rsecting geometries.

Description @
Rasterized vector @

*

K@scription

EmptyDataFrameException K The geodataframe does not contain geometries.

InvaLidColumnExcept@Q

NonMatchingc%Qon

NumericValueSignException

Given value column is not in the input geodataframe.
The input GeoDataFrame and raster profile have mismatching CRS.

Input resolution value is zero or negative, or input buffer value is negative.
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11.8 Reproject vector

reproject_vector(geodataframe, target_crs)

Reprojects vector data to match given coordinate reference system (EPSG).

Parameters:

Name
geodataframe

target_crs

Returns:

Type

GeoDataFrame

Type Description

GeoDataFrame The vector dataframe to be reprojected.
int Target CRS as an EPSG code.
Description

Reprojected vector data.
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11.9 Vector density

11.9 Vector density

vector_density(geodataframe, raster_profile, buffer_value=None, statistic="density')

Compute density of geometries within raster.

Parameters:
Name Type
geodataframe GeoDataFrame

base_raster_profile

buffer_value Optional[float]

statistic Literal[density, count]
Returns:

Type Description

Description Default
The dataframe with vectors of which density is required
computed.

Base raster profile to be used for determining the grid ¢ Orequired
on which vectors are burned in. If None, the %\
geometries and provided resolution value are used

compute grid. @\
For adding a buffer around passed geome@ fore None

computing density.

The statistic to use in density com@on. Defaults to 'density'

| @@Q
R

ndarray Computed density of vector data. @&

@
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