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visual survey data into samples. It operates on various common formats and
filetypes, ensuring its applicability to diverse datasets and compatibility with
other software. It can process data by multiple variations of the grid, segment
and point approaches. As this processing follows a straightforward sequence of
stages and involves a limited number of functions, it is easy to learn and use. The
combination of these traits will increase efficiency and reproducibility of survey
data processing and allow researchers to readily trial different methods.

4. In this paper, we provide a description of the package — the types of data that can
be processed, the approaches and variations available and the stages involved in
processing. An example application, based on a mock dataset consisting of survey
tracks, sightings and in situ environmental data, is also provided with descriptions
of each stage.
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1 | INTRODUCTION

Ecological studies rely on various methods for obtaining data on the
occurrence of species. Visual surveys are one common method, hav-
ing been applied to species great and small in a variety of habitats,
from small rainforest birds (Anderson et al., 2015) to the largest ma-
rine predators (Derville et al., 2022). In many cases, surveys follow
the same basic pattern: observers follow a route with species obser-
vations and sometimes environmental data, recorded intermittently.

Data obtained from such surveys can be analysed in numerous
ways, including through the use of models, such as species distribu-
tion models (Elith & Franklin, 2013; Pasanisi et al., 2024). However, if
data from visual surveys are to be modelled, they typically must first
be partitioned into distinct spatiotemporal units that can serve as
samples in a model (i.e. sampled). For some surveys, samples are pre-
determined, for example: counts of species within a 1x1m quadrat
in a coastal salt marsh (Baumberger et al., 2012) or along a transect
of predetermined length and width on beams of submerged infra-
structure (Meyer-Gutbrod et al., 2019). In other studies, however,
when surveys are conducted throughout a given area, either along
transects or at random, sampling units may be delimited afterwards
by dividing survey effort and detections spatially and temporally. In
general, this division is achieved by one of three approaches —re-
ferred to here as the grid, segment and point approach— each with
numerous variations.

The grid approach consists of overlaying a two-dimensional grid,
typically rectangular or hexagonal, onto the study area and allocat-
ing detections and, optionally, survey effort to the cells that they lie
within (Birch et al., 2007) (Figure 1b). Each cell, often within a given
temporal period, then serves as a sample. This approach has been
used, for example, to quantify the habitat of krill in the Southern
Ocean (Merkel et al., 2023) or to investigate the habitat use of
coastal dolphins (Giralt Paradell et al., 2019; Syme et al., 2023).

The segment approach involves cutting survey tracks into seg-
ments of standardised lengths, which serve as samples (e.g. Becker
et al., 2010; Roberts et al., 2016) (Figure 1c). This approach is often
used for studies involving distance sampling and density models,
where the surveyed area consists of a strip centred along each
segment with the width based on a detection function (Stepanuk
etal., 2023).

The point approach consists of using the detections as presences
and sampling absences from areas that were surveyed but where
the species was not detected (e.g. Derville et al., 2016; Rayment
et al., 2014; Torres et al., 2008) (Figure 1d). This approach has been
used, for example, by Derville et al. (2016) when modelling the hab-
itat distribution of the Maui dolphin (Cephalorhynchus hectori). It
should be noted that absences differ from background points, which
are generated without accounting for detections and which rep-
resent general conditions found across the study area (Fernandez
et al., 2022; Guillera-Arroita et al., 2015; Phillips et al., 2009).

Given a dataset of survey tracks and observations, samples
could be derived via numerous variations of the grid, segment and
point approaches with a range of values for key parameters that

determine, for example, the scale of the analysis (e.g. cell size and
segment length). However, processing data with any given combi-
nation of approach, variation and/or parameters requires consider-
able time, effort and technical skill — demands that only increase
if multiple combinations are implemented. Indeed, in modelling
studies, more time may be spent on data preparation than on the
modelling itself. As a result, studies often implement a single ap-
proach with limited exploration of potential variations and param-
eters (e.g. Pendleton et al., 2020; Syme et al., 2023) even though
they may benefit from implementing multiple combinations to de-
termine which is most suitable for the dataset, model and research
question. Moreover, researchers tend to rely on their own unpub-
lished custom scripts that are, at best, described cursorily within
manuscripts (e.g. Pendleton et al., 2020; Syme et al., 2023), which
reduces the reproducibility of studies. These issues could be mit-
igated with a publicly available package that provides researchers
with the functionality to efficiently implement a variety of sampling
procedures.

Here, we present, sampley (Syme et al., 2025), a Python pack-
age that provides a user-friendly way of sampling data obtained from
visual transect or non-transect line surveys. As sampley follows a
simple sequence of steps, it is easy to implement and so will reduce
the burden placed on ecologists by the time-consuming process of
developing custom scripts for processing survey data. Moreover,
it can be implemented repeatedly on the same dataset, allowing
the user to make an informed choice of sampling procedure by
efficiently applying and comparing numerous combinations of ap-
proach, variation and/or parameters — an otherwise onerous task if
the user were to develop custom scripts. Finally, as sampley follows
standardised processes and is publicly available, its implementation
can be readily replicated, leading to improved reproducibility. To
the best of our knowledge, no equivalent package exists and, by ad-
dressing this shortcoming, sampley will facilitate and improve the
processing of visual survey data and, in turn, the development of
ecological models.

2 | DESCRIPTION

The sampley package was developed in Python (version 3.12.0:
Python Software Foundation, 2023) and relies primarily on the
shapely (Gillies et al., 2024) and geopandas packages (Van den
Bossche et al., 2024) that facilitate the manipulation of geospatial
data. It is freely available from the Python Package Index where
its project page (https://pypi.org/project/sampley/) contains
guidance on installation and running as well as links to source code,
documentation and the User Manual. As ecologists may be unfamiliar
with Python, sampley has been designed to be easy to use for those
with basic coding knowledge (e.g. knowledge of R) and the project
page also contains links to exemplar scripts that provide users with
a template for their own data processing. The User Manual also
contains guidance, exemplars and links to official documentation

concerning installing and running Python and Jupyter. Below, we
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FIGURE 1 Schematicillustration of (a) survey tracks (lines) and sightings (crosses) that have been processed with the (b) grid, (c) segment
and (d) point approaches. In the grid approach (b), cells (red, blue and yellow squares) are overlayed and survey tracks and sightings are
allocated to the cell that they lie within (illustrated by matching red, blue and yellow). In the segment approach (c), survey tracks are divided
into segments (red, blue and yellow lines) to which sightings are allocated (illustrated by matching red, blue and yellow). In the point approach
(d), sightings become presences (blue pluses) while absences (red circles) are generated based on survey coverage (grey lines) provided that
they are not within presence zones (pale blue circles). Note that some sightings are not contained in the presences as they were removed
during spatial thinning, but are nonetheless represented by presence zones.
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provide a conceptual description of the package's core functionality

but refrain from delving into technical details as these can be found

in the User Manual.

2.1 | Stage 1: Importing data
Data processing with sampley can be divided into three main stages,
the first of which consists of importing data (Figure 2). Broadly
speaking, sampley requires two types of data: survey tracks and
datapoints. Survey tracks simply represent the route taken by the
observer(s) and must be in sections — stretches of continuous survey
effort. Itis up to the user to define and delimit sections before input-
ting data to sampley, with the key requirement that each section is
continuous. For example, portions of track are often removed (e.g.
due to poor weather conditions or observers being off-watch), leav-
ing a series of pieces of track with gaps in between. Consequently,
the track is not continuous (as it has gaps), but each of the pieces of
track is continuous and so can be a section. Further detail on de-
fining and designating sections can be found in the User Manual.
Datapoints represent recordings made during the survey, for exam-
ple, sightings or in situ measurements of environmental variables.
They must be ‘on-line’ (i.e. on the survey track), with the exception of
sightings, which may be ‘off-line’ (i.e. located some distance from the
survey track) if, for example, their location is calculated for distance
sampling analysis.

Data can be imported to sampley from the following file-
types: GeoPackages (GPKG), Esri shapefiles, comma-separated
values files (CSV) and Excel files. Survey tracks can be formatted

as linestrings or as trackpoints (i.e. a series of points along a survey
track). In the latter case, to ensure that trackpoints are correctly
joined to form lines, the trackpoints must have a column of iden-
tifiers that detail the section of survey track to which each track-
point belongs.

Datapoints can be either continuous or sporadic: continuous dat-
apoints are recorded at frequent, regular intervals (e.g. points re-
corded by a GPS every 105s) and can be used to reconstruct a survey
track while sporadic datapoints are recorded at infrequent and/or
irregular intervals (e.g. sightings or environmental data recorded at
the beginning of transects). Survey tracks and datapoints may be
contained in separate files or within a single file.

Once imported, the survey tracks and datapoints form the basis
of all subsequent processing, yet they remain unchanged. Thus, mul-
tiple approaches, variations and/or parameters can be applied suc-

cessively to the same set of survey tracks and datapoints.

2.2 | Stage 2: Delimiting

The second stage consists of delimiting one or more of the following,
depending on the approach(es) used: temporal periods, grid cells,
segments, presences and absences (Figure 2). The resulting objects,
referred to collectively as delimiters, set out various aspects of the
samples (e.g. their spatial and temporal extents). There is no limit to
the number of delimiters that can be made, thus, the user may imple-
ment different approaches, variations and/or parameters. Here, the
three approaches require different processes, although they have
been standardised to facilitate their application.
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FIGURE 2 A graphical representation of the three Stages of data processing with sampley. Objects are written in normal font (e.g.
DataPoints) while methods (i.e. functions) are written in italics (e.g. .delimit). Stage 1 is the same for all approaches and results in DataPoints
and/or Sections objects that, in Stages 2 and 3, are processed via the grid, segment and/or point approach to produce Samples objects that
can then be exported. A detailed explanation of this figure can be found in the User Manual.
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2.21 | Grid approach
To implement the grid approach, cells, either rectangular or hexago-
nal, must be made. Rectangular cells are widely employed in ecological
studies (e.g. Pendleton et al., 2020; Syme et al., 2023) while hexago-
nal cells, although less frequently used (but see, for example: Giralt
Paradell et al., 2019; Viquerat et al., 2022), may offer several advan-
tages (Birch et al., 2007). For both variations, a key parameter is the
size of the cells, which is determined by specifying the length of a side.
Additionally, to add a temporal dimension, cells can be combined
with temporal periods (e.g. Pendleton et al., 2020; Syme et al., 2023).
Regular temporal periods (e.g. 1-year, 2-month, or 8-day periods) can be
made with sampley, or, alternatively, sections and datapoints can be as-

signed to periods of custom length (e.g. seasons) prior to importing them.

2.2.2 | Segmentapproach

Survey tracks may be cut into segments according to the simple, joining
and redistribution variations. All three variations require a target length —
the length at which or as close to which the segments will be cut. They dif-
fer, however, in how they deal with the remainder — the portion of survey
track that, almost inevitably, remains after dividing into segments of the
target length. The simple variation leaves the remainder as an independ-
ent, albeit shorter, segment (e.g. Bedrifana-Romano et al., 2023). In the
joining variation, if the remainder is shorter than half the target length,
it is joined to a whole segment to make a single longer segment, but if it
is longer than half the target length, it is left as an independent segment
(e.g. Becker et al., 2022; Derville et al., 2022). For these two variations,
the location of the remainder or joined segment, respectively, can be ran-
domised. Finally, in the redistribution variation, the length of the remainder

is redistributed equally amongst the segments (e.g. Roberts et al., 2016).

2.2.3 | Point approach

For the point approach, presences (i.e. detections of the species) are
used to make presence zones, where each presence zone represents
the area around a detection deemed to be occupied by the animal(s)
(e.g. Rayment et al., 2014; Torres et al., 2008). Absences are then
generated based on the sections and the presences zones by one of
two variations. In the along-the-line variation, absences are gener-
ated along the survey track while, in the from-the-line variation, they
are generated at various distances from the track based on some

function (e.g. a detection function).

2.3 | Stage 3: Sampling

The third stage, sampling, consists of assigning data to delimiters
to produce samples (Figure 2). This has no effect on the delimiters
themselves; thus, multiple sets of data can be assigned successively
to the same delimiters.

B Methodsin Eclogy and Evalution |

For the grid approach, datapoints can be assigned by determin-
ing which cell they lie within and, optionally, by binning them into
corresponding temporal periods. Additionally, values for survey ef-
fort, calculated as either length of survey track or area of buffered
survey track within each cell (and, optionally, temporal period), can
be calculated.

For the segment approach, datapoints can be assigned by match-
ing them to their corresponding segment. Depending on the data,
matching may be done on the basis of: Euclidean distance to the
segments or their midpoints; datetimes; or distance from the begin-
ning of the sections (a variable that serves as a unique coordinate for
positions relative to sections and datapoints). Additionally, survey
effort can be calculated for each segment as: length; area, by enter-
ing a one-sided stripwidth; or effective area, by entering a one-sided
area under a detection function (i.e. effective stripwidth).

For the point approach, presences and absences are concat-
enated. Data can be assigned from datapoints to presences by
matching their IDs (that are generated during data importing) and,
if datapoints are continuous, to absences based on their distances
from the beginning of the sections. The resulting samples may also
be thinned (i.e. some points within close proximity removed) to avoid
issues associated with autocorrelation (Dormann et al., 2007).

With all three approaches, the result is a set of samples contain-
ing assigned data as well as geographic (i.e. coordinates and geome-

tries) and temporal values (i.e. datetimes).

2.4 | Additional features

All of the objects imported to or made with sampley (i.e. survey
tracks, datapoints, periods, cells, segments, presences, presence
zones, absences and samples), have inbuilt save and open meth-
ods so that the user can pause and resume their work at any stage.
Moreover, all objects exported from sampley are saved as CSV and/
or GPKG files — two commonly used filetypes that can be loaded
into R, GIS or any other suitable software. Thus, after processing
data with samplevy, the user could, for example, import the samples
into R for statistical analysis or import the cells into GIS to make a
map. Additionally, all objects, except periods and samples, have in-
built plot methods, allowing the user to easily conduct visual checks
of processing.

3 | EXAMPLE APPLICATION

Here, we provide an example application of sampley that applies
the segment approach to a mock dataset of survey tracks, sightings
and in situ environmental data. The full example is available in the
Supporting Information as well as via the project page (https://pypi.
org/project/sampley/), which also provides access to the mock data
and resulting samples. Additionally, more exemplars illustrating the
various approaches and variations applied to the same mock dataset
can also be accessed via the project page.
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3.1 | Data

For this example, the data are contained in a CSV and consist of con-
tinuous datapoints, where each datapoint (i.e. each row) is a point
along the survey track as defined by a longitude (column ‘lon’), latitude
(column ‘lat’) and datetime value (column ‘datetime’) (Table 1). Each
datapoint has a value for Beaufort sea state (column ‘bss’) and, if it is
a sighting, the number of individuals observed (column ‘individuals’)
(Table 1). Additionally, there is a column, ‘section_id’, that identifies

which section of survey track each datapoint belongs to (Table 1).

3.2 | Stage 1:Importing data

In Stage 1, we import our dataset and make a DataPoints ob-
ject (u_trackpoints) with the from file method. We specify
the names of the columns containing the coordinates and, as they
are latitude and longitude values, EPSG:4326 as the coordinate
reference system (CRS). As distances cannot be measured in geo-
graphic CRSs, like EPSG:4326, we also set the CRS to be used
for processing as EPSG:32619 — a projected CRS whose units are
metres. We specify the column containing the datetimes and their
timezone as UTC-05:00. Finally, we specify the name of the sec-
tion ID column.

## Stage 1: import data

u_ trackpoints = DataPoints.from file(
filepath=import folder+'trackpoints.csv', #
filepath

x_col="lon', # name of column containing x
coordinates (longitudes)

y col='lat', # name of column containing y
coordinates (latitudes)
crs_import='EPSG:4326', # CRS of the x and y
coordinates
crs_working='EPSG:32619', # CRS to be used
for processing

datetime col='datetime', # name of column
containing datetimes
tz_import='UTC-05:00', # timezone of the
datetimes

section_id col='section_id' # name of column
containing section IDs

)

section_id lon lat datetime

s001 -68.02000 42.83433 2019-01-25 10:18:13
s001 -68.02117 42.83433 2019-01-25 10:18:15
s001 -68.02583 42.83433 2019-01-25 10:18:23
s001 -68.03133 42.83433 2019-01-25 10:18:32

s001 -68.03483 42.83433 2019-01-25 10:18:38

We then enter our DataPoints object (u_trackpoints)tothe
from datapoints method to make a Sections object (u_sec-
tions) (Figure 3).

## Stage 1: make sections from datapoints
u_sections = Sections.from datapoints(datapoints=

u_trackpoints)

3.3 | Stage 2: Delimiting

A segments object is made by entering a Sect ions object and several
parameters to the delimit method. Here, we firstly make segments
with the simple variation (u_segments simple) based on a target

length of 10,000 m, with the location of the remainder randomised.

## Stage 2: make segments with simple variation
u_segments simple = Segments.delimit(
sections=u sections, # enter the sections
var='simple', # set the variation to simple
target=10000, # set the target length to
10000 metres
rand=True) # set to randomise the location of

the remainder

The resulting segments (Table 2) each have a unique ID, a line-
string geometry, a midpoint and a date. Additionally, each segment
has the ID of the section that it was cut from as well as two values
that indicate the distance from the beginning of the section at which
the segment begins and ends, respectively. These serve to locate
each segment relative to the sections.

By plotting the segments (Figure 4), we see that they are the
same length except for the remainders, which are notably shorter.
This may be an issue as it decreases the standardisation of segment
lengths, with those shorter segments having considerably less sur-
vey effort than the others. We could manually remove the remain-
ders; however, this would result in lost data, so instead we opt to
implement a different variation.

Using the same method as before, we now make segments with
the redistribution variation (u_segments redist). The resulting
segments have lengths that vary slightly from the target length but
are standardised so that no segment is noticeably shorter or longer

than any other (Figure 5).

TABLE 1 The first five rows of the
mock data used in the example application
of the package sampley.

individuals bss
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FIGURE 3 Sections of survey track used in the example application of the package sampley.

620000
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TABLE 2 The first five segments made with the simple variation in the example application of the package sampley.

segment_id line midpoint

s01-s10000m LINESTRING (...) POINT(...)
502-s10000m LINESTRING (...) POINT (...)
s03-s10000m LINESTRING (...) POINT(...)
504-s10000m LINESTRING (...) POINT (...)
s05-s10000m LINESTRING (...) POINT (...)

## Stage 2: make segments with redistribution

variation

u_segments redist = Segments.delimit (
sections=u sections, # enter the sections

var='redistribution', # set the variation to

redistribution

target=10000)

10000 metres

# set the target length to

3.4 | Stage 3: Sampling

With our chosen variation, the redistribution variation, we now
proceed to assign data. Firstly, we make a Samples object with the
segment method and enter our DataPoints object (u_track-
points)as well as our Segments object (u_segments redist).
We state the columns in the DataPoints object that contain data
that we want to assign to the segments and how we want to treat
them: sum the number of individuals and average the Beaufort sea
state. We also specify that the datapoints should be matched to
the segments based on their distance from the beginning of the
sections — an option made possible by our use of continuous da-
tapoints. The resulting Samples object resembles the Segments
object (Table 2) but with two additional columns: ‘individuals’
and ‘bss’.

660000

date section_id dfbsec_beg dfbsec_end
2019-01-25 s001 0 10,000.0
2019-01-25 s001 10,000.0 20,000.0
2019-01-25 s001 20,000.0 30,000.0
2019-01-25 s001 30,000.0 40,000.0
2019-01-25 s001 40,000.0 40,004.6

## Stage 3: make samples from datapoints
u_samples trackpoints = Samples.segment (
datapoints=u trackpoints, # enter the
DataPoints
segments=u_segments redist, # enter the
Segments
cols={ # set the data columns to assign:

'individuals': 'sum', # - sum the number

of individuals per segment

'bss': 'mean'}, # - average the BSS
per segment

how='dfb') # match by distance from the be-

ginning of the section

We then use the segment se method to measure survey effort
in two different ways: segment length and segment area (where the
width is based on a one-sided stripwidth). The resulting Samples
object resembles the Segments object (Table 2) but with two addi-
tional columns: ‘se_length’ and ‘se_area’.

## Stage 3: make samples of survey effort
u_samples_effort = Samples.segment_se(
segments=u_segments redist, # Segments object
length=True,
esw=2000

stripwidth of 2000 metres)

# measure effort as length

# measure effort as area based on
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FIGURE 5 Segments made with the redistribution variation in the example application of the package sampley. Note that there are no

remainders and that segment lengths are standardised.

We now have two Samples objects that we combine with the
merge method to produce our final samples (u_samples) which
contains all four additional columns: ‘individuals’, ‘bss’, ‘se_length’
and ‘se_area’ (Table 3).

## Stage 3: make final samples by merging samples
from datapoints and samples of survey effort

u samples = Samples.merge (
trackpoints=u_ samples trackpoints, # samples
from datapoints
effort=u samples effort) # samples of survey

effort

Before saving the samples, we reproject them to EPSG:4326 (i.e.
latitude-longitude coordinates) and we extract the coordinates of
the midpoints, which are put into two new columns: ‘midpoint_lon’

and ‘midpoint_lat’ (Table 3). The samples are saved as a CSV, which,
along with reprojecting and extracting the coordinates, will facilitate
subsequent processing outside of sampley (e.g. extraction of data
from remote datasets in GIS or statistical analysis in R).
## Stage 3: additional processing
u_samples.reproject (crs target='EPSG:4326') # re-
project to EPSG:4326
u_samples.coords () # extract coordinates of the
midpoints
## Stage 3: save the samples
u_samples.save (
folder=export folder, # export folder

filetype='csv' # set filetype to CSV
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TABLE 3 The first five samples made with the redistribution variation of the segment approach in the example application of the package sampley. Note that some values have been

abbreviated or rounded for display.

4.000232x 107

se_area

gth

se_len

bss

individuals

10,000.6

dfbsec_end
20,001.2

g

section_id dfbsec_be

date

midpoint_lon midpoint_lat

midpoint

line

segment_id

10,000.6

2.0

1
0
2
5
0

0

s001
s001
s001
s001
s001

2019-01-25

42.835
42.835
42.835
42.835
42.836

4.000232x 107
4.000232x 107

10,000.6
10,000.6
10,000.6
10,000.6

2.0
2.0

10000.6
20001.2

2019-01-25
2019-01-25
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Processing visual survey data with sampley requires only a few
functions organised into three straightforward stages and so should
not take long for the user to learn and implement. Additionally, its
user-friendly nature, along with the guidance on setting up Python
and sampley provided in the User Manual and the exemplar note-
books which can serve as templates, will make it accessible to those
who are unfamiliar with Python.

While sampley provides the functionality, the choices of ap-
proach, variation and parameters remain at the user's discretion.
These choices should be weighed carefully, given their potential
influence on samples and related issues. For example, segment-
ing can increase the uniformity of survey effort across samples
(Becker et al., 2010; Roberts et al., 2016); grid cells can decrease
the risk of spatial autocorrelation (Aiello-Lammens et al., 2015);
while the generation of absences can be restricted to avoid zero-
inflation (Barbet-Massin et al., 2012). By incorporating multiple
variations of the three approaches, sampley allows users to trial
different options on the same dataset, which will help to inform
these choices. This would otherwise be impractical, given the time
required to develop custom scripts for multiple variations and
approaches.

As there is no package currently available for ecologists to apply
a suite of sampling procedures to visual survey data, there is no basis
for comparing sampley with current workflows. However, imple-
menting sampley will be more efficient for individual researchers
than developing custom scripts, will facilitate comparisons of sam-
pling approaches, and will improve reproducibility of studies. This
will allow ecological modellers to make more informed decisions
when processing data and to focus their attention on other aspects
of their studies, such as modelling.

Although sampley is designed for visual survey data, it requires
only a survey track and datapoints collected along it. Thus, it may
be applicable to similar data from other sources (e.g. data from un-
manned vehicles or acoustic surveys), assuming they also consist
of a track and datapoints. Moreover, at a base level, sampley, like
most geospatial software, operates on points, lines and polygons,
and so may be applicable to diverse unrelated situations. For ex-
ample, the functionality provided for the grid, segment and point
approaches could be used, respectively, to assign observations of
a species to polygons that represent different habitat types, to di-
vide a river into various reaches of a standardised length to be
used as management zones or to generate points along a satellite
tag track.

In summary, we believe that sampley will assist researchers by
allowing them to process survey data in a more efficient and repro-
ducible way and to make better-informed decisions when deriving

samples for modelling.
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