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Identification of individual animals in the field goes back to the 1930s and early studies of
animal behaviour (Lorenz 1935, 1937). In the 1960s, it has been greatly popularised by the
seminal work of J. Goodall on the Kasakela chimpanzee (Pan troglodytes) community at
Gombe Stream Reserve (currently National Park), Tanzania (Goodall 1971, 1986). Nowadays,
photographic identification of individual animals (individual photo-ID), based on naturally
occurring, distinctive and individual-specific marking is a well-established and widely used
research technique. It has been applied across a range of taxa, from insects (Coleoptera, e.g.,
Romiti et al. 2017; Diaz-Calafat et al. 2018), to amphibians (e.g., Bendik et al. 2013; Mettouris
et al. 2016; Patel and Das 2020), reptiles (e.g., Treilibs et al. 2016; Gatto et al. 2018; Araujo et
al. 2019; Desai et al. 2022), various species of elasmobranchs (e.g., Holmberg et al. 2009;
Hughes and Burghardt 2017; Benjamins et al. 2018; Armstrong et al. 2019; Lewis et al. 2020),
birds (e.g., Ferreira et al. 2020), and numerous species of mammals, both marine and
terrestrial (e.g., Tavares et al. 2017; Muller 2018; Koivuniemi et al. 2019; Turner et al. 2021;
Chan et al. 2022a, 2022b; Marneweck et al. 2022; Oberosler et al. 2022; Reed et al. 2022).
While the type of individually distinctive marking may differ between taxa (e.g., pattern of
spots and stripes, notches on flukes and fins, facial features or morphometric characteristics;
e.g., Karczmarski et al. 2022a, 2022b), the technique has proven to be a powerful yet non-
intrusive tool in field studies of animal behaviour, ecology, and various aspects of their
biology.

First published accounts of computer-assisted photo-ID application were given in three case
studies that appeared in a thematic collection of papers edited by Hommond et al. (1990). In
one case, a custom-designed software was used to scan images of sperm whale (Physeter
macrocephalus) flukes onto a digitiser tablet and generate a sum of similarities of user-
defined descriptors (Whitehead 1990). In the next case, images of humpback whale
(Megaptera novaeangliae) flukes were labelled against a 14-sector map of a fluke following a
user-defined list of possible marks. Subsequently, a custom-designed software generated a



similarity matrix to compare the individuals (Mizroch et al. 1990). The third case offered a first
feature engineered individual-ID system (Hiby and Lovell 1990). Using photographs of animal
head (in this case, grey seal Halichoerus grypus), a custom-designed software generated a
grid-based 3-D model where individual-ID was represented by the summation of greyscale
pixel values of each grid cell. A decade later, Kelly (2001) adopted the Hiby—Lovell approach
to digitised images of cheetahs (Acinonyx jubatus), identifying points with known 3-D
coordinates (e.g., shoulder and hip) to line up the 3-D model with a 2-dimensional
photographic image, and used cheetahs’ pelage pattern as the identifiable feature. Specific
techniques for individual identification have since improved considerably, with ever-growing
application of semi- and fully-automated systems (Schneider et al. 2019).

Recent years have witnessed notable developments in the application of computer vision,
machine learning, and artificial intelligence (e.g., Parham et al. 2018; Miao et al. 2019; Tabak
et al. 2020; Reno et al. 2020; Miele et al. 2021; Vidal et al. 2021; Bodesheim et al. 2022;
Schneider et al. 2019, 2022). Using deep learning methods for object detection and similarity
comparisons, current systems can extract animals from images and users can train deep
learning classifiers to reliably (re-)identify species and individuals. There are currently
numerous freely available systems for a wide range of taxa; some operate algorithms
developed with a specific species in mind, while other offer a more generalised platform
applicable (or adaptable) for a multi-species use (e.g., Berger-Wolf et al. 2017; Brust et al.
2017; Bogucki et al. 2018; Maglietta et al. 2020; Thompson et al. 2020; Miele et al. 2021;
Blount et al. 2022; Clapham et al. 2020, 2022). Some have proven to be remarkably successful,
facilitating automated comparisons of large photo-ID datasets (hundreds of thousands
individual 1Ds) across large geographic scales (e.g., Cheeseman et al. 2022), while other
remain at present impractical (e.g., de Silva et al. 2022) or insufficiently reliable (e.g., Morrison
et al. 2016) for field research applications. Given the developmental changes in feature
appearance and mark changes over time (e.g., Carlson and Mayo 1990; Waye 2013;
Wattegedera et al. 2022), the concepts of active learning with human-in-the-loop and
continuous lifelong learning (Kading et al. 2016; Bodesheim et al. 2022) come especially
handy. With algorithms for deploying lifelong learning in photo-ID field studies available and
ready for use (Bodesheim et al. 2022), this approach is particularly valuable in long-term
studies of long-lived animals.

As digital technology is fast advancing, so is the sophistication and accuracy of computer-
assisted platforms and fully automated systems. What seem to be lagging behind, however,
are the means of data management of increasingly complex datasets built around the sighting
histories of individuals. Be it environmental, behavioural, spatial, acoustic, genetic, or other,
there are a wide range of data that are commonly gathered during photo-ID surveys. As many
high-quality digital photographs can be obtained at low cost in a short space of time, vast
amount of individual-ID associated data fast accumulates. Linking such different types of data
with each individual-ID record provides a means to efficient data management, facilitating
data processing and analyses that could be performed even in a remote field research location
with restricted internet access. While important in any field research project, it is especially
so in long-term individual-based studies.

With a few notable exceptions, most current individual identification systems offer
specialised matching routines but are limited in the means of data integration and



management and—to the best of our knowledge—none as yet offers an all-encompassing
generalised system that could assist users at all stages of data collection, processing, ID-
matching, and data management that would link sighting information with various user-
defined parameters. A fully integrated and dynamic approach is therefore needed to provide
a user-friendly platform that would assist users not only at the matching stage of individual
photo-ID, but also at the multifaceted process of data management and analyses that take
place after individual matching is completed.

Wildbook (https://wildme.org/#/wildbook), an autonomous web-based platform for data
archiving and photo-identification of various animal species (Berger-Wolf et al. 2017) along
with its taxa-specialised platforms such as Flukebook (https://www.flukebook.org; Blount et
al. 2022), Sharkbook (https://www.sharkbook.ai), MantaMatcher
(https://mantamatcher.org), GiraffeSpotter (https://giraffespotter.org), Whiskerbook
(https://www.whiskerbook.org), and several other, offer appreciable though not extensive
data-management tools, allowing input of a number of ecological, behavioural, biological, and
other associated data. Users can work on unprocessed photographic data as well as import
existing catalogues, and export their data in formats supporting third-party tools for further
applications and analyses (e.g., mapping, mark-recapture, socio-behavioural analyses, etc.)
and biodiversity data frameworks such as Ocean Biodiversity Information System (OBIS) and
Global Biodiversity Information Facility (GBIF). In overall, the platform does a great job
bridging the latest computer vision technology with the needs of field research, identifying
individual animals with the latest algorithms for photographic ID of that taxonomic group. It
facilitates integration of data from collaborative research and citizen science, and effective
management of photo-ID catalogues along with basic data-management tools, though the
latter remains open to further advancements.

A valuable contribution to efficient management of photo-ID datasets is the recently
published R-based system dubbed ‘catRlog’ (https://github.com/ericmkeen/catRlog; Keen et
al. 2022). As a self-contained computer directory with custom apps embedded throughout,
catRlog serves as a workflow organiser that simplifies and streamlines photo-ID data
processing. The apps are open-source, easily updated and customisable for the particulars of
specific projects, providing interactive tools for data processing and management. The system
generates datasets ready for further analyses (e.g., mark—recapture or socio-behavioural
modelling) and third-party tools, and is sufficiently generalised to be applicable for almost any
photo-ID project of any species in any habitat. The photo-ID matching component of catRlog,
however, although neatly designed and computer-assisted throughout, is not automated and
relies exclusively on the human analyst performing all matching procedures, which remains
challenging when ID-matching across large datasets.

An older system, DISCOVERY (https://www.cetacea-institute.org/discovery and
https://cetaecoresearch.com/research-software-discovery.html; Gailey and Karczmarski
2012), also offers dynamic functions that can be tailored to suit various project-specific
requirements. Similarly as in catRlog, the photo-ID-matching component is not automated,
and although the process is well-streamlined, it requires strong engagement of the photo-
analysts and remains labour-intensive when ID-matching across large datasets. At its core,
DISCOVERY was conceived as data-management system that can centralise and maintain a
single database for research projects working on multiple species in multiple study areas,



collecting data at large geographical scales and between multiple research teams working on
different databases. A more recent component, Discovery Droid app developed for Android
mobile phones
(https://play.google.com/store/apps/details?id=com.cetaecoresearch.discoverydroid) helps
to streamline computerised data collection in the field and stores the data (e.g., survey effort,
geographic position, environmental data, sighting-associated information, and other user-
defined parameters) in a database that can be imported into DISCOVERY software system.
The system provides means to integrate sighting information with numerous user-defined
parameters (e.g., environmental, geographic, and other), store photo-ID data along with a
suite of associated information, process and manage all stored photographic and associated
data, and link historic datasets with newly obtained data to form continuous complete
datasets. The system offers basic analytical tools and graphic displays of data, and facilitates
integration of all collected and stored data for further analyses (e.g., mark-recapture,
movement, spatial, socio-behavioural, etc.) with third-party tools. See Appendix for a brief
summary.

As potted concisely by Keen et al. (2022), data management of photo-ID projects is a complex,
arduous, and time-intensive process that hinges upon rigorous organisation and customised
database software to remain viable in the long term. While current advances in computer
vision and deep learning techniques have advanced the proficiency of individual identification
methods at times beyond the capabilities of a human observer, a greater integration of multi-
layered versatile data-management tools into current individual identification systems is
much needed and ripe for further developments. Existing database management systems can
offer several useful suggestions. We encourage such developments as important next step
that would significantly benefit individual-based field studies.



Appendix

The photo-ID database management system DISCOVERY was conceived in the mid-2000s,
launched at the 19th Biennial Conference on the Biology of Marine Mammals in Tampa,
Florida, USA in November 2011, and released online early the following year (Gailey and
Karczmarski 2012). The principal programmer, G. Gailey, hosts the software on his website
https://cetaecoresearch.com/research-software-discovery.html and any enquiry regarding
program support should be directed through that web platform. The software is also available
through a different interface at https://www.cetacea-institute.org/discovery. While much of
the work on DISCOVERY was done without any financial support, the later stage of the
development and the completion of the system were supported with funding from South
African National Research Foundation (NRF) and L. Karczmarski’s professorial start-up funding
at University of Hong Kong,! both of which are gratefully acknowledged. Table A1 and the
paragraphs below summarise the key functions of the system. Visual presentation of several
of these functions can be viewed online at https://www.cetacea-institute.org/other-projects
and at https://www.youtube.com/watch?v=n2GCwGhEBvs. Full documentation and manual
of DISCOVERY can be found at the web addresses indicated above.

Table A1 Overview of main functions of DISCOVERY

File — Tools to create/open databases and import/export data
o Create/Open Database
o Open: Viewing an image file or GPS data file
o Import: Importing image files, sighting information, databases
o [ixport: Exporling dala into various file formals, e.g., MARK and SOCPROG
o Update: Updating database and image metadata

Incoming — Tools for processing and structuring files from the field for subsequent comparison Lo the dalabase
s Filenaming: Renaming images and storing field information into EXIF data
o Filtering: Image editing and processing tools
o Matching: Matching within a group and select the best quality ID-images for subsequent matching to catalogue

Database — Tools to add individuals and other associated sighting information to the database
o March IN: Comparing to the catalogue of identified individuals
® Sightings: Recording group/survey sighting information
o Survey Effort: Recording survey effort of each survey
o Others: Recording user-specilied information

Manage — Tools to manage the database and verify the data entered
* Database: Viewing and ediling database
s Verify: Confirming proposed new/matched images (and associated information) of individuals
o Review: Reviewing the verified catalogue of individuals

View — Tools lo visualise information in the dalabase
o Individuals: Summary of catalogued individuals with their associated image and sighting information
o Map: Plotting the geographic location of individuals/groups/surveys, and importing/exportingfediting ESRI shapefiles

Data summary — Tools o process, summarise, and plol informaltion [rom the dalabase
o Charts: Summary of database in graphs and tables
o Discover R: Platform to interface the database with program R for a range of analytical and graphical functions from pre-defined or user-
defined scripts

Setup — Options to define user preferences and parameters




Processing of incoming data

DISCOVERY offers built-in tools to assist in processing images collected during field surveys
before they are matched to a database. Each of these tools works independently from the

database and from each other.
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Fig. Al. A graphic summary of the filtering process of a field photograph of an African elephant (Loxodonta
africana)

The filtering application allows to edit images by adjusting their contrast, brightness, and
sharpness, and cropping images to select section(s) of interest (Fig. Al). Images can be
transferred to user-specified subfolders to minimise the processing time at a later stage. After
images have been filtered and transferred to a folder containing all identifiable individuals in
a group/encounter, an incoming matching interface assists with finding the highest quality
image of each individual in a group to later match this image to the existing catalogue.

Building database
Matching ID-images

Once the incoming images are processed, the individuals are ready to be matched to the
existing catalogue of individuals in the database. Query images are compared to the “Type
Specimen” images, which refer to the most representative images (the most recent and of
the highest quality) of catalogued individual (Fig. A2). Only one type specimen may be
assigned per aspect (e.g., left-side, right-side, fluke, etc.) of an individual, and has to be
frequently updated throughout the study. Once an image is matched or determined to be a



new individual, it is automatically moved to its ID-specific folder in the catalogue. At this time,
various parameters can be added to the database, such as geographic location (automatically
extracted from EXIF metadata of the image or imported from a GPX file), image quality,
individual distinctiveness, descriptors, etc.
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Fig. A2. Horizontal matching of (upper) facial wrinkles of African elephants (Chui and Karczmarski 2022) and
(lower) Hawaiian spinner dolphins (Karczmarski et al. 2005) with a query image on the left and database images
on the right. For species where a full flank of the animal’s body has to be examined for individually distinctive
features, as for example is the case with hyaenas, leopards, or gray whales (Gailey et al. 2020; Braczkowski et al.



2022; Portas et al. 2022; Schwarz et al. 2022; Spagnuolo et al. 2022) a vertically arranged matching window is
also available; see Manual of DISCOVERY available at https://cetaecoresearch.com/research-software-
discovery.html and https://www.cetacea-institute.org/discovery

As the number of individuals in a database increases, the time needed to find a potential
match to a query image increases as well. DISCOVERY offers several catalogue filtering tools
to facilitate the searching and matching of individuals, with customisable classification
schemes that may for example prioritise ‘aspects’ (e.g., left-side/right-side), ‘categories’ (e.g.,
primary feature: number of notches), ‘descriptors’ (e.g., secondary features: scars,
pigmentation, shape of tusks), individual distinctiveness, or other user-defined features.
Morphometric topographies, such as positions of whisker spots, can also be applied if so user-
defined; while for well-known individuals, an individual alpha-numeric ID can be used for a
rapid search through the catalogue. However, as DISCOVERY does not offer automated image
recognition, for large datasets, the matching process remains labour-intensive.

Sighting information

Other than photographic images of individual animals, a variety of information about each
sighting (e.g., group size, age structure, predominant behaviour, geographic coordinates, and
environmental data) are usually collected during photo-ID surveys. Some information is
standard for photo-ID studies, while other parameters can be project-/species-/study- or site-
specific. As such, DISCOVERY offers several standard features as well as dynamic user-defined
features to create data forms for any specific needs (Fig. A3). The minimum standard
information for a sighting includes study area, date, species, and group ID, which are used as
a unique identifier for each sighting. Other standard sighting information is categorised as (i)
Group information, with user-defined parameters and data types, which can include such
details as number of adults/juveniles/calves, number of females/males, single-/multi-species
group, etc., with a possibility of time-stamped multiple entries per sighting/group to facilitate
recording changes in group membership over time; (ii) Geographic positions, which can be
imported automatically from files downloaded from GPS devises (e.g., GPS Exchange Format,
GPX files) or from Excel and Access files, or entered manually with optional multiple entries
per sighting; (iii) Environment data, with user-defined parameter-specific data types, multiple
entries per sighting, and full customisation of environmental parameters; and (iv) various
other categories as described in the Manual of DISCOVERY available online at the web
addresses indicated above. To minimise data entry errors, DISCOVERY offers an automatic
error checking function that highlights any invalid entries (e.g., date or time).
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Fig. A3. An illustration of summarised sighting information in a centralised DISCOVERY database
Survey effort and other information

Survey effort recorded with GPS track data can be downloaded from a GPS device, generating
a reference to the GPS/GPX file directory in the DISCOVERY database (Fig. A4). This serves as
an overall record of the spatial and temporal effort for the number of surveys conducted for
each study area and can be subsequently summarised and visualised. Various miscellaneous
information related to the study or to a specific individual (e.g., newly recorded birth or death)
but independent of the matching process or sighting/survey information can be entered as
‘other info’ and be associated with a specific sighting or survey for future data processing.
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Managing database
Viewing and editing database

DISCOVERY stores all data into a Microsoft Access database file and offers built-in options to
visualise, edit, and manage the database. This function allows users who do not have
Microsoft Access to partition, search, edit, and update the data directly without the need to
open the database through the Access software (Fig. A5).
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Fig. A5. An illustration of viewing and editing the Access database in DISCOVERY

Updating database and image metadata

Built-in functions provide options to quickly synchronise image-related information by
updating the EXIF data of images and updating the GPS locations (latitude and longitude) of
all catalogued image records in the DISCOVERY database.

Verification

The verification function is particularly handy for research teams with varying degree of
experience among team members. To ensure that each individual-ID and relevant
information (e.g., distinctiveness) are correct and have been correctly entered to the
database, all newly catalogued images have to be double-checked and verified (usually by a
project leader or database manager). An ID is entered into the database as “new individual”
only if no images for that ID have previously been verified, or as a “matched individual” if at
least one image for that ID has been previously verified.

While for some animals their primary identifiable features do not change in appearance
whether viewed from the left or right sides, such as the pattern of notches on the dorsal fin
of many dolphin species (e.g., Wiirsig and Wirsig 1977; Read et al. 2003; Verborgh et al.
2022); for many other, such as elephants where identification of individuals is based on the
pattern of natural markings on their membranous ears (e.g., Ardovini et al. 2008; de Silva et
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al. 2022) or the pattern of facial wrinkles (Whitehouse and Hall-Martin 2000; Chui and
Karczmarski 2022), or the coat pattern of giraffes (Bolger et al. 2012; Muller 2018), or that of
several species of felids (Oberosler et al. 2022; Pereira et al. 2022) and canids (Dorning and
Harris 2019; Marneweck et al. 2022), or pigmentation and scars of some poorly marked
cetaceans (Karczmarski and Cockcroft 1998; Elliser et al. 2022), these primary identifiable
features display different patterns on the left and right sides of the animal. For that reason,
DISCOVERY offers options to verify new IDs by either a particular aspect (Fig. A6) or several
aspects combined (see the Manual for details).
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Fig. A6. An example of verifying images of matched individuals, in this case Indo-Pacific humpback dolphin (Sousa
chinensis) in Hong Kong waters (Chan and Karczmarski 2017, 2019)

As every individual-ID catalogue has to be regularly reviewed and updated, DISCOVERY offers
a review tool to examine the verified catalogue and update type specimen images to the most
recent and highest quality representative image of that individual for each aspect.

Crossmatching

DISCOVERY offers a crossmatching function to facilitate collaboration between research
teams by centralising individual catalogues from different study areas. These catalogues are
maintained as separate by assigning different Study Area in the initial Setup function (see the
Manual for specific details). Each centralised catalogue can retain its own identification
numbering system and be kept separately, while images from various catalogues can be
compared with one another; a useful feature when working with species that exhibit long-
range movements (e.g., Acevedo et al. 2022; Genov et al. 2022). However, as DISCOVERY does
not offer automated image recognition, the crossmatching process is not as time-efficient as
in recently developed Al-based matching systems (e.g., Cheeseman et al. 2022; Khan et al.
2022), especially when working with large datasets.
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Database visualisation and other functions

Catalogue of individuals

DISCOVERY offers a quick overview of the individuals in the existing catalogue, as indicated in

Fig. A7.

® Individual Catalog

Individuals
1D #Images #Sightings First Year Last Year A
Goo1| 1 1 2013 2013
‘Goo2| 4 1 2010 2010
G003 2 1 2015 205
Goos | 22 12 2010 2016
*
GOO§ | 7 3 2011 2013
G007 | 24 16 2010 2016
‘Goos | 8 4 2013 2016
GO9S | 7 6 2014 2016
G010 7 2013 2016
G011 2 2014 2015
Gnz| 15 6 2010 2012
Gn3| 2 1 2014 2014
Gola| 4 2 20m 201
Gos| 10 8 20m 2015
‘G| 1 1 2014 2014
7| 2 2 2013 2014
Gne| 1 1 2016 2016
Goe| 39 21 2010 2016
‘G0 | 18 61 2010 2016
GO 4 1 2011 2m
€ >

Left Side | Misc
Images of G005
Image ‘Group Date Aspect .;Lp:jn_n.verified
G0055outhAfr... |04 30-Dec-13 | Left Side O =
G0055outhAfr... |04 20-Jan-14 | Right Side | [
GO0SSouthAfr... (04  [20Jan-14 |LeitSide | [1 | &
GO05SouthAfr... |04 29%Jun-14  |Right Sde | [] [~
(S GO05South#fr... |06 05-Jul-14 | Left Side ] ~

Fig. A7. Form illustrating View Individuals function in an existing catalogue of giraffes (Giraffa camelopardalis; L.
Karczmarski, unpublished data) with the individuals listed in the left-hand table along with summary information
(e.g., number of images, number of sightings, and first/last year of sighting), while all images of an individual
along with the image details are displayed in the table at the bottom right

GIS viewer and shapefile export

This mapping function in DISCOVERY plots the geographically-referenced data stored in the
database (e.g., locations of individual sighting records) along with sighting information and
survey efforts as map layers, while the relevant fields from the data database are included in
the attribute table of the shapefile. As in most GIS applications, specific features (e.g., point,
line, or polygon data) can be selected by attributes to modify display settings of each layer,
and export the layers as shapefiles for further spatial analyses.
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Database summary

A built-in tool generates analytical summary of the database for each year of the study and
the overall total, including for example the number of images in the database, the overall
number of individuals, number of new individuals per year/season, re-sightings (min, max,
and mean), percentage of re-sightings per aspects (e.g., left, right, fluke, etc.), group size
(mean and range); as well as graphical display of summarised data such as cumulative
discovery curve, number of sightings/re-sightings, individual sighting histories, etc. Frequency
distribution of group sizes, predominant behaviour, species seen, etc. can be displayed as pie
or frequency charts; and charts summarising the information are displayed in excel-like grids
that can be copied/pasted to other applications to further processing and data display.

Interface with R

Discover R is a platform that interfaces the information in the DISCOVERY database with the
freely available statistical software R, where a wide range of analytical and graphical functions
can be used to suit the specific needs of different studies. For users who are not familiar with
writing or modifying R scripts, there are a number of basic functions already built-in upon
installation of DISCOVERY through the interactive interface in Discover R. For advanced users
with previous experience in R, Discover R provides a platform to import any additional
functions or to develop tailor-made functions.

Importing data

There are several options to import pre-existing database of ID-images and sighting
information into DISCOVERY database. The system is sufficiently flexible to accept data by
importing folders of images (and extracting information from EXIF metadata), Excel
spreadsheets, Access databases, or other DISCOVERY databases.

Exporting data

The system offers tools to export data into Excel and other file formats that are ready for
further use as input files into analytical tools, such as MARK (White and Burnham 1999),
SOCPROG (Whitehead 2009), and various GIS applications (e.g., ArcGIS, QGIS; ESRI 2020; QGIS
Development Team 2022).

The MARK export interface (Fig. A8) allows to pool data in user-defined capture occasions and
specify the output file that meets the requirements of various population models (e.g., single-
state closed/open, multi-state, or robust design models). INP files (.inp) are generated based
on the images entered into the DISCOVERY database, with appropriate filtering of images
performed when prompted at the time of generating the output file.
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® MARK Export

. Survey Date #1Ds
Single State 18-May-2010 5
Variables/States 25-May-2010 s
Table 26May2010 1
~r 30-Jun-2010 6
01-Jul-2010 9
02-Jul-2010 6
Add Variable
| Add State
Pool Data by: hd
Imegular Intervals v Occa- Start End # Day
sion Date Date Days Interval
18-May-2010 ' 26-May-2010 3 40
Options 2 30un-2010 |024ul-2010 |3 155
M Include Marginal
[] Include non-Verified
Include Temporary
Process Save

Fig. A8. An example illustrating pooling individual sighting histories (in survey days) by user-defined irregular

intervals for MARK output files

The export interface for SOCPROG offers customisable output files that meet specific format
of primary (sighting histories by individuals or by groups) and supplemental (individual
features) input files required by SOCPROG. Microsoft Excel files are generated based on the
images entered into the DISCOVERY database, with appropriate filtering of images performed
when prompted at the time of generating the output file.

Notes

1. http://www.biosch.hku.hk/ecology/staffhp/Ik/Discovery/index.html.
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