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Figure 1: GCF field conservationists and volunteers surveying a giraffe herd at a watering hole. (a) Three giraffe, the target of
the survey. (b) Volunteer photographing the three giraffe and calling out photo numbers to the GCF field conservationist. (c)
GCF field conservationist entering data into an EarthRanger event form.

Abstract

At the heart of conservation are the field staff who study and moni-
tor ecosystems in challenging environments. Recent advances in
Al models raise the question of whether LLM assistants could im-
prove the experience of data collection for these staff. However,
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on-device Al deployment for conservation field work poses sig-
nificant challenges, and is understudied. To address this gap, we
conducted semi-structured interviews, surveys, and participant ob-
servation with partner conservancies in the Pacific Northwest and
Namibia to better understand the field work context. We employ
speculative methods through the lens of technology acceptance
theory to critically analyze how on-device AI would affect field
work, by developing an on-device transcription-language model
pipeline, which we built atop of EarthRanger, a widely-used, open-
source conservation platform. Our findings suggest that although
on-device LLMs hold some promise for field work, the infrastruc-
ture required by current on-device models clashes with the reality
of resource-limited conservation settings.
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1 Introduction

The overwhelming consensus amongst researchers is that the planet
faces significant biodiversity loss: anywhere from 20% to 50% of
species may go extinct by the year 2100, with significant ramifica-
tions for the health of people and the environment [24]. However,
experts also agree — through funding conservation projects, we can
significantly reduce biodiversity loss over the coming decades [50].

The advancement of tracking and sensor technologies has pro-
gressed alongside the adoption of computer-based advances in
human-generated wildlife observations, leading to an explosion in
the volume and diversity of data available, especially for big animal
tracking [25, 51]. In parallel, conservancies have expedited their
ability to gather and understand data from observations of flora
and fauna across broad geographic areas through technology.

Taken together, these advances have broadened and accelerated
the flow of data from the field. While this new flood of information
may alleviate conservation’s data scarcity problem, it also gener-
ates new challenges: namely, those of large-scale unstructured data
management and analysis [25]. Many conservation organizations
lack the personnel capacity to manage the data generated, espe-
cially given widespread staffing shortages [2, 43]. Field staff also
report “excessive safety and health risks” on-the-job, with the World
Wildlife Fund finding that 30% of field staff received inadequate
training and preparation for their job in 2019 [31]. Through infor-
mal conversations with several organizations, we learned that many
field staff work with and/or are drawn from local communities, and
may lack digital and textual literacy, complicating data-gathering.
These challenges compound burdens upon overtaxed staff, espe-
cially in data collection, which requires naturalist expertise and is
thus difficult, if not impossible, to scale.

In recent years, proposals to use Al systems (especially digital
assistants based on Large Language Models (LLMs)) to increase
workforce efficiency have sprung up across many sectors — corpo-
rate meetings, healthcare, and even conservation [4, 14, 19, 46]. As
users in these settings generally have access to abundant electricity,
stable internet, and top-of-the-line devices, developers commonly
make assumptions about resources available. However, given the
uneven and often limited computing infrastructure available in the
remote areas where field staff work, existing research on digital
assistants, which often rely on API calls to cloud-hosted services,
may no longer hold, indicating a need for edge inference. There are
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other benefits as well: on-device inference can limit the leakage of
sensitive identifying location and reduce conflicts with government
data policies. Conservation organizations operate across national
borders — for example, some of our partners work across multi-
ple countries, from Angola to Namobia to South Africa. On-device
processing keeps data in-country, partially circumventing the com-
plicated data governance and privacy questions inherent to working
with protected species across political landscapes.

In this work, we seek to evaluate the potential of Al systems as
digital assistants in the low-resource setting of conservation work.
We specifically explore the potential of on-device LLMs to improve
data collection for field staff, allowing for easier digitization of field
observations collected using their specialized ecological knowledge.
To do so, we worked with a widely-used, conservation-focused data
management platform provider, EarthRanger [51] (ER), and a few
of their partner organizations, notably Panthera and the Giraffe
Conservation Foundation (GCF).

As we began work on this project, we found that organizations
using ER vary widely. This diversity of potential partners meant
that our levels of intuition for user experiences similarly varied
widely and needed more grounding. At the same time, we were
operating within the underexplored domain of on-device LLM de-
ployments, which required us to consider not only the usability of
any proposed system but also the necessary supporting infrastruc-
ture. As such, this work employs a broad array of methodologies,
which allowed us to holistically explore the varied potential of
on-device Al for conservation. Travel to and coordination with
conservation partners can be very tricky due to distance, season-
ality, and remoteness; combining different methods also helped
compensate for these challenges by providing alternate methods of
understanding.

To provide ourselves with the contextual information neces-
sary to reflect on insights gained from our technical validation, we
conducted semi-structured interviews, a survey, and participant
observation sessions with field staff in the Washington Olympic
Peninsula and the Etosha Heights Game Reserve (EHGR), using the
ER platform as a case study to answer the question: RQ1: What
elements are critical to developing context-suitable and main-
tainable conservation technologies for data work?

In parallel, curious about the tradeoffs one would have to make
between model size and performance, we explored the feasibility of
on-device LLMs through the development of an on-device speech-
to-text plus language model pipeline which allows field staff to
dictate field observations, which are converted to ER Event forms.
Not only did this validation allow us to test the technical capabilities
of such a system given the current state of LLM technology, the
process combined with analysis through a technology acceptance
lens allowed us to probe potential benefits and challenges for the
growing movement towards the deployment of LLMs on-device
even outside of conservation, as small, fine-tuned LLMs become a
potential model for agentic workflows [3].

Beyond traditional qualitative methods, we applied speculative
and technology acceptance methods to envision how such a tech-
nology might interact with infrastructure that does not yet ex-
ist [16, 49, 53, 54]. Applying these frameworks allowed us to think
beyond research prototype evaluation and into questions around
infrastructure and longevity.
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Using our system to probe the practical challenges of deploying
on-device LLMs in-the-field, we sought to answer the following
research question through our aforementioned qualitative methods
and a meta-analysis of our technical validation. RQ2: For conser-
vation field staff, where do LLMs hold promise, and where
do LLMs struggle to align with existing best practices in de-
veloping field-deployed conservation technology?

From these research questions, we present a novel understanding
of how new modes of digital data collection function in the context
of conservation field work. We also contribute analysis of how on-
device Al deployment within this context could, at its best, improve
the experience of data collection for conservation — but at its worst,
could upset the systems which conservation technology providers
have developed to ensure that their offerings remain suitable and
maintainable at low costs to the user.

2 Related Work

We provide a review in four parts: the first, focusing on existing
conservation technologies and how they attempt to unify data
collection while reducing labor burden, as well as what researchers
see as significant challenges. The second part of our review looks
at technically similar Al systems, identifying areas of success but
also establishing how these systems may fail for conservation field
work. We then describe user acceptance and speculative methods,
which we apply as analysis and design methodologies.

2.1 Advances in Conservation Technology

Over the past two decades, the technology and tools used for con-
servation have expanded, from genetic barcoding to remote sens-
ing [41]. Our interest lies in understanding how the use of technol-
ogy by field staff currently affects in-the-field data entry. Hence,
we focus on data collection and management tools.

There are several large platforms which dominate the conser-
vation space: one is from our partner organization, EarthRanger
(ER) [51], which aggregates and analyzes disparate real-time data
sources (including data entry forms), while also visualizing data ge-
ographically. CyberTracker [28], which integrates with ER, focuses
on tracking and visual functionality for oralate users, especially
those using indigenous tracking methods. Other data collection
platforms include citizen science platforms such as iNaturalist [22],
Wildlife Insights [1] and eBird [38], which allow non-expert users
to capture field recordings and attach text-based observations, with
some downstream cloud Al analysis available. On the data manage-
ment side, Movebank [25] provides database software towards the
integration of animal movement data. And though not as widely-
deployed as other systems, Muashekele et al. propose a mobile
application that enables in-the-field data entry using audio record-
ings, which was developed through a codesign process with guards
at protected wildlife areas across Namibia [33].

More broadly, several reviews of advances in conservation tech-
nology have identified trends and concerns around technology
suitability and maintainability. In 2015, Pimm et al. identified many
emerging conservation technologies which have the potential to re-
duce the labor burden on field staff and data analysts alike [41], but
also established concerns: power imbalance between biodiverse con-
servation regions and wealthy, tech-producing countries; the high
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cost of new technologies; and the importance of recognizing that
technology is but a tool, not a full solution for many problems [41].
In 2021, Lahoz-Monfort et al. provided a review of more recent ad-
vances, identifying further shifts away from more labor-intensive
technologies and towards automation [27]. They also identify two
important requirements for future contributions to conservation
technology: a need for technologies which function given the harsh
real-world constraints of the conservation environment, and the
careful design of new systems to avoid falling into colonial patterns
of dependence on software-producing nations [27]. Brammer et
al. came to a similar conclusion in their work studying the use of
digital data entry in participatory wildlife monitoring, cautioning
that digitization may worsen data control and privacy, and increase
conservationists’ reliance on external technical support [5].

In the context of data collection in conservation, these works
illustrate a general movement towards greater efficiency and dig-
itization of field work, while also highlighting structural pitfalls
which arise with technological advances. The integration of Al into
these systems could reduce the labor of field work, but could also
exacerbate structural problems. We build on these observations to
explore the previously unstudied effects of integrating AL

2.2 Al Assistants for Data Labor

While Al assistants have not yet been widely researched in conser-
vation, they have been well-studied in the domain of healthcare,
which shares similar staffing problems [26, 39]. There exists a funda-
mental tension in healthcare between the high-skill tasks clinicians
have practiced for (diagnostics, for example) and the paperwork
they must complete, largely for documentation and billing [45].
Many clinicians find that the latter encroaches upon the former in
both time and focus. “Al scribes” have been proposed to alleviate
the burden of paperwork on the healthcare system [11, 14, 32, 46],
which, like our system, use both audio transcription and LLMs.
Although the healthcare context diverges from ours, we find that
reviewing similar technologies helps establish not only existing
works, but the assumptions made about how these works will be
deployed.

The Permanente Group in California tested an Al system to
perform the duties of a medical scribe by first transcribing patient-
doctor conversations, then summarizing key points and generating
patient notes [46, 47]. Tierney et al. found that the Al scribe, when
generating unstructured notes, reduced clinicians’ time spent in
the records system outside of normal working hours, and time
spent taking notes during patient visits. In post-study interviews,
both patients and clinicians found that the reduction of typing
during patient visits improved the interpersonal relationships [46,
47], allowing the clinician to spend more time on medicine. Smaller-
scale evaluations of the Microsoft Dragon Ambient eXperience
healthcare Al assistant [14] as a scribe found mixed results, with
Liu et al. finding no statistically significant change in physician
efficiency across a longitudinal study [29], while Cao et al. found an
improvement in efficiency during their pilot [9], highlighting the
importance of setting to the success of an real-world Al deployment.

Finally, industry applications also motivate the use of LLMs to re-
duce data entry burden, with tools such as Google Meet embedding
LLM notetakers and summarizers into virtual meeting rooms [19].
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There is a common desire to let the Al system to take over
the banalities of paperwork so users can focus on applying their
specialized skills. However, while similarities exist between the
conservation setting and hospitals or meeting rooms, prior work
assumes internet-equipped environments where applications can
send API requests to speech-to-text or large language models hosted
on cloud-based GPUs [14, 19, 32], and do not consider on-device
deployment as a possibility. For many field staff working without
cellular service, on-device inference is the only way to achieve
real-time transcription and summarization. Further, in many of the
previously studied application arenas, data entry consumes a high
percentage of the user’s work time [45], which may not be the case
in conservation.

2.3 Technology Acceptance Theory

Davis [12] theorizes that the core elements which make a technol-
ogy acceptable to a given user are its perceived ease-of-use and
usefulness. As discussed previously, conservationists place high
demands upon the hardware and software they allow into their
toolbelts. The usefulness of a technology, here, means that it must
do the job and last under extreme conditions. Given staffing and
training shortages as well as varied literacy across users [31], it is
critical that, as Davis posits, new technology is seen as easy-to-use
in conservation.

Subsequent work by Venkatesh et al. expands to include external
factors that may influence the behavioral intention of a user towards
a new technology and thus, the rate of user adoption [49]. They
identify four constructs that influence a user’s behavioral intention
towards a technology: performance expectancy, effort expectancy,
social influence, and facilitating conditions [49]. This Unified Theory
of Acceptance and Use of Technology (UTAUT) is particularly use-
ful for explaining acceptance of conservation technology because
it is able to encompass hierarchical structures and infrastructures,
beyond Davis’s more internally-facing and individual perceptions.

Davis and Venkatesh’s works provide a theoretical foundation
which allow us to understand where incorporating AI — in par-
ticular customized on-device LLMs — into existing systems and
workflows may succeed, and where it may fail.

2.4 Speculative Methods

To answer the question of how users will perceive the integration of
on-device Al into their existing workflows, we need to consider their
current infrastructure. However, it is both risky and impractical
to fully deploy highly speculative technologies, and as such, we
lean on design methods to envision how our proposed technologies
might improve or disrupt user systems.

Thus, we turn to speculative design, which allows us to under-
stand whether we are targeting the “right” problems when design-
ing systems and challenge prevailing assumptions about certain
technologies [54], which we find useful when considering applica-
tions from a rapidly-expanding and optimistic field, such as LLM
research. For this work in particular, given its intention to under-
stand how a newer technology with significantly higher infras-
tructural requirements compared to the existing technologies
used in conservation, we drew from “infrastructural speculations”
as proposed by Wong et al. to think beyond the direct users and
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Figure 2: Screen capture of the EarthRanger desktop applica-
tion. On the right is an example map, displaying geolocations
of various logged events. On the left is a list of recent events.

into the broader network of support and infrastructure assumed
to exist by both cloud and on-device LLM deployments [53]. The
higher cost and volume of computing resources required to support
Al especially Al training, make infrastructure a core focus when
considering the holistic impact of an AI deployment.
Infrastructural speculation allows us to center the broader sys-
tem around a technology, as opposed to the technology itself. As
Wong et al. suggest, the broader system can include regulatory
frameworks, energy and hardware requirements, and maintenance
accessibility of a technology [53]. As a field, conservation often
occurs transnationally in settings where the expectations of the
Western technology majors may not apply. Politics and policy, re-
source limitations, and even physical and biological landscapes
may have significant effects on technology acceptance and efficacy
relative to studies taking place in wealthy developed countries.

3 Background

Here, we describe our goals, our partners, and our technology for
this project.

3.1 Community partners

In the following section, we introduce the EarthRanger platform
and our community partners, Panthera and the Giraffe Conser-
vation Foundation (GCF). Panthera and GCF both employ the ER
application for staff to record data in the field. We introduce the field
contexts wherein staff log observations, which we aim to support
using on-device LLMs.

3.1.1 EarthRanger. A large and critical part of the work of con-
servationists, ecologists, and other scientists is gathering and un-
derstanding real-time data from many sensors, individuals, and
animals across broad geographic areas. EarthRanger (ER) [51] pro-
vides a real-time web and mobile platform to aggregate informa-
tion, from the locations of collared elephants to ranger patrol routes.
EarthRanger consists of GIS-based tools for conservancies to meet a
number of their critical needs, including (1) assisting in the tracking
and monitoring of wildlife, (2) capture of human-wildlife conflict,
both accidental (e.g., wildlife entering human areas) and intentional
(e.g., poachers), and (3) coordinating rangers—conservancy field
staff who enter the conservation area to protect and manage the
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animals. ER aims to bridge the gap between the vast volumes of
data arriving from disparate data sources and the limited bandwidth
of workers at partner organizations to prioritize and act upon the
information. Figure 2 shows an example of the ER interface.

ER operates in a vast array of contexts around the world, from
the classic "wildlife conservancy" with fences and protected land,
to oceangoing shark trackers, to field staff who monitor national
parks. Operating on a client-service system, it provides not only
a core platform but also technical support and customization to
each of their hundred-plus partner conservation organizations; this
is necessary, as many do not have a software engineer on-staff.
ER’s service infrastructure, shown in Figure 3, allows us to envision
extensions to the core application that support partner-specific
customizations instead of one globally generalizable application.

The specific functionality we focus on in this project is their
“Event” form, which allows users in the field to summarize their field
observations as highly-structured data. We found that organizations
often use the form to track animal populations and movements, or
to record specific qualitative observations of animal habitats. Event
forms function both on- and offline, as does much of the ER app.

3.1.2  Panthera. Panthera is a charitable organization founded in
2006, dedicated solely to conserving the world’s 40 wild cat species
and their ecosystems by developing strategies for protecting both
large and small wild cat species. Their work spans 35 countries
across North and South America, Asia, the Middle East, Europe, and
Africa. We worked specifically with Panthera’s Olympic Cougar
Project (referred to as Panthera), which seeks to protect and con-
nect cougar populations on Washington’s mountainous Olympic
Peninsula, and has worked on mapping wildlife corridors, identify-
ing barriers to movement, and collaborating with six Tribal nations
to improve genetic diversity and long-term viability.

Panthera has fitted dozens of cougars in the Olympic Peninsula
with GPS-enabled tracking collars; the data from these collars are
aggregated on the ER platform — the collars ping the ER servers
hourly, transmitting the cat’s location. The platform will then iden-
tify notable “clusters” based on certain cougar behaviors, such as
bedding down or eating a kill [52].

3.1.3  Giraffe Conservation Foundation. GCF is headquartered in
Windhoek, Namibia, and operates across the continent of Africa,
conducting scientific research, organizing community outreach and
education programs, and raising funds for giraffe conservation. It
was founded in 2009, but its roots hearken back to the late 1990s,
a time when little research had been produced about the giraffe.
Using science-based conservation to save and study giraffe in the
wild is the core of GCF’s mission, and they work across Africa in a
number of areas, from illegal trade prevention to translocation of
giraffe populations.

Like Panthera, as part of their resesarch agenda, GCF will tag
giraffes and track their movements with ER; they also conduct
driving surveys of both tagged and untagged giraffe populations.
ER serves as both a data management and location visualization
system for them.
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3.2 Project vision

In early conversations with EarthRanger (ER) around novel tech-
nologies they were interested in exploring, we discussed using
LLMs as on-device assistants to help improve the data collection for
field staff using ER. From there, we chose to focus on exploring how
speech-based language model assistants would fit into the complex
ecosystem of conservation field work, given the significant con-
straints imposed by the great outdoors on conservation technology.
We endeavored not to imagine a system that would replace ER users,
but rather facilitate spending more time employing their naturalist
skills instead of doing data entry.

3.3 On-device LLMs

We briefly introduce the current state of on-device LLMs and con-
textualize them within this study. On-device LLMs could not only
enable internet-free processing, but also safeguard user privacy
and improve user control relative to cloud LLMs. For example, fast-
moving cloud LLM API providers may suddenly discontinue older
models, which may not align with the slower pace of conservation
technology development. And when working across countries with
varied data protection and governance regulations, on-device mod-
els reduce the policy barriers to technology adoption by keeping
sensitive user audio recordings and protected animal data out of the
cloud. If leaked to poachers or other bad actors, audio can be used
to identify locals collaborating with conservationists; one study
found that geolocation of audio samples using background noise is
possible [10]. Edge processing also reduces the amount of data that
potentially has to be stored — instead of storing and transmitting
audio data, only the extracted data entities needs to be synced with
centralized databases. This also reduces the cost of compute, as
on-cloud hosting generally incurs either a per-call cost, or the cost
of self-hosting models. In contrast, open-source on-device models
can be used for free.

Most language models “small” enough to run on mobile devices—
Llama 3.2-1B [18], Qwen3-0.6 and 1.7B [56], Phi-4-mini [30], to
name a few—lag behind their larger counterparts in performance
on general tasks: Llama 3.2-1B, for example, averages 14.4% accu-
racy across OpenLLM benchmarks, while the earlier Llama 3.1-70B
achieves 43.41% accuracy [15]. Here, we consider “small” to be a
model runnable on commodity mobile devices, < 4B parameters, as
found by Yan et al. in their evaluation of various LLMs on mobile de-
vices [55]. Models running on-device also exhibit significant latency
relative to their cloud-hosted peers [55], as most mobile devices
lack the capacity for massively parallelized matrix multiplication.

Once they have undergone supervised fine-tuning (SFT), small
LLMs have shown themselves capable of matching (if not exceeding)
the accuracy of larger models on specific tasks, such as sentiment
analysis [7, 23, 57]. Some argue that the tunability, relative efficiency,
and general operational suitability of small LLMs over true LLMs
makes them a better fit for agentic and assistant systems [3, 23].

Regardless, for our purposes, supposing little to no internet ac-
cess in the field, any LLM used would have to run on a mobile device,
and thus would have to be small. While many important studies
explore the systems and architecture optimizations necessary for
on-device deployment of LLMs, very few implement user-centered
LLM applications locally. For example, in their journal design, Moéll
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Figure 3: Diagram of the interaction between EarthRanger (ER) and two of its many partner conservancies, showing both how
ER provides services and how its partners use ER and provide feedback.

et al. include an option for information to be processed by a lo-
cal LLM, but do not deploy this functionality, instead relying on
cloud-hosted APIs [32].

3.4 Ethics

Our studies were conducted under approval from our institutional
IRB, who found them to be exempt due to the low risk to partici-
pants. However, we still gathered consent from participants. Before
recording data, we made clear to all participants that we were con-
ducting user research around on-device artificial intelligence in
collaboration with EarthRanger, and aimed to publish our findings.
We engaged with the users by observing and participating in their
daily work through their employers. With our participant obser-
vation approach, we did not increase their risk exposure beyond
levels inherent to their jobs. We also did not provide compensation,
as we were mostly observing their daily activities or asking them to
slightly modify their data entry process. All personally identifiable
data, including audio recordings, were stored in secured accounts.
All training was conducted on an on-premise GPU; no data was
sent to cloud LLMs.

4 User Investigation: Methods, Field Context,
and Findings

To better understand how field staff perform data entry, we con-
ducted participant observation with Panthera and GCF in their
work environments. For more user perspectives, we also issued
a survey, with the help of ER, on current usage of the ER Event
form and thoughts on audio as a user interface. In this section,
we lay out the qualitative methodologies we used to understand
their respective working contexts, and the field work we observed

while visiting our partners. We also describe how the infrastruc-
ture ER provides supports the suitability and maintainability of the
application.

4.1 Methods: Participant Observation and
Surveys

Participant Observation. Participant observation places the re-
search team amidst the study subjects, allowing the researchers
to observe and interact with workers directly in their working
environment [35]. Participant observation traditionally involves
four (sometimes co-ocurring) stages: (1) establishing rapport, (2)
immersing oneself in the field, (3) recording data and observations,
and (4) consolidating the information gathered. For each of the
teams, (1) was an ongoing endeavour conducted through online
discussions, a shared meal, a long drive to the field site, and contin-
uing communication. We then completed (2) and (3) at the field site,
and (4) once we had returned from the field work, with all stages
repeating in various ways as we worked with different organiza-
tion. Participating directly in-situ allowed us a deeper, multisensory
understanding of how Event forms are used.

For this study, we joined field staff at Panthera and GCF on field
work in which they used the ER application for data entry tasks
and learned how to observe and enter data ourselves. We spent
one day in the field with Panthera in the Washington Olympic
Peninsula in May of 2025, and five to six days in the field with
GCF in Windhoek and Etosha Heights Game Reserve in August
of 2025. During these sessions, we recorded audio of various tasks
and informal interviews conducted in the field. With Panthera,
we observed recordings of Bed and Kill Site data across several
locations. With GCF, we observed field staff on various animal
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sightings, such as Elephant Herds; groundskeeping tasks such as
Fence Break or Camera Trap; Patrols where routes were traced via
GPS, and Giraffe Herd sightings.

Participants. The participants in our study (other than ourselves)
were members of the field staff for the partner organizations work-
ing on projects that leverage the ER platform. At both Panthera and
GCF, an individual project or geographic area of focus (e.g., Olympic
Peninsula or Etosha Heights) may only have a small number of
associated employees, often drawn from the local community. For
example, Panthera operates globally, but their Pacific Northwest
cougar-counting initiative is conducted by a few paid staff, sta-
tioned locally; thus, our participant observation was with just two
staff members. GCF follows a similar model: we shadowed the lead
program officer for their EHGR project as well as the lead for their
northwest Namibia project working together in Etosha Heights.

Information Analysis. The research team performed a thematic
analysis of the qualitative interview data [6], an inductive approach
that involves reading through data to identify patterns that can be
generalized into more abstract themes. Three separate researchers

CHI *26, April 13-17, 2026, Barcelona, Spain

reviewed transcripts of interviews and recordings from participant-
observer field work and identified codes representing main themes
throughout the artifacts. The researchers then met to align on their
codes and come to a consensus on dominant themes.

Survey Study. For broader insight into the user base of ER Event
forms, we requested that the ER user experience team distribute a
lightweight Qualtrics survey to ER users, represented as a request
from an external research group. Surveys are frequently used in HCI
to elicit user feedback, understand user characteristics, and usage
patterns [34]. We translated the survey to ER’s most commonly-
used languages: English, Spanish, French, Portuguese, and Swahili.
The survey contains a series of questions focused on usage of the
form and user sentiment towards audio-based data entry. Questions
are available in the appendix.

We received seven responses out of the 100+ organizations which
actively use ER. One respondent was a new user who had begun
testing ER for their organization, but had not yet used it in the field.
The other six respondents spanned multiple continents and lan-
guages: one response was received from North America, four from
Africa, one from Central America, and one from South America.
Four primarily use English when dealing with ER, one uses Spanish,
and one uses French. Four use ER Event forms daily, one uses them
weekly, one uses them a few times a month.

4.2 Field Context

In this section, we describe the field work undertaken as part of
our participant observation sessions. These descriptions provide
context for how ER is used in the field, and inform our speculative
methods described in Section 5.

4.2.1 Panthera. We spent a day with Panthera at a number of sites
on the Olympic Peninsula—a mountainous, forested region of the
American Pacific Northwest which runs along the western coast of
the continent. Panthera field staff most commonly travel alone, but
had arranged for two people to accompany us to a number of bed
and kill sites, where cougars sleep and consume prey, respectively.
Panthera visits these sites to collect data on cougar activity in spe-
cific environments while also assessing the general environmental
health of the ecosystems where the cougars live.

The day began for the field staff with the loading of “clusters”
of cougar geolocation points onto GPS systems; these clusters are
identified by ER as kill or bed sites based on the animal’s movements,
and interesting clusters are hand-selected for investigation. After
we met up with the field staff, we drove up into the fir forests, to
the closest road-accessible location to a kill site, at which point
we dismounted and continued on foot. The field staff navigated
with a handheld GPS system, which they preload with the ER-
generated coordinates for the cougar point cluster before each
outing. Panthera also employs onX, an offline-capable mapping
application.

At each site, we hiked off-road, following the GPS system. Some
of the sites we visited required hiking through dense brush, up
and down steep, uncleared inclines, which is typical terrain in
the region. Once we reached the destination, the field staff closely
inspected the woods for signs of cougar activity — prints in the
mud, hair, scavenger tracks, and prey carcasses. At some points,



CHI *26, April 13-17, 2026, Barcelona, Spain

28 ML LR 23]

M2aME e LR 73]

Species

TR2aME S ore4a

Dong et al.

< Wildlife Sighting B> Submit <
Q
7
Ant
Species* k - Cheetah
Count* Chimpanzee
Crocodile
Are Animals Collared -
Eland
NOTES
o Elephant
B’ Add Note
Giraffe
IMAGES
Gorilla
&
Add Image Hippo
Hyena
[ I O | B save
Kob

< Wildlife Sighting B> Submit

4

47.66613°, -122.30363°

Count*
4

is a required property

Are Animals Collared

No

NOTES

gP Add Note

IMAGES

&
Add Image

BB & i save

Figure 5: Example workflow for filling out an ER Event form on a mobile device. The user selects an event type, then selects a
dropdown field. Once they select an option, the user fills out the form and submits the event.

they got down on their hands and knees to look for minute, wispy
hairs to determine whether a gentle depression in the grass was
the result of a resting deer or cougar. On that day, the forest was
exceptionally quiet and calm, though one of the field staff told us
that she has worked through storms and bad weather. We visited
4-5 sites.

The Panthera field staff were always very enthusiastic when
showing us various species of plants and explaining various tidbits
of naturalist knowledge to us while hiking, such as how to tell apart
various cone-bearing trees, or determining the difference between
deer hair and cougar fur. They also explained in detail how they
fill out the “prey age” field in their forms, which involves assessing
the shape of the teeth.

Once they confirmed a bed or kill site, the field staff logged their
observations, as well as hyperlocal habitat information, using the
ER Events form. We show an example workflow on a mobile device
in Figure 5. The field staff may also attach images of the site, prey
remains, or scat, taken with their phone cameras. Recording habitat
information required them to identify the dominant plant species
and estimate the age of the surrounding forest, for example. The
process of form entry alone could take five minutes, even if they had
already inspected their surroundings for the relevant information.
The data from the forms may be analyzed at a later date for insights
into cougar behavior and population dynamics.

4.2.2 GCF. One member of our team visited GCF at their Wind-
hoek headquarters, as well as their program station on a private
game reserve, Etosha Heights (EHGR). EHGR is about five hours
north of Windhoek by car, and lies along the southern border of
the much larger Etosha National Park. The landscape is a mix of

plains and hills, with some trees interspersed amidst the savanna
grass.

At EHGR and other program sites, GCF uses ER as part of their
giraffe surveys: driving along a predetermined, replicable route,
field conservationists will visually scan for giraffe herds. ER is used
to track their progress and note any deviations from the route, in
addition to noting down specific giraffe which they spot. In general,
they will travel with at least two people in the car.

One member of our team went out on two different types of
field outings with GCF over the course of five days: two giraffe
surveys and multiple trips to replace camera trap equipment. The
giraffe surveys involved anywhere from 6-9 hours in the car, driving
100+ kilometers. The researcher went out with a different GCF field
staffer on each survey, as well as one volunteer or supporter visiting
GCF.

The giraffe surveys begin early in the morning to avoid afternoon
heat. Once the team reaches the survey route, the Patrol function
on ER is engaged, logging the GPS location of the ER device every
few minutes. All members of the team begin looking out of the
window of the Land Cruiser for giraffe. As shown in Figure 1, once
someone spots a giraffe (Fig. 1a), one person will begin taking
photos (Fig. 1b), trying to get an image for each side of the giraffe.
The other person in the car will operate the ER app, filling out a form
for each individual giraffe with its age, sex, and the camera number
of the photograph corresponding to the giraffe’s left and right sides,
respectively (Fig. 1c). Sometimes, it may be impossible to capture
both sides (or even a single side) due to positioning, movement, or
thick brush; in those situations, the form is only partially completed.
Giraffe skin patterns are comparable to fingerprints, and GCF keeps
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digital ID books with photographs of the left and right sides of
individual giraffe. After a survey, and only once they have sufficient
service or WiFi, the field conservationists will sync the ER Events to
the cloud, possibly manually inspect the new data for any giraffe
they can ID by sight, then send the data to GiraffeSpotter [4], a
software which automates individual identification based on skin
pattern. As with Panthera, data is analyzed for various questions
and projects.

At multiple points during each of the surveys, the GCF field
staffer would climb on top of the vehicle, make sounds at the giraffe,
or drive forwards/in reverse to get a better angle for photography.
One of the field staffers used a HotWav Rugged tablet, and the other
used their personal iPhone.

Aside from counting and photographing giraffe, the GCF field
staff were always on the lookout for and enjoyed seeing many
other species of animals, such as mountain zebra, various hawks
and bustards, and elephants.

GCF also uses ER Event forms to monitor the containment fences
which run between EHGR and the national park, livestock farms,
and other game reserves. This involves driving dozens of kilometers
along the fence and marking any broken areas (often trampled by
elephants), which can take many hours.

4.3 Findings

From interviews, participant observation, and a survey, we were
able to better understand field work conditions and the desires
of field staff. From our learnings, we distill a set of systems and
practices which make ER a suitable and maintainable conservation
technology.

4.3.1  What makes the existing system deployable? In this section,
we observe how the “maintainability” and “suitability” of Earth-
Ranger and other technologies make them field-deployable.

Maintainability — User Support System. Usability and main-
tainability are crucial, especially given that much conservation
technology is developed in wealthy western countries but used
by individuals in less well-resourced, often rural areas [5, 27, 41].
In our interviews with conservation workers, we found that us-
ability and maintainability are tightly linked to user control and
configurability.

ER is not just a software provider: they also offer services —
cloud hosting, but more importantly for user control, significant
customization of what data is collected in Event forms. This may be
through a superuser model, where a technically-trained individual
within the conservancy, or at ER, can quickly create and edit custom
Event forms for the field conservationists. From our survey, we
found that two users update their forms yearly, one updates their
forms about three times a year, and two update their forms monthly.
One never updates their forms. These results indicate that some ER
users do elect to change their forms with some frequency.

At GCF, different project owners have custom control over Event
form fields and field types, enabling them to adjust the technology
to fit their data collection needs, instead of the other way around.
Users we spoke with were highly complimentary of the agency ER
provides them: a user at GCF said, regarding the usability of the
Event form, “We set [the form] up how best it works for me in the
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field. So I have an idea, and then I give it to [the GCF EarthRanger
coordinator], and then she sets it up the way I want it to work for me.
How easy is collecting data? Is it easier to first get the sex, or the age?
Or is it easier to first put in the photo number? Those specific details.
And so it’s set up in a way I want it to be. If I find it difficult it after a
period of time, then I can always change it.”

Not only does user control over form fields improve usability,
it also allows for the organization as a whole to take ownership
over certain aspects of maintenance as their missions change over
time. For example, Panthera was able to add new Event forms easily
and quickly when starting a completely new project, with just a
few email exchanges. In short, the services and infrastructure which
ER provides to their end users are what fundamentally make ER
maintainable and continuously usable for its users.

Suitability — functionality despite limited internet access.
By nature, conservationists often work in wild, remote areas. We
found, from our survey and participant observation sessions, that
internet access in the field is sparse to nonexistent: five of seven
survey respondents said that they use EarthRanger without an
internet connection. While in the field with Panthera and GCF, we
noted that there was patchy to no cell service at the observation
sites in western Washington state and the Etosha Heights Game
Reserve (EHGR). Field conservationists may not re-enter an area
with reliable internet for days. From members of the GCF team,
we learned that their work in rural Angola must be done without
any internet access for the duration of the trip. While advances
in satellite technologies, notably Starlink, may broaden internet
access, in countries such as Namibia and South Africa, Starlink
has been banned for regulatory reasons [36, 37]. ER anticipates the
intermittent service problem by enabling users to collect and store
data offline. Once the user has service, they sync the data to an
ER-hosted cloud instance, where others in their organization can
view and export the data for analysis [51].

We asked users to imagine recording audio alone in-the-field,
then waiting for processing by a cloud-hosted AI model once they
had returned to service. Several said they like to check their data
in-situ to ensure accuracy and completeness while still immersed
in the directly observable context of the field. For example, one GCF
user said that he would find it difficult to remember the small
details of the giraffe which help him catch mistakes in the data
entry; waiting would be extra work, cumbersome, and error-prone,
especially given his long deployments without internet. Panthera
users pointed out that it might be difficult to catch missed details
if they don’t see the form populate while still in the field, and
hiking back out to the site to re-gather the information would be
impractical.

Suitability — Simplicity. We observed that underlying the
importance users place on reducing paperwork time, is a strong
preference for working in the field over working at the office. Users
at both Panthera and GCF have significant field expertise, but are
often quite busy with other tasks. One user, when asked what the
best part of their job is, said that it is “the excitement of what you
may see that day”, in the field. As such, conservation technologies
which increase the proportion of time conservationists spend doing
what they enjoy most about their jobs seems beneficial to users.
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Figure 6: Bar chart representing survey responses on the type
of conditions under which the EarthRanger application is
used in the field. There were seven total respondents.

In addition, conservationists juggle many things at once in the
field: operating a plane or an all-terrain vehicle, or watching for
falling tree limbs and incoming elephants. Their jobs are highly
complex and require specialized knowledge, and as such, having a
quick, easy, and low-error form of data entry is paramount. Good
conservation technologies should minimize time spent focusing on
the technology itself, and make it easy to collect clean data. In the
words of one GCF user, “Don’t collect shitty data. It will bite you in
the bum.”

Some ER users told us that the simplicity of the interface is very
important to them — survey respondents called it “quick”, “no-fuss”,
and, in short, “simple”. In our usage of ER during participant obser-
vation, we found the interface to be straightforward and intuitive.
With the notable exception of Panthera, other organizations (Osa
Conservancy, Save the Elephants, GCF, and the Smithsonian Zoo)
had short forms (less than 7 fields) which required little typing.

4.3.2  Survey Responses. Survey responses highlight the diversity
of conditions in which users work (shown in Figure 4). Outdoors and
mobile usage are high, as is usage without internet. Bad weather and
bright sunlight, which make touchscreen-based interfaces difficult
to use, are common to more than half of users. Fewer users report
using Event forms under more trying circumstances, such as while
moving under their own power, or while operating a vehicle.

One focus of our survey which is not encapsulated by our other
findings was how users felt when envisioning using an audio-based
system for the ER Event forms. On this subject, we received mixed
responses: five of seven respondents answered the question, and
two of the five were somewhat uninterested. One said that they
“don’t feel that the small amount of data to be entered on Events
is worth the effort for voice to text functionality”; another worries
that audio would be more difficult to work with than their current
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multiple-choice system, which would be problematic as “speed and
convenience are key”. This respondent pointed out that audio in-
terfaces can be error-prone, especially in windy conditions, which
could frustrate their volunteer users. Another respondent stated
that they might be interested in having audio as another option
alongside text entry. Two of the respondents were more enthusi-
astic, with one stating that “sometimes the conditions do not favor
entering data by hand”, and another simply saying “great”. In short,
the respondents were open to the idea of using audio, but only if it
was better than their existing system.

The users’ satisfaction with Event forms as they currently exist
may be part of why they are somewhat disinterested in introducing
a novel system. On a scale of (extremely dissatisfied, somewhat
dissatisfied, neutral, somewhat satisfied, extremely satisfied), six
of seven users reported that they were at least somewhat satisfied
with ER Event forms, with the seventh (being the user who was new
to ER) saying that they were neither satisfied nor dissatisfied. One
user stated that they would like to see form field formats be more
“customizable, (e.g. box to tick, likert scale type button)” Other users
suggested that improvements could be made to the syncing or GPS
tracking accuracy, but overall, users found that the current Event
forms work well for them in the field.

5 Technical Validation

Now that we have provided a foundation for understanding the
ecosystem, we will discuss our technical probe. We explore the
technical challenges of creating on-device Al, and use speculative
design to imagine how said technical challenges will affect both the
field staff and the systems which exist to support their technologies.

5.1 System Development

We set out to build a system that would help enter data on Event
forms (Fig. 4) from speech. We settled on the implementation of
a transcription model to transcribe the user-generated audio, and
an LLM to extract relevant information and reformat the audio
transcript as a JSON object, as shown in Figure 7. The JSON object
would then be propagated, filling out the form fields automatically.
We implemented model inference pipelines in the React Native
framework to faithfully understand performance.

Data-gathering and Informal Interviews. We conducted introduc-
tory interviews with EarthRanger’s software team, Panthera, GCF,
Save the Elephants (Kenya), Osa Conservation (Costa Rica), and
the Smithsonian Zoo to gain a foundational understanding of how
the ER application is used. These organizations also provided us
with various data artifacts which we could use as examples of Event
forms.

Speech-to-Text Model. We began with the speech-to-text model,
for transcription. From our tests of different devices, some smart-
phones, such as iPhones running iOS 18 and later, or Google Pixels,
have built-in transcription services; for those that do not, we would
have to provide an on-device transcription service. We elected to
use OpenAl’s open-source transcription model, Whisper [42], as its
autoregressive nature allows for prompt-based “guidance” of the
grammar. Prompting allows for training-free flexibility when deal-
ing with uncommon data distributions, which we anticipated we
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would encounter in jargon-heavy field observations. For on-device
inference without GPUs, we chose to use whisper.cpp [17], a highly
efficient C++ implementation library of Whisper models. We tested
the small (466 MiB), base (142 MiB), and tiny (75 MiB) sizes, as well
as the five- and eight-bit quantized counterparts of these models.

For each separate conservancy, we primed the model with a
custom prompt, which consisted of a sentence with qualitatively
selected uncommon words, jargon, and anticipated place names,
such as “salal”, or“Hoanib River”.

JSON formatting. After the user’s audio is transcribed, we submit
the generated transcript to an on-device LLM, which, as shown in
Figure 7, extracts from the transcript a list of values correspond-
ing to form fields in the format “field: value”, where “value” may
correspond to a string, number, array, or object.

We impose an interface upon the LLM’s outputs to ensure that
they align with the data type, format, and selectable choices avail-
able in the corresponding form. When fields or values do not match
exactly to the form fields or selectable options provided in the form
definition, we use the Fuse.js library [44] to find fuzzy matches
from a known set of field and value options.

LLM Fine-Tuning. We used Llama 3.2 1B [18], a transformer-
based [48], open-source LLM. To fine-tune the Llama 3.2 1B model
to take in speech-like text and extract form fields and corresponding
values, we trained on a synthetically generated dataset. We fine-
tuned the model to cover two of Panthera’s event forms (kill site,
bed site) and two of GCF’s (giraffe mortality, giraffe sighting).

The datasets were synthesized using provided JSON templates
for each form type. The system prompt was generated using the
form fields and their descriptions. For each data instance, we either
selected or generated a reasonable random value for each field. The
ground truth label was formatted as a list of “field: value” pairs. The
user query was generated by wrapping the field name and value in

a sentence similar to an audio dictation. The sentences and “field:
value” pairs were jointly shuffled to ensure order invariance.

Low-Rank Adaptation (LoRA) [20] was applied to the Llama 3.2
1B model, enabling parameter-efficient fine-tuning with the PEFT
library. We fine-tuned the model until the validation loss plateaued.
We then compiled the model in GPT-Generated Unified Format
(GGUF).

5.2 Technical Assessment

Having generated a piece of software that could be used and tested,
we gained a firmer understanding of the capabilities and shortcom-
ings of our on-device LLM, made real.

Whisper Accuracy. We did not fine-tune the Whisper model,
instead opting to prompt it with a sentence containing commonly-
stated words and formats. As shown in Table 1, we tested Whisper-
Base across about an hour of recordings from three different eng-
lish accents (Namibian-German, Namibian, and American), four
people, and four use cases. Recordings were taken by field staff
themselves, with American English recorded in-the-field (with back-
ground noise). Error was calculated with jiwer’s Word Error Rate
(WER) package. The error here is estimated generously, as numbers
(eight versus 8, for example) often arose as a source of error, and our
ground-truth transcripts are imperfect. We found that though WER
for certain accents and tasks may appear high, the downstream
LLM can be fine-tuned to adapt to common mis-transcriptions.

LLM Accuracy. We collected rough metrics on the accuracy of
our system for Panthera’s Bed Site and Kill Site form, as it was the
most challenging given its high number of field and field values,
shown in Table 2. The test was conducted with synthetically gener-
ated transcripts held out during the training process as a separate
evaluation set. Accuracy was measured after LLM extraction and
subsequent fuzzy searching for close-enough values.
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Accent Subject Total Recording Time ‘ WER
Namibian-German English Giraffe Mortality 10 min 10.5%
Namibian English Giraffe Sightings/Mortality 27 min 24.1%
American English Cougar Bed & Kill Sites 36 min 19.6%

Table 1: Word error rate (WER) by accent, using the base Whisper model. WER was calculated over transcripts joined into a

singular paragraph.

Incorrect Fields ‘ Missing Fields ‘ Total Number of Fields
7 (1.3%) | 1933.6%) | 533
Table 2: From results extracted using a fine-tuned LLM, the
number and percentage of fields missed due to either incor-
rect or missing values across 20 Panthera records.

We can see that overall, the LLM is able to extract fields with
minimal error, even on the most challenging form we encountered
across users. The rate of missing fields is higher than that of gen-
erating the incorrect value for fields, which can be advantageous
— it is visually easier to notice an empty box than to read through
existing text and look for possibly incorrect entries.

Upon inspection, many of the incorrect fields were a result of
the model generating “no” instead of “unknown” or vice versa (3
instances), slightly incorrect latitude/longitude values (2), and slight
misspelling or misformatting of the output (2). These errors could
possibly be mitigated through further fine-tuning or adjustment of
thresholds on the fuzzy search.

Systems Performance. To evaluate the system load of our on-
device models, we obtained three devices (specifications shown in
Table 3) based on some of the most commonly-used phone brands
across EarthRanger users. Using these phones and Android Debug
Bridge’s bugreport functionality, we recorded fine-grained changes
in battery level and internal CPU temperature for two modes of
data entry: the existing method of typing in data by hand, and
our new proposed method of audio plus LLM. For both modes, we
completed both Panthera’s Bed Site and Kill Site forms and opened
the camera to attach a photo.

As shown in Figure 8, the existing method of data entry gen-
erally consumes less battery than using our method, while also
reaching lower peak temperatures. These results are to be expected:
as the size and nature of matrix multiplications required for Al
models tax CPUs, especially on mobile, the systems capacity of the
varied devices used to access the ER app become the limiting factor
for model capacity and speed. We found that in using the tran-
scription and LLM functionalities of our prototype, mobile devices
such as the Google Pixel and the OnePlus drained their battery
faster and became noticeably warmer than under normal operating
circumstances.

6 Discussion

Returning to RQ1, through gathering context across participant
observation, surveys, and user interviews, we established user
control, offline functionality, and simplicity as core to the suit-
ability and maintainability which make conservation technologies
long-term field-deployable. Through participant observation and

systems evaluation, we also addressed RQ2, finding that while on-
device audio models and LLMs may provide opportunities to make
data collection physically easier, the training and computational
requirements of on-device LLMs in particular could be disruptive
to existing EarthRanger deployments.

We now discuss the significance of these findings, applying spec-
ulative methods and technology acceptance ideas to imagine both
the promise and the pitfalls of on-device LLMs, while also outlining
some of the limitations and ethical considerations of our study. We
also discuss possible directions for future work.

6.1 Insights from Technology Acceptance

In Section 4.3.1, we described our findings that both Panthera and
GCF have come to rely upon EarthRanger because of its maintain-
ability and suitability for their use case. Examining the introduction
of on-device Al into this system through the lens of Venkatesh’s
UTAUT model helps us further understand how our preliminary
findings when testing a prototype might influence user acceptance
of on-device Al especially given the preexisting benefits users see
from using EarthRanger (ER).

6.1.1 Performance Expectancy. First and foremost, the threshold
for performance expectancy will be high; while users raised
complaints with the existing ER system, they emphasized that they
are unlikely to adopt a new technology unless it is equal to or better
than their current system.

We have shown that our system achieves low error rates af-
ter fine-tuning, and would likely not lower accuracy. Users also
expressed that if on-device Al could provide immediacy and guaran-
teed uptime in no-service settings, it would improve their ability to
process data and correct mistakes while remaining situated in the
context where the data was observed or gathered over cloud-based
Al However, the systems performance of running Al models on
mobile phones could be concerning for usability.

Firstly, while many users at Panthera and GCF have access to
a vehicle for charging, when we asked them to imagine having to
charge their device constantly, several problems arose. One user
from Panthera noted that she sometimes hikes hours to reach a
site; having to worry about battery charge would be annoying at
best, and dangerous at worst. GCF field staff said that currently,
their devices will stay charged for the entire day when using ER in
the field; having to unplug and plug in their phones for charging
would be cumbersome: “The cables and then the connections and the
bumpy roads. I don’t think it’s a good idea,” one GCF user said. We
also observed that the GCF staff will climb around the roof of the
car, hopping in and out, up and down in order to better position
themselves around the giraffe.
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line) and Audio + LLM (our proposed method, solid line). From left-to-right, the first point in a line segment represents the
average measurement around the start of the session, and the second point represents the average final measurement. Darker

colors indicate greater net change in resource consumption over the course of one trial.

Device Name ‘ Year ‘ Processor ‘ RAM ‘ Time-per-Token (ms)
OnePlus 7 Pro 2019 Snapdragon 855 8GB 11.99+2.50
Pixel 8 2023 | Google Tensor G3 8GB 8.65+2.22
Blackview BL7000 | 2025 | MTK Dimensity 6300 | 8GB 6.93+0.49

Table 3: Specifications of test devices used.

Secondly, we noted when out with GCF, that device temperature
can also be a problem. We visited Namibia towards the beginning of
spring, when noon temperatures reached around 30°C; summertime
temperature can rise to the mid-to-high 30s [40]. Already, we noted
that the GCF user would move her tablet onto the dash so that it
could get a more accurate GPS signal, then intermittently move it
out of the sun when she realized it was hot to the touch.

Using our experiences from technical validation, we speculate
that on-device Al deployments could reach concerningly high tem-
peratures, especially in the sun or hot cars for day-long surveys. In
turn, this could negatively impact the user’s ability to record data
if the device requires long cooldown periods, or if the device must
remain plugged in.

6.1.2  Effort Expectancy. How much more difficult would it be to
use on-device Al in lieu of existing data entry? For our English-
fluent and tech-savvy field staffers, all of whom had a Bachelor’s
degree, the new interface was easy to navigate, even if they did
not understand how the underlying model was trained or deployed.
Our system provided some ergonomic benefits — Panthera users
said it would be useful for rainy conditions, for example, when
precise typing becomes difficult on a smartphone.

We did not engage directly with organizations doing citizen
science data entry. But from informal conversations with groups
looking to have farmers or fishermen track wildlife sightings, we
learned that low literacy, low familiarity with digital systems, and
low language fluency pose significant barriers to digital data entry,
especially when areas have little-to-no cellular service. We are
hoping to expand our project in future work to investigate such
cases, as we imagine that the audio-based modality of our system
may lower the effort required to achieve user acceptance.

6.1.3  Social Influence. Next, we turn to social influence, or the
degree to which both conservation organizations and field staff
specifically believe that others find it important that they use the
system. There are three main social ties to focus on here: (1) the
collaboration between EarthRanger and the conservation organiza-
tion, (2) the internal structure of power between field and technical
staff within an organization, and (3) external factors, such as trends
amongst other conservationists or even society more broadly.

EarthRanger is highly responsive to feedback and is unlikely
to push unwanted technology, especially given its nonprofit sta-
tus. In organizations where field staff have a strong voice in what
technologies they accept after testing, it is unlikely that leadership
would force staff to use technologies that perform poorly, from our
observations and interactions. Similarly, though it is difficult to
forecast how society will adapt to Al systems, it seems unlikely, es-
pecially given the lack of direct competition amongst conservation
organizations, that external pressures would significantly impact
user acceptance of on-device LLMs.

Overall, we find that there is likely limited influence flowing
through social ties at GCF and Panthera, and likely other con-
servation organizations. Conservation differs from the traditional
corporate settings from which user acceptance models originate,
and as such, social influence may be weaker.

6.1.4  Facilitating Conditions. Finally, we assess facilitating con-
ditions, or whether the user perceives that their organization has
sufficient infrastructure, technical or otherwise, to support the
deployment of on-device Al systems. We imagine our system in
multiple scenarios, and from the perspective of not only direct
users, but other auxiliary people, as suggested by Wong et al. [53],
in order to de-center the technology itself and focus on the in-
frastructure. Specifically, we imagine the technology deployed in
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highly varied environmental settings not normally considered by
developers, while also considering the broader network of support
currently in place around EarthRanger. In doing so, we find one
of the most significant hurdles for such a deployment: due to their
small size and therefore small capacity, on-device LLMs must be
customized to a task through fine-tuning. Existing infrastructure
at conservation organizations does not seem well-equipped for the
introduction of Al training for model customization into existing
workflows, especially given that ER currently allows a great deal of
user control.

To describe this problem in more detail, while fine-tuning sig-
nificantly improved the on-device LLM’s performance on a given
task, when faced with inputs completely out of the fine-tuning
distribution, the LLM cannot generalize. From the perspective of
an ER superuser responsible for form updates, when receiving a
request for a new field, instead of simply adding another line in a
JSON object, the ER superuser would also have to synthesize new
data, find sufficient GPU resources, run training, and re-deploy
the model. Now, updating the form requires machine learning ex-
pertise and experience. From the perspective of an ER software
engineer, training also requires more time spent on engineering
and validation when compared to editing a JSON template, and the
creation and monitoring of metrics post-deployment to ensure that
the model does not drift in accuracy.

Expanding on the GPU hardware needed to reasonably train an
LLM, we found that a mid-tier GPU (RTX 3090 Ti, 24 GiB of GPU
Memory) was sufficient to do parameter-efficient fine-tuning (PEFT)
with the 1 billion parameter LLama 3.2 model with careful memory
management. In our speculative scenario, either EarthRanger or
the conservation organization would have to manage and pay for
such a resource, which can easily cost thousands of US dollars.

Some of our findings extend beyond the setting of conservation
into broader user acceptance of on-device LLMs for low-latency
agentic systems more generally — a growing area of discourse [3].
In particular, we highlight the accuracy of fine-tuned small LLMs;
their enabling of users to stay immersed in a specific context, with
or without service, regardless of whether any cloud model is avail-
able; and the possibility of increasing accessibility for low-literacy
users. The potential problems we pointed out above also generalize
beyond conservation — smaller, non-technical organizations (small
businesses, local clinics, etc.) adopting Al will likely run into similar
hardware and infrastructure problems when fine-tuning LLMs.

6.2 Ethics & Limitations

Here, we discuss ethical considerations of adopting our system.
Given that our work is situated in ecological biodiversity and con-
servation, we must consider how our technology affects the envi-
ronment. Luckily, our system does not require additional hardware
or generate e-waste beyond what is already required to run Earth-
Ranger — a smartphone. However, the power required for training,
to run a single GPU per-model across multiple training iterations,
and the resultant emissions, are potential downsides. Although
lifecycle analysis is outside of the scope of our work, prior to actual
deployment of our system, and indeed any Al system, the envi-
ronmental cost of moving to more energy-intensive systems needs
to be carefully weighed against benefits the system may provide.
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We note that conservation already struggles with the problem of
emissions-versus-research tradeoffs, especially as they use many
diesel-powered vehicles for offroad travel through rugged terrain
or aquatic environments.

Another consideration we wish to mention is how LLMs may
affect labor and employment. The core aim of our research was
to understand and improve the experience of recording observa-
tions in-the-field and assess the potential for on-device AL We did
not seek to automate away or otherwise supplant field staff. In
fact, from our study, we found that language models would be ill-
equipped to handle the most critical and challenging aspect of these
rangers’ work: collaboration with local communities, interaction
with animals, and mediating human-wildlife conflict. As such, we
do not anticipate that our research will accelerate the automation
of field staff jobs, though we acknowledge that the overall trend
towards introduction of more technology into conservation may
lead to unexpected consequences, especially as these technologies
claim to improve productivity.

Finally, we would like to acknowledge that we interacted with
a tiny subset of rangers and conservation organizations, limiting
the generalizability of our findings. Following the understanding
of generalization in Information and Communication Technology
for Development (ICTD) inscribed by Burrell and Toyama [8], our
goal is not to generate a general understanding of how on-device
LLMs would work across all conservation organizations — such a
claim would be difficult to make, given the extreme variability we
observed across the organizations we spoke to. Even among our
limited pool, we have met people who work from planes and people
who work from zoos; people who track migratory megafauna and
people who document illegally logged trees; the list goes on. Instead,
our research aims to identify commonalities in order to address
specific technical questions, such as infrastructural challenges to
fine-tuning customized LLMs. We consider this work an initial
exploration of a complex field, finding a place to start development
of a technical "probe” [13, 21] rather than a broad exploration of an
incredibly diverse and complicated technical ecosystem.

6.3 Emergent designs

One element that stood out to us from our field work was the
enthusiasm and enjoyment all of the observed field staff gained
from their work, especially in exercising their significant naturalist
knowledge and encountering different plant and animal species. For
example, an intern with GCF found great joy in keeping a species
list of organisms she had encountered while at the reserve, and one
of the GCF field staff said that the best thing about her job was the
anticipation of what you would see that day.

Simultaneously, we also noted that GCF and Panthera collect
different volumes of information: Panthera users record a plethora
of habitat-related information, which may not make its way into
any analysis. But as one Panthera user stated, “Let’s say you hiked
3 miles into a cluster. You might as well get it all” On the other
hand, GCF collects very constrained data — predominantly location,
giraffe age, sex, and photo numbers.

During a conversation with the Panthera users after showing
them a demo of the prototype, one noted that it would be nice to
use our system to record, transcribe, and somehow organize and
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publish his field notes for others to be able to look through: “If I
got hit by a car tomorrow...someone could go back and be like, what
did [he] do this last decade? And it would mean something instead of
it just being a bunch of notebooks that are totally incoherent, like I
currently have in my life.”

From these observations, we imagine a speculative design for an
ad hoc field journal for the rangers, allowing them to record not
only the data required by ER Event forms, but also record things
that bring them joy or keep their naturalist knowledge sharp. The
data could even be shared and analysed using LLMs for patterns.
For example, the GCF team was particularly interested in a strange,
new giraffe disease which manifested as large lumps under the skin,
but they lacked official mechanisms to track information around
sightings. Field staff could use a local transcription model for quick
note-taking; at the organizational level, a more powerful, cloud-
based system which requires minimal personalization could be
used to trace patterns in the data without requiring ER or the
organization to support resource-intensive model training.

6.4 Cautionary Tales

The core goal of this paper is to understand how on-device Al might
affect the work of data entry in the field. We have already hinted
at a number of usability concerns: increased battery drain and
overheating from Al applications; and a longer, more complicated,
and error-prone iteration cycle standing between users and control
over the form formats. In short, using the LLM would impose high
costs.

Panthera have a very specific combination of factors that make
our prototype design more useful for them — they spend lots of
time scrolling through many options when entering data; they also
work without assistance much of the time. For them, a cost-benefit
analysis might end up in favor of the LLM. But for GCF, or some of
the other organizations which we spoke to, who have much simpler
forms, data entry is not the problem — the problem is getting a
giraffe to face the right way, or getting the GPS to sync correctly.

Furthermore, we can envision a scenario where the on-device
assistants are used not to enhance the joy of the work, but rather,
to simply make field staff more efficient in the specific metric of
data entry. Participant observation showed us that there is no Al
that can replace having another person the sensory capabilities
of another person tracking the animals alongside you as you call
out information — and certainly none that can help you open the
pickle jar for your field lunch. From our observations, there are
certain intangible aspects of field work which field staff hold dear.
For deployments of Al to improve the experience of the field staff,
the AI must be well-aligned to the desires of the staff themselves.

We have proposed some promising speculative designs from our
investigation, but we have also encountered the pitfalls suggested
by others in the literature. We find that it is important, when faced
with a rapidly growing technology that promises many benefits,
to carefully consider whether the tech will be genuinely helpful —
especially when working in contexts such as field work, which most
western developers do not envision when designing products. We
have seen in the literature a strong desire to avoid colonial patterns
of power transfer between biodiverse and technology-producing
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countries; while on-device Al holds promise for conservation work,
it must be deployed with care to avoid the potential pitfalls.

6.5 Future potential for on-device Al

Although we advise some caution, the future may yet be open to
on-device Al in conservation work. Panthera’s use case is a good
candidate; the length and complexity of their forms and the single-
person nature of their field work mean that our prototype could
reduce the time they spend doing data entry. For organizations
with similar circumstances — complex data, or data that must be
entered while operating a moving vehicle or under bad weather
conditions — we envision that on-device Al to transcribe and parse
audio streams would be helpful.

While we did not directly evaluate community-based data col-
lection, we had informal preliminary conversations with several
conservation groups that would like to deploy form-based data en-
try with community groups living in close proximity to protected
wildlife. However, such deployments currently face a major chal-
lenge — users may have limited digital or general literacy and speak
a wide range of languages. Part of our exploration of on-device
models is intended to establish a proof-of-concept platform that
could enable future voice-to-voice form filling: live speech-to-text,
text translation and form-filling via LLM, followed by gen-
erated spoken reminders to recollect any missed fields. All
of the groups we spoke with said that such a workflow in remote
areas would necessitate on-device Al due to both cost and network
availability.

As we find methods of compression and pruning which may im-
prove the efficiency of small LLMs, and as mobile devices become,
on average, more powerful and in possession of greater memory, we
may see that on-device Al becomes faster and less energy-hungry,
making it even more advantageous in certain settings. However,
as software and hardware develop to improve Al, we may see in-
ternet coverage broaden in parallel, especially with technologies
like Starlink bringing access to rural areas, which complicates the
cost-benefit analysis for on-device AL

We have already begun the deployment of a version of our system
with other organizations, and hope to collect and analyze this data
to gain a deeper, user-centered view of how on-device Al will affect
their workflow; continuing deployments with other organizations
is a direct future work which we have planned.

Given our findings that LLMs constrained to mobile-friendly
sizes necessitate fine-tuning and customization to perform suffi-
ciently well, we believe that there is much research to do on the
infrastructures which will have to support such levels of customiza-
tion, as well.

7 Conclusion

In this work, we present our findings from time spent using ER
with Panthera and GCF, two conservation organizations working
in very different contexts. We sought to understand the potential
of on-device Al to assist in data collection work in conservation.
From semi-structured interviews and participant observation
conducted with field staff from both organizations, we were able to
explore their work environments and identify the design decisions
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which contribute most heavily to the success of field-deployed
technologies such as EarthRanger.

We then developed a system to establish the technical feasibility
of on-device Al in terms of both system performance and accu-
racy. We found through speculative methods that while current
models can be deployed on-device with reasonable accuracy, the
significantly greater compute required to both run and train such
models could destabilize the systems and design choices currently
in place to ensure conservation technologies remain suitable and
maintainable.

Finally, we ideate on alternative designs of Al systems to improve
the experience of field work for staff, and raise a few cautionary
notes on the costs versus the benefits of deploying on-device Al
systems, presenting avenues for future research.
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A Appendix

A.1 Survey Questions

(1) What organization do you work with? [Free text]

(2) What language do you use EarthRanger Event forms in, and
is it your native language? If not, what is your native lan-
guage? [Language Dropdown]

(3) How often do you enter a datapoint or observations through
the EarthRanger Event Form?

e Not at all

o A few times a year

o A few times a month
o Weekly

e Daily

(4) About how long have you been using EarthRanger Event

forms?

e 1-2 years

e 2-5 years

e 5 years or more

(5) How often do you work with the EarthRanger software team

to update or add forms?

e Monthly

o Yearly

e Some other cadence [Free text]

(6) Please select all of the following conditions in which you
use the EarthRanger Event Form.
e Outdoors
e In an office setting

On a mobile phone

Without internet connection

In the dark / at night

Under bright sunlight

With loud background noise
o In dangerous conditions
e While operating a vehicle
e While hiking or running
e When you have to be quiet
e In bad weather

(7) How satisfied are you with the functionality of EarthRanger
Event forms?

Extremely dissatisfied

Somewhat dissatisfied

Neither satisfied nor dissatisfied

Somewhat satisfied

Extremely Satisfied

(8) Please elaborate briefly on your answer to the previous ques-
tion — what do you like, or what would you like to see
change? [Free text]

(9) What did you use before the EarthRanger event form for
in-the-field data collection, if anything? [Free text]

(10) Do you ever find data entry with EarthRanger Event Forms

slow or difficult? Please elaborate briefly. [Free text]

(11) How would you feel about using your voice to fill out Event

Forms, instead of typing? [Free text]
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A.2 Maintenance Playbook

Here, we enumerate the hardware, personnel, and processes re-
quired to maintain our system over time.

Hardware. The main hardware requirement for fine-tuning of
the specific model utilized (Llama 3.2-1B) is, realistically, a GPU
with at least 4GB of VRAM. While training can be conducted on a
CPU, the process will take much longer than on GPU. Larger models
may require more VRAM — enough space for the model weights
themselves, then additional space for LORA module activations.

Data. If the organization lacks the staff or time to collect audio-
form pairs (the gold standard for fine-tuning data), then the next-
best alternative is to synthesize data. We did this by randomly
sampling from all form fields and options, then recombining these
fields in natural language formulaically. Using even a large LLM
to generate natural-sounding language led to hallucinations, with
a negative effect on downstream fine-tuning, so we restricted the
use of LLMs to generating short sentences for any open-response
form fields. This dataset of sampled form field options and natural
language observations can then be used directly for model tuning.

Machine Learning (ML) Maintainer. This individual is respon-
sible for the three major steps of machine learning deployment: (1)
training, (2) integration, and (3) monitoring.

(1) Training: From our current workflow, this step consists of
generating a realistic synthetic dataset covering the span of
all field options across form types, creating prompts for each
form type, and training the language model to an acceptable
accuracy. This task also includes the prompting of the audio
model.

Integration: After training is complete, the model must be
converted to a CPU-efficient format, wrapped in an interface
which uses regex, fuzzy search, and type-checking to restrict
hallucinations and other output errors, and integrated with
the EarthRanger application.

Monitoring: After deployment, the ML maintainer must
ensure that the model does not lose accuracy over time by
soliciting feedback from users and monitoring the model
outputs themselves. Here, the ML maintainer must also en-
sure that any new users’ accents and language dialects are
accurately transcribed by the audio model.
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Organization-Level EarthRanger Super User. The super user
is often a technical staff member, who may also be responsible for
data analysis and coordinating hardware, for example. This person
is responsible for customizing EarthRanger forms, along with their
organizational role more broadly. Upon receiving or establishing
a new research target, this person would, together with field staff,
evaluate what new forms or fields should be added to the existing
set of forms.

Field Staff. The field staff play a critical feedback role in the
maintenance of the system: they are the ones who test systems in
the field, and they also provide feedback on how completely and
effectively the forms capture data in the field. After the addition of
the audio and language models, the field staff are also the first to
notice if either model is failing.
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