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1 Introduction
In recent years, the mobile application market has been experiencing an exponential growth,
leveraging both the number of users and revenue generated, and this trend shows no signs
of slowing. In 2024, according to the annual State of Mobile 2025 report [28] produced by
SensorTower, the mobile application market generated approximately 150 billion dollars in global
consumer spending on in-app purchases and subscriptions (with an increasing rate of +13%
per year), achieving an annual 136 billion of annual number of downloads. These impressive
results underscore the importance of mobile apps in today’s digital economy. For businesses and
developers, this represents a considerable opportunity, but also significant challenges.

The integration of technologies such as Augmented Reality (AR) and Artificial Intelligence
(AI) into mobile application is a notable trend. These technologies offer enriched and personal-
ized user experiences, such as augmented reality filters in social networks or AI-powered virtual
assistants, experiencing a significant growth in the last years. The AI adoption is expected to
grow exponentially in the coming years. Consumers have spent nearly 1.1 billion dollars (+200%
year-on-year) on applications such as ChatGPT, Google Gemini, and Doubao and the time spent
on CharacterAI or ChatGPT has reached 7.7 billion hours. [28]

In view of these figures and emerging trends, sustainable development and environmental im-
pact have become key issues for stakeholders for guiding eco-design strategies for digital services.
Artificial Intelligence is responsible for a wide range of environmental impacts. Some important
environmental impacts of AI usage include water consumption, human toxicity, and other abiotic
natural resources, such as aluminum, cobalt, copper, glass, gold, tin, lithium, zinc, and plastic.
[17, 6].

The multiple impacts associated to computing industry may occur at different phases of
ML-based services development. In order to evaluate them, researchers have tapped into the
Life Cycle Assessment (LCA) methodology [2]. The resulting research field is to investigate
societal and environmental impacts of computing systems and infrastructures at different stages
of product life cycle.

In literature, several works [17, 25, 26, 9, 8] were proposed in order to investigate digital ser-
vices life cycle impacts. Researchers focus their analysis on two types of impacts: (i) Embodied
impacts, corresponding to the impacts associated to the hardware production, transport and end
of life; and (ii) Operational impacts, corresponding impacts associated to the computing systems
usage (idle and dynamic), mostly related to the energy consumption for powering the computing
devices.

In this study, we focus our investigation on Pl@ntNet [23], a citizen science platform, which re-
lies on Artificial Intelligence (AI) models to identify plant species. Pl@ntNet provides a large-scale
infrastructure supporting millions of users in over 200 countries. At this stage of deployment, and
with years of experience developing the platform, Pl@ntNet is committed to understanding the
environmental impacts of its identification service and contributing to the search for reduction
opportunities.

Our investigations assess the associated environmental impacts of Pl@ntNet for the year 2024.
We based our approach on multi-criteria LCA, considering multiple impact type and the different
life-cycle phases.

This study is based on an attributional LCA. Only direct impacts have be taken into con-
sideration. Indirect impacts, both positive and negative (such as rebound effects, substitution,
structural changes), are not explored and the consequential effects of the impacts of the use and
activities of the service were not the subject of the work. (see Section 3.3 for more details).

We divide the Pl@ntNet service into multiple sections: End Users Terminals, Networks,
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Training, Inference and Webhosting. For each section, we assess the Abiotic Depletion Potential
(ADP) [32], the Global Warming Potential (GWP) [31] and the Primary Energy (PE) [16] for
both embodied and operational impacts.

Our findings point that the Pl@ntNet application was responsible for emitting around 78
tonnes of CO2 equivalent in 2024. The end users terminals are responsible for a relevant
share of the above emissions, an equivalent of 62% of the global impacts. Our contributions may
be summarized as follows:

• We conduct an LCA on the Pl@ntNet application for the 2024 year. We base our analysis
and methodology on [9] assessing multiple categories of environmental impacts.

• We investigate multiple sections concerning Pl@ntNet service: end users, networks, train-
ing, inference and webhosting. For each section, we use the associated equipments statistics
for estimating the environmental impacts.

• We derive the embodied and operational impacts, thus comparing the multiple phases of
service life cycle.

• We quantify the environmental impacts, identifying the application parts that mostly con-
tribute to the global impacts and pointing optimization opportunities.

This study is structured in the following way. In section 2 we describe the Pl@ntNet service
and the identification request path, from the moment when the user takes the picture until the
results display. In Section 3, we discuss the Life Cycle Analysis (LCA) methodology highlighting
its key components. In Section 4, we present our methodology. We describe how we estimate the
embodied and operational results of each section of Pl@ntNet service. In section 5, we provide
our results of the environments impacts estimation and we compare the different service sections.
In section 6, we discuss the results and explain the limits of this study. Finally, in Section 7, we
draw the main conclusions and we point the main future perspectives.

2 The Pl@ntNet Service
The aim of the Pl@ntNet project is to enable both novices and experienced naturalists to identify
and list the plants they encounter in the field, and to share their observations.

Launched in 2009, Pl@ntNet is a scientific project bringing together the French National
Institute for Research in Computer Science and Control (INRIA), the French Institute for De-
velopment Research (IRD), the Centre for International Cooperation in Agronomic Research for
Development (CIRAD), the French National Institute for Research in Agriculture, Food and the
Environment (INRAE) and the Tela Botanica network.

The initial aim of the project was to inventory biodiversity for scientific research using image
identification. In 2011, the project was transformed into participatory science with the launch
of a collaborative web platform, followed by a smartphone application in 2013 (Figure 1).

Specialists, amateurs and the curious connect in a collaborative network. The most qualified
users contribute to the most expert knowledge and validate observations. In April 2025, the
application was able to identify 75,200 species, had 7.8 million registered users and offered 32
million observable images. In addition to plant identification, which remains the main use of the
Pl@ntNet service, the platform offers a geolocation system to map the species listed, a community
network and specific services dedicated to professional structures (private, public and scientific
research).
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Figure 1: Pl@ntNet service, figure extracted from the website

Since 2020, Pl@ntNet data has been integrated into the Global Biodiversity Information
Facility (GBIF), helping to mobilize and use data on biodiversity trends, as well as promoting
cooperation and knowledge sharing.

The platform is now one of the largest biodiversity observatories in the world, with several
million contributors in over 200 countries. Table 2 describes the top-10 countries with most usage
and theirs respective ratio of the total sessions using Pl@ntNet. The application is available in
52 languages thanks to the work of the developer and translator communities.

Several thousand scientific publications have made use of Pl@ntNet data, and the project is
regularly included in other global research projects and programs.

2.1 Identification Request
The object of our study will be linked to the main service of Pl@ntNet: the recognition of a plant
or species from a photograph transmitted via the mobile application. When the user requests
for a plant identification, the request goes through different steps for obtaining the results. The
request path is described in Fig. 2. First, the users opens the application and takes a picture of
the plant, which will serve as input for identifying the species. The picture is compressed and
transmitted to the CIRAD datacenter where it will be processed. The request is forwarded by
the API and stored by the Pl@ntnet database system. Then, the identification is transferred to
the identification servers, where the ML model performs an image classification task in a GPU
card outputing the plant species. Next a similarity search is performed in order to get the most
likely species and finally, the API transmits the results back to the user. The results consists of
a set containing the most likely species of the plant identified, together with some small images
of each of the plant possibilities.

Each image in the database is represented by a number of visual attributes that distinguish
one species from another. To select the most discriminating attributes, the AI based techniques
Visual Transformers [34] are utilized. They can characterize both fairly general traits such as
flower color or the general shape of the leaf, as well as subtle details such as the shape of the
flower petal tips or the presence of slight hairiness on the leaf margins.

All the above characteristics are used by the ML models for distinguishing defferent species
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when identifying a plant species based on the picture. The performance of the ML models
used by Pl@ntNet are strongly correlated with the model training, which is done in Jean Zay
supercomputer using Pl@ntNet dataset.

Figure 2: Plant identification path using Pl@ntNet service.

2.2 Pl@ntNet Infrastucture
Here, we provide the infrastructure used for hosting the Pl@ntnet service. The infrastructure
can be divided in 3 sections, each relying on specific equipment and location: training, inference
and webhosting. The first section, training, concerns only machine learning process done to
deliver an AI model using large dataset. The second section, inference, concerns the process of
identification described in the last section, responding to requests using the previously trained
model. Lastly, the webhosting part concerns all the other servers and equipment managed by
the Pl@ntnet team to the benefit of the Pl@ntnet service.

2.2.1 Training

During training, Pl@ntNet uses the Jean Zay supercomputer, using the graphical cards Nvidia
Tesla V100 and Nvidia A100, for performing training. For the node containing V100 graphical
card, we considered the v100-32g node as it is the most common node in Jean Zay. The node
specification provides: 2 processors Intel Cascade Lake 6248, 192 GB RAM, 4 GPU Nvidia Tesla
V100 SXM2 32 GB.

For the node containing A100 graphical card, we considered the p5 partition 1, which contains:
2 processors AMD Milan EPYC 7543, 512 GB RAM, 8 GPU Nvidia A100 SXM4 80 GB.

2.2.2 Inference

The inference requests using Pl@ntnet service are performed in the CIRAD datacenter. A total of
8 fully dedicated machines are used for inference, named as following: Capcir, Orxois, Chamois,
Devois, Rajol, Huchet, Senart and Sourdun. The servers present the following specifications:

1http://www.idris.fr/jean-zay/cpu/jean-zay-cpu-hw.html
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• The servers CAPCIR and ORXOIS present 2 CPU Intel Gold 5118, a GPU Nvidia Quadro
M4000, 62 GB of RAM and a HDD with 2TB of storage capacity.

• The servers RAJOL and HUCHET present 2 CPU Intel Gold 5118, a GPU Nvidia RTX
8000, 92 GB of RAM and an SSD with 4TB of storage capacity.

• The servers CHAMOIS, DEVOIS, SENART and SOURDUN present 2 CPU Intel Gold
5118, a GPU Nvidia A40-48GB, 128 GB of RAM and an SSD with 4TB of storage capacity.

2.2.3 Webhosting

The Pl@ntNet webhosting section is deployed in the CIRAD datacenter. The infrastructure may
be divided in two parts. The API service is deployed through Virtual Machines (VMs). The
physical infrastructure used for this section uses 12 blades containing the following specifications:
2 CPU Intel Gold 5118 and 512 GB of RAM.

Since CIRAD cluster does not offer a power meter providing measures about the power
consumption, we estimated the power by considering a similar server in Grid5000 platform [5].
We selected the node roazhon-9, which contains 4 instances with the following specifications:
2 Intel Xeon Gold 5118 and 512 GB RAM. We extracted the average power consumption in
roazhon-9 node for idle and charge loads, as described in Table 1.

Node Idle Power (W) Charge Power (W)
roazhon-9-1 50 332
roazhon-9-2 56 256
roazhon-9-3 53 253
roazhon-9-4 53 303

Average 53.75 291.25

Table 1: Power measurements in idle and charge mode in Roazhon-9 node.

For the database service, two machines are used by Pl@ntNet in this section: (i) BRIVADOIS,
machine provided with 4 CPU Intel Xeon Gold 5118, 256 GB of RAM memory and 7TB of
SSD Storage; and (ii) GRAY, provided with 4 CPU Intel Xeon Gold 5118, 256 GB of RAM
memory and 9TB of SSD Storage. Furthermore, the storage section utilizes the storage equipment
mesoPl@ntnet, provided with a SSD with 270 TB of capacity.

Country Ratio
France 25.1%

Germany 12.0%
USA 11.1%
Italy 6.5 %

United Kingdom 5.0%
Spain 4.1 %

Netherlands 3.8 %
Switzerland 2.5%

Brazil 2.4%
Canada 2.0%

Table 2: Top-10 countries using Pl@ntNet service in world and their respective ratio of total
sessions.
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3 Life Cycle Analysis
The study we are conducting is based on a Life Cycle Analysis methodology adapted to digital
services [7].

Life cycle assessment (LCA) is used to evaluate the potential environmental impact of prod-
ucts, services or organisations. There are other methods for assessing environmental impacts,
such as carbon footprint and impact studies. But LCA has specific features that make it a
unique systemic approach. Used regularly since the end of the 1990s and in different industrial
sectors [18] and standardised in the ISO norms 14040 [20] and 14044 [21] series, this method
proposes to establish the ecological footprint of a product or service based on several key con-
cepts [10]:

• Multicriteria: Several environmental indicators are systematically considered, including
global warming potential, depletion of abiotic resources, photochemical ozone creation,
water, air and soil pollution, human ecotoxicity and biodiversity. The list of indicators is
not fixed and depends on the sector of activity.

• Life cycle: in order to integrate the impacts generated during all stages of the life cycle of
products or services, from the extraction of natural resources to the production of waste,
including energy consumption during the use phase, transport phase, etc.

• Quantitative: each indicator is quantified so that all the externalities of a product or service
can be put on the same scale and objective decisions can be taken.

• Functional: the object of study is defined by the function it fulfils, so that different technical
solutions can be compared.

Although LCA was initially applied more to the field of products, its scope has been extended
in recent years to the study of global digital services. Firstly, through adaptation of methodolog-
ical standard by the ETSI [3] and the ITU [22], and also through production of environmental
impact data of ICT products and infrastructures done by the ADEME, the NegaOctet consor-
tium or by the Boavizta association [29]. In this study, we are assessing Pl@ntNet not as a
product but as a service. We will be following recommendation from the ITU L1410 [22] and
from recent academic work on LCA of digital services [7]. As a digital service, we will study
Pl@ntNet through its use of 3 types of system: end-user device, network infrastructure and
datacenter, adopting an end-to-end perspective.

3.1 The stages of Life Cycle Assessment
LCA is based on 4 stages, summarized in Figure 3:

1 - Objectives definition This first step consists of defining and presenting the framework of
the study. It allows determining the objectives of the evaluation, the final goal, presenting the
recipients of the study and establishing the boundaries of the system studied and defining the
functional unit used as the reference unit of the study.

2 - Life Cycle Inventory This consists of collecting data and using calculation procedures
to quantify the inputs and outputs of the system under study. The life cycle inventory (LCI)
identifies the basic flows inherent in the system. The data collected may be measured on site,
calculated or estimated. These types of data collection make it possible to evaluate and establish
a quality value for the LCA data. The analysis of the LCI is sometimes considered to be the heart
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Figure 3: LCA main phases

of the LCA study. This stage is central to listing all the equipment, flows and infrastructures
used, as well as the intensity of their use. In the case of LCA of digital services, the modelling of
the digital service is conventionally divided into 3 main categories as indicated in methodologies
such as the Digital Services Product Category Rules (PCR) [13].

1. User Terminals: This category includes the terminals used by the end users.

2. Networks: This category includes the network infrastructures for data exchanges between
end-user terminals and data centres. Networks may include the fixed network, mobile
networks, backbone networks, satellite networks, submarine cable networks, etc.

3. Datacenter : This category includes equipment and infrastructure for hosting, processing
and calculating data (servers, disks, network equipment, etc.)

3 - Impacts assessment The goal here is to convert the collected data into potential envi-
ronmental impacts. These conversions can be done using professional software. Specifically, the
collected data flows are multiplied by what are called characterization factors to obtain an envi-
ronmental impact. Impact categories are selected based on the LCA objectives or as indicated
by established standards; ISO 14040, ISO 14044, ITU L-1410 or PCRs.

4 - Results Interpretation The results obtained must be interpreted in accordance with
the defined objectives. This analysis at the level of the life cycle phases, the different flows,
the components or the processes used allows the salient points of the environmental impact to
emerge and opens up discussions on improvement solutions.

3.2 The Impacts assessment
The impact characterisation phase aims to assess the significance of potential environmental
impacts based on the inventory results. This process involves selecting impact categories and
associating inventory data with impact categories (e.g. climate change). To date, many studies
are limited to assessing global warming potential (GWP) and electricity consumption. To simplify
matters, this consumption is often presented as the energy footprint, even though the latter, in
the form of cumulative primary energy demand, covers a much wider area. Other lesser-known
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categories such as the depletion of metals and minerals and the antimony equivalent footprint
(ADP), the depletion of water resources (Wu), Land Use (Lu) and ionising radiation (Ir) can
be significant for the digital sector. The PEF standard recognises more than 16 categories of
environmental impact.

3.3 Results interpretation and recommendations
Interpretation is the final phase of the LCA, and includes the results of the inventory and
assessment, which are illustrated, summarised and discussed. This part is used by the recipients
of the study as a basis for conclusions, recommendations and decision-making in accordance with
the objective and the established scope.

Considering that part of the data collection may be based on working hypotheses or secondary
data from the literature, which may be uncertain. In order to qualify the order of magnitude of
the variation in the results, a sensitivity and uncertainty analysis must be carried out.

4 Methodology
In this section, we provide the methodology used for evaluating the environmental impacts re-
lated to Pl@ntNet service. We first discuss the scope and the metrics assessed by the current
study. Then, we provide the model used to estimate the environmental impacts associated with
Pl@ntNet service. All notation used for our analysis is described in Table 3.

4.1 Study goal, scope, and perimeter considered
This study was conducted on the initiative of the Pl@ntNet team to explore the environmental
footprint of their service. The aim is to assess the environmental impacts, especially to identify
where these impacts occur within the service. Particular attention must be paid to the machine
learning, or training, phase, as it is a crucial component of the service.

In this work, we estimate the environmental impacts associated with the Pl@ntNet service
for identifying plant species by performing an attributional LCA. Only direct impacts will be
taken into consideration. Indirect impacts, both positive and negative (such as rebound effects,
substitution, structural changes), are not explored and the consequential effects of the impacts
of the use and activities of the service were not the subject of the work.

We define the Functional Unit (FU) of the study as follows: Provision of the Pl@ntNet
plant identification service over a one-year period (2024), on a global scale.

The temporal scope for inference activities (i.e., actual plant identification requests) is limited
to the year 2024. For the training, however, we explore three distinct scenarios to account for
different temporal scopes, reflecting the cumulative nature of model development:

• Final Models Scenario: This scenario accounts for the environmental impacts associated
with training the final versions of the models that are deployed to users. Based on infor-
mation from Pl@ntNet, we assume that a new model is trained approximately every two
months, each requiring approximately 40 hours of computation on 64 nodes, with each
node equipped with four NVIDIA V100 GPUs.

• Standard Scenario: Here, we consider all model training activities that occurred during
the year 2024. This reflects the training footprint within the same reference period as the
inference phase.
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Notation Description
C Set of countries
N Number of identification requests in 2024
U Number of users using Pl@ntNet in 2024

alloce Allocation factor of equipment e for Pl@ntnet
Iecapex Impact of manufacturing one unit of equipment e
ke Ratio of inference requests performed on equipment e
kc Ratio of inference requests originated in country c
te Inference time on equipment e, in seconds
Pe Power of equipment e, in KW
Cc

e Energy consumption of equipment e in country c, in kWh
Le Lifespan of equipment e, in years
ue Usage ratio of equipment e
He Training time of Pl@ntnet service in equipment e, in hours

nGPUe Number of GPUs in equipment e
ρ Multiplicative factor used
d Duration of a request using Pl@ntNet, in minutes

timePerDaye Total time of equipment e usage in a day, in minutes
energyPerYeare Total energy consumption in equipment e in a year, in kWh

T Types of networks used for transmitting data
kt Ratio of type t used given all types
S Total data exchanged between the user and the server, in Bytes
It Impact of network type t for GB transmitted

nCPU Number of threads on machine
ram RAM memory capacity, in GB
sto Storage capacity, in GB
η Number of blades managed by the hypervisor in physical machine

acpu,ram,sto,rest
vm Share of resources (CPU, RAM, storage or rest) allocated to vm

P idle,charge
e Power of equipment e in idle (or charge) mode, in W

sidle,charge
vm,e Share of time that vm (or equipment e) is in idle (or charge) mode
EGMc Electricity grid Mix (EGM) of country c in kgO2eq., kgSbeq. or MJ

Table 3: Notation used in the environmental study

11



• Legacy Scenario: This scenario takes into account all cumulative training activities from
2020 to 2024. This is based on the understanding that the current model is the product
of iterative improvements over multiple years. By evaluating the legacy training efforts,
we aim to capture the long-term environmental cost embedded in the service’s current
capabilities.

LCA Phases In our analysis, we propose to investigate the embodied and operational impacts
associated with Pl@ntNet service. Fig. 4 illustrates the structure of our Life Cycle Analysis
(LCA). The impact evaluation may be divided into five main sections: end users, networks,
training, inference and webhosting.

Figure 4: Pl@ntNet service architecture. We divide the service into five sectors: End Users,
Network, Training, Inference, and Webhosting (API and storage).

Criteria evaluated Our investigation proposes a multi-phase and multi-criteria approach. We
evaluate three metrics indicating the impacts:

• Abiotic Depletion Potential (ADP), assessing the contribution to the depletion of available
mineral and metal resources caused by their extraction. This indicator is estimated in
kilograms of extracted antimony equivalent (kgSbeq).

• Global Warming Potential (GWP), assessing the contribution to global warming. This
indicator is estimated in kilograms of carbon dioxide equivalent emissions (kgCO2eq).

• Primary energy use (PE), assessing the cumulative demand for primary energy. This is
not strictly speaking an environmental impact category, but it is a relevant indicator of
resource demand. It is expressed in MegaJoules (MJ).

In line with the recommendations of the RCP Digital Services, the ITU-T L.14102 standard
and due to the alignment with the scientific literature [9] and the existing tools that evaluate
environmental impacts, we have selected two environmental impact indicators (ADP and GWP)
and one flow indicator (PE) to reflect the most significant results of the system under study.

2ITU-T L.1410: https://www.itu.int/rec/T-REC-L.1410-202411-I/en
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Exclusions The following stages and data are excluded from the environmental assessment:

• flows linked to employee transport.

• flows linked to administrative and communication services.

• construction and maintenance of the building housing the equipment.

• spare parts related to equipment maintenance.

• use of equipment for software development.

These exclusions from the scope of the study are justified by the fact that the study aims to
focus on the IT aspects of the service. More managerial issues, i.e. sustainability of the workplace
and other support function, may influence the impacts associated with the service, particularly
during its development phase. However, as workers are spread across different geographical
locations and data on the development history is difficult to collect, it was decided to exclude
this issue from the study.

4.2 LCA modeling
In our analysis, we consider the embodied and the operational impacts associated with five
Pl@ntNet architecture sections: End User Terminals, Networks, Training, Inference, and Web-
hosting. We describe here the model used to estimate each section of the Pl@ntNet service.

4.2.1 End User Terminals

The End User Terminals impact refers to the impacts caused by the user’s terminal when ac-
cessing the Pl@ntnet service.

Let N represent the number of identification requests. Each device used to access the service
is referred to as equipment e, with a lifespan of Le years and an average daily usage time of
timePerDaye minutes. A single identification session has an average duration of d minutes.

Embodied Impacts To estimate the end users’ embodied impacts, we first calculate, for each
equipment e, the allocation factor using the Pl@ntNet service, alloce. It corresponds to the
time spent by the Pl@ntNet service divided by the total time used by the equipment. For the
time spent in Pl@ntNet, we consider it to be the product of the session duration d and the total
number of requests N . The total time utilizing an equipment e is given by the usage time per day
timePerDaye (in minutes) multiplied by 365 days and the lifespan Le (in years). The allocation
factor computation for each equipment is given by the Equation below.

alloce =
d

365× timePerDaye × Le
×N

Then, we compute the environmental impact for the total number of terminals by computing
the sum for all equipment of the product between the impact of manufacturing one equipment
Iecapex and the allocation factor alloce, as described in the equation below. Note that the notation
I∗∗ is used in this section to represent any impact metric, where the superscript and subscript
vary depending on the equipment and the LCA stage These values may correspond to one of the
evaluated environmental metrics (ADP in kgSbeq, GWP in kgCO2eq, or PE in MJ).

Icapex
endUser =

∑
e

alloce × Iecapex
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Operational Impacts To estimate the operational impacts of terminal usage, we first calculate
the equipment power, Pe (in kW), by dividing the equipment’s annual energy consumption,
denoted as energyPerYeare, by the total equipment usage time over one year, computed by
multiplying timePerDaye in minutes by 365 days. Then, it is divided by 60 to convert to hours.
The computation is described in the equation below.

Pe(kW ) =
energyPerYeare

365× timePerDaye × 1/60

Then, we estimate the total energy consumption for equipment e in a country c, denoted as
Cc

e (in kWh), during one year due to Pl@ntNet usage. The equation below describes the energy
computation. The usage time is computed by multiplying the session duration d in minutes, the
total number of requests N , and the terms ke and kc, which refer, respectively, to the proportion
of requests allocated to equipment e and originated in country c. Additionally, we divide the
time by 60 to convert to hours.

Cc
e(kWh) =

(
d×N × ke × kc ×

1

60

)
× Pe

Finally, we compute the operational environmental impacts by multiplying the energy con-
sumption and Electricity Grid Mix (EGM) for all countries and equipment types. The EGM
provides the environmental impact per unit of energy consumed (in kWh), and its value varies
by country. It is important to note that the unit of measurement for EGM depends on the
specific impact being assessed (e.g., ADP, GWP, or PE). The following equation summarizes the
computation of operational impacts.

Iopex
endUser =

∑
c∈C

∑
e∈E

Cc
e × EGMc

4.2.2 Network

For network environmental impacts in Pl@ntNet, the data exchanged between the terminal
equipment and the Pl@ntnet server is considered when the user makes an identification request.

When the user requests image identification, it transmits the image to the Pl@ntNet data
center. In this process, the image is automatically compressed by the application. Then, after
the server processes the request, it retransmits the answer to the user. The data exchanged
between the user and the data center has a total volume S (in Bytes). The network link between
the end-user terminal and the server may have different types, depending on the equipment used
(e.g., mobile networks, Wi-Fi). We denote by T the set of network types used by the end user
terminals. We denote the ratio of requests using t as kt. For each type t, an environmental
impact It is associated per unit of transmitted data (i.e., byte). The equation below describes
the computation of environmental impacts for the network section:

Inetwork =
∑
t∈T

kt × S × It

4.2.3 Training

The training impact is associated with the effects resulting from the model training and devel-
opment employed by the Pl@ntNet service. We consider that each equipment e used for training
contains nGPUe GPU graphic cards.
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Embodied Impacts Here, we describe the estimation of the embodied impacts associated with
the training section. For equipment e, we denote as alloce the ratio between the time used for
training Pl@ntNet models in equipment e, denoted as He (in hours), and the total time used by
that equipment. The total usage time of the equipment in a year is estimated by the product
of the number of GPUs in the equipment, referred to as nGPUe, the equipment lifespan (in
years), Le, and the utilization ratio, represented by ue. The following equation describes the
computation of the allocation factor.

alloce =
He

365× 24× ue × Le × nGPUe

Then, we compute the embodied impacts during training as the product between the allocation
factor and the impact for manufacturing the equipment e, denoted as Iecapex.

Icapex
training =

∑
e∈E

alloce × Iecapex

Operational Impacts The operational environmental impact refers to the energy consump-
tion that occurs during the training process of machine learning models. A significant portion
of this impact comes from the electricity usage of data centers, which includes not only the en-
ergy consumed by servers but also that required for supporting infrastructure, such as cooling
systems.

To account for the full scope of this energy usage, many studies introduce a multiplicative
factor (denoted here as ρ) when estimating operational impact. The most commonly used metric
is the Power Usage Effectiveness (PUE), which quantifies the ratio between the total energy
consumed by a data center and the energy used specifically by the servers. While widely adopted,
PUE often provides a simplified view by primarily focusing on the energy required during active
production periods.

To address the limitations of PUE, recent work by Luccioni et al. [25] and Morand et al. [26]
proposes using the Dynamic Ratio as a more precise alternative.

This metric captures a broader range of operational states by considering three distinct
modes: (i) Production: nodes are powered on and running jobs; (ii) Idle: nodes are powered on,
but no jobs are running; and (iii) Infrastructure: nodes are powered off, while the rest of the
infrastructure remains operational.

The Dynamic Ratio is computed as the ratio of the total energy consumption across all three
operating modes to the energy consumption in the production mode alone, in contrast to PUE,
which typically includes only the production and infrastructure modes.

Our goal is to test different multiplicative factors when evaluating the operational impacts.
For this, we first compute the equipment energy consumption as the product of the equipment
TDP power, Pe, the number of training hours, He, and the multiplicative factor to account for
the server infrastructure consumption, denoted as ρ (PUE or Dynamic Ratio). Furthermore, we
convert to kWh by multiplying by 0.001, as described in the equation below.

Ce(kWh) = Pe ×He × ρ× 0.001

Then, we estimate the operational impact for training by multiplying the energy consumption
Ce and the electricity grid mix (EGM), which converts the total energy assessed to one of the
evaluated metrics (ADP, GWP, and PE). The following equation describes the computation of
operational impacts.
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Iopex
training =

∑
e∈E

Ce × EGM

4.2.4 Inference

During inference, the models are asked to predict the image classification labels based on the
input containing the raw image data. We consider that for each equipment e, a ratio ke of the
total N inference requests is directed to the equipment. Furthermore, each piece of equipment
performs the inference request within time te.

Embodied Impacts The eight inference servers operated at CIRAD are entirely dedicated to
the Pl@ntNet service. Then, the embodied environmental impact of the inference equipment is
simply evaluated using the equation below, where Iecapex refers to the environmental impact of
manufacturing the inference equipment e and Le to the equipment lifespan in years.

Icapex
inference =

∑
e∈E

Iecapex

Le

Operational Impacts For estimating the operational environmental impacts, we first compute
the total energy consumption by multiplying the equipment power Pe, the number of requests
directed to the equipment e (obtained by the product of N and ke) and the single request
inference time te to compute dynamic consumption. To this dynamic consumption, we add
the idle consumption, P idle

e , estimated by the technical characteristics of servers using methods
from [29]. This baseline power is associated with T idle

e , a duration ranging from total time of
active compute (N ×ke× te) to a full year (conservative hypothesis)3. Furthermore, we multiply
by 0.001 to convert to kWh and by the multiplicative factor ρe, as described in the following
equation.

Ce(Wh) = ((Pe ×N × ke × te) + (P idle
e × T idle

e ))× ρe × 0.001

Then, we estimate the operational environmental impacts during inference, in a similar way
to training, as described in the equation below:

Iopex
inference =

∑
e∈E

Ce × EGM

4.2.5 Webhosting

The webhosting section comprises the servers used for storing and managing the application,
processing user requests, and providing the graphical interface. This section also covers the
database management and the storage of all Pl@ntnet service data. To handle this section,
we will use the methods from [8] to handle a group of webservices. Therefore, we divide the
analysis into two modules: (i) API, which consists of Virtual Machines (VMs); and (ii) Storage,
comprising physical nodes responsible for managing the Pl@ntNet database.

For the API deployment, several Virtual Machines (VMs) are deployed along a physical ma-
chine. The VMs may have different requirements for computational resources, such as CPU

3As the minimalistic scenario is at list when the equipment in powered only during treating inference workload
and at the other end the equipment is always powered. We used in our study the conservative hypothesis of a full
year.
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and RAM. In our analysis, we assess the environmental impacts considering four different re-
sources: CPU, RAM, Storage, and other resources (which comprise other components, such as
case, motherboard, assembly, and power).

We denote the set of virtual machines deployed to implement Pl@ntnet services as V . Each
virtual machine vm ∈ V presents an allocation factor av, which represents the ratio of resources
allocated over the total resources provided by the physical server. The equations below describe
the allocation factor for CPU, RAM, and storage.

acpu
vm =

nCPUvm

nCPUphy
; aram

vm =
ramvm

ramphy
; asto

vm =
stovm

stophy

For the rest allocation factor, due to the difficulty in precisely quantifying the resource allo-
cation for each virtual machine (VM), we define it as the average of the CPU, RAM, and storage
allocation factors. This average serves as a representative approximation for the allocation of
other measurable components.

arest
vm =

acpu
vm + aram

vm + asto
vm

3

Embodied Impacts The embodied environmental impacts of webhosting section are estimated
in distinct ways depending on the evaluated services. For evaluating the API service, which uses
Virtual Machines (VMs), the embodied impact is given by the product of the physical server
manufacturing impact and the allocation factor of each VM for the different resources, as de-
scribed in the equation below. Icpu

capex, Iram
capex, Isto

capex, and Irest
capex refer to the environmental impact

for manufacturing, respectively, the CPU, RAM, storage, and restresources in the webhosting
server. Furthermore, the estimation of the impacts also considers the equipment lifetime, Le and
utilization rate, ue.

Icapex
API =

∑
vm∈V acpu

vm × Icpu
capex + aram

vm × Iram
capex + asto

vm × Isto
capex + arest

vm × Irest
capex

ue × Le

For the storage service, which uses physical machines for deployment, we consider that all the
computation resources from the machines are allocated to the Pl@ntNet service. We denote as
Iecapex the environmental impact of manufacturing the physical machines hosting the database.
The equation below describes the estimation of embodied impacts for the database service.

Icapex
storage =

∑
e

Iecapex

ue × Le

Operational Impacts The operational environmental impacts consider that machines (phys-
ical or virtual) operate in two different modes: idle (when no process is running) and charge
(when processes are being executed).

The annual operational impact on physical machines for each operation mode can be com-
puted using the equation below, where ηe represents the number of blades on the physical machine
and P idle,charge

e corresponds to the blade power during idle or charge mode.
In the equation below, we compute the total energy over a year, in kWh, based on a blade

power Pe, the total number of blades, ηe, and the usage time (in hours), obtained by multiplying
the number of days in a year (365 days) and the number of hours in a day (24 hours). Then, the
energy is converted to kWh by multiplying by 0.001.

Ce(kWh) = ηe × P idle,charge
e × 365× 24× 0.001
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Then, we estimate the physical impacts by multiplying the energy consumption (Ce) and the
Electricity Grid Mix (EGM), as shown in the equation below.

I idle,charge
e = Ce × EGM

For the API service, we consider that the VMs may be in idle or charge mode. When the
virtual machine is in charge, we estimate the impact on the VM as the product of the time-share
in charge mode, scharge

vm , the impact of the physical machine Iphy
charge, and the CPU allocation

factor, acpu
vm , since the CPU corresponds to the highest consuming source.

On the other hand, when the machine is in idle mode, the environmental impact is estimated
as the product of the time-share in idle mode, sidle

vm , the operational impact in idle mode, Iphy
idle ,

and the allocation factor of rest, arest
vm , since in idle mode, the CPU, RAM and storage are not

being effectively used.
The equation below describes the operational environmental impacts of the API service.

Iopex
API =

∑
vm∈V

sidle
vm × arest

vm × I idle
e + scharge

vm × acpu
vm × Icharge

e

In the same way, for estimating the usage impacts for the database service, we utilize the
physical machine impact in the idle and charge mode, respectively I idle

e and Icharge
e , and share

of time that the equipments are in idle and charge mode, respectively sidle
e and scharge

e . The
following equation illustrates the computation.

Iopex
storage =

∑
e

sidle
e × I idle

e + scharge
e × Icharge

e

4.3 Parameters and sources
During our Life Cycle Assessment (LCA), we use the following parameters to evaluate the en-
vironmental impacts associated with Pl@ntNet usage. Most of the data of the analysis comes
from direct measurements and experiments. In the case of work on assumptions and sensitivity
analyses, we used data from studies. The detail of parameters for our analysis are presented in
Table 4.

• Session duration: Based on Pl@ntNet statistics, the service accounted for over 220M of
identification requests in 2024. We consider that a session for identifying the plant species
has a duration d of 30 sec. We estimate this value based on exchanges with Pl@ntNet
engineers and a practical evaluation of the time required, which includes taking the photo,
requesting the identification, and obtaining and visualizing the identification results. Fur-
thermore, we consider that the exchanged packets between the Pl@ntNet data center and
the application have an average size of 367 kB, based on discussions with Pl@ntNet engi-
neers.

• Considered terminal equipments: Pl@ntNet users access to the service with PC,
tablets, smartphones, and smart TVs. As smartphone users accounted for more than 99.1%
of the 220M identification requests in 2024, we focus only on this type of equipment in the
current study. For smartphone specifications, we assume the average daily time spent on a
smartphone is 223 minutes, according to the Global Overview Report [24]. Furthermore,
the ADEME [1] reports that the average lifespan is 3 years, and it consumes, on average,
4 kWh per year.
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• Training infrastructure: According to Jean Zay, as reported in Morand et al. [26], a
supercomputer used for training has a lifespan of 6 years, with an 85% utilization ratio.
Furthermore, in our analysis, we tested several multiplicative factors: (i) No Factor, when
ρ = 1.0, (ii) PUE (ρ = 1.21), and (iii) dynamic ratio (ρ = 1.86), described in Jean Zay
specifications and reported in Morand et al. [26].

• Datacenters parameters: For the Inference and Webhosting data centers, we consider
the average PUE in France to be 1.46, according to the ARCEP report [4]. We assume
that the servers are used exclusively for Pl@ntNet, have all a lifespan of 6 years and are
always powered, i.e. either treating a workload or on idle mode.

• Networks: The Network impacts were extracted from the European Digital Technology
report [12]. The report estimates the environmental impacts of mobile data networking in
Europe.

• Electricity Grid Mix (EGM) : The EGM impact for all the countries was retrieved from
ADEME database [1]. The France EGM was used to estimate the impact of the Training,
Inference, and Webhosting sections. For End Users, we used the EGM of all evaluated
countries.

• Manufacturing impacts: Manufacturing impacts of servers For computing the en-
vironmental impacts associated with manufacturing the servers used by Pl@ntnet, we uti-
lized the Boavizta tool [11]. The tool estimates the ADP, GWP, and PE impacts based
on the specifications of the hardware components. This estimation was performed for the
Training, Inference, and Webhosting sections.
Manufacturing impacts of smartphones: For the embodied impacts of smartphones,
the ADEME report [1] estimates the ADP, GWP, and PE impacts for manufacturing the
equipment.

Parameter Value Source
N 220M Pl@ntNet
d 30 sec Pl@ntNet
S 367 KB Pl@ntNet

timePerDay (smartphone) 223 GWI [24]
Le (smartphone) 3 years ADEME [1]
energyPerYear 4 kWh ADEME [1]
ue (training) 85% Jean Zay [19]
ue (inference) 100% Pl@ntNet

ue (webhosting) 100% Pl@ntNet
Le (training) 6 years Jean Zay [19]
Le (inference) 6 years Pl@ntNet

Le (webhosting) 6 years Pl@ntNet
ρ (training) [1.0,1.21,1.86] Jean Zay [19]
ρ (inference) 1.46 ARCEP [4]

Table 4: List of parameters used in Pl@ntNet Life Cycle Assessment with their respective values
and sources.

• Training times: Table 5 shows the total GPU hours used for training Pl@ntNet models
across three scenarios: Final Models, Standard, and Legacy. These values reflect usage on
V100 and A100 GPUs in the Jean Zay supercomputer.
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Scenario V100 hours A100 hours Source
Final Models (2024) 61,440 0 Pl@ntNet

Standard (2024) 83,704 96,507 Pl@ntNet
Legacy(2020-2024) 292,065 96,507 Pl@ntNet

Table 5: Training time (in number of hours) of Pl@ntNet service models for each scenario in
Jean Zay supercomputer. We display the time for each type of node used.

5 Results
In this section, we present the results of the Life Cycle Assessment (LCA) of the Pl@ntNet
service. We conducted a multi-criteria, multi-stage evaluation of environmental impacts using
the methodology described in Section 4. All the parameters used are described in Table 4. First,
we discuss the global impacts of the Pl@ntNet service. We identify the sections of the Pl@ntNet
architecture that most contributed to environmental impacts, and we compare the embodied and
operational impacts.

Then, we describe in detail the environmental impacts obtained for each Pl@ntNet section:
End Users, Networks, Training, Inference, and Webhosting. During the analysis, we discuss the
main impacts and identify optimization opportunities for the Pl@ntNet service.

5.1 Global environmental impacts
In this section, we analyze the environmental impacts of the Pl@ntnet service. Table 6 sum-
marizes the environmental impacts caused by Pl@ntNet in 2024, based on an average request
session time of 30 seconds. The assessment also accounts for training under the standard and
legacy scenarios and applies the PUE as a multiplicative factor (See Table 9) In the standard
scenario, it was responsible for emitting 71.9 tCO2eq. Furthermore, its impact on primary energy
was 2.45× 106 MJ, and its ADP impact was 1.83 kgSbeq.

Section ADP (kgSbeq) GWP (×103 kgCO2eq) PE (×106 MJ )
End Users 1.14 49.2 0.69
Networks 0.07 8.0 0.4

Training (standard) 0.2 7.9 0.9
Training (legacy) 0.5 15.1 1.7

Inference 0.22 3.75 0.37
Webhosting 0.19 2.97 0.08

Total (standard) 1.83 71.9 2.45
Total (legacy) 2.1 79.0 3.25

Table 6: Pl@ntNet environmental impacts per section considering standard and legacy scnarios.

Fig. 5 illustrates the contribution of each service section to the total impact according to
standard (Fig 5a) and legacy (Fig. 5b) scenarios. We observe that, for Abiotic Depletion Poten-
tial (ADP), the End Users section presents the highest impact. The section was responsible for
extracting 1.14 kgSbeq. Similarly, the End Users section was responsible for the highest GWP
impact. This section emitted 49.2 tCO2eq, equivalent to 68.4% of the total GWP impact (stan-
dard scenario). This is attributed to the resource-intensive manufacturing process for producing
the devices (smartphones) used to access the Pl@ntNet service. During this process, a significant
amount of raw materials is extracted, and a large quantity of greenhouse gases is emitted.
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On the other hand, for Primary Energy (PE), the Training component had the greatest
impact. The section was responsible for consuming 0.9 × 106 MJ (and 1.7 × 106 MJ in legacy
scenario), equivalent to 36.7% of the total energy. The Machine Learning training process requires
substantial computational resources, thereby increasing energy consumption.

(a) Standard scenario (b) Legacy scenario

Figure 5: Embodied and operational environmental impacts proportions over different sections
in Pl@ntNet using two training scenarios: (a) standard and (b) legacy.

Embodied and Operational Impacts Figs. 6a and 6b describe, respectively, the embodied
(capex) and operational (opex) impacts for each section, according to standard scenario. The
Networks category is excluded from this analysis, as it does not decompose into capex and opex
impacts. For the embodied impacts (Fig.6a), we observe that the end users section presents a high
impact. The section was responsible for emitting 46 tCO2eq for manufacturing, which reflects
the application widespread usage. In 2024 alone, more than 20 million users used Pl@ntNet,
resulting in more than 220 million identification requests.

For the operational impacts (Fig. 6b), a significant portion of the environmental impacts
is attributed to training. In standard scenario, datacenter usage for training accounted for
5.77 tCO2eq (and 10.8 tCO2eq in legacy scenario), representing 53.5% (and 68.2% in legacy
scenario) of the total operational GWP impact associated with Pl@ntNet (excluding network).

On the other hand, other sectors presented a lower operational impact. The webhosting
section, which manages the API and the Pl@ntnet database, presented a GWP impact of
304 kgCO2eq, which is significantly lower when compared to the training section. When com-
paring training and inference, considering standard scenario, the GWP impact of training is
approximately 2.4 times that of inference.

5.2 Detailed assessment of Pl@ntNet impacts
Following, we provide and discuss LCA results and the environmental impacts associated to each
of the evaluated Pl@ntNet sections.

5.2.1 End Users

Table 7 describes the environmental impacts for the End Users section in Pl@ntNet service. An-
alyzing the total Global Warming Potential (GWP), the End Users section emitted 49.4 tCO2eq.
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(a) Embodied (b) Operational

Figure 6: Embodied and operational environmental impacts proportions over different sections
in Pl@ntNet using standard scenario.

From the total emissions, the embodied stage is responsible for the largest amount of impacts,
emitting 46.9 tCO2eq , equivalent to 95.3% of the total section emissions.

The observed result aligns with that of Ercan et al. [15]. Performing a Life Cycle Assessment
(LCA) of a Sony smartphone, the authors highlight a high Global Warming Potential (GWP) at-
tributed to the production phase. According to them, the integrated circuits, mainly, and display
manufacturing are responsible for the main environmental impacts of the evaluated device.

ADP (kgSbeq) GWP (×103kgCO2eq) PE (×104MJ)
Embodied 1.14 46.9 62

Operational 0.0003 2.3 7.0
Total 1.14 49.2 69

Table 7: End users environmental impacts for embodied (capex) and operational (opex) stages.

Comparing countries impacts We also analyzed the impact of End Users during the oper-
ational phase, depending on the location of requests. Fig. 7 describes the GWP impact during
the operational phase for each evaluated country. The displayed countries are responsible for a
large majority of Pl@ntNet sessions, accounting for over 95%.

The impacts in each may vary depending on Pl@ntNet usage patterns (the number of requests)
and the energy grid mix (EGM) of each country. For instance, when comparing the impacts
between France and Germany, we observe that France was responsible for 25% of the total
sessions, more than twice that of Germany, as observed in Table 2. However, the French GWP
impact was 160 kgCO2eq, approximately 4× lower than Germany’s GWP impact of 624 kgCO2eq.
The observed gap occurs since, although France presents more identification requests, the low-
carbon sources are larger in the electricity grid mix, leading to attenuated environmental impacts.

On the other hand, some countries, although accounting for a small share of Pl@ntNet ses-
sions, have a significant GWP impact. For instance, Czechia and Poland account for, respectively,
2% and 1.8% of the sessions, but contribute 103.7 and 117 kgCO2eq, respectively.

Sensitivity analysis To better understand the environmental impacts associated with the End
User Terminals section, we performed a sensitivity analysis using usage statistics from Google
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Figure 7: Impact for End Users section during usage (OPEX) for different countries. On left,
we represent the GWP impact (in kgCO2eq) and on right, we show the number of identification
requests for each country in 2024. The countries are ordered by number of requests in decreasing
order.

Analytics, a web and mobile platform that tracks and reports user engagement metrics.
Then, we estimated the impacts under three alternative scenarios based on usage statistics

and compared them with our baseline scenario, which assumes a fixed session duration of 30
seconds. Figure 8 shows the GWP impact of each alternative scenario.

In the first scenario, we consider the total user engagement time provided by Google Analytics
across the evaluated countries. In 2024, the platform recorded that users spent 14 billion seconds
in Pl@ntNet application. This engagement time resulted in a total GWP impact of 102 tCO2eq,
approximately 2× our initial estimate based on a session-duration hypothesis.

However, a substantial amount of the user engagement time is not identified or is associated
with an unlabeled page. To assess the influence of this uncertainty, we defined a second scenario
excluding the unidentified share (which corresponds to 61% of total user engagement time). In
this scenario, the End User Terminals were responsible for 38.9 tCO2eq.

Finally, in a third scenario, we estimated the impacts by focusing exclusively on the screens
that "create a new observation". Under this more restrictive assumption, the End User Terminals
GWP was further reduced to 25.4 tCO2eq, which remained below our baseline hypothesis based
on the session duration, which accounted for a GWP impact of 49.2 tCO2eq.

Session time analysis Users may present wide behaviors when using Pl@ntNet services. Ac-
tions such as taking the photo and consulting the results may exhibit significant variation. Thus,
we performed a sensitivity analysis by varying the session duration from 30s to 2min30s with a
15s interval.

In Figs. 9a-9c, we display the ADP, GWP and PE impacts, respectively, as a function of
the request duration time. We observe that the environmental impacts scale linearly with the
session duration. For GWP impact, End Users section emissions vary from a total of 49 tCO2eq
to 250 tCO2eq. In the same way, the ADPe and the PE varies from 1.14 to 5.71 kgSbeq and from
691× 103 to 3.4× 106 MJ.
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Figure 8: GWP Impact (kgCO2eq) of End user terminals in Pl@ntnet application according
to the different scenarios using Google Analytics statistics and time hypothesis. We provide
four scenarios, considering: (i) exclusively the engagement time for the screens concerning new
observation; (ii) total user engagement time (excluding non-identified screens); (iii) an hypothesis
for the session duration of 30 s; and (iv) the total user engagement time.

(a) Abiotic Depletion Potential
(ADP)

(b) Global Warming Potential
(GWP) (c) Primary Energy (PE)

Figure 9: Sensitivity analysis over the identification request duration. We varied the duration
in a range from 0.5min to 2.5min and we display the (a) ADP, (b) GWP and (c) PE impacts
associated with End Users Terminals. For the following report, the session duration d = 0.5 (in
bold) is used.
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Conclusions regarding End user terminals Estimating the impact of user terminals on
service is subject to the influence of several parameters that are difficult to control. Session
duration greatly affects the footprint allocated to terminals, as shown in Figure 8 and 9c.
Looking at the data displayed in Figure 8, the total amount of estimated screen time for Pl@ntNet
users varies 51% to 203% times the baseline scenario estimated by multiplying the number of
identification processes by 30 seconds, i.e. 6.81× 109.

However, a second parameter has an equally significant influence on terminal footprint alloca-
tion and is perhaps even more difficult to estimate: the total usage time of the user’s smartphone,
i.e. in our model the timePerDaye parameter. We used a figure from the ADEME dataset as-
sociated with smartphone footprints as data for this parameter, i.e. 227 minutes per day on
average. However, a recent large-scale study [33] has published new empirical data on this same
parameter, announcing an average of 391 minutes per day. This increases the total smartphone
usage time by 175% and therefore significantly reduces the CAPEX footprint of the end user
terminals. The addition of this uncertainty makes the footprint of end user terminals even more
uncertain. This is leading to a variation of 31% to 207%, between min. and max. scenario,
of the carbon footprint of end users terminals compare to the baseline scenario. In conclusion,
while it remains important to include the footprint of terminals in the assessment of the service,
considering 1) the uncertainties surrounding their footprint, and 2) the reduced ability of service
managers to influence this impact, it may be interesting to observe the footprint of the service
without including terminals. If the objective is to reduce the service’s footprint by the Pl@ntNet
team, Figure 10 may be a more effective tool for communicating about the service’s footprint.

Figure 10: Distribution of the environmental impact of Pl@ntNet service for the standard sce-
nario, excluding End-user Terminals

5.2.2 Networks

We display in Table 8 the environmental impacts associated with Networks section of Pl@ntNet
service. The network impacts methodology do not differentiate between embodied (capex) and
operational (opex), considering them as an aggregated value (See Section 4).

The Network section was responsible for 8 tCO2eq in 2024, equivalent to 10.2% of total
emissions. Although we consider that mobile data links are used, the image compression during
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transmission between devices and the datacenters leads to resource optimization, attenuating
the impacts.

ADP (kgSbeq) GWP (kgCO2eq) PE (MJ)
Networks Impact 7.1× 10−2 8.0× 103 4.6× 105

Table 8: Networks environmental for Pl@ntNet service in 2024. The data exchanged in the
request and answer is considered in this analysis.

5.2.3 Training

We also evaluated the environmental impacts caused by the Pl@ntNet models training.
Then, in our evaluation, we vary the multiplicative factor, considering three different pos-

sibilities: (i) No multiplicative factor (ρ = 1.0); (ii) PUE (ρ = 1.21); and (iii) dynamic ratio
(ρ = 1.83).

Furthermore, we considered three distinct scenarios for the training temporal window: (i)
Legacy, when the total training time from 2020 until 2024 is considered; (ii) Standard, when the
training time performed in 2024 is considered; and (iii) Final Models , when we consider the
training time only for the final models made available for the users.

Table 9 describes the environmental impact of the training section for each evaluated scenario
(Legacy, Standard and Final Models) and each multiplicative factor considered in our analysis.

Training impacts The high-impact behavior observed in the training section can be at-
tributed, firstly, to the continuous emergence of new species and observations, which require
frequent model retraining to meet users’ needs for better and more accurate models. For in-
stance, between 2020 and 2024, the number of species identified by Pl@ntnet increased from
30798 to 75415, representing an increase of 145%.

Furthermore, the development of related products, such as models for disease detection and
agricultural diagnostics, has expanded. These new initiatives require additional training efforts,
thus leveraging environmental impacts due to the increased computational demand.

Finally, Pl@ntNet researchers have recently focused on optimizing the inference process in
order to reduce inference time. While this leads to lower environmental impacts during inference,
it introduces a trade-off between inference efficiency and training efficiency. To achieve a low
inference time, researchers need to submit their models to longer and more exhaustive training
rounds, which demands a longer and more expensive training process, potentially increasing
environmental impacts.

Impacts scaling up in 2024 We also observe a considerable impact associated with the
Training section in 2024. In the Legacy scenario, which accounts for the impacts from 2020
to 2024, the GWP impact varies in the range between 13.1 tCO2eq and 20.6 tCO2eq. On the
other hand, in the Standard scenario (2024 year), the GWP impact varies between 6.94 tCO2eq
and 10.9 tCO2eq, representing, on average, 50% of the total GWP impact observed for Training
between 2020 and 2024.

The above observation is aligned with the number of training hours used by Pl@ntNet. The
training service consumed 208,000 hours of model training from 2020 to 2023, during four years.
On the other hand, in 2024, during just one year, Pl@ntNet consumed 180,000 hours, almost
the same amount as the previous four years. The new demands of the Pl@ntNet service and the
increased availability of data have significantly scaled up the impacts over the last year, posing
a substantial impact on the training section due to the Pl@ntNet service.
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Final Models vs Standard scenarios We also compared the impacts of the Final Models
(made available to users) with the Standard scenario, which includes developing and testing
models. The results described in Table 9 illustrate that, in 2024, the Final Models accounted for
between 1.85 and 2.87 tCO2eq. On the other hand, the total training in 2024 (Standard scenario)
ranged from 76.94 to 10.9 tCO2eq. The Standard scenario represents, thus, on average, 4× of
the Final Models impact.

This illustrates that the impacts may scale up beyond the final model’s training. Developing
a model to achieve good accuracy may require intense training, leveraging its impacts. Therefore,
it is vital that researchers focus on the ML impacts, not only for the Final Models, but also for
the model development.

Embodied vs Operational impacts Fig. 11 describes the share of GWP impact for the
embodied and operational stages in Legacy scenario under different multiplicative factors. We
observe that operational impacts represent the dominant share of the total GWP emissions during
training. Depending on the multiplicative factor used, between 68% and 79% of the GWP is due
to the operational phase. This highlights that the emissions generated while training the models,
due to electricity usage and the duration of training, constitute the most significant portion of
the environmental impact.

Figure 11: Training GWP Impact proportion (in percentage) between embodied and operational
stages. The results consider the legacy scenario and test the three multiplicative factors: (i) No
Factor, (ii) PUE, and (iii) Dynamic Ratio.

5.2.4 Inference

When a plant identification is requested, the model inference is executed on one of the dedicated
servers. All the inference requests are performed using GPUs.

Comparing inference machines For each inference server, we collected the average GPU
processing time and the proportion of identification requests handled by each machine. All
details are described in Table 10.

We observed that only a small share of requests were processed in capcir and orxois machines.
This occurs because these machines are older and dedicated to serving requests from legacy
devices, which are no longer compatible with updated versions of the Pl@ntNet application. The
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Scenario Multiplicative
Factor

ADP
(×10−1 kgSbeq)

GWP
(×103kgCO2eq)

PE
(×106 MJ)

Final Models
(2024)

No Factor
ρ = 1.0

0.78 1.85 0.19

PUE
ρ = 1.21

0.78 2.1 0.23

Dynamic Ratio
ρ = 1.83

0.79 2.87 0.35

Standard
(2024)

No Factor
ρ = 1.0

2.12 6.94 0.76

PUE
ρ = 1.21

2.13 7.94 0.90

Dynamic Ratio
ρ = 1.83

2.15 10.9 1.36

Legacy
(2020-2024)

No factor
ρ = 1.0

4.72 13.2 1.41

PUE
ρ = 1.21

4.78 15.1 1.70

Dynamic Ratio
ρ = 1.83

4.82 20.6 2.55

Table 9: Environmental impacts of training in three different scenarios: Final models, standard
and legacy, considering several multiplicative factors.

Server GPU Purchase year Processing time (ms) Ratio (%)
capcir Quadro M4000 2016 103.7 2
orxois Quadro M4000 2016 122.2 3
huchet RTX 8000 2020 52.2 1
rajol RTX 8000 2020 3125.6 25

chamois A40 2022 158.4 37
devois A40 2022 62.12 24
senart A40 2024 50,9 3

sourdun A40 2024 70.4 5

Table 10: Average inference processing time (in milliseconds) and percentage of total requests
handled by each server.
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senart and sourdun machines also accounted for a small share of requests, as they have only been
operational since September 2024, and thus have not yet handled a significant volume of traffic.

Fig. 12 describes the embodied and operational environmental impacts for each inference
machine. We observe a high operational impact (OPEX) for the rajol machine. In 2024, this
machine generated 1.77 tCO2eq, accounting for 47% of the total inference impact. This increased
impact is attributable to the machine’s use in multi-species inference, which involves more com-
plex models and requires significantly longer inference durations. The energy consumption and
environmental impacts, therefore, increase substantially.

Figure 12: Inference GWP impacts (in log scale) per machine during 2024. For each machine,
we display (i) embodied (in blue) and (ii) operational stages impacts. The capcir and orxois
machines use a Nvidia Quadro M4000; huchet and rajol use a NVIDIA RTX 8000; and chamois,
devois, senart and sourdun use a NVIDIA A40 GPU.

5.2.5 Webhosting

Here, we analyze the main impacts associated with the webhosting section. We remind that the
analysis is divided into two modules: (i) API, consisting of Virtual Machines (VMs); and (ii)
Storage, composed of physical nodes responsible for managing the Pl@ntNet database.

Table 11 summarizes the embodied (capex) and operational (opex) environmental impacts
for the Webhosting section, divided into API and storage modules.

We first observe that the ADP impact is, as expected, significantly higher in the embodied
phase than in the operational phase for both modules. This is consistent with the fact that
ADP primarily accounts for the extraction of raw metal resources, which is directly linked to
equipment manufacturing processes.

For the API module, the GWP is also higher in the embodied stage, totaling 0.44 tCO2eq,
which represents 68.75% of the total GWP for this module. This is mainly due to two factors: (i)
the manufacturing of servers is a carbon-intensive process, significantly increasing the embodied
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GWP, and (ii) the servers operate in France, where the electricity grid has a low carbon intensity,
thus reducing the operational GWP.

In contrast, the PE impact is predominantly concentrated in the operational stage, accounting
for 3.07× 104 MJ, or 84.3% of the total PE impact. This is expected, given that the servers run
continuously, resulting in sustained energy consumption throughout their operational lifetime.

Regarding the storage module, we observe that the embodied stage dominates all three im-
pact categories. The GWP and PE impacts in this phase are 2.23 tCO2eq and 2.78 × 104 MJ,
accounting for 95.7% and 64% of the total module impacts, respectively. This is primarily due to
the substantial environmental burden associated with the manufacturing of high-capacity SSDs
used for the Pl@ntNet application, which involves resource and energy-intensive processes.

API (VMs)
ADP (kgSbeq) GWP (tCO2eq) PE (×104MJ)

Embodied 0.08 0.44 0.57
Operational 0.00012 0.20 3.07

Storage (Physical)
ADP (kgSbeq) GWP (tCO2eq) PE (×104MJ)

Embodied 0.11 2,23 2.78
Operational 0.00006 0.1 1.56

Total 0.19 2.97 7.98

Table 11: Webhosting section environmental impacts for the APIs (virtual machines) and the
storage (physical machines) modules.

6 Limits and discussion
It is important to highlight the limitations of this study. These limitations are due, on the one
hand, to the quality of the data that could be used for the study and, on the other hand, to the
methodological choices made.

6.1 Limits due to data quality
The quality of the data affects the results of the quantitative model used in this study. This
quality is limited by two factors. First, the quality of the environmental footprint data for the
digital equipment and infrastructure used in the model. Second, the collection of field data to
establish an inventory of the equipment hosting Pl@ntNet and to measure the intensity of use of
each piece of equipment.

With regard to the data used, which was mainly sourced from the ADEME and Boavizta
databases, the following limitations should be noted:

• The same data was used for the embodied footprint of all smartphones used. This could
greatly influence the footprint of the devices if, on average, smartphones have a longer or
shorter lifespan.

• The network footprint used the results of a European LCA study and made an allocation
based on the total volume of data transported by this network at the European level to
allocate the average footprint of one gigabyte transported. This data was used in the
absence of a better alternative for quantifying the full life cycle footprint of data transfer
via international networks.
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• The data used to calculate the embodied footprint of the web hosting and inference part
does not take into account the transport and end-of-life phases. This may contribute to a
slight underestimation of the capex footprint of this part.

• In the absence of a complete LCA, the footprints of GPUs were estimated using a method
normally used to estimate the footprint of CPUs. This may contribute to an underestima-
tion of the capex footprint of the inference and machine learning parts.

With regard to the difficulties associated with collecting ground data, the following limitations
should be noted:

• The capabilities of CIRAD’s hypervisor, which hosts the web hosting VMs, are known, and
a satisfactory estimate of the hypervisor’s footprint has been calculated. However, it has
not been possible to collect data on the hypervisor’s activity outside the capacities allocated
to the Pl@ntNet service’s VMs. This means that it is not possible to know whether, outside
the Pl@ntNet VMs, the hypervisor is underutilised or not. The embodied footprint of the
hypervisor’s VMs allocated to the Pl@ntNet service would be greater if the hypervisor was
oversized in relation to needs. This may contribute to an underestimation of the footprint
of the webhosting part.

• It was not possible to measure the power consumption of the equipment on site directly
using a wattmeter. This may contribute to a slight underestimate of the opex footprint of
the webhosting, inference and machine learning part.

• The average duration of user sessions was not measured empirically but estimated. This
may contribute to an underestimation of the footprint of the user terminal part.

• In the absence of direct measurement on end-user devices, it was also not possible to take
into account and measure the time spent by users using the application outside a typical
session defined by the usage scenario. This may contribute to an underestimation of the
footprint of the user terminal part.

• In the absence of direct energy measurement on inference servers, the energy consumption
of inference workload were estimated through the use of TDP data of equipment. Also, it
was not possible to determine the amount of time when the servers were shutdown and a
conservative hypothesis was taken were the server are always at list on idle mode. This
may contribute to a small uncertainty on the footprint of the inference part.

• Internal network equipment at sites linked to Pl@ntNet was not taken into account, nor
were network flows between hosting sites. This may contribute to an underestimate of the
footprint of the webhosting, inference and machine learning part.

• It was not possible to ascertain the technical resources specifically implemented for data
storage at the ISDM-MESO site. The same model was used to assess the IT resource
footprint of both CIRAD and ISDM-MESO. It was not possible to take into account the
specific characteristics of this site, which specialises in data storage, e.g. more efficient
storage equipment or a quality of service requiring more resources, particularly through
data replication. This could influence the footprint of the webhosting part.

6.2 Limits due to methodological choices
The first main limitation of the study is related to the attributional LCA framework. The
aim here was not to calculate the footprint generated as a direct result of using the Pl@ntNet
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service for one year, but to estimate the footprint for which such a functional unit would be
responsible. What environmental footprint can be attributed to using Pl@ntNet for one year?
Therefore, the notion of "cost of a single use" of Pl@ntNet to identify one species is more a
representation rather than a direct consequence. Like many digital services, this one relies on
widely shared equipment and infrastructure. These resources are designed to be used collectively
and would not be economically or technically viable to create and maintain for just one user, so
the scenario is purely hypothetical

In this framework, the capex footprint of equipment and infrastructure is distributed by the
model throughout their usage phase, based on assumptions about the duration and characteristics
of this phase. The manufacturing footprint of this equipment exists and cannot be reduced in
itself, but it can be distributed over a longer or wider usage period through Pl@ntNet or other
services.

It is therefore important not to rely solely on this model when considering the purchase of
new equipment. Like most attributional models, this model mathematically favours the use of
larger equipment in order to achieve economies of scale. But the model, to allocate the capex
footprint, relies on hypothesis around the past and future lifespan and use of these equipments
without integrating dynamic phenomena like rebound or induction effect.

The second methodological limitation of this study relates to the choices made regarding the
scope defined.

The study chose to focus on the technical architecture of Pl@ntNet, i.e. how the service is
operated and functions over the course of a year. Thus, the study takes into account the cost of
AI model training in Pl@ntNet’s footprint, but not the costs of Pl@ntNet’s software development.
For reasons related to the study’s objectives and a lack of data on the traceability of time and
resources devoted to Pl@nNet’s software development, this cost was not included. However, the
question of the scope of inclusion of past AI model training phases remains a limitation of the
study, even though it is explored in section 5.2.3.

6.3 How do the results address environmental concerns about Pl@ntNet?
What should be thought of the study’s results? What do the results reveal about the environ-
mental impact of the Pl@ntNet service?

This study used an LCA based on direct sources to explore the footprint of an AI service
with millions of users. This makes it a rare source that allows us to see the dynamics of footprint
distribution for a large-scale service.

Within Pl@ntNet, the footprint is mainly carried by the user terminals, followed by the
machine learning component. This distribution of the footprint distinguishes Pl@ntNet from
more recent AI services based on generative AI models, where the footprint associated with the
inference phase tends to be one of the most significant. It is important to note that, although
Pl@ntNet users come from many countries, the training, inference and web hosting components
are located in France, powered by a largely decarbonized electricity mix, significantly reducing
the opex carbon footprint of these parts.

The footprint associated with end users is mainly due to the manufacture of smartphones.
This footprint has been allocated to the Pl@ntNet service based on the usage time of these
devices. This footprint represents Pl@ntNet’s contribution, on its own scale, to a more digital-
ized society. The model represents this indirect link between the availability of services such as
Pl@ntNet and the incentive to own a smartphone. To reduce the footprint of this part, pos-
sible solutions include reducing smartphone usage time or enabling Pl@ntNet to run on older
smartphones, thereby reducing the need to purchase new devices.

The significance of the machine learning footprint is due to the use of the Jean Zay data centre,
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despite its relatively efficient infrastructure powered by low-carbon energy, which highlights an
extensive use. Levers to reduce the footprint of this part may be found in its use, as explored
in Table 9, which shows that the final training cost is significantly lower than other uses in the
training phase. It could be interesting to explore the relationship between model quality gains
and computational cost.

More broadly, the environmental impact model proposed by the study could be used to
examine the growth dynamics of the Pl@ntNet service. The service is experiencing growth,
albeit slowing, in the number of users, but still sustained growth in content and usage4. This
growth is also reflected in the cost of machine learning. According to Table 9, over the period
2020-2024, the year 2024 alone accounts for more than half of the impacts.

Finally, questioning the environmental impact of Pl@ntNet requires consideration of the pur-
pose of the service. Pl@ntNet is an ambitious participatory science project that has made a
positive contribution to academic research and raised awareness among a wider audience. The
direct environmental impacts measured during this study can be discussed in relation to the ob-
jectives of the service and its secondary impacts. The positive impact of Pl@ntNet on research
will be difficult to measure quantitatively, but it can nevertheless be assessed qualitatively.

It could also be interesting to explore in future work the potential consequences of Pl@ntNet
on the work of professionals linked to the service’s areas of application. For example, has
Pl@ntNet made it possible to obtain field data, thereby saving teams from having to travel?
Or, on the contrary, does Pl@ntNet’s design encourage more travel and more use of the appli-
cation? Pl@ntNet is also involved in the development of new tools for detecting invasive plants
or plant diseases. These issues may be studied in the future through consequential LCA and
prudent net impact studies [27, 14].

Exploring the direct environmental impacts of Pl@ntNet and its ecological cost is primarily
a first step that should then be used to establish the best possible links between the project’s
objectives and its means.

7 Conclusion
Given the widespread adoption of Artificial Intelligence (AI) models and their integration into
several applications, it has become vital to study and quantify the environmental impacts of AI-
based services. In this study, we focus on the Pl@ntNet service, an image recognition application
designed to identify plant species from photographs. We proposed a Life Cycle Analysis (LCA)
of the Pl@ntNet service in order to evaluate the environmental impacts.

Our analysis adopts a multi-criteria and a multi-stage approach. We investigated the Abiotic
Depletion Potential equivalent (ADPe), the Global Warming Potential (GWP) and the Primary
Energy (PE) impacts associated to the evaluated application. These impacts were evaluated
across both embodied phase (production, transport and end of life) and operational stages of
Pl@ntNet service.

Pl@ntNet accounted for 71.9 tCO2eq emissions in 2024 (and 79 tCO2eq considering legacy
scenario). We structured our analysis in five key sections of the service: End User, Networks,
Training, Inference, and Webhosting. From the total amount, the End Users section accounted
for the most relevant share, contributing 49.2 tCO2eq. to 68.4% of the total GWP. We can also
see this section’s predominant impact on the depletion of abiotic mineral and metal resources.

The Training section also exhibited a substantial environmental impact. Depending on the
considered scenario, the Training emissions ranged from 2.1 tCO2eq (considering the released in

4https://identify.plantnet.org/fr/stats
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2024) to 15.1 tCO2eq (for all training activities from 2020 to 2024). These results highlight the
energy intensity associated with Training, making it a critical target for impact mitigation.

In the future, we emphasize the importance of improving optimization techniques to reduce
the environmental footprint. These advances, especially in training, are essential for mitigating
the impacts of AI-based services such as Pl@ntNet.

In this work, we focused on assessing the service’s direct environmental impacts. We are
aware that this approach is single-focused and could be complemented by two other evaluation
areas: indirect and social impacts. These assessments would improve the systemic understanding
of service impacts, shed light on the diversity of uses across contexts, and uncover risks of human
and infrastructure-related social harm.

In the case of the development of a globally deployed service incorporating a three-way col-
laboration between scientists, hobbyists, and AI, we believe that this multi-criteria proposed
analysis of the service provides subtle nuances in the interpretation of results and new perspec-
tives for impact reduction. Assessing these areas remains underrepresented in the literature, and
few methodologies are available [30].
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