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Abstract—Federated Learning (FL) is an emerging method
to train machine learning models without the data getting
centralized. By not centralizing the data, FL is compatible
with security-conscious sectors like healthcare, finance, and IoT.
However, despite this benefit, FL currently encounters three key
issues hindering mainstream adoption, including high energy
consumption during distributed training, the requirement for
trust amongst the users, and the absence of good verifiability
to ensure the result is proper and not adulterated.

In the past few years, researchers have attempted to solve each
of these problems individually. Initiatives under Green FL work
towards minimizing the carbon and energy footprint. Blockchain-
enabled solutions incorporate mechanisms for trust among clients
as well as incentives. Cryptographic and auditing mechanisms
allow for some extent of verifiability. The majority of the above
works consider the problems in isolation. What is still absent is
an integrated picture that examines their interplay, trade-offs,
and the potential for common frameworks.

This paper surveys 45 papers from 2021 to 2025 that relate
to energy awareness, blockchain incorporation, or verifiability in
FL. We categorise each paper with the straightforward coding
scheme (Yes, Partial, No) on the three dimensions and study
overlaps. The results show blockchain as the most progressed
strand, energy-efficiency dealt with moderately, while verifiability
remains the least studied. The paper ends with gaps, open issues,
and future work towards sustainable and trustworthy FL.

Index Terms—Federated Learning, Blockchain, Energy Effi-
ciency, Verifiability, Distributed Machine Learning, Green AI

I. INTRODUCTION

A. Background

Federated Learning (FL) is a distributed machine learning
paradigm that allows several parties to jointly train a single
model without sharing their raw data [1]. In such a way,
privacy is maintained; therefore, it is tempting to use it in
sensitive areas such as healthcare [2], finance, or even the
Internet of Things (IoT) [3]. Besides that, FL is used in schools
(for instance, FL in the ImageNet benchmark for medical
imaging) [4] and in industries (for example, Google’s Gboard
that makes use of FL to enhance typing predictions [5], and
Apple’s Siri where personalized models are locally trained on
devices [6]). These cases are some of the ways through which
FL manages to keep both data privacy and the benefits of joint
learning.
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B. Key Challenges
Despite the fact that FL holds enormous promise, it runs into

three main challenges that obstruct wide use of its technology
[7]:

• Energy consumption: When such training is spread over
a large number of clients and edge devices, the computa-
tion and communication costs are going to increase [8].
As a result, the energy and carbon footprints also rise
[9]. Another study confirms increasing energy demands
during FL operations across distributed devices [10].

• Trust and incentives: Along with security, clients should
be comfortably assured of how their data and contribution
are handled [11]. There should also be a system that pro-
vides fair incentives to encourage continuous participa-
tion [12]. Trust handling mechanisms such as blockchain
and smart contracts have been proposed for the same
[13]. Moreover, secure data sharing and verifiable model
updates are critical for incentivizing participation [14].

• Verifiability: The current architectures of FL do not
provide strong enough guarantees that every step of the
training and the outcomes achieved are actual and not
altered [15]. Techniques like zero-knowledge proofs have
been proposed to verify model correctness in FL systems
[16]. Similarly, enclave-based verifiable systems have
been developed to validate federated model updates [17].
However, real-world applications still lack reliable and
enforceable verifiability guarantees [18].

C. Gaps in Existing Surveys
There are a number of surveys; however, they are concen-

trated only in one single dimension such as energy, trust, or
verifiability without considering all these aspects simultane-
ously [4]:

• Energy-efficient or “Green FL” reviews (e.g., Thakur et
al., 2025) only deal with sustainability aspects of FL [5],
[7], [16].

• Blockchain-enabled FL surveys (e.g., Jiang et al., 2024)
talk the most about trust and incentives that come up with
FL [8], [9], [17], [18].

• Verifiable FL surveys (e.g., Sun et al., 2025) mention
cryptographic protection while not referring to energy or
blockchain [12], [19], [20].



This separation leads to a lack of understanding of the trade-
offs and synergy between those three major aspects [21], [22].

D. Our Contribution
Rather than analyzing energy efficiency, blockchain, and

verifiability separately, this paper concurrently addresses all
of these issues in FL [22]. Firstly, we comprehensively survey
45 studies from 2021 up to 2025, secondly, we use a three-
dimensional taxonomy to code Yes/Partial/No for each dimen-
sion as well as to point out categories that are intersecting and
those that are underexplored [4], [23]. Compared to previous
works, this combined view makes it possible to be aware of
the areas where development is achieved as well as to be able
to locate those in which there is still a lack of work [2], [15].

E. Paper Structure
The remainder of the paper is organized as follows:
• Section 2 – Methodology and selection process
• Section 3 – Taxonomy framework
• Section 4 – Literature analysis of 45 works
• Section 5 – Discussion and future directions
• Section 6 – Future Research Directions
• Section 7 – Conclusion

serve the conference page limits.

II. METHODOLOGY

A. Search Strategy
The review implemented a systematic approach that took

inspiration from the PRISMA guidelines [4]. Various wireless
libraries were used to access the most pertinent articles: IEEE
Xplore, ACM Digital Library, SpringerLink, ScienceDirect,
and arXiv. The following sets of keywords were combined
to represent the wide signal of studies introduced [1]:

• “Federated Learning” OR “Collaborative Learning”
• “Blockchain” OR “Distributed Ledger”
• “Energy Efficiency” OR “Carbon” OR “Green AI”
• “Verifiability” OR “Auditing” OR “Zero-knowledge

Proofs”
It was done to ensure that the paper references of the domains
as well as the broader surveys are included.

B. Timeframe
The time of the publication was limited to between January

2021 and March 2025. This represents the period when a
lot of attention has been given to energy-saving and reliable
federated learning [5], [22].

C. Screening and Selection

• Initial filtering – The level of relevance of the informa-
tion from titles and abstracts was judged.

• Full-text perusal- Articles about FL and of technical
nature were only selected.

• Eligibility check – Only peer-reviewed journal articles,
conference papers, and high-quality preprints were in-
cluded [21], [23]

From a first set of records of 260, duplicates, and off-topic
works were removed leaving 45 final studies [4].

D. Coding Framework

The characteristics of the studies were described by three
fields:

• Energy/Carbon-awareness (E): Did the study report
energy consumption or carbon emissions? [5], [16].

• Blockchain integration (B): Was blockchain technology
used for coordination, incentives, or security?

• Verifiability (V): Did the work include mechanisms to
prove correctness or detect tampering?

The following scale was used for the coding of each dimen-
sion:

• Y (Yes) –One dimension was thoroughly discussed in the
paper.

• P (Partial) –The dimension was referred to or briefly
discussed.

• N (No) – The dimension was not addressed.

E. Final Dataset

The final dataset consists of 45 papers without copies. A
7-column summary table (Reference, Authors, Title, Venue,
Focus, E/B/V, coding, Notes) was created to map each of them.
This dataset is the foundation of the taxonomy and the study
that follows.

III. TAXONOMY FRAMEWORK

A. Motivation for the Taxonomy

Federated Learning is a rapidly growing field of research,
but the majority of studies have only addressed one or two
aspects of the problem [1], [21]. In order to compare these
works evenly, a three-dimensional taxonomy was created.
This taxonomy reflects whether a research work explicitly
discusses:

B. Coding Dimensions

Every article was thoroughly studied and then graded ac-
cording to its alignment with three binary/partial dimensions:

• Energy/Carbon (E):
– Y (Yes): The paper was about a concrete energy-

saving or carbon-aware method.
– P (Partial): The paper contained only a brief men-

tion or an indirect impact on energy of the proposed
method.

– N (No): The paper has not taken energy into account.
• Blockchain (B):

– Y (Yes): Blockchain was the main engine of the
proposed framework.

– P (Partial): Blockchain was mentioned but not fully
implemented.

– N (No): The paper does not contain any blockchain
features.

• Verifiability (V):
– Y (Yes):The work explicitly provides components

that facilitate the verification or auditing of the
system.



– P (Partial): The work refers to verifiability, but the
aspect is somewhat shallow.

– N (No): The paper has not introduced any verifica-
tion features.

C. Taxonomy Structure

On the basis of these three dimensions, the possible classes
of papers investigated were:

• Single-focus works:a paper, which treats only one di-
mension (e.g., Green FL without blockchain or verifia-
bility) in detail.

• Dual-focus works:the combination of two dimensions
in the respective works, e.g., blockchain + energy or
blockchain + verifiability studies.

• Triple-focus works: the fewest overlapping studies that
only attempted to combine all three aspects (just one
paper from our dataset).

D. Representation in the Study

The classification system has been relied on to assign labels
to all 45 papers under review. A 7-column comparative table
alongside numerous graphs (bar charts, Venn diagrams, and
timelines) in the Results section were used to visualize the
findings. Thus, we could monitor the areas where studies are
moving forward and where very large gaps remain [4].For
example, Figure 1 depicts that the number of publications
dealing with energy-aware, blockchain-enabled, and verifiable
federated learning has been increasing gradually from 2021
to 2025, which can be interpreted as the worldwide growing
interest in sustainable AI. Besides that, Figure 2 shows how
the 45 papers are spread over the three main dimensions:
energy, blockchain, and verifiability. A significant disparity is
apparent, as most studies are focusing on blockchain while the
verifiability aspect remains quite challenging. These snapshots
offer surveys of research progress and thematic gaps that
Section 4 lays down for the detailed discussion.

Fig. 1: Publications per year (2021–2025)

IV. LITERATURE ANALYSIS

A. Overview of the Dataset

The author has gone through 45 studies published from 2021
to 2025, which include a balanced mix of journal articles,

Fig. 2: Distribution of 45 reviewed papers across Energy,
Blockchain, and Verifiability dimensions.

conference papers, and preprints – representing both academic
and industry-driven research [4]. The dataset is quite varied in
terms of domains, ranging from healthcare, IoT, finance to
mobile services, which shows that there is a lot of interest
in the use of Federated Learning (FL) for sustainable and
trustworthy purposes.Table II (located in Appendix) provides
a concise and organized summary of these works, specifying
publication details, focus areas, and coding results for energy
awareness (E), blockchain integration (B), and verifiability
(V). Such a summary allows us to see how the researchers’
work is spread over the three main dimensions and also to
identify the first gaps that are discussed in the next sections.

B. Publication Trends

Rising interest in sustainable and trustworthy Federated
Learning (FL) is reflected in the number of publications, which
have more than doubled from 2021 to 2023 [9], [21]:

• 2021 – 6 papers
• 2022 – 9 papers
• 2023 – 10 papers
• 2024 – 11 papers
• 2025 – 9 papers

As can be seen from Figure 1, the research activity has
gradually increased, reaching its maximum in 2024. Despite
a small decline in 2025, the total amount of work remained
quite high, indicating that this cross-cutting theme still attracts
a strong response from both academia and industry. This
steady rise is consistent with the overall global emphasis
on energy-efficient AI, blockchain-based trust mechanisms,
and verifiable learning systems – three components that are
nowadays considered as key to the long-term scalability and
ethical deployment of FL.

C. Coverage by Dimension

The coding of 45 articles was carried out with the aim
to examine how these papers have addressed the three main
issues of Energy (E), Blockchain (B), and Verifiability (V)
by using the Y/P/N scale - Yes (explicitly addressed), Partial
(mentioned or indirectly considered), and No (not discussed).
The breakdown of various codes is given as follows:



• Energy (E):16 Yes, 10 Partial, 19 No
• Blockchain (B):27 Yes, 10 Partial, 8 No
• Verifiability (V): 11 Yes, 12 Partial, 22 No

The results depicted in Figure 2 show that the community
is mainly focused on blockchain as the most widely open di-
mension of consideration, with nearly two-thirds of the papers
reviewed providing a blockchain-based trust or coordination
framework [8], [9]. Energy efficiency gets some attention,
usually, when it is the case of wireless or IoT-based FL
[5], [16], [24], whereas the aspect of verifiability is the least
considered. The scarce focus on verifiability suggests that
although privacy-preserving methods have been developed,
the community still seems to lack trained techniques for the
correctness and the possibility of an audit in FL outcomes
[21].

D. Key Observations

The review of 45 papers selected for analysis reveals a
range of ongoing research developments as well as several
open questions that need to be addressed with respect to
the development of sustainable and trustworthy Federated
Learning (FL).

One of the major points indicates the usage of blockchain
technology as the main method to solve problems related
to trust, accountability, and incentive mechanisms in FL. In
general, many authors suggest to use distributed ledger tech-
nologies in securing aggregation, decentralized orchestration,
or token-based reward systems [8], [9], [11]. Besides this,
several papers coordinate smart contract-based or blockchain-
supported data integrity solutions [10], [18], [25] and thus
confirm the increasing agreement that FL suffers from the lack
of trust guarantees and that blockchain can effortlessly remedy
this problem by decentralization and immutability [21].

Moreover, the second point is about energy efficiency. The
issue of energy saving is touched upon by several works,
but only a few of them publish actual measurements of
energy usage or carbon emission [5], [16], [26]. Most energy-
aware methods work on indirect tasks such as communication
compression, device/client selection, or model quantization
[24], [27], [28], without the provision of standard sustainability
metrics. This supports the idea that ”Green FL” is still largely
a theoretical concept and that quantitative carbon-accounting
processes in FL are at an early stage [16].

Third, verifiability, i.e., the capability of an external entity
to audit FL updates or to verify the correctness of the training
process, is the dimension which has attracted the least number
of inquiries out of the three. A very limited number of research
works put forward end-to-end verifiable learning pipelines
making use of zero-knowledge proofs, secure enclaves, or
publicly verifiable secret sharing (PVSS) [12], [13], [15],
[23], [29]. Moreover, the problems of scalability, computa-
tional overhead, and deployment practicality are still poorly
addressed even in these works [21].

Lastly, the most important point of this survey is that it does
not reveal any research that would combine the three aspects
of energy efficiency, blockchain-based trust, and verifiability
into a single framework [4], [22]. The absence of triple-
focus” architectures thus clearly indicates the existence of a
new research frontier which has not been explored yet: the
construction of FL systems that can provide simultaneously
sustainability, transparency, and cryptographically verifiable at
scale.

Table II (located in Appendix) goes further in confirming
these insights by providing the grouping of the studies by
the main techniques used. Studies on energy-aware topics
usually implement quantization or adaptive scheduling, those
enabled by blockchain employ custom consensus or smart
contracts, and researches concentrating on verifiability use
zero-knowledge proofs or zk-SNARK pipelines [7], [12], [18],
[24], [28]. This organized comparison serves as a transition to
the discussion of the methodology in the following section

E. Fragmentation of Research

The survey reiterates that Federated Learning (FL) is still a
fragmented extensively researched area [1], [21]. The majority
of the experiments concentrate only on one or two of the three
significant issues-energy efficiency, blockchain-based trust,
and verifiability without any attempts to combine them into a
single architectural framework [5], [8], [22]. Therefore, there
is a limited level of understanding of these interactions in FL
dimensions in the field.

In the 45 papers evaluated, only one paper sets out the de-
sign that considers all three aspects altogether [15], [22]. This
points to a considerable chasm in the research field: despite the
increasing community’s interest in the sustainability and trust
of FL, the community has not yet converged on holistic system
designs that jointly support energy efficiency, decentralization,
and cryptographic accountability [21]. Instead of integrating
their work, researchers have followed parallel but disconnected
research threads, as noted in [1].

F. Trade-offs and Tensions

The trade-off between sustainability, security, and scalability
is a recurring point in the reviewed articles [5], [27], [30], [31].
Although blockchain facilitates better transparency and decen-
tralization, it requires more computational and communication
resources. As a result, the total energy consumption of FL
systems goes up [6], [25]. On the other hand, energy-saving
measures like quantization, pruning, and client selection lower
energy consumption but at the cost of accuracy and neutrality
among the participants [32].

Along with zero-knowledge proofs (ZKPs) and trusted
execution environments (TEEs), verification mechanisms gain
in transparency but they are so computationally heavy that they
become unfeasible for low-power or large-scale devices [19],
[24], [29], [33] . The real challenge faced by researchers and
system designers is to come up with lightweight as well as



TABLE I: Common Techniques Used Across Reviewed Works.

Category Techniques / Algorithms Representative Works
Energy Optimization Quantized CNN, Opportunistic FL, Energy-

aware Scheduling
Han et al. (2024), Li et al. (2024), Xu et al. (2024)

Blockchain Integration Proof-of-Federated-Learning, Smart Con-
tracts, BFT Consensus

Zhao et al. (2022), Lin et al. (2024), Ren et al. (2024)

Verifiability Zero-Knowledge Proofs (ZKP), PVSS, zk-
SNARKs

Rao et al. (2024), Lee et al. (2025), Zhang et al.
(2025)

Incentive Mechanisms Token-based Rewards, Multi-stage Incen-
tives

Wu (2025), Jiang et al. (2024)

secure frameworks that could combine these conflicting goals.
The balancing of sustainability, openness, and scalability,
which is still one of the most difficult questions in FL research,
is the problem of finding the trade-off between them [4], [34].

G. Lack of Standardization

Besides, the lack of benchmarking and standards is another
major hurdle that comes up in this review [4], [9]. The number
of studies that only carry out experiments on shared datasets
or give sufficient details of their energy and carbon usage is
very few. The lack of standardized evaluation tools makes fair
comparison between proposed methods unfeasible [5], [35].

On top of that, numerous studies are limited to specific
domains such as healthcare, IoT, or edge computing [2],
[36], each of which employs its own proprietary or simulated
datasets, thus making it hard for the results to be reproduced
and generalized over various industrial sectors. The FL com-
munity must commit to carbon-aware benchmarks that are
common and evaluation protocols that are open if they really
want to foster development. Setting up standardized datasets
along with guidelines for energy reporting will not only ensure
techniques get fairly compared but also make research results
reproducible [10], [22].

H. Emerging Trends

On the one hand, these sorts of trends, despite the frag-
mentation, offer opportunities for the field to develop new
sustainable and verifiable FL systems of the next generation
[1], [4]. Carbon-Aware FL Frameworks: There have been a
few studies which started to incorporate energy and carbon
tracking into the training processes [32], [35]. The frame-
works measure the energy consumption of the device level
dynamically and modify the engagement of the clients so as
to have the least possible impact on the environment [16].
Hybrid Blockchain Architectures: Those scientists who are
conducting research by applying off-chain storage, lightweight
consensus models, and hierarchical blockchains are trying to
solve the problems of latency and computation burden of the
traditional blockchain systems [18], [25], [27]. Advances in
Verifiable FL: Even though it is still a very specialized area,
developments in verifiability through zk-SNARKs, TEEs, and
cryptographic audits indicate that accountability is drawing
more interest [12]–[14].

These methods come with the ability to present proofs
of the correctness of training even when there is no central

supervision [24]. Individually, these research trends reflect
the transition from purely conceptual frameworks to resource-
aware, practical, real-world system implementations, and col-
lectively, they demonstrate the community’s step closer to the
release of these systems [20].

I. Key Research Gaps

A careful review of 45 sustainable and trustworthy research
works in Federated Learning (FL) reveals three fundamental
research gaps distinctly:

1) Lack of Carbon Profiling:It is found that very few FL
studies actually report detailed measurements of energy
usage or carbon emissions. In the absence of standard
environmental metrics, most of the sustainability claims
made are just theoretical and are not backed by empirical
evidence [3], [5], [16], [35]. Even in the case of recently
introduced ”Green FL” frameworks, as per the observa-
tions made by [22], [37], reporting is mostly limited to
the energy at the communication level, and not the entire
end-to-end carbon cost.

2) Limited Scalability of Verification:Present methods for
verifiability - which mainly leverage zero-knowledge
proofs, secure enclaves, or verifiable aggregation tech-
niques [12]–[15], [20], [24] - are resource-intensive and
have difficulties in scaling up in large or heterogenous
FL settings. In most instances, these cryptographic pro-
tocols are only at the proof-of-concept stage and have
not been put to the test in real production environments.

3) Absence of Integrated Architectures:There is no re-
search that depicts a comprehensive FL system that tack-
les energy efficiency, blockchain-based trust, and end-to-
end verifiability all at the same time. The majority of the
work only commits to one or two of these aspects and
are at the conceptual or prototype level [8], [17], [34].
The research discussed in Table II (located in Appendix)
indicates that work on energy optimization, blockchain
integration, and cryptographic auditing are three separate
tracks that seldom come together.

Addressing these issues will take the joint efforts of differ-
ent specialists such as machine learning experts, distributed
systems engineers, cryptographers, and sustainable computing
experts. It is only through such a merger that we can hope
to see FL platforms not only being scalable but also ethically
sound and aware of the system-level resources.



V. FUTURE RESEARCH DIRECTIONS

The above discussion shows that while Federated Learning
(FL) has gradually moved towards more decentralization and
privacy protection, the journey towards sustainability and
verifiability is still long. Tackling the energy, trust, and trans-
parency trio requires careful innovation at various levels - from
the basic protocols to system-level integration and evaluation
frameworks.

A. Carbon-Aware Benchmarks

One critical thing that needs to be done is the creation
of standardized, carbon-aware benchmarks. In most studies,
Federated Learning researchers only give the accuracy of their
models and the time of convergence and do not provide the
energy or carbon costs related to the process [3], [5], [16].
This situation has two significant effects:

1) sustainability claims remain largely qualitative rather
than quantitative, and

2) fair comparison across different studies becomes in-
creasingly unreliable.

A subsequent study should provide publicly accessible
benchmarking suites that log and disseminate outcomes of
environmental metrics such as GPU/CPU energy consumption,
communication overhead, and carbon footprint per training
round. Just as ImageNet changed vision research, a thought-
fully created “Green FL Benchmark” could set the single
measurement standard throughout the world [35].

Furthermore, benchmarking should not limit to static met-
rics only — the dynamic energy monitoring during the FL
lifecycle (client selection, aggregation and verification) can
expose the real-time efficiency trade-offs [22], [38]. The
integration of these measurements into open repositories like
TensorBoard or Weights & Biases will also help foster the sup-
port of transparency and reproducibility. Thus, researchers as
well as industry practitioners are jointly enabled to guarantee
that FL models, aside from being accurate, are also “green”.

B. Lightweight Verification Mechanisms

Verification is at the center of the trustworthiness of FL;
however, the existing verification methods are very resource-
intensive and, thus, are unsuitable for large networks [12]–
[14]. Certain types of cryptographic tools, such as zero-
knowledge proofs (ZKPs), trusted execution environments
(TEEs), or secure multiparty computation (SMPC) give cor-
rectness guarantees, but they require a lot of processor cycles
— which in a manner goes against energy efficiency [15],
[20].The next step would be the search for lightweight but
still trustworthy verification mechanisms. Some possible tracks
of future research include:One of them could be Probabilistic
verification, where only a very small part of updates is selected
at random for revision thus combining low auditing costs [23]
with high reliability.Another one is Hierarchical verification
layers, letting edge devices check partial results locally before
getting them combined with other partial results for global
aggregation [24], [38]. Finally, there is Post-hoc verification
via audit trails that use cryptographic fingerprints of model

updates rather than full proof generation [39].At the same time,
privacy-preserving auditing systems that exploit the benefits
of federated aggregation [40] and verifiable computation must
also be researched. Equipping the verification process with
resource-efficient techniques will thus move the community
toward wide-scale FL deployments, which are scalable, veri-
fiable and sustainable for billions of devices.

C. Hybrid Blockchain–FL Architectures

Even though blockchain technology ensures mutability,
openness, and trust, energy and throughput take a toll on
it. For example, Proof-of-Work (PoW)-powered consensus
mechanisms are not compatible with the indeed already highly
distributed nature of Federated Learning (FL) environments
[17], [36].The upcoming architectures can rely on hybrid
blockchain networks that keep the pros and cons of de-
centralization alongside the gains in efficiency [25], [27],
[41], [42].Some of the potential ways for innovation are:An
execution model that contains off-chain computation but re-
tains on-chain commitments, so the FL changes can hardly
be verified unless the blockchain is fully replicated [43],
[44].Consensus mechanisms such as Proof-of-Stake (PoS) or
Proof-of-Authority (PoA) that draw very little energy from the
one utilized by the Proof-of-Work (PoW) process [37].

Conceptualizing of either hierarchical or sharded ledgers
that is designed around multiple local blockchain based on
specific domain co function handling before reaching syntax
to a global chain [17], [41].What is more, edge computing
nodes that are connected with blockchain can be the key to a
smoother nearby area that has less time lag between training
and verification cycles [25], [27], [36].On account of such
blend systems, blockchain may see itself no longer as an
energy-heavy load that slows it down; instead it becomes one
of the scalable trust layers that compliments sustainable FL
[17], [27], [37], [41], [42] .

D. Incentive and Governance Models

The concept of sustainability is not just a technical issue
— it also calls for the implementation of economic and social
incentives, which will ensure that participation is continuous
and honest [26], [40], [45]. Federated systems are depending
on users who voluntarily contribute the data and computing
power. However, without a suitable reward system, the en-
gagement will fade over time [11], [45].The areas of future
research should be the development of tokenized incentive
frameworks that not only encourage participants to provide
more data but also higher quality data and energy efficiency
[29], [40]. For example:Those nodes that manage to train
in a more efficient manner and lower carbon emissions can
receive “green credits” that can be traded in blockchain-based
marketplaces [33], [37].Governance patterns by means of
Decentralized Autonomous Organizations (DAOs) may direct
Federated Learning (FL) systems in a more open way, giving
access to the participants for voting on changes or ways of
rewards [11], [26], [36].



Multi-layered trust systems can, for instance, pair
blockchain-based reputations with energy metrics in order to
verify that trustworthy and sustainable contributors are given
priority access [35], [39].It will require cooperation between
computer scientists, economists, and policymakers to bring
about such a scenario where economics, ethics, and sustain-
ability are perfectly interwoven in the Federated Learning (FL)
system within the next decade [26], [37], [40], [45].

E. Cross-Domain Testbeds

The other angle is the development of experimental cross-
domain testbeds for FL.At present, the majority of studies
are confined to very specific verticals, i.e., healthcare, IoT,
or finance, in which datasets and assumptions of each are
isolated [2], [17], [36]. This significantly limits the extent
to which the results can be generalized and also prevents
the identification of domain-agnostic trade-offs [4].The cre-
ation of multi-domain FL testbeds that represent dissimilar
surroundings (energy-limited IoT nodes vs. hospital servers,
for example) will allow researchers to check their designs in
real, mixed conditions [7], [45]. These testbeds should consist
of:Device diversity found in the real world (smartphones,
sensors, and edge servers).Changing energy limitations and
network variability [6], [16].Modules for blockchain integra-
tion and verifiability auditing [8], [11], [24].Such a testbed
does not have to be only for academic use but can also
be a tool for guiding policy and regulatory frameworks,
especially in areas like healthcare and the autonomous car
industry, where both privacy and accountability are issues of
concern [2], [17], [40]. Moreover, these are infrastructures that
can also promote interdisciplinary collaboration, allowing the
comparative studies between FL algorithms in the academic
world, and those in the industrial world [4], [9], [36], [41].

F. Roadmap for the Decade to Come

Along with the research possibilities, we put forward a com-
munity three-phase roadmap sketching out ways of reaching
truly sustainable and verifiable federated systems [5], [9], [16],
[22], [37]:

Short-Term (1–2 years):
• Form the open benchmarks for carbon and energy mea-

surement [3], [16], [35].
• Build prototypes for lightweight verification methods and

hybrid consensus models [12], [13], [27].
• Start convening interdisciplinary research groups concen-

trating on green and verifiable FL [5], [20], [22].
Medium-Term (3–5 years):
• At large scales, design and test hybrid blockchain–FL

frameworks [8], [17], [25], [36].
• Combine energy monitoring with incentive mechanisms

in domain-specific pilots (healthcare or smart-city envi-
ronments, for example) and then deploy them [2], [26],
[40].

• Fund open research initiatives that host standardized
metrics and datasets [6], [7], [22].

Long-Term (5–10 years):
• Standardize often carbon-aware and verifiable AI under

IEEE, ISO, or academic consortia [37], [38].
• Create sustainability certifications that are recognized

globally for FL systems [10], [40].
• Motivate governments and organizations to implement FL

solutions that not only show model accuracy but are also
environmentally friendly and transparent [4], [17], [40],
[45].

• This outline is a prediction of a future where federated
learning systems gradually shift from being privacy-
preserving to having sustainability certificates and being
audit-ready [9], [16], [32], [37], [38], thus, at every
juncture of their lifecycle, they remain accountable.

G. Conclusion

Federated Learning (FL) is one of the main methods for
distributed and privacy-preserving model training, which has
gained a lot of attention in recent years. Despite this, the broad
use of FL is still dependent on solving three main issues-
how to make it energy efficient, ensuring trust mechanisms,
and providing verifiability.This systematic review of 45 studies
published between 2021 and 2025 focused on these three
dimensions of FL. The results indicate that trust frameworks
based on the blockchain have been the major focus of the
research; energy efficiency initiatives have been moderate, and
measures of verifiability are the least developed among the
other aspects. Moreover, in only one instance were all three
dimensions integrated, which is an indication of the separated
state of current research.

The current situation is further illuminated by the review
that points out different trade-offs: while blockchain incor-
poration allows for openness, the energy used for this can
be higher. These contradictions epitomize the urgent need
for designs that are lightweight, composable, and aware of
their carbon impact to be able to combine the concerns
for sustainability and security. The future of this field is
dependent on addressing the need for standardized benchmarks
in which one will be a hybrid blockchain–FL system and the
others will be scalable verification frameworks. There is a
recommended phased roadmap — the starting point is open,
carbon-aware benchmark creation, then the next step is hybrid
trust-efficiency frameworks, and the final stage is the setting
of sustainable AI governance standards that are internationally
aligned.

Federated Learning can be both sustainable and trustworthy,
thus integrating the three pillars of energy efficiency, trust, and
verifiability. The integration is a technical achievement and
at the same time, it is a moral and practical need in FL de-
ployment across the different domains such as healthcare, IoT,
and finance, where privacy, accountability, and sustainability
coexist.
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ADDITIONAL TABLE
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