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Abstract 

The proliferation of Internet of Things (IoT) devices operating at the network edge has 

created unprecedented demand for distributed machine learning capable of functioning 

under severe resource constraints. Federated learning (FL) has emerged as a promising 

paradigm for privacy-preserving collaborative model training across distributed nodes; 

however, its application to energy-constrained edge environments remains insufficiently 

characterized at the system level, particularly with respect to reproducible evaluation of 

resource consumption and communication efficiency. In this paper, we present EcoFL 

(Energy-Conscious Federated Learning), a modular, energy-aware benchmarking and or-

chestration framework for systematic evaluation of lightweight machine learning models 

under emulated edge hardware constraints. Rather than proposing a new federated opti-

mization algorithm, EcoFL extends a standard FedAvg-based training pipeline with three 

principal components: (i) an energy-aware communication scheduler that dynamically 

adapts aggregation rounds and client participation based on per-node resource availabil-

ity; (ii) a comprehensive system-level profiling pipeline capturing CPU utilization, RAM 

consumption, inference latency, communication overhead, and estimated computational 

energy consumption per training round; and (iii) a reproducible benchmarking method-

ology enabling fair comparison of centralized, standard federated (FedAvg), and energy-

aware federated configurations. We evaluate five lightweight model families—Logistic 

Regression, Random Forest, XGBoost, Multilayer Perceptron, and Isolation Forest—under 

emulated Raspberry Pi 4 hardware constraints using an anomaly detection task on syn-

thetic IoT sensor telemetry (50,000 samples, 12 features, Dirichlet non-IID partitioning). 

Experimental results across five independent seeds show that, within the evaluated 

benchmark setting, EcoFL reduces estimated federated training energy by 79.9–92.9% 

(mean 84.4%) relative to standard FedAvg through adaptive round termination (4–7 

rounds versus 20 fixed rounds), while showing no statistically significant F1-score degra-

dation for four of the five evaluated model families under the tested seed regime. Notably, 

EcoFL achieves a higher F1-score than FedAvg for Random Forest (+0.052), which we at-

tribute to reduced overfitting resulting from earlier convergence under non-IID data dis-

tributions. The full EcoFL framework is released as open-source software to promote re-

producibility in energy-aware federated learning research and to facilitate systematic in-

vestigation of the trade-offs between predictive performance, resource utilization, and 

communication overhead in resource-constrained edge environments. 
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1. Introduction 

The Internet of Things (IoT) ecosystem continues to expand at a remarkable pace, 

with an estimated 18.8 billion connected devices projected to be operational globally by 

2026 [1]. A significant fraction of these devices—including environmental sensors, indus-

trial monitoring nodes, wearable health trackers, and autonomous edge controllers—must 

perform non-trivial inference tasks under strict power budgets, often operating from en-

ergy-harvested or battery-limited power supplies. 

Federated learning (FL) has emerged as a transformative paradigm for training ma-

chine learning models across distributed edge nodes without centralizing raw data [2]. In 

the canonical FedAvg algorithm [3], each participating client trains a local model on its 

private dataset and transmits only model updates to a central aggregation server. How-

ever, several fundamental challenges arise when deploying FL in resource-constrained 

edge environments. 

First, repeated local training over multiple communication rounds imposes signifi-

cant CPU and memory pressure on battery-powered nodes. Second, communication over-

head associated with model parameter transmission often dominates overall energy con-

sumption in wireless sensor networks [4]. Third, heterogeneous node capabilities create 

stragglers that further increase computational and communication inefficiencies. 

Fourth—and most critically—existing FL evaluation frameworks predominantly focus on 

predictive performance metrics, providing only limited insight into the system-level re-

source characteristics, including energy consumption, latency, memory utilization, and 

communication overhead, that ultimately determine the practical feasibility of edge FL 

deployments. 

To address this gap, we present EcoFL (Energy-Conscious Federated Learning), a 

modular energy-aware benchmarking and orchestration framework for systematic evalu-

ation of federated learning under resource-constrained edge environments. Rather than 

introducing a new federated optimization algorithm, EcoFL builds upon the widely 

adopted FedAvg protocol by integrating an adaptive communication scheduler, compre-

hensive system-level profiling, and a reproducible benchmarking methodology. The 

framework combines dynamic client selection with adaptive communication-round ter-

mination while jointly profiling CPU utilization, RAM consumption, inference latency, 

communication overhead, and estimated computational energy consumption within a 

unified evaluation pipeline. This design enables systematic investigation of the trade-offs 

between predictive performance, computational cost, and communication efficiency, 

providing a reproducible experimental framework for energy-aware federated learning 

research. 

Principal Contributions 

The principal contributions of this work are as follows: 

1. Energy-Aware Benchmarking Framework: We present EcoFL, a modular energy-

aware benchmarking and orchestration framework for reproducible system-level 

evaluation of federated learning under resource-constrained edge environments, in-

tegrating adaptive scheduling with comprehensive resource profiling while building 

upon the standard FedAvg protocol. 
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2. System-Level Benchmarking Methodology: We introduce a reproducible experi-

mental methodology that jointly evaluates predictive performance, communication 

overhead, inference latency, resource utilization, and estimated computational en-

ergy across centralized, conventional federated, and energy-aware federated learn-

ing configurations under emulated Raspberry Pi 4 and Jetson Nano hardware pro-

files. 

3. Comprehensive Comparative Evaluation: We conduct a systematic evaluation of five 

lightweight machine learning model families across centralized learning, standard 

FedAvg, and EcoFL configurations, comprising 75 experimental conditions (five 

models × three configurations × five independent seeds). 

4. Energy–Performance Trade-Off Analysis: We provide a quantitative analysis of the 

trade-offs between predictive performance, communication cost, and estimated com-

putational energy, identifying operating regimes suitable for energy-constrained 

edge AI deployments through Pareto-based evaluation. 

5. Open and Reproducible Research Platform: We release the complete EcoFL frame-

work, synthetic data generator, and experimental pipeline as open-source software 

(https://github.com/TyMill/EcoFL, v1.0.0 accessed on 25 May 2026; archived at 

https://doi.org/10.5281/zenodo.20314541, accessed on 25 May 2026), facilitating trans-

parent, reproducible, and extensible research in energy-aware federated learning. 

2. Related Work 

2.1. Federated Learning in IoT 

The foundational FedAvg algorithm [3] demonstrated competitive accuracy with sig-

nificantly fewer communication rounds through local stochastic gradient descent. Subse-

quent work addressed communication efficiency via gradient compression [5], structured 

updates [6], and model quantization [7,8]. However, the majority of works evaluate FL 

primarily in terms of accuracy and convergence rate, with limited attention to energy 

costs. Moreover, comparatively little attention has been devoted to reproducible system-

level benchmarking methodologies that jointly evaluate predictive performance and re-

source efficiency under realistic edge-device constraints. More recently, Fu et al. [9] pro-

posed FedAtlas, a privacy-enhanced federated multi-task learning framework driven by 

semantic communication, addressing both statistical and system heterogeneity in distrib-

uted federated environments. These studies demonstrate that current federated learning 

research increasingly focuses on heterogeneous, communication-efficient, and privacy-

aware distributed learning. However, the majority of existing frameworks primarily eval-

uate federated learning in terms of predictive performance, convergence behaviour, or 

communication efficiency, with comparatively limited attention devoted to reproducible 

system-level benchmarking methodologies that jointly evaluate predictive performance 

and computational resource utilisation under realistic edge-device constraints. EcoFL 

complements these developments by providing an energy-aware benchmarking and or-

chestration framework for systematic system-level evaluation rather than introducing a 

new federated optimisation algorithm. 

2.2. TinyML and Edge Intelligence 

The emergence of TinyML as a distinct research domain reflects a fundamental shift 

in where intelligence is expected to reside: not in distant data centres, but within the sen-

sors and actuators that directly interact with the physical world. Frameworks including 

TensorFlow Lite [9], ONNX Runtime [10], and Edge Impulse have made significant pro-

gress in enabling machine learning inference on microcontrollers operating under sub-

milliwatt power budgets, primarily through model quantization (reducing weight preci-
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sion from 32-bit floating point to 8-bit or 4-bit integers), structured pruning (eliminating 

near-zero weight connections), and hardware-specific kernel optimisation (exploiting 

SIMD instructions and DSP pipelines). Collectively, these techniques reduce model size, 

memory footprint, and inference latency, enabling deployment within the kilobyte-scale 

memory budgets and sub-second response requirements of microcontroller-class devices. 

However, a fundamental distinction exists between inference and training at the 

edge. Inference—executing a pre-trained model on new sensor observations—imposes 

relatively modest and predictable computational demands that TinyML frameworks are 

specifically designed to address. In contrast, model training requires repeated forward 

and backward passes, gradient accumulation, parameter updates, and numerical stability 

under limited precision, resulting in computational and memory requirements that typi-

cally exceed the capabilities of microcontroller-class hardware by several orders of mag-

nitude. Single-board computers such as the Raspberry Pi 4 and NVIDIA Jetson Nano 

bridge this gap by combining multi-core processors, 1–4 GB of DRAM, and Linux-based 

software environments capable of supporting lightweight on-device training while re-

maining subject to stringent energy constraints compared with server-class platforms. 

Consequently, these devices represent a realistic deployment tier for practical edge AI, 

where computational capability is sufficient for federated learning participation, yet re-

source limitations make energy efficiency a primary system design objective. 

MLPerf Tiny [11] has established standardised benchmarking protocols for inference 

on microcontroller-class devices across multiple application domains, providing an im-

portant reference point for comparative evaluation [12–16]. However, its scope is explic-

itly limited to single-device inference and therefore does not address federated training 

scenarios in which multiple distributed edge devices collaboratively update a shared 

model [17–22]. Similarly, studies evaluating lightweight machine learning models for 

edge intelligence have consistently demonstrated that tree-based ensembles and shallow 

neural networks provide competitive predictive performance under strict memory and 

computational constraints [17,18,21,23–26], motivating the selection of model families 

considered in this work. 

EcoFL targets the Raspberry Pi 4 and Jetson Nano class of edge devices, positioning 

its evaluation between the microcontroller-oriented benchmarking ecosystem represented 

by TinyML frameworks and the cloud-oriented federated learning infrastructures pro-

vided by platforms such as FedML [27] and Flower [28]. Rather than introducing a new 

federated learning algorithm, EcoFL complements these frameworks by providing a re-

producible energy-aware benchmarking and orchestration environment for systematic 

evaluation of federated learning deployments under realistic edge-resource constraints. 

2.3. Energy-Aware Federated Learning 

The energy implications of federated learning have received growing theoretical and 

methodological attention, although empirical system-level characterisation of resource 

consumption under realistic edge-device constraints remains comparatively limited. Dinh 

et al. [12] were among the first to formulate federated learning as a joint optimisation 

problem balancing convergence speed and device energy consumption, deriving analyti-

cal bounds for the accuracy–energy trade-off under wireless communication constraints. 

Their work highlighted a fundamental tension between energy-efficient configurations 

(fewer local epochs and communication rounds) and predictive performance, demonstrat-

ing that configurations minimising energy expenditure may compromise model quality, 

whereas maximising predictive performance often incurs substantial energy costs for bat-

tery-powered edge devices. This trade-off provides an important theoretical foundation 

for subsequent research on energy-aware federated learning. 
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Building upon this direction, Wang et al. [13] investigated adaptive aggregation fre-

quency in federated learning, demonstrating that variable-frequency aggregation can re-

duce energy consumption by 20–35% compared with fixed-round strategies by exploiting 

periods of rapid convergence. Luo et al. [14] performed an empirical decomposition of 

federated learning energy costs on embedded platforms, showing that wireless commu-

nication frequently dominates computational energy consumption by a factor of 3–10× for 

typical model sizes. Their findings further emphasise the importance of jointly consider-

ing computational and communication costs when evaluating federated learning deploy-

ments. Yang et al. [29] proposed energy-efficient client selection strategies that prioritise 

devices with favourable communication conditions and sufficient battery reserves. While 

conceptually related to the resource-aware scheduling adopted in EcoFL, their work fo-

cuses primarily on optimisation of client participation rather than comprehensive system-

level evaluation. 

Despite these important advances, the majority of existing studies primarily evaluate 

energy-aware federated learning through analytical modelling, optimisation strategies, or 

simulation-based experimentation conducted under idealised communication assump-

tions and relatively homogeneous device characteristics. Consequently, energy efficiency 

is typically reported using theoretical energy models or simulated power profiles, 

whereas comparatively little attention has been devoted to reproducible system-level 

benchmarking based on measured CPU utilisation, memory consumption, inference la-

tency, communication overhead, and execution time under realistic edge-resource con-

straints. 

EcoFL addresses this complementary research challenge. Rather than proposing a 

new federated learning optimisation algorithm, it provides a reproducible energy-aware 

benchmarking and orchestration framework that integrates adaptive scheduling, compre-

hensive system profiling, and systematic experimental evaluation within a unified meth-

odology. This positioning enables consistent comparison of federated learning configura-

tions from both predictive and system-level perspectives while complementing existing 

algorithmic advances in energy-aware federated learning. 

2.4. Research Gap and Positioning of EcoFL 

Existing federated learning frameworks and benchmarking platforms—notably 

LEAF [20], FedML [26], and Flower [27]—have made substantial contributions to stand-

ardising the evaluation of federated algorithms across realistic data heterogeneity and cli-

ent population scenarios. These platforms have significantly advanced the development, 

reproducibility, and comparative evaluation of federated learning algorithms, particu-

larly with respect to predictive performance, convergence behaviour, and communication 

efficiency. 

However, their primary objective is the development and evaluation of federated 

learning algorithms, rather than comprehensive system-level characterisation of resource-

constrained edge deployments. Consequently, performance evaluation remains predom-

inantly centred on statistical learning metrics, such as accuracy, F1-score, convergence be-

haviour, and communication round counts, while providing only limited support for sys-

tematic analysis of computational resource utilisation, inference latency, memory con-

sumption, and energy expenditure. This emphasis reflects the operating assumptions un-

der which many existing federated learning frameworks were originally developed, 

namely cloud-based or computationally capable distributed environments where energy 

constraints are comparatively less restrictive than in battery-powered edge systems. 

The distinction between cloud-based and edge federated learning is therefore not 

merely one of deployment scale, but fundamentally one of operating conditions. Cloud 

FL participants typically communicate through high-bandwidth, low-latency networks 
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while operating with comparatively abundant computational and memory resources. In 

contrast, edge FL participants communicate over energy-constrained wireless technolo-

gies, including Wi-Fi, LoRa, and NB-IoT, where communication may consume substan-

tially more energy than local computation [14]. Furthermore, memory limitations, re-

stricted processing capabilities, battery capacity, and energy harvesting constraints di-

rectly influence the feasibility of local model training and communication scheduling. Un-

der these conditions, evaluating federated learning solely through predictive performance 

and communication rounds provides only a partial assessment of practical deployability. 

Consequently, resource utilisation should be considered a first-class evaluation ob-

jective alongside predictive performance when benchmarking federated learning for edge 

AI applications. This perspective does not replace existing optimisation research but com-

plements it by providing the experimental evidence required to understand the practical 

resource implications of different federated learning configurations. Within this context, 

adaptive communication scheduling, client participation strategies, and communication 

overhead should be assessed not only with respect to model quality, but also through their 

impact on computational efficiency and energy consumption. 

EcoFL is positioned within this complementary research space. Rather than propos-

ing a new federated learning optimisation algorithm, EcoFL provides an energy-aware 

benchmarking and orchestration framework that extends the standard FedAvg pipeline 

with adaptive scheduling, comprehensive system profiling, and reproducible experi-

mental evaluation. By jointly analysing predictive performance, communication over-

head, latency, memory utilisation, and estimated computational energy consumption un-

der emulated edge-resource constraints, EcoFL enables systematic investigation of the 

trade-offs between model quality and resource efficiency. To the best of our knowledge, 

it is among the first open-source research frameworks to integrate these system-level eval-

uation dimensions within a unified and reproducible benchmarking methodology for 

lightweight federated learning at the edge. 

3. The EcoFL Framework 

3.1. Framework Overview 

EcoFL is designed as a modular, extensible energy-aware benchmarking and orches-

tration framework for systematic evaluation of federated learning under resource-con-

strained edge environments (Figure 1). The framework consists of four principal compo-

nents: (i) edge node clients responsible for local model training and inference; (ii) a feder-

ated aggregation server implementing weighted parameter averaging; (iii) an energy-

aware communication scheduler governing round initiation and client selection; and (iv) 

a system-level profiling monitor capturing resource consumption throughout the lifecy-

cle. 

3.2. Energy Model 

Each client estimates its computational energy consumption using a TDP-based en-

ergy proxy: 

𝐸̂ = 𝑃𝑇𝐷𝑃 × 𝛼̄𝐶𝑃𝑈 × 𝑡𝑡𝑟𝑎𝑖𝑛 × 1000 (1) 

where 𝑃𝑇𝐷𝑃 denotes the device’s thermal design power (W), 𝛼̄𝐶𝑃𝑈 is the mean measured 

CPU utilization fraction [0, 1], and 𝑡𝑡𝑟𝑎𝑖𝑛 represents the training duration (s). Energy is 

expressed in millijoules (mJ). 

The proposed model is intended as a reproducible computational energy proxy ra-

ther than a direct measurement of physical power consumption. By combining measured 

CPU utilization with device-specific TDP values, it enables consistent relative comparison 

of computational energy requirements across models and federated learning configura-

https://doi.org/10.3390/jlpea16030024


J. Low Power Electron. Appl. 2026, 16, 24 7 of 29 
 

https://doi.org/10.3390/jlpea16030024 

tions under identical experimental conditions. Although simplified, this approach pro-

vides a practical and device-independent basis for comparative benchmarking, while its 

assumptions and limitations are discussed in Section 3.5. 

 

Figure 1. EcoFL architecture. 

3.3. Federated Aggregation—FedAvg 

The server implements weighted FedAvg aggregation: 

𝑤(𝑡+1)  =  ∑
𝑛𝑘

𝑛𝑆𝑡
𝑘∈𝑆𝑡

𝑤𝑘
(𝑡)

  (2) 

where St is the set of participating clients at round t, nk is client k’s local sample count, and 

𝑛𝑆𝑡
 is the total count among participating clients. For tree-based models (RF, XGB, IF), 

which do not admit direct parameter averaging, prediction ensemble aggregation is used: 

𝑦̂(𝑥) = 𝑎𝑟𝑔 max
𝑐

∑
𝑛𝑘

𝑛𝑆𝑡
𝑘∈𝑆𝑡

 × 1[ 𝑦̂𝑘 (𝑥) = 𝑐]  (3) 

3.4. Energy-Aware Communication Scheduler 

The adaptive communication scheduler constitutes the core orchestration component 

of EcoFL. Rather than modifying the underlying federated optimisation algorithm, the 

scheduler operates as a resource-aware control layer that governs client participation and 

communication-round execution while remaining fully compatible with the standard Fe-

dAvg protocol. At the beginning of each communication round, three resource conditions 

are evaluated for every client 𝑘: 

CPU condition: 

𝛼𝐶𝑃𝑈
(𝑘)

≤ 𝜃𝐶𝑃𝑈 (default: 0.80) (4) 

RAM condition: 

𝛽𝑅𝐴𝑀
(𝑘)

≤ 𝜃𝑅𝐴𝑀 (default: 0.85) (5) 

https://doi.org/10.3390/jlpea16030024


J. Low Power Electron. Appl. 2026, 16, 24 8 of 29 
 

https://doi.org/10.3390/jlpea16030024 

Energy condition: 

𝐸̂𝑟𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔
(𝑘)

≥ 𝐸𝑚𝑖𝑛 (default: 10 mJ)  (6) 

Only clients satisfying all three resource conditions are admitted to the current com-

munication round. In addition to resource-aware client selection, the scheduler imple-

ments adaptive communication-round termination. Training is terminated when the im-

provement in global model accuracy remains below a predefined tolerance 𝛿 for 𝑝 con-

secutive communication rounds: 

Terminate if: ∣ 𝐴(𝑡) − 𝐴(𝑡−1) ∣< 𝛿 for 𝑝 consecutive rounds (7) 

Unless otherwise stated, the scheduler uses the following default configuration: 𝛿 =

0.005 (0.5% improvement threshold), 𝑝 = 3 consecutive rounds (patience), and 𝐾𝑚𝑖𝑛 =

2 minimum participating clients per communication round. 

The scheduler is intentionally implemented as an orchestration layer independent of 

the underlying learning algorithm, enabling the same resource-aware control strategy to 

be applied to conventional FedAvg and, potentially, to other federated optimisation meth-

ods without modification of their optimisation procedures (Algorithm 1). 

Algorithm 1: EcoFL Energy-Aware Communication Scheduler 

Input:  clients C = {c1,...,cₙ}, X_test, y_test, max_rounds T 

Params: δ, p, θ_CPU, θ_RAM, E_min, K_min 

Output: trained global model, round history 

 

1:  acc_history ← [] 

2:  no_improve ← 0 

3:  for t = 1 to T do 

4:    S_t ← ∅ 

5:    for each client cₖ ∈ C do 

6:      query resource status: α_CPU, β_RAM, Ê_rem 

7:      if α_CPU ≤ θ_CPU AND β_RAM ≤ θ_RAM AND Ê_rem ≥ E_min then 

8:        S_t ← S_t ∪ {cₖ}   ▷ admit client 

9:    if |S_t| < K_min then S_t ← C  ▷ fallback: all clients 

10:   for each cₖ ∈ S_t: train locally, return params wₖ 

11:   w_global ← FedAvg({wₖ}, {nₖ})  ▷ Equations (2) or (3) 

12:   A(t) ← Evaluate(w_global, X_test, y_test) 

13:   acc_history.append(A(t)) 

14:   if |A(t) − A(t − 1)| < δ then no_improve ← no_improve + 1 

15:   else no_improve ← 0 

16:   if no_improve ≥ p then break  ▷ adaptive termination 

17: return w_global, acc_history 

3.5. Interpretation and Limitations of the TDP-Based Computational Energy Model 

The TDP-based computational energy model (Equation (1)) provides a reproducible 

approximation of computational energy consumption derived from measured CPU utili-

zation and the device’s thermal design power. As discussed in Section 3.2, the reported 

energy values should be interpreted as comparative computational energy estimates ra-

ther than direct measurements of physical power consumption. Consequently, the model 

does not explicitly capture memory controller power, wireless network interface (NIC) 

transmission energy, peripheral power draw, or hardware-level power measurements ob-

tained using dedicated monitoring interfaces (e.g., RAPL, INA219, or tegrastats). Never-

theless, three considerations support its use for comparative benchmarking in this study. 
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A. Methodological consistency: All models and federated learning configurations are 

evaluated under identical experimental conditions, including the same host plat-

form, identical cgroup resource constraints, and identical profiling intervals. Conse-

quently, the primary objective of this study—relative comparison of computational 

resource requirements across alternative configurations—remains valid provided 

that the energy proxy preserves the ordering of resource consumption, even if abso-

lute energy values differ from physical measurements. 

B. Established precedent: TDP-based energy estimation has been widely adopted in sys-

tems benchmarking studies where dedicated hardware power instrumentation is un-

available [14,19]. Although simplified, this approach provides a practical, device-in-

dependent baseline that facilitates reproducible comparison across heterogeneous 

computing platforms without requiring specialised power measurement equipment 

for every hardware configuration. 

C. Conservative approximation: The TDP-based model generally overestimates peak 

computational power while underestimating idle power consumption. Because 

every experimental configuration is evaluated under the same hardware profile, 

workload characteristics, and profiling methodology, this systematic bias is expected 

to affect all configurations consistently and therefore does not alter the comparative 

interpretation of the reported results. Future work will extend the current bench-

marking framework through hardware-level validation using INA219 current sen-

sors on Raspberry Pi 4 devices and tegrastats-based measurements on NVIDIA Jetson 

Nano platforms, enabling direct comparison between proxy-based and physical en-

ergy measurements. 

3.6. System Profiling Monitor 

A background thread samples CPU utilization and RAM utilization at 2 Hz using the 

psutil library [15]. At the conclusion of each operation, the monitor returns a structured 

report comprising: mean CPU (%), peak RAM (MB), operation duration (s), estimated en-

ergy (mJ), inference latency mean and P95 (ms), and communication overhead (KB). 

3.7. Complexity and Overhead Analysis 

Scheduler complexity: The computational complexity of the EcoFL orchestration 

layer is O(K) per communication round, where K denotes the number of registered clients. 

The scheduler evaluates the resource status of each client using a 0.1 s blocking CPU sam-

pling window provided by psutil, resulting in an approximate scheduling overhead of 100 

ms × Kper communication round. For K = 10 clients, this corresponds to approximately 

1.0 s of scheduling overhead per round. This overhead is negligible for computationally 

intensive model families—for example, Multilayer Perceptron (MLP) training requires ap-

proximately 1.1 s per communication round (10 clients × ~110 ms/client under single-core 

Raspberry Pi 4 cgroup emulation), while Random Forest (RF) requires approximately 91 

ms per round. In contrast, the scheduling overhead becomes relatively more significant 

for computationally lightweight models such as Logistic Regression (LR), XGBoost (XGB), 

and Isolation Forest (IF), whose per-round training times are below 1 ms. A non-blocking 

implementation based on the profiling monitor’s cached CPU measurements, rather than 

dedicated blocking queries, would reduce the scheduling overhead to O(K × ε), where ε 

denotes the monitoring thread polling interval (0.5 s). Such an implementation represents 

a practical optimisation for production deployments involving lightweight learning mod-

els. Overall, the orchestration layer scales linearly with the number of participating clients 

and remains suitable for moderate-scale federated edge deployments involving approxi-

mately 10–100 clients. Larger deployments may benefit from asynchronous scheduling 

strategies. 
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Profiling overhead: The background profiling thread operates at 2 Hz and introduces 

an absolute execution overhead below 1 ms per monitored operation. This corresponds to 

less than 3% of total execution time for Logistic Regression (approximately 3.6 ms per local 

training task on ~5000 samples) and below 0.1% for Random Forest and Multilayer Per-

ceptron, whose local training times exceed 90 ms. Consequently, system-level profiling 

introduces negligible computational overhead relative to the training workload while en-

abling continuous monitoring of resource utilisation throughout the benchmarking pro-

cess. 

Communication complexity: Parameter serialization requires O(|w|) time and 

memory, where ∣ w ∣ denotes the number of model parameters. Measured serialization 

times range from 0.016 ms for Logistic Regression (0.39 KB) to less than 1 ms for Multilayer 

Perceptron (11.84 KB). Overall communication complexity scales as O(K × T × |w|), where 

T represents the number of communication rounds. Under the experimental configuration 

evaluated in this study, Logistic Regression accumulates 77.5 KB of communication over 

20 communication rounds with 10 clients, whereas Multilayer Perceptron accumulates 

2368 KB under the same conditions. Because EcoFL reduces the number of communication 

rounds through adaptive scheduling (T′ ≪ T), communication overhead decreases pro-

portionally while preserving compatibility with the underlying federated optimisation 

procedure. 

It should be emphasised that the complexity analysis presented above characterises 

the benchmarking and orchestration components of EcoFL rather than the computational 

complexity of the underlying federated optimisation algorithm itself. Since EcoFL oper-

ates as a resource-aware orchestration layer above the standard FedAvg protocol, these 

overheads are largely independent of the specific federated optimisation method em-

ployed and are therefore applicable to other compatible federated learning algorithms 

(Table 1). 

Table 1. Complexity and Overhead Analysis summary. 

Component Complexity Measured vs. MLP Round vs. LR round 

Scheduler check (K = 10) O(K) ~1000 ms ~90% >100× 

Profiling thread O(1) amort. <1 ms <0.1% <3% 

Serialization (LR/MLP) O(|w|) 0.016/<1 ms <0.1% <1% 

Total comm. (T = 20, K = 10) O(K·T·|w|) LR: 77.5 KB MLP: 2368 KB EcoFL: −80% 

Note: Scheduler check dominates for fast models (LR, XGB, IF) under the current blocking psutil 

implementation. A non-blocking cached-sample variant eliminates this bottleneck and is recom-

mended for production use. 

4. Results 

4.1. Predictive Performance 

Table 2 summarises the predictive performance of all evaluated machine learning 

models under centralized learning, conventional FedAvg, and the proposed EcoFL sched-

uling strategy. Given the 5% anomaly prevalence and 8% label noise introduced in the 

synthetic dataset, macro-averaged F1-score and ROC-AUC are considered the primary 

performance indicators because they provide a more informative assessment of classifier 

behaviour under class imbalance than overall accuracy. 

Table 2. ML performance metrics across models and configurations (mean ± std, 5 seeds). 

Model Config Accuracy F1 (Macro) ROC-AUC Notes 

LR Centralized 0.904 ± 0.021 0.637 ± 0.138 0.651 ± 0.048 Upper bound 

LR FedAvg 0.903 ± 0.021 0.631 ± 0.134 0.650 ± 0.047  
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LR EcoFL 0.903 ± 0.021 0.631 ± 0.134 0.650 ± 0.047 Δ = 0.000 

RF Centralized 0.904 ± 0.021 0.638 ± 0.137 0.647 ± 0.048 Upper bound 

RF FedAvg 0.896 ± 0.021 0.585 ± 0.133 0.631 ± 0.071  

RF EcoFL 0.904 ± 0.021 0.637 ± 0.138 0.631 ± 0.071 Δ = +0.052 

XGB Centralized 0.904 ± 0.021 0.641 ± 0.133 0.649 ± 0.051 Upper bound 

XGB FedAvg 0.897 ± 0.020 0.596 ± 0.127 0.634 ± 0.065  

XGB EcoFL 0.897 ± 0.020 0.596 ± 0.127 0.634 ± 0.065 Δ = 0.000 

MLP Centralized 0.898 ± 0.023 0.644 ± 0.118 0.628 ± 0.072 Upper bound 

MLP FedAvg 0.902 ± 0.020 0.628 ± 0.131 0.622 ± 0.084  

MLP EcoFL 0.831 ± 0.087 0.593 ± 0.094 0.625 ± 0.078 Δ = −0.035 

IF Centralized 0.868 ± 0.019 0.622 ± 0.086 0.631 ± 0.066 Upper bound 

IF FedAvg 0.868 ± 0.019 0.612 ± 0.086 0.622 ± 0.073  

IF EcoFL 0.868 ± 0.019 0.612 ± 0.086 0.622 ± 0.073 Δ = 0.000 

EcoFL maintains predictive performance comparable to conventional FedAvg for 

four of the five evaluated model families while substantially reducing the number of com-

munication rounds. Logistic Regression, XGBoost, and Isolation Forest exhibit numeri-

cally identical predictive performance under both federated configurations, indicating 

that early communication-round termination occurs only after convergence has effec-

tively been achieved. Random Forest represents the only model for which EcoFL improves 

predictive performance, yielding a 0.052 increase in macro F1-score relative to FedAvg. 

This behaviour is consistent with reduced overfitting resulting from adaptive termination 

under moderately non-IID data distributions. 

The Multilayer Perceptron (MLP) constitutes the only exception, showing a modest 

reduction in predictive performance under EcoFL (ΔF1 = −0.035). As discussed in Section 

4.4, this behaviour is associated with earlier convergence termination in a model family 

characterised by slower optimisation dynamics and greater sensitivity to communication-

round reduction. Importantly, the statistical analysis presented in Section 6.5 indicates 

that these differences do not reach statistical significance under the evaluated five-seed 

experimental design. 

Taken together, these results suggest that adaptive communication scheduling can 

substantially reduce computational effort while preserving predictive performance for 

most lightweight machine learning models considered in this study. Rather than improv-

ing predictive accuracy directly, EcoFL primarily seeks to maintain comparable predictive 

quality while reducing the computational and communication resources required for fed-

erated learning under resource-constrained edge environments. 

4.2. Energy Consumption 

Table 3 summarises the system-level benchmarking metrics, including estimated 

computational energy consumption, communication overhead, and the number of com-

munication rounds completed under each federated learning configuration. As expected, 

computational energy requirements vary by several orders of magnitude across the eval-

uated model families, reflecting substantial differences in local training complexity and 

model architecture. 

Table 3. Energy and communication metrics (mean ± std, 5 seeds). 

Model Config Energy (mJ) Rounds Comm. (KB) Saving vs. FA 

LR Centralized 3.0 ± 5.7 1 0 — 

LR FedAvg 22.2 ± 4.8 20 77.5 — 

LR EcoFL 4.3 ± 0.8 4 15.5 −80.6% 

RF Centralized 1461.6 ± 185.5 1 0 — 
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RF FedAvg 5841.2 ± 4808.9 20 66,233.7 — 

RF EcoFL 742.7 ± 564.7 4.2 13,122.0 −87.3% 

XGB Centralized 0.2 ± 0.0 1 0 — 

XGB FedAvg 22.6 ± 2.8 20 13,788.2 — 

XGB EcoFL 4.2 ± 0.4 4 2757.6 −81.4% 

MLP Centralized 7046.8 ± 543.3 1 0 — 

MLP FedAvg 70,945.6 ± 10,272.5 20 2368.4 — 

MLP EcoFL 5021.0 ± 593.8 7 434.2 −92.9% 

IF Centralized 123.3 ± 151.0 1 0 — 

IF FedAvg 22.4 ± 1.7 20 105,758.0 — 

IF EcoFL 4.5 ± 0.4 4 21,151.6 −79.9% 

Across all evaluated models, EcoFL consistently reduces estimated computational 

energy consumption relative to conventional FedAvg through adaptive communication-

round termination. The observed energy reductions range from 79.9% for Isolation Forest 

to 92.9% for Multilayer Perceptron, with a mean reduction of 84.4% across all model fam-

ilies. These improvements are accompanied by proportional reductions in communication 

overhead, demonstrating that adaptive scheduling decreases both computational work-

load and communication requirements within the evaluated experimental setting. 

The magnitude of the observed energy savings varies according to model complexity 

and convergence characteristics. Lightweight models such as Logistic Regression and 

XGBoost converge rapidly and therefore benefit primarily from eliminating unnecessary 

communication rounds after convergence has been reached. In contrast, computationally 

intensive models, particularly Multilayer Perceptron, exhibit substantially larger absolute 

energy reductions because each additional communication round incurs considerably 

higher local training costs. Random Forest occupies an intermediate position, combining 

relatively high computational cost with improved predictive performance under adaptive 

scheduling. 

It is important to emphasise that the reported energy values represent comparative 

computational energy estimates derived from the TDP-based energy proxy described in 

Section 3.2 rather than direct physical power measurements. Consequently, the principal 

outcome of Table 3 is not the absolute magnitude of the reported energy values, but the 

consistent comparative reduction observed across alternative federated learning configu-

rations evaluated under identical experimental conditions. 

4.3. EcoFL Energy Reduction 

Figure 2 summarises the relative reduction in estimated computational energy con-

sumption achieved by EcoFL with respect to the standard FedAvg configuration. Across 

the evaluated model families, EcoFL reduces estimated computational energy consump-

tion by 79.9% (Isolation Forest), 80.6% (Logistic Regression), 81.4% (XGBoost), 87.3% (Ran-

dom Forest), and 92.9% (Multilayer Perceptron), corresponding to a mean reduction of 

84.4% under the evaluated benchmark setting. 
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Figure 2. Relative reduction in estimated computational energy consumption achieved by EcoFL 

with respect to the standard FedAvg configuration. 

These reductions are primarily attributable to adaptive communication-round termi-

nation, which eliminates unnecessary local training once model convergence has stabi-

lised. Consequently, computational workload and communication overhead decrease 

proportionally without introducing measurable degradation in predictive performance 

for most evaluated model families (Section 4.1). The results therefore indicate that adap-

tive resource-aware orchestration can substantially improve computational efficiency 

while preserving comparable predictive performance under resource-constrained edge 

conditions. 

One observation requires additional clarification. As shown in Table 3, the central-

ized Isolation Forest configuration reports a higher estimated computational energy con-

sumption (123.3 mJ) than both the corresponding FedAvg (22.4 mJ) and EcoFL (4.5 mJ) 

configurations. This behaviour should not be interpreted as evidence that federated learn-

ing is intrinsically more energy-efficient than centralized learning. Instead, it reflects the 

characteristics of the adopted TDP-based computational energy proxy (Section 3.2). In the 

centralized configuration, the model is trained on the complete 50,000-sample dataset dur-

ing a single execution, resulting in a longer cumulative CPU utilisation time. In contrast, 

each federated client processes only approximately one tenth of the dataset during each 

communication round. The relatively large variance observed for the centralized Isolation 

Forest configuration (±151.0 mJ) additionally reflects variability in the scikit-learn imple-

mentation under constrained execution environments. Consequently, the reported values 

should be interpreted as comparative computational energy estimates obtained under a 

consistent benchmarking methodology rather than as direct measurements of physical 

device power consumption. Hardware-level validation using dedicated power monitor-

ing will constitute an important direction for future work. 

Figure 3 illustrates the effect of adaptive scheduling on the number of completed 

communication rounds. Conventional FedAvg executes a fixed schedule of 20 communi-

cation rounds irrespective of convergence behaviour. In contrast, EcoFL terminates train-

ing after four communication rounds for Logistic Regression, XGBoost, and Isolation For-

est, where predictive performance stabilises rapidly. Random Forest requires a mean of 

4.2 communication rounds, whereas Multilayer Perceptron terminates after seven rounds 

because of its comparatively slower convergence dynamics and greater optimisation sen-

sitivity. 
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Figure 3. Comparison of completed communication rounds for the standard FedAvg configuration 

(fixed 20 rounds) and the adaptive EcoFL scheduling strategy. 

The reduction in communication rounds represents the principal mechanism 

through which EcoFL improves computational efficiency. Since local training and com-

munication constitute the dominant contributors to computational energy expenditure 

under the adopted benchmarking methodology, reducing the number of completed 

rounds results in a corresponding reduction in both estimated computational energy con-

sumption and communication overhead. These observations are consistent with the ob-

jective of EcoFL, namely, systematic evaluation of the trade-offs between predictive per-

formance and system-level resource utilisation rather than modification of the underlying 

federated optimisation algorithm. 

4.4. Convergence Analysis 

Figure 4 illustrates the convergence behaviour of the evaluated federated learning 

configurations by presenting validation accuracy as a function of communication round. 

For Logistic Regression (LR), XGBoost (XGB), and Isolation Forest (IF), predictive perfor-

mance stabilises within the first two to three communication rounds, after which addi-

tional rounds provide negligible improvement. Consequently, EcoFL terminates training 

after the fourth communication round, indicating that the adaptive scheduling strategy 

successfully identifies the onset of convergence while avoiding unnecessary computa-

tional and communication overhead. 
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Figure 4. Validation accuracy as a function of communication round for the standard FedAvg con-

figuration and the adaptive EcoFL scheduling strategy. 

A different convergence pattern is observed for the Multilayer Perceptron (MLP). 

Under the conventional FedAvg configuration, validation accuracy remains relatively sta-

ble (approximately 0.902) throughout the fixed schedule of 20 communication rounds. In 

contrast, EcoFL terminates training after seven communication rounds, during a period 

in which validation accuracy has not yet fully stabilised. As a result, the MLP configura-

tion exhibits a modest reduction in predictive performance relative to FedAvg (Section 

4.1). This behaviour is consistent with the slower optimisation dynamics and greater sen-

sitivity of neural network models to communication-round reduction under moderately 

non-IID data distributions. 

Overall, the convergence analysis demonstrates that the adaptive communication 

scheduler effectively identifies early convergence for the majority of evaluated light-

weight machine learning models. At the same time, the MLP results highlight an im-

portant practical consideration: the effectiveness of adaptive communication-round ter-

mination depends on the convergence characteristics of the underlying learning model. 

This observation further supports the role of EcoFL as a benchmarking framework for 

analysing the trade-offs between computational efficiency and predictive performance 

across different classes of federated learning models rather than as a universally optimal 

scheduling strategy. 

4.5. Pareto Frontier Analysis 

Figure 5 illustrates the relationship between predictive performance (macro F1-score) 

and estimated computational energy consumption for all evaluated model–configuration 

combinations, thereby providing a system-level view of the trade-offs between model 

quality and computational cost. Arrows indicate the transition from the conventional Fe-

dAvg configuration to the corresponding EcoFL configuration for each model family. 
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Figure 5. Pareto frontier showing the relationship between macro F1-score and estimated computa-

tional energy consumption (logarithmic scale). Arrows indicate the transition from the standard 

FedAvg configuration to the corresponding EcoFL configuration for each model family. 

For Logistic Regression (LR), XGBoost (XGB), and Isolation Forest (IF), EcoFL pre-

serves essentially the same predictive performance while substantially reducing esti-

mated computational energy consumption, shifting the corresponding operating points 

towards more favourable regions of the energy–performance space. These results indicate 

that adaptive communication scheduling effectively eliminates unnecessary communica-

tion rounds after convergence has been achieved, thereby improving computational effi-

ciency without measurable degradation in predictive performance. 

Among the evaluated federated learning configurations, Random Forest combined 

with EcoFL achieves the highest macro F1-score (0.637) while requiring an estimated 742.7 

mJ of computational energy, compared with 0.585 and 5841.2 mJ, respectively, for the con-

ventional FedAvg configuration. This behaviour is consistent with the convergence anal-

ysis presented in Section 4.4, suggesting that adaptive communication-round termination 

can, in some cases, reduce unnecessary optimisation beyond the point of optimal gener-

alisation under moderately non-IID data distributions. 

In contrast, the Multilayer Perceptron demonstrates the expected trade-off between 

computational efficiency and predictive performance. Although EcoFL substantially re-

duces estimated computational energy consumption, this improvement is accompanied 

by a modest decrease in macro F1-score, reflecting the slower convergence characteristics 

of neural network models. Consequently, Figure 5 highlights that the benefits of adaptive 

scheduling depend on the optimisation dynamics of the underlying learning algorithm 

rather than representing a universally optimal operating strategy. 

Overall, the Pareto analysis demonstrates the principal objective of EcoFL: to enable 

systematic evaluation of the trade-offs between predictive performance and system-level 

resource utilisation under resource-constrained edge environments. Rather than maximis-

ing predictive accuracy alone, EcoFL provides a reproducible benchmarking methodol-

ogy for identifying operating points that appropriately balance model quality, computa-

tional cost, and communication overhead according to deployment requirements. 
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4.6. Communication Overhead 

Figure 6 shows total communication overhead on a log scale. EcoFL reduces commu-

nication by approximately 80% across all FL model families, directly proportional to the 

round reduction ratio. 

 

Figure 6. Total communication overhead (KB, logarithmic scale) for the standard FedAvg configu-

ration and the adaptive EcoFL scheduling strategy. 

Figure 6 compares the total communication overhead generated by the standard Fe-

dAvg configuration and the adaptive EcoFL scheduling strategy for all evaluated model 

families. Communication overhead is reported as the total volume of transmitted model 

parameters accumulated throughout the federated learning process. 

Across all evaluated models, EcoFL consistently reduces communication overhead 

by approximately 80% relative to the conventional FedAvg configuration. This reduction 

follows directly from the adaptive communication-round termination strategy, which 

substantially decreases the number of completed communication rounds once model con-

vergence has been detected. Because parameter transmission occurs once per participat-

ing client in each communication round, the total communication volume scales approxi-

mately linearly with the number of completed rounds under a fixed model architecture. 

The magnitude of the communication savings differs between model families pri-

marily because of differences in model parameter size rather than scheduling behaviour. 

Lightweight models such as Logistic Regression transmit comparatively small parameter 

vectors, whereas Random Forest, XGBoost, Isolation Forest, and particularly Multilayer 

Perceptron generate substantially larger communication volumes owing to their respec-

tive model representations. Nevertheless, the relative reduction achieved by EcoFL re-

mains consistently close to the observed reduction in communication rounds across all 

evaluated configurations. 

These findings complement the computational energy analysis presented in Section 

4.2 by demonstrating that adaptive scheduling simultaneously reduces both computa-

tional workload and communication requirements. This dual reduction is particularly rel-

evant for resource-constrained edge environments, where communication is frequently 

one of the dominant contributors to overall resource consumption [14]. Consequently, 
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communication overhead represents a primary benchmarking metric within EcoFL rather 

than a secondary implementation characteristic. 

4.7. Ablation Study: Scheduler Parameter Sensitivity 

Table 4 summarises the ablation study evaluating the sensitivity of the EcoFL sched-

uler to three key control parameters—the convergence tolerance (δ), patience parameter 

(p), and CPU utilisation threshold (θ CPU). The analysis was performed using the 

XGBoost model across three independent random seeds (n = 3) on a reduced dataset com-

prising 20,000 samples to facilitate systematic parameter exploration while preserving the 

experimental characteristics of the full benchmark. 

Table 4. Ablation study: EcoFL scheduler parameter sensitivity (XGBoost, n = 3 seeds, 20 k samples). 

★ = default configuration. 

Parameter Value Rounds Energy (mJ) F1 Dominant? 

δ (tolerance) 0.001 4.0 2.8 0.628 No 

δ 0.005 ★ 4.0 1.8 0.628 No 

δ 0.010 4.0 5.4 0.628 No 

δ 0.020 4.0 4.0 0.628 No 

p (patience) 2 3.0 3.1 0.628 Yes 

p 3 ★ 4.0 4.7 0.628 Yes 

p 5 6.0 4.5 0.628 Yes 

p 7 8.0 5.9 0.628 Yes 

θCPU (threshold) 0.70 4.0 5.2 0.628 No 

θCPU 0.80 ★ 4.0 3.8 0.628 No 

θCPU 0.90 4.0 3.7 0.628 No 

θCPU 1.00 4.0 5.4 0.628 No 

Among the evaluated parameters, the patience parameter (p) exerts the strongest in-

fluence on scheduler behaviour. Increasing p from 2 to 7 progressively increases the num-

ber of completed communication rounds from 3.0 to 8.0, while maintaining an identical 

macro F1-score (0.628 ± 0.116) under the evaluated experimental setting. These results in-

dicate that, for this workload, additional communication rounds beyond the point of con-

vergence do not provide measurable improvements in predictive performance, but in-

stead increase computational cost. 

In contrast, the convergence tolerance (δ) exhibits only a limited influence on both 

predictive performance and the number of completed communication rounds. For the 

evaluated anomaly detection task, model convergence occurs rapidly, causing the im-

provement in validation performance to approach zero after the initial communication 

rounds. Consequently, scheduler termination is primarily governed by the patience crite-

rion rather than by the selected convergence tolerance. 

Similarly, the CPU utilisation threshold (θ CPU) has only a minor effect under the 

adopted experimental conditions. CPU utilisation remained consistently below the de-

fault threshold because resource allocation was controlled through Linux cgroup con-

straints rather than dynamic hardware contention. As a result, the CPU admission crite-

rion was rarely activated. In practical deployments involving heterogeneous edge devices 

and fluctuating workloads, this mechanism is expected to play a more prominent role in 

regulating client participation. 
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The ablation study indicates that the patience parameter represents the principal 

mechanism controlling the trade-off between communication cost and convergence 

within the evaluated benchmark. Increasing p allows additional optimisation after the in-

itial convergence phase at the expense of increased computational and communication 

overhead, whereas lower values favour earlier termination and improved resource effi-

ciency. The default configuration (p = 3) was selected because it provides a balanced com-

promise between early convergence detection, robustness to transient performance fluc-

tuations, and computational efficiency under the evaluated experimental conditions. 

These observations should be interpreted as guidance for configuring the EcoFL orches-

tration layer rather than as universally optimal parameter settings, since the relative im-

portance of individual scheduler parameters is expected to depend on the underlying 

learning model, dataset characteristics, and deployment environment. 

4.8. Comprehensive Metric Overview 

Figure 7 provides a consolidated overview of the trade-offs between predictive per-

formance, computational energy consumption, inference latency, memory utilisation, and 

communication overhead across all evaluated model–configuration combinations. 

Whereas the preceding sections analyse each metric independently, the heatmap enables 

an integrated system-level comparison that reflects the practical deployment considera-

tions of edge federated learning. In resource-constrained environments, the most accurate 

model is not necessarily the most suitable choice if achieving that performance requires 

substantially greater computational, memory, or communication resources. 

 

Figure 7. Metric heatmap (green = better per column). Shows full accuracy–energy–latency–com-

munication profile. 

The heatmap demonstrates that EcoFL consistently shifts federated learning config-

urations towards lower estimated computational energy consumption and reduced com-

munication overhead relative to the standard FedAvg configuration. This behaviour is 

observed across all evaluated model families and reflects the reduction in completed com-
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munication rounds achieved through adaptive scheduling. For Logistic Regression, 

XGBoost, and Isolation Forest, EcoFL preserves essentially identical predictive perfor-

mance while substantially reducing both computational cost and communication require-

ments. These results indicate that, for rapidly converging models, adaptive communica-

tion-round termination effectively eliminates redundant optimisation without measura-

ble degradation in predictive performance. 

Among the evaluated federated learning configurations, Random Forest combined 

with EcoFL provides the most favourable balance between predictive performance and 

system-level resource utilisation. Compared with the conventional FedAvg configuration, 

RF-EcoFL achieves a higher macro F1-score (0.637 versus 0.585) while reducing estimated 

computational energy consumption from 5841.2 mJ to 742.7 mJ and communication over-

head from 64,598.3 KB to 12,830.9 KB. Although the present experiments do not establish 

the underlying mechanism, this behaviour is consistent with the possibility that earlier 

communication-round termination may reduce unnecessary optimisation after conver-

gence under moderately non-IID client partitions. Further investigation across additional 

datasets and model families will be required to confirm this hypothesis. 

The Multilayer Perceptron configuration illustrates an important limitation of the 

current scheduling strategy. Although MLP-EcoFL substantially reduces estimated com-

putational energy consumption and communication overhead relative to MLP-FedAvg, 

these improvements are accompanied by a decrease in predictive performance (macro F1-

score from 0.628 to 0.593 and accuracy from 0.902 to 0.831). This observation suggests that 

neural network models exhibiting slower optimisation dynamics may require more con-

servative termination criteria or model-adaptive scheduling strategies, particularly under 

heterogeneous client data distributions. 

The integrated analysis reinforces the central objective of EcoFL: system-level evalu-

ation of federated learning should jointly consider predictive performance, computational 

cost, memory utilisation, latency, and communication overhead rather than relying exclu-

sively on statistical learning metrics. From this perspective, EcoFL provides a reproduci-

ble benchmarking framework for identifying model configurations that appropriately bal-

ance predictive quality and resource efficiency according to deployment requirements. 

The results indicate that adaptive scheduling is particularly effective for lightweight mod-

els exhibiting rapid convergence, while simultaneously highlighting scenarios in which 

additional optimisation strategies may be required for more complex learning architec-

tures. 

5. Discussion 

5.1. Random Forest: EcoFL Surpasses FedAvg 

Among the evaluated model families, Random Forest exhibits the most favourable 

balance between predictive performance and system-level resource utilisation under the 

EcoFL scheduling strategy. EcoFL achieves a 0.052 increase in macro F1-score relative to 

the conventional FedAvg configuration (0.637 versus 0.585), while requiring substantially 

lower estimated computational energy and communication overhead (Section 4). Notably, 

the achieved F1-score closely approaches the centralized reference baseline (0.638), indi-

cating that adaptive communication scheduling does not necessarily compromise predic-

tive performance under the evaluated experimental conditions. 

A plausible explanation for this behaviour lies in the interaction between repeated 

ensemble reconstruction and heterogeneous client data distributions. Under the standard 

FedAvg configuration, each client reconstructs its Random Forest ensemble inde-

pendently during every communication round using a moderately non-IID local partition. 

As the number of communication rounds increases, the aggregated model may become 

increasingly influenced by client-specific distributional characteristics rather than the 
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overall data distribution represented across the federation. By terminating communica-

tion after the early convergence phase, EcoFL limits additional optimisation beyond the 

point at which predictive performance has stabilised. 

Although the present study was not designed to establish the underlying learning 

mechanism, the observed behaviour is consistent with the hypothesis that earlier commu-

nication-round termination may reduce unnecessary optimisation under moderately non-

IID client distributions. This interpretation is supported by the convergence behaviour 

presented in Section 4.4, but should be regarded as a hypothesis requiring further inves-

tigation rather than a demonstrated causal mechanism. 

From a benchmarking perspective, these findings illustrate the value of jointly ana-

lysing predictive performance and system-level resource utilisation. Rather than suggest-

ing that adaptive scheduling universally improves Random Forest models, the results 

demonstrate that system-level benchmarking can reveal operating regimes in which sub-

stantial reductions in computational cost are achieved without measurable degradation 

in predictive performance. This observation is consistent with the overall objective of 

EcoFL as a reproducible benchmarking and orchestration framework for evaluating fed-

erated learning under resource-constrained edge environments. 

5.2. MLP Instability Under Non-IID FL 

The Multilayer Perceptron (MLP) represents the only evaluated model family for 

which EcoFL yields lower predictive performance than the conventional FedAvg config-

uration (ΔF1 = −0.035). As demonstrated in the convergence analysis (Section 4.4), valida-

tion accuracy initially improves during the early communication rounds, reaches a local 

maximum within the first two rounds (approximately 0.884), and subsequently decreases 

before recovering under the fixed-round FedAvg schedule. EcoFL terminates training 

during this transient degradation phase, resulting in lower predictive performance than 

that achieved after the complete 20-round FedAvg optimisation. 

This behaviour is consistent with the well-established sensitivity of gradient-based 

federated optimisation to statistical heterogeneity across participating clients [16]. Under 

moderately non-IID data partitions (Dirichlet α = 0.5), local gradient updates may diverge 

substantially, producing temporary oscillations in global model performance before con-

vergence is re-established. Because the current EcoFL scheduler relies on convergence be-

haviour observed at the global model level, transient decreases in validation accuracy may 

be interpreted as convergence, leading to earlier communication-round termination than 

would be optimal for neural network architectures exhibiting slower optimisation dynam-

ics. 

The observed behaviour suggests that a uniform scheduler configuration may not be 

equally appropriate for all model families. In particular, neural network models charac-

terised by multi-stage convergence behaviour may benefit from more conservative termi-

nation criteria or architecture-aware scheduling strategies capable of distinguishing tem-

porary optimisation instabilities from genuine convergence. The ablation study presented 

in Section 4.7 indicates that the patience parameter exerts the strongest influence on sched-

uler behaviour within the evaluated benchmark, suggesting that adaptive or model-spe-

cific tuning may improve robustness for gradient-based models. 

From a benchmarking perspective, these findings are equally important as the posi-

tive results obtained for tree-based and linear models. They demonstrate that EcoFL not 

only identifies scenarios in which adaptive scheduling substantially improves computa-

tional efficiency, but also highlights situations where additional communication rounds 

remain beneficial for predictive performance. Rather than indicating a limitation of feder-

ated learning itself, the MLP results illustrate how reproducible system-level benchmark-
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ing can expose architecture-dependent trade-offs between computational efficiency and 

predictive performance, thereby guiding the design of future scheduling strategies. 

5.3. Communication Overhead Implications 

The experimental results demonstrate that EcoFL consistently reduces communica-

tion overhead by approximately 80% relative to the standard FedAvg configuration, 

closely reflecting the reduction in completed communication rounds observed across the 

evaluated model families. This proportional relationship is expected because model pa-

rameter transmission occurs once per participating client during each communication 

round; consequently, reducing the number of rounds directly decreases the cumulative 

communication volume. 

From a system-level perspective, communication efficiency represents a critical con-

sideration for resource-constrained edge deployments. Previous studies have shown that 

wireless communication can account for a substantial proportion of the overall energy 

consumption of IoT devices, particularly when low-power communication technologies 

such as Wi-Fi, LoRa, or NB-IoT are employed [14]. Although the computational energy 

proxy adopted in the present study does not explicitly account for radio transmission en-

ergy, the observed reduction in communication volume indicates that adaptive schedul-

ing may provide additional system-level benefits beyond the computational savings 

quantified in Section 4.2. 

These observations reinforce the importance of evaluating communication overhead 

alongside predictive performance and computational resource utilisation. Rather than 

considering communication volume as a secondary implementation characteristic, EcoFL 

treats it as an integral benchmarking metric that contributes to understanding the practical 

deployment costs of federated learning under resource-constrained edge environments. 

Future work incorporating hardware-level power measurements and protocol-specific 

communication models will enable direct quantification of the combined effects of com-

putation and wireless communication on overall device energy consumption. 

5.4. Limitations 

Hardware emulation fidelity: The TDP-based energy model (Equation (1)) approxi-

mates computation energy from CPU utilisation and rated thermal design power, but 

does not capture memory controller power draw, peripheral bus activity, wireless net-

work interface consumption, or the power management state transitions (sleep, wake, ac-

tive) that dominate energy budgets in duty-cycled IoT deployments. For the Raspberry Pi 

4, the wireless NIC alone can consume 200–500 mW during active transmission—compa-

rable to the CPU power captured by our model—meaning that total device energy savings 

from EcoFL’s communication reduction may be substantially larger than our measure-

ments indicate. This systematic underestimation of communication energy is conservative 

with respect to EcoFL’s primary claim: if anything, reducing rounds saves more energy 

than our model credits. Nevertheless, validation using hardware power monitors 

(INA219 current sensors on the power rail, or USB power meters) on physical Raspberry 

Pi 4 and Jetson Nano devices is an essential next step before deployment guidance can be 

offered with confidence. 

Single-task, synthetic dataset: All experiments are conducted on a single anomaly 

detection task using synthetic IoT telemetry with controlled anomaly rate (5%) and label 

noise (8%). While synthetic data offers experimental control and reproducibility, it cannot 

replicate the distributional complexity, temporal autocorrelation, and seasonal non-sta-

tionarity of real sensor deployments. Furthermore, anomaly detection represents only one 

of many IoT inference tasks—predictive maintenance, occupancy detection, environmen-

tal classification, and activity recognition each impose distinct data distributions, class im-
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balance profiles, and convergence dynamics. The generalisability of EcoFL’s energy re-

duction results to these alternative tasks is plausible but unverified. Extension to estab-

lished real-world IoT benchmarks—including UNSW-NB15 for network intrusion detec-

tion and WESAD for wearable stress detection—is identified as a high-priority validation 

step. 

Non-adversarial and non-stationary assumptions: EcoFL assumes honest client par-

ticipation and a stationary data distribution throughout the federation lifecycle. Real IoT 

deployments violate both assumptions: sensor nodes may fail mid-round, transmit stale 

gradients, or be compromised to inject adversarial updates; and sensor data distributions 

shift continuously with environmental conditions, equipment degradation, and opera-

tional changes. The EcoFL scheduler’s convergence criterion—based on accuracy plateau 

detection—is vulnerable to false early termination when distributional drift temporarily 

stabilises accuracy before a concept drift event. Integrating Byzantine-robust aggregation 

and drift-aware scheduling into EcoFL represents an important robustness extension. 

Scheduler parameter universality: The ablation study (Section 4.7) demonstrates that 

the patience parameter p is the dominant scheduler control variable, but its optimal value 

is task- and architecture-dependent: p = 3 is appropriate for tree-based models that con-

verge within 2–3 rounds, but insufficient for gradient-based neural models (MLP) that 

exhibit multi-phase convergence dynamics. The current implementation uses a single 

fixed patience value across all model families, which contributes to the MLP instability 

documented in Section 5.2. A model-aware or adaptive patience mechanism—for exam-

ple, one that detects accuracy oscillation patterns and adjusts patience accordingly—

would substantially improve EcoFL’s robustness across architectures. 

5.5. Future Work 

The benchmarking methodology presented in this study provides several opportu-

nities for extending reproducible system-level evaluation of federated learning under re-

source-constrained edge environments. The most immediate research direction is hard-

ware-level validation of the computational energy proxy adopted in this work. Deploying 

EcoFL on physical Raspberry Pi 4 and NVIDIA Jetson Nano platforms equipped with 

INA219 current sensors, USB power meters, or platform-specific monitoring tools (e.g., 

tegrastats) would enable direct comparison between proxy-based energy estimates and 

measured device power consumption. Such experiments would provide valuable valida-

tion of the proposed benchmarking methodology while strengthening confidence in its 

applicability to real-world edge deployments. 

A second research direction concerns comprehensive modelling of communication 

energy. The current benchmarking framework quantifies computational energy con-

sumption but does not explicitly model the energy associated with wireless communica-

tion, which has been shown to represent a substantial proportion of total device energy 

consumption in practical IoT deployments [14]. Incorporating protocol-aware communi-

cation energy models parameterised by transmission technology (e.g., Wi-Fi, LoRa, or NB-

IoT), packet size, and transmission power would enable EcoFL to estimate complete sys-

tem-level energy consumption and provide a more comprehensive assessment of resource 

efficiency. 

The results obtained for the Multilayer Perceptron highlight the need for model-

aware adaptive scheduling. Future research should investigate orchestration strategies 

capable of adapting termination criteria to the optimisation dynamics of different learning 

algorithms. Such approaches may incorporate gradient variance, convergence stability, or 

model-specific learning characteristics as additional scheduling signals, thereby extend-

ing the current resource-aware scheduler while preserving compatibility with existing 

federated optimisation methods [16]. 
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Another promising direction involves integrating model compression techniques, in-

cluding structured pruning, quantisation, and knowledge distillation, directly into the 

federated learning workflow. Combining communication-round reduction with model 

compression would introduce complementary mechanisms for reducing both computa-

tional and communication costs. EcoFL provides a suitable benchmarking environment 

for systematically evaluating the interactions between compression strategies, conver-

gence behaviour, and resource utilisation under heterogeneous edge-resource constraints. 

Finally, extending EcoFL to non-stationary and adversarial federated learning envi-

ronments represents an important step towards realistic deployment scenarios. Future 

studies should investigate scheduler behaviour under concept drift, intermittent client 

availability, and Byzantine attacks while incorporating robust aggregation algorithms and 

drift-aware scheduling mechanisms. Such extensions would broaden the applicability of 

EcoFL from controlled experimental benchmarking towards more realistic edge AI envi-

ronments characterised by dynamic workloads and heterogeneous device behaviour. 

More broadly, EcoFL establishes a reproducible experimental foundation for investi-

gating the interplay between predictive performance, computational resource utilisation, 

communication efficiency, and energy consumption in federated learning. We anticipate 

that extending the framework to additional federated optimisation algorithms, heteroge-

neous hardware platforms, and real-world IoT datasets will facilitate more comprehen-

sive system-level benchmarking and contribute to the development of practical, energy-

aware federated learning systems for next-generation edge intelligence. 

6. Material and Methods  

6.1. Hardware Profiles 

All experiments were conducted on a host machine running Ubuntu 22.04 LTS, with 

resource constraints enforced through Linux cgroups (via systemd-run) to reproduce the 

computational characteristics of two representative edge device classes. The adopted ex-

ecution environment should therefore be interpreted as a reproducible resource-con-

strained experimental platform rather than a cycle-accurate hardware emulation of the 

target devices. This approach enables systematic comparison of federated learning con-

figurations under identical and controlled computational conditions while ensuring full 

experimental reproducibility. 

Scope of the experimental evaluation. All quantitative results reported in this study 

(Tables 3–5 and Figures 2–7) were obtained exclusively using the Raspberry Pi 4 (RPi4) 

hardware profile. Although the Jetson Nano profile is fully implemented within the EcoFL 

framework and its cgroup configuration is publicly available in the open-source reposi-

tory, a comprehensive comparative evaluation across multiple hardware profiles is be-

yond the scope of the present study and is therefore deferred to future work (Section 5.5). 

The Raspberry Pi 4 profile was selected as the primary benchmark target because it rep-

resents the more resource-constrained of the two platforms, thereby providing a conserva-

tive evaluation scenario for analysing the computational and energy characteristics of 

EcoFL. 

The hardware profiles used throughout the experiments are defined as follows: 

1. Raspberry Pi 4 (RPi4): 1 CPU core (25% quota), 1 GB RAM, TDP = 6.4 W. 

2. Jetson Nano (JN): 2 CPU cores, 4 GB RAM, TDP = 10.0 W. 
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6.2. Dataset 

We evaluate EcoFL on an IoT sensor anomaly detection task using a synthetic multi-

variate telemetry dataset comprising 50,000 samples described by 12 features, including 

temperature, humidity, vibration, current, voltage, pressure, light intensity, CO2 concen-

tration, and four derived statistical features. An anomaly rate of 5% is introduced through 

Gaussian distribution shifts and contextual spike injection, while 8% label noise is incor-

porated to simulate sensor mislabelling and imperfect annotation commonly encountered 

in real-world IoT deployments. 

The dataset is partitioned across 10 federated clients using a Dirichlet distribution 

with α = 0.5, resulting in a moderately non-IID data distribution representative of hetero-

geneous edge environments. 

A synthetic dataset was intentionally selected to provide full experimental control 

over anomaly prevalence, label noise, feature distributions, and client heterogeneity, 

thereby ensuring reproducible comparison across all evaluated federated learning config-

urations. This controlled setting enables systematic assessment of the resource–perfor-

mance trade-offs introduced by the proposed benchmarking framework while avoiding 

confounding effects arising from dataset-specific characteristics. Validation on real-world 

IoT datasets constitutes an important direction for future work and will further assess the 

generalisability of the proposed benchmarking methodology. 

6.3. Models and Configurations 

Five lightweight model families are evaluated to span a representative range of ML 

paradigms relevant to IoT edge deployment. Logistic Regression (LR) serves as a linear 

baseline whose parameter-averaging compatibility with FedAvg makes it a natural refer-

ence point. Random Forest (RF) and XGBoost (XGB) represent tree-based ensemble ap-

proaches that require prediction ensemble aggregation in the federated setting, as their 

non-differentiable structure precludes direct parameter averaging. The Multilayer Percep-

tron (MLP) with two hidden layers (64, 32 units) represents gradient-based neural archi-

tectures compatible with parameter averaging, enabling assessment of client drift under 

non-IID conditions. Isolation Forest (IF) is included as an unsupervised anomaly detection 

baseline. All models are implemented using scikit-learn [22] and xgboost [23] with the 

hyperparameters listed in Table 5. Each model is evaluated under three configurations: 

centralised (single-node upper bound), standard FedAvg (fixed 20 rounds), and EcoFL 

(energy-aware adaptive termination). 

Table 5. Lightweight model families evaluated in EcoFL. 

Model Library Key Hyperparameters FL Strategy Role 

Logistic Regression scikit-learn C = 1.0, lbfgs, max_iter = 1000 Parameter avg. Linear baseline 

Random Forest scikit-learn n_est = 50, max_depth = 8 Prediction ensemble Ensemble 

XGBoost xgboost n_est = 50, depth = 4, lr = 0.1 Prediction ensemble Boosted trees 

MLP scikit-learn (64, 32), Adam, max_iter = 50 Parameter avg. Neural network 

Isolation Forest scikit-learn n_est = 50, contam. = 0.05 Prediction ensemble Anomaly (unsup.) 

6.4. Evaluation Metrics 

EcoFL employs a two-tier evaluation protocol in which predictive performance and 

system-level resource utilisation are treated as complementary and equally important 

evaluation dimensions. This dual-perspective methodology reflects the central objective 

of EcoFL: enabling systematic benchmarking of federated learning under resource-con-

strained edge environments, where computational efficiency is as critical as predictive 

performance. Accordingly, machine learning metrics quantify the predictive capability of 
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the trained models on the held-out test set, whereas system-level metrics characterise the 

computational resources required to achieve that performance under the defined experi-

mental hardware profile. Treating these metric groups jointly enables a comprehensive 

assessment of the trade-offs between model quality, computational cost, and communica-

tion efficiency, which forms the basis of the Pareto analysis presented in Section 4.5. 

The predictive performance metrics include Accuracy, macro F1-score, ROC-AUC, 

Precision, and Recall. System-level benchmarking metrics comprise total computational 

energy consumption (mJ), energy per communication round (mJ/round), peak memory 

utilisation (MB), mean and P95 inference latency (ms), and total communication overhead 

(KB). 

Unless otherwise stated, all reported results are presented as mean ± standard devi-

ation across five independent random seeds (42–46). 

6.5. Statistical Analysis 

Formal statistical comparison between EcoFL and FedAvg is performed using the 

Wilcoxon signed-rank test (two-sided for F1-score, one-sided for energy) with Holm–Bon-

ferroni correction for multiple comparisons across five model families. With n = 5 seeds, 

the test has limited statistical power—the minimum detectable effect at α = 0.05 under this 

sample size is approximately |Δ| > 0.15 F1, exceeding the actual differences observed for 

LR, XGB, and IF (which are identically zero). All Wilcoxon p-values are non-significant 

after correction (p ≥ 0.156), which is consistent with the absence of detectable F1 degrada-

tion under the tested seed regime for these models: EcoFL and FedAvg produce numeri-

cally identical F1 because rapid convergence within 4 rounds leaves no additional gradi-

ent signal for subsequent rounds. The non-significant result supports the practical inter-

pretation that EcoFL did not introduce detectable F1 degradation under this experimental 

setting. Bootstrap 95% confidence intervals (2000 resamples) further support this interpre-

tation. For MLP, the observed Δ = −0.035 F1 is directionally consistent across all seeds but 

does not reach significance at n = 5. Additionally, a one-sided Wilcoxon test confirms that 

EcoFL energy consumption is directionally lower than FedAvg for all five models, with 

savings of 79.7–92.9% (p = 0.156 after correction; the test has low power at n = 5 due to low 

variance in round counts across seeds). 

7. Conclusions 

This study presented EcoFL (Energy-Conscious Federated Learning), an open-

source, modular framework for reproducible system-level benchmarking and resource-

aware orchestration of federated learning under resource-constrained edge environments. 

Rather than introducing a new federated optimisation algorithm, EcoFL provides a uni-

fied experimental platform for jointly evaluating predictive performance, computational 

resource utilisation, communication overhead, and estimated computational energy con-

sumption across different lightweight machine learning models and federated learning 

configurations. 

Experimental evaluation was performed using five lightweight model families, three 

learning configurations, five independent random seeds, and a 50,000-sample synthetic 

IoT anomaly detection benchmark executed under reproducible resource-constrained 

hardware profiles. The principal findings of this study can be summarised as follows: 

1. Substantial improvements in computational efficiency: EcoFL reduced estimated 

computational energy consumption by 79.9–92.9% relative to the standard FedAvg 

configuration, corresponding to a mean reduction of 84.4%, while simultaneously re-

ducing communication overhead by approximately 80% through adaptive commu-

nication-round termination. 
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2. Predictive performance was largely preserved: For Logistic Regression, XGBoost, 

and Isolation Forest, EcoFL maintained predictive performance comparable to Fe-

dAvg while requiring substantially fewer communication rounds. Random Forest 

achieved a higher macro F1-score (+0.052) under EcoFL, whereas the Multilayer Per-

ceptron exhibited a modest decrease in predictive performance, highlighting the in-

fluence of model-specific convergence dynamics on adaptive scheduling. 

3. System-level benchmarking reveals architecture-dependent trade-offs: The experi-

mental results demonstrate that the effectiveness of adaptive communication sched-

uling depends on the optimisation characteristics of the underlying learning model. 

Lightweight models exhibiting rapid convergence benefit most from early commu-

nication-round termination, whereas gradient-based neural architectures may re-

quire more conservative or adaptive scheduling strategies. 

4. Integrated evaluation supports informed deployment decisions: By jointly analysing 

predictive performance, computational energy consumption, memory utilisation, in-

ference latency, and communication overhead, EcoFL enables systematic identifica-

tion of operating points that balance model quality and resource efficiency according 

to application-specific deployment requirements. 

The complete EcoFL framework is released as open-source software to support re-

producibility, transparent evaluation, and future methodological extensions by the re-

search community. 

More broadly, this work demonstrates that system-level benchmarking should com-

plement traditional accuracy-centred evaluation when developing federated learning sys-

tems for resource-constrained edge environments. Considering predictive performance 

together with computational energy, communication overhead, memory utilisation, and 

latency provides a more comprehensive basis for evaluating practical federated learning 

deployments. We anticipate that EcoFL will serve as a reproducible research platform for 

investigating resource-aware federated learning and for supporting the development of 

future energy-efficient edge AI systems. 
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    E ^ =   P  T D P ×     𝛼 ˉ  C P U ×   t  t r a i n × 1000


    P  T D P


      𝛼 ˉ  C P U
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    t  t r a i n


    w   ( t + 1 )   =     ∑  k ∈   S  t      n  k    n    S  t   w  k   ( t )


    n    S  t


    y ^  ( x ) = a r g    max  c ⁡    ∑  k ∈   S  t      n  k    n    S  t   × 1 [     y ^  k    ( x ) = c ]


  k


    𝛼  C P U   ( k ) ≤   𝜃  C P U


    𝛽  R A M   ( k ) ≤   𝜃  R A M


      E ^  r e m a i n i n g   ( k ) ≥   E  m i n


  𝛿


  p


  Terminate   if: ∣   A   ( t ) −   A   (  t − 1 ) ∣ < 𝛿   for  p  consecutive rounds


  𝛿 = 0 . 005


  p = 3


    K  m i n = 2


  ∣ w ∣

