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Abstract

Computation, data transmission, and all the activities involved in Artificial Intelligence
of Things (AIoT) systems raise growing concerns in terms of resource consumption and
environmental impact. Industrial asset monitoring is a data-intensive use case requiring a
balance between predictive performance, responsiveness, and resource efficiency. In this
context, edge and cloud computing represent complementary paradigms, enabling trade-
offs between latency, scalability, and resource availability. However, understanding how
these trade-offs affect model behavior and system-level resource demands in data streaming
systems remains an open challenge, particularly in the context of resource-efficient and
sustainable AI system design. In this work, we present a resource-aware method for
evaluating AI models in data streaming systems for predictive maintenance, applied to
the NASA IMS Bearing Dataset. The method is based on a controlled streaming setup that
emulates a resource-constrained configuration and a resource-rich configuration, enabling
a systematic analysis of model behavior under heterogeneous conditions. The evaluation
considers predictive performance and operational metrics, including accuracy, latency,
CPU utilization, and memory usage, to capture interactions between model characteristics
and system-level factors. The proposed method enables a structured analysis of trade-
offs between performance and resource utilization, offering insights for the design of
resource-efficient and sustainable AI-based predictive maintenance systems.

Keywords: predictive maintenance; data streaming systems; resource-aware computing;
sustainable AI; model evaluation; heterogeneous resource configurations

1. Introduction
The integration of Artificial Intelligence (AI) and the Internet of Things (IoT) in the

industrial sector—commonly referred to as AIoT—represents one of the main frontiers
of innovation for sustainability and smart manufacturing [1]. The convergence of these
technologies is transforming traditional industry across multiple domains, including supply
chain management, industrial asset maintenance, and overall industrial sustainability.
However, computation, data transmission, and other digital activities involved in the
deployment of AIoT solutions raise increasing concerns in terms of resource consumption
and environmental impact due to the significant costs associated with hardware, software,
energy consumption, and bandwidth requirements [2].

Among AIoT industrial use cases, advanced management of industrial assets’ mainte-
nance deserves particular attention, given that it is usually associated with data-intensive
architectures. Thanks to AIoT, the industrial maintenance paradigm is moving from reactive
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approaches to highly effective predictive strategies [3]. AI-driven predictive maintenance
has undergone a radical transformation in recent years, with 50% of manufacturers ex-
pected to use AI, IoT, and analytics to achieve operational resilience by 2025 according
to market research reports. In this context, bearing fault diagnosis represents a critical
application, as bearings are vital components in rotating machinery, and their failures can
cause significant economic losses and operational disruptions [4]. High-frequency sensors
(e.g., accelerometers above 20 kHz) generate large volumes of data, requiring efficient pro-
cessing and transmission strategies. Data, processing techniques (Fast Fourier Transform
among others), and models adopted in the context of industrial assets’ condition-based
maintenance management are associated with critical issues at both model development
and deployment stages [5].

In data-intensive industrial applications such as Predictive Maintenance (PdM), both
diverse hardware deployment tiers play vital and complementary roles within AIoT archi-
tectures [6]. Heterogeneous execution nodes have emerged as two leading architectures to
support Industrial Internet of Things (IIoT) applications, addressing latency, bandwidth,
and compute challenges [7]. Lower-tier resource-constrained nodes enable low-latency
data processing and real-time responsiveness at the device or plant level, supporting au-
tonomy, resilience, and privacy [8]. Furthermore, localized processing ensures continuous
operations even when the connection to the central cloud is lost, which is vital for critical ap-
plications. Conversely, higher-tier resource-rich infrastructures provide scalable resources
for data aggregation, long-term storage, and advanced model training. Benefits of unthrot-
tled infrastructures include scalability to handle large volumes of data from numerous
sensors, access to powerful analytics tools, and remote access capabilities. In this context,
heterogeneous resource profiles represent complementary paradigms, enabling different
trade-offs between latency, scalability, and resource availability. However, rather than
focusing on physical deployment infrastructures, it is increasingly important to understand
how these trade-offs affect model behavior under structurally different constraints [9,10].

Sustainability associated with optimized energy consumption is another hot topic
of today, given the crucial role energy plays against climate change and environment.
As computationally intensive modeling solutions arise, more attention is given to the
operational footprint these analytical solutions have, for both inferential and generative
models [11]. The literature connected to empirical studies on AI models’ software intensity
and associated energy consumption (generally measuring also hardware metrics like
CPU and RAM) is rapidly increasing [12]. In this perspective, process-level resource
efficiency becomes a key auxiliary proxy for exploratory AI system design, especially
in data-intensive streaming applications. The authors of [13] investigate the application
of advanced machine learning models, specifically Long Short-Term Memory (LSTM)
networks and Gradient Booster models, for accurate energy consumption estimation within
a Kubernetes cluster environment. As highlighted by [14], the convergence of IoT, AI,
and computing architectures enables sustainable manufacturing through energy-aware
predictive maintenance. However, the exclusive reliance on unconstrained centralized
infrastructures introduces computational overhead and latency issues. In [15], the authors
outline green IoT and localized execution paradigms, highlighting their crucial role for a
sustainable digital transition toward Industry 5.0.

When it comes to model deployment on edge and on cloud, requirements of the two
are very different and deserve dedicated strategies for managing the constrained quantity
of available resources. Comparative studies between edge and cloud versions of analytical
solutions are essential for easing the concrete development of such systems in reality [16].
Deploying AI models on edge devices presents unique challenges related to computational,
memory, and energy limitations. Model compression techniques have become essential for
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enabling AI on resource-constrained devices: Ref. [17] evaluates compression techniques
on ConvNeXt models in image classification tasks using the CIFAR-10 dataset. Structured
pruning, unstructured pruning, and dynamic quantization methods are evaluated to reduce
model size and computational complexity while maintaining accuracy. Unlike existing
works that focus on model performance or deployment optimization separately, this study
proposes a unified evaluation method that explicitly captures the interaction between model
behavior and system-level resource constraints in streaming environments. The novelty
of this work lies in the proposal of a resource-aware evaluation method for analyzing AI
models in data streaming systems under controlled resource constraints. It is important to
note that the contribution does not stem from the individual technologies employed, all of
which are well established in the literature, but rather from their integration within a unified
evaluation approach. By jointly considering predictive effectiveness, streaming-system
behavior, computational workload, and sustainability-oriented metrics, the proposed
method enables the systematic analysis of performance–resource trade-offs that are typically
addressed separately in existing studies. To this end, the framework is applied to a
predictive maintenance use case based on the NASA IMS Bearing Dataset, under both
resource-constrained and resource-rich architectural configurations.

2. Related Work
The intersection of predictive maintenance, distributed data streaming, and sustainable

computing has recently gained significant traction under the umbrella of AIoT. To position
our contribution within the current state of the art, it is essential to contrast the existing
literature across the diverse domains that converge in this study. Traditional predictive
maintenance research has heavily focused on maximizing model accuracy using static
benchmarks. Within this domain, the Bearing Dataset [18] represents a widely recognized
and validated real-world dataset, providing high-frequency operational data that reflect
authentic industrial degradation processes. Over the years, a multitude of machine learning
and deep learning architectures ranging from classical classifiers like Support Vector Ma-
chines and Random Forests [19] to complex convolutional networks [20] have been tested
on this real-world benchmark to achieve high prognostic performance. However, the vast
majority of these studies operate under an offline, static paradigm. Training and inference
are typically conducted on high-performance workstations with unthrottled computational
resources. Consequently, while these works achieve exceptional predictive metrics, they
generally pay limited attention to the operational constraints of real-time industrial deploy-
ment, such as data transmission latency, network jitter, and hardware resource saturation.
Crucially, the objective of this work is not to benchmark or introduce highly complex,
over-parameterized models to marginally improve baseline predictive accuracy. Instead,
the core contribution lies in demonstrating how models with fundamentally different
architectures behave when embedded in a realistic, resource-constrained ecosystem. In fact,
the literature provides only limited examples of comparative frameworks that simulta-
neously evaluate predictive maintenance, real-time data streaming, and software-driven
sustainability metrics within a controlled, hardware-throttled environment. Rather than
evaluating AI models in isolation, our approach contrasts diverse algorithmic families to
investigate how structural resource boundaries dynamically affect the trade-off between
predictive performance and environmental costs. In practical Industry 4.0 scenarios, data
from real-world systems must be ingested and processed continuously. Distributed mes-
sage brokers like Apache Kafka have become the industry standard for managing such
high-throughput data pipelines [21], with research frequently focusing on benchmarking
the infrastructure’s quality of service, message consumption rates, or broker CPU utiliza-
tion under varying workloads [22]. Concurrently, the paradigm shift toward localized
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execution has motivated the migration of AI models closer to the physical data source to
optimize local resource consumption, reduce network bandwidth requirements, and mini-
mize latency [23]. Several frameworks have been proposed to evaluate the trade-offs of
deploying predictive models under specific hardware limitations at the edge [24]. While
these studies provide valuable insights into architectural scalability, they primarily focus
on infrastructure-level characteristics and only partially address the interaction between
model behavior and resource constraints. They evaluate hardware efficiency, such as RAM
footprint or CPU cycles, but only limited attention is devoted to jointly analyzing these
hardware metrics alongside predictive performance under varying resource constraints.
Recent research has further emphasized the importance of lightweight and resource-aware
AI solutions for constrained computing environments. Lightweight machine-learning sys-
tems designed for IoT security applications have demonstrated that competitive predictive
performance can be achieved while maintaining low computational overhead, highlighting
the practical importance of balancing detection performance and resource efficiency in
constrained deployments [25]. Similarly, edge-based predictive maintenance and prognos-
tic health-management frameworks have shown how localized AI inference can support
timely decision making and low-latency fault diagnosis in industrial environments [26].
Beyond industrial analytics, resource-aware intelligent decision-support systems have also
explored the interplay between predictive quality, resource utilization, and operational
objectives, highlighting the broader relevance of process- and resource-aware optimization
strategies [27]. Collectively, these studies reinforce the importance of evaluating AI systems
not only in terms of predictive performance but also with respect to their operational
footprint and deployment feasibility. However, these works primarily focus on the design
or optimization of specific intelligent systems, whereas the present study proposes a unified
evaluation methodology that systematically analyzes the interaction between predictive
performance, streaming-system behavior, resource constraints, and sustainability-related
indicators under controlled experimental conditions. This operational gap is strictly con-
nected to the broader necessity of incorporating environmental efficiency and sustainable
computing principles directly into the software design phase of AI systems [28]. Within this
context, empirical energy tracking tools such as CodeCarbon or Scaphandre have emerged
to provide software-level estimations of power consumption and equivalent carbon emis-
sions based on localized hardware utilization and regional grid intensities [29]. To date,
however, the application of these empirical consumption tracking protocols has been more
extensively explored in large-scale deep learning training workloads, particularly within
Natural Language Processing and Computer Vision [30]. Very few studies have translated
these software-driven measurements to the continuous inference phase of streaming-based
industrial networks. Existing sustainable manufacturing studies often rely on macro-level,
theoretical energy models that estimate aggregate infrastructure overheads but may pro-
vide limited visibility into workload-specific software execution dynamics. Conversely,
while software-level trackers offer precise, empirical insights into local workload dynam-
ics, they inherently omit external infrastructural factors, such as network transmission
energy and data center cooling overheads. Acknowledging this trade-off, our methodology
utilizes software-defined carbon tracking not as an absolute environmental audit, but as
an exploratory, workload-driven metric to analyze how architectural throttling directly
impacts the computational intensity of continuous predictive maintenance pipelines. To
demonstrate how this proposed approach addresses the limitations of existing research
and to clearly outline the specific boundaries of our contributions, Table 1 provides a
comparative taxonomy contrasting our evaluation method against the current state of the
art across five critical structural dimensions.
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Table 1. Comparative taxonomy of the proposed method against the existing literature across critical
evaluation dimensions.

Reference Industrial PdM
Dataset

Data Streaming
Pipeline

Architectural
Emulation

Empirical
Workload

Qiu et al. [19] Yes (IMS) No (offline) No No

Khorram et al. [20] Yes (IMS) No (offline) No No

Loghin et al. [21] No Yes (Kafka) No No

Schwartz et al. [28] No No No Yes
(software-defined)

Premsankar et al. [24] No
(generic IoT) No Constrained Only Yes

(hardware profiling)

Xu et al. [23] No
(generic IoT) No Constrained Only Yes

(hardware profiling)

Proposed Method Yes (IMS) Yes (Kafka)
Yes

(constrained and
rich)

Yes
(software-defined)

As evidenced by Table 1, the existing literature addresses the challenges of modern
industrial applications through fragmented and isolated lenses. While traditional predic-
tive maintenance methods [19,20] leverage robust, real-world benchmark datasets such
as the IMS bearing data to validate their prognostic capabilities, they are generally eval-
uated in offline settings, and only limited attention is devoted to their integration with
live data-streaming pipelines and resource-constrained deployment scenarios. Conversely,
infrastructure-oriented streaming benchmarks [21] thoroughly evaluate distributed mes-
sage brokers like Apache Kafka, yet they generally do not integrate machine learning
models or resource-aware evaluation methodologies. Similarly, edge computing frame-
works [23,24] provide localized architectural throttling to assess hardware profiling met-
rics (e.g., RAM footprint, CPU cycles, and FLOPs), but they fail to integrate continuous
high-throughput streaming pipelines and do not account for software-defined energy
footprinting. Finally, early methodology-driven sustainable AI frameworks [28] establish
the foundations for software-defined consumption tracking, but their scope remains re-
stricted to generic workloads and does not explicitly address the continuous inference
constraints typically encountered in industrial IoT environments. In contrast to these
partial approaches, our proposed method integrates all four dimensions within a unified
evaluation methodology. By deploying fundamentally diverse algorithmic families on
a validated real-world industrial dataset and routing the data through a containerized
Apache Kafka Apache Software Foundation (https://www.apache.org/), Wakefield, MA,
USA) streaming pipeline under throttled conditions, the proposed framework enables the
joint analysis of architectural resource emulation (resource-constrained vs. resource-rich)
and empirical workload tracking through CodeCarbon. Consequently, the method provides
a structured approach for investigating how computational resource boundaries influence
the trade-off between prognostic performance and environmental execution costs. Existing
studies do not provide a unified methodology that jointly evaluates predictive maintenance
models, streaming-based execution, controlled resource emulation, and software-defined
sustainability indicators within a common experimental setting. This integration enables
the identification of performance–resource interactions that would remain hidden when
these dimensions are analyzed independently.
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3. Materials and Methods
This study adopted a resource-aware evaluation method designed to analyze the

behavior of AI models in data streaming systems under controlled resource constraints.
The method was based on three main components: (i) a streaming data pipeline, (ii) con-
figurable resource profiles emulating distinct computational execution environments,
and (iii) a set of predictive and operational metrics for assessing performance–resource
trade-offs. The evaluation pipeline was designed as an architectural emulation framework
utilizing containerized isolation on a single physical host equipped with an Apple M1
Max processor (Apple Inc., Cupertino, CA, USA) featuring a 10-core CPU and 32 GB
of RAM. Rather than deploying bare-metal distributed hardware, resource boundaries
were strictly enforced via Docker (https://www.docker.com/, Docker Inc., Palo Alto, CA,
USA) container engine quotas to emulate distinct operational hardware tiers. To capture
heterogeneous deployment scenarios, two specific profiles were established:

• Resource-Constrained Configuration: Throttled strictly to 1 CPU core and 2 GB of
RAM, emulating the baseline hardware boundaries of low-power industrial IoT gate-
ways or embedded single-board computers (such as a Raspberry Pi 4 configuration).

• Resource-Rich Configuration: Allocated 10 CPU cores and 8 GB of RAM, emulating
a high-performance local industrial server or an unconstrained centralized compute
node execution environment.

While this setup accurately replicates CPU and memory availability bottlenecks, it acts
as a system-level emulation and inherently does not model physical network distance, multi-
tenancy noise, heterogeneous instruction set architectures (ISA), or localized hardware
thermal and power throttling behaviors.To accurately simulate the behavioral dynamics of
distributed data transmission, a stochastic communication network delay was explicitly
introduced into the data ingestion pipeline of the resource-rich configuration. Rather than
employing a static baseline, the network overhead was governed by random uniform
distributions representing distinct operational stress profiles. Specifically, a low-latency
profile varied between 0.02 and 0.05 s to emulate optimized local environments, a medium
profile varied between 0.08 and 0.12 s for stable networks, and a high profile varied between
0.15 and 0.25 s to replicate congested Wide Area Network (WAN) or cellular backhaul
latencies in distributed industrial monitoring frameworks. Consequently, the reported
End-to-End Latency dynamically encompasses communication delays, data ingestion,
processing operations, and model execution, providing a system-level characterization
of the streaming pipeline. The streaming data pipeline was built upon the NASA IMS
Bearing Dataset, provided by the NASA Prognostics Data Repository under the Center
for Intelligent Maintenance Systems (IMS) [31]. The NASA IMS Bearing Dataset has
become a standard benchmark in the research community for bearing failure diagnostics [4].
The dataset comprises three folders collected during test-to-failure experiments. Each folder
contains individual snapshot files of 1-second vibration signals (20,480 points for each
axis) recorded at specific intervals. Standardization on this dataset has enabled direct
comparison studies between different machine learning and deep learning algorithms.
Numerous studies have used this dataset to validate the effectiveness of CNN, LSTM,
and hybrid architecture approaches for classifying different types of bearing failures [4,32].

The dataset consists of vibration signals collected from four double-row bearings
mounted on a rotating shaft, recorded under run-to-failure conditions. Measurements were
acquired at 20 kHz sampling frequency with a constant load of 2000 lbs and a rotational
speed of 2000 rpm. Signal degradation gradually increases until bearing failure occurs.
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The process followed in this study is summarized in Figure 1.

Figure 1. Research process followed.

In this study, the raw accelerometer signals of the first folder of the IMS dataset
(two axis for each monitored bearing) were preprocessed to extract statistical and frequency-
domain features. Specifically, time-domain features: mean, standard deviation, Root
Mean Square (RMS), peak-to-peak, skewness, kurtosis, crest factor, shape factor, impulse
factor; frequency-domain features: frequency centroid, frequency bandwidth, spectral
entropy, peak frequency, PSD computed using Welch’s method; and time–frequency-
domain features: mean value, max value and standard deviation of the Short-Time Fourier
Transform (STFT). Each feature was computed over fixed-length windows (1 s, equal to
20,480 samples acquired) of raw vibration data, over each of the two axes. The detailed
formulas of computed features are summarized in Table 2.

Table 2. Extracted features and associated equations.

Feature Equation

Time-domain features
acquired value xi; number of acquired samples N; numeric stabilization term ε ≪ 1

Mean µ = 1
N ∑N

i=1 xi

Standard Deviation σ =
√

1
N−1 ∑N

i=1(xi − µ)2

Root Mean Square (RMS) RMS =
√

1
N ∑N

i=1 x2
i

Kurtosis Kurt(x) =
1
N ∑N

i=1(xi−µ)4

σ4

Peak-to-Peak P2P = max(xi)− min(xi)

Crest Factor CF = max(|xi |)
RMS

Skewness Skew(x) =
1
N ∑N

i=1(xi−µ)3

σ3

Shape Factor ShapeFactor =

√
1
N ∑i x2

i
1
N ∑i |xi |+ε

Impulse Factor ImpulseFactor = maxn |xi |
1
N ∑i |xi |+ε
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Table 2. Cont.

Feature Equation

Frequency-domain features computed using Welch’s method
i-th frequency fi; frequency bin number N f .

Power Spectral Density Pxx( fi) = PSD according to Welch’s formula
Normalized PSD P̃xx( fi) =

Pxx( fi)

∑
Nf
i=1 Pxx( fi)

Frequency centroid Centroid = ∑i fi P̃xx( fi)

Frequency bandwidth Bandwidth =
√

∑i( fi − Centroid)2P̃xx( fi)

Spectral entropy Entropy = −∑i P̃xx( fi) log(P̃xx( fi) + ε)
Peak frequency PeakFreq = farg maxi Pxx( fi)

Time–frequency-domain features computed on the Short-Time Fourier Transform (STFT)
i-th frequency fi; frequency bin number N f ; j-th time tj; number of time slots Nt.

Short-Time Fourier Transform Zxx( fi, tj)
STFT magnitude |Zxx|( fi, tj)
Mean value MeanMag = 1

N f Nt
∑i,j |Zxx( fi, tj)|

Max value MaxMag = maxi,j |Zxx( fi, tj)|
Standard deviation StdMag =

√
1

N f Nt
∑i,j(|Zxx( fi, tj)| − MeanMag)2

The resulting dataset was labeled according to health states derived from degradation
trends found by past studies on the same dataset [19,20]. The adopted labels were not gen-
erated within the scope of the present study. Instead, they were derived from degradation
stages identified in previous investigations of the NASA IMS Bearing Dataset [19,20], where
signal degradation patterns were analyzed through traditional condition-monitoring indi-
cators and failure progression analyses. Consequently, the health-state categories should
be interpreted as literature-derived degradation labels adopted to ensure consistency with
previous research using the same benchmark dataset.

• Early (initial run-in of the bearings).
• Normal.
• Suspect (the health seems to be deteriorating).
• Imminent failure (for bearings 1 and 2, which did not fail but were prone to damage).
• Inner race failure (bearing 3).
• Rolling element failure (bearing 4).
• Stage 2 failure (bearing 4).

This enabled multiclass modeling to be applied to the dataset.

3.1. Model Training and Deployment

Two ML models (Random Forest, and XGBoost) were trained using the extracted
features after normalization. The training set was used to compute normalization param-
eters, which were then applied to the test set. The 1D Convolutional Neural Network
(CNN) was trained using the raw bi-axial signals. Although recurrent architectures such as
LSTM and GRU are commonly adopted for vibration time-series analysis and may provide
competitive predictive performance, they were not included in the present evaluation to
keep the experimental scope focused on the proposed methodology. A CNN was selected
as the deep learning representative because it can directly process raw bi-axial vibration
signals while offering a comparatively simpler inference structure for constrained stream-
ing scenarios. This choice was considered particularly appropriate for the objectives of
the present study, where the focus was placed on understanding performance–resource
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trade-offs under constrained deployment conditions rather than on maximizing predictive
performance through increasingly complex temporal architectures.

All models were trained offline on the preprocessed NASA IMS dataset, using a
80–20% training–test split. Specifically, the DL model was trained using as the raw sig-
nal as input, while ML models used the preprocessed data after features extraction and
normalization as described in the previous subsection.

Hyper-parameter optimization for each of the three models was performed via grid
search with 5-fold cross-validation, using accuracy, F1-score, and AUC as selection criteria.
For reproducibility, the training/test split was performed using a stratified 80/20 partition
with a fixed random seed (42). The same random seed was adopted for the Random
Forest and XGBoost classifiers. Hyper-parameter optimization for the Random Forest
considered n_estimators values of 100 and 200, max_depth values of none, 10, and 20,
and min_samples_split values of 2 and 5. For XGBoost, the search space included
n_estimators values of 100 and 200, max_depth values of 3 and 6, and learning_rate values
of 0.05 and 0.1. The CNN was trained for up to 30 epochs with a batch size of 32, using the
Adam optimizer, categorical cross-entropy loss, early stopping on validation loss with a
patience of 5 epochs, and learning-rate reduction on plateau with a patience of 3 epochs.
The hyper-parameters selected during the optimization phase were kept fixed across both
the resource-constrained and resource-rich configurations. This choice was made to isolate
the impact of resource availability on model behavior and operational performance without
introducing additional variability associated with configuration-specific model tuning.

The trained models were evaluated under different resource configurations. Specifi-
cally, models were executed under a resource-rich configuration, where higher computa-
tional resources were available, and under a resource-constrained configuration, where
resource constraints were enforced.

The Random Forest and XGBoost models were deployed in their original form in
both configurations. The CNN model was converted to TensorFlow Lite, and the same
TensorFlow Lite implementation was used in both resource configurations. This choice
ensured consistency of model architecture and numerical representation while enabling
deployment-oriented evaluation under different resource allocations.

3.2. Simulation Hardware and Software

The simulation experiments were carried out on an Apple MacBook Pro 16” 2021
(Apple Inc., Cupertino, CA, USA), equipped with an M1 Max chip and 32 GB of RAM.
Experiments were carried out on a local machine using Docker containers. Resource con-
figurations were defined parametrically to emulate heterogeneous execution conditions.
All experiments were conducted using Python 3.10 within containerized environments.
Dependencies were installed without strict version pinning to ensure compatibility with
ARM-based architectures. Although all experiments were conducted on a single physical
machine, resource constraints were applied at the container level to reproduce resource-
constrained and resource-rich configurations. This controlled setup enabled consistent and
reproducible comparison of model behavior under varying resource conditions. However,
while the proposed approach allowed the systematic evaluation of resource-performance
trade-offs, it did not fully reproduce the complexity of physically distributed industrial en-
vironments. In particular, factors such as heterogeneous hardware platforms, network vari-
ability, resource contention among distributed nodes, and infrastructure-level orchestration
effects were outside the scope of the present evaluation. Therefore, resource-constrained
and resource-rich configurations should be interpreted as controlled emulations of different
resource conditions rather than exact representations of real deployment infrastructures.
Furthermore, the implemented data streaming setup was fundamentally synthetic and
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idealized. It assumed deterministic message delivery and did not model real-world dis-
tributed streaming challenges such as data rate matching against the physical 20 kHz
sampling frequency, network unreliability, packet jitter, out-of-order data ingestion, or late
arrivals. Consequently, critical real-time engineering constraints, including system-level
backpressure handling, consumer deadline misses, and buffering overflow dynamics under
network stress, were outside the scope of this evaluation. Specifically, containers were
configured with different hardware limits (e.g., CPU cores and memory allocation) to repre-
sent constrained and resource-rich execution conditions. Process-level energy tracking was
performed via CodeCarbon to ensure isolated measurement of computational workloads.
Full project dependencies are available in the requirements file provided in the associated
GitHub (GitHub Inc., San Francisco, CA, USA) repository (see Data Availability Statement
for the link to the public repository). The main python packages used for performing the
experiments are:

• codecarbon 3.0.4.
• confluent-kafka 2.11.1.
• fastparquet 2024.11.0.
• keras 3.11.3.
• pandas 2.3.2.
• psutil 7.0.0.
• scikit-learn 1.7.2.

3.3. Simulated System Architecture

A streaming-based system architecture was developed to support the proposed
resource-aware evaluation method under different execution configurations. The overall
evaluation workflow is summarized in Figure 2.

Figure 2. Overview of the streaming-based evaluation setup under different resource configurations.

The architecture comprised the following main components:

• Kafka Producer (Sensor Stream Simulator)—a Python-based producer that streamed
vibration signals from the dataset to an Apache Kafka topic, emulating real-time
data acquisition.

• Resource-Constrained Consumer—a constrained inference module operating un-
der limited computational resources, representing Resource-constrained execution
conditions.

• Resource-Rich Consumer—a higher-resource inference module operating under re-
laxed constraints, representing resource-rich execution conditions.

This setup enabled the evaluation of model behavior under different resource profiles
in a controlled streaming environment.

It should be noted that the adopted streaming pipeline is based on the replay of pre-
recorded vibration data and therefore represents a controlled and idealized approximation
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of a real-time industrial streaming environment. The objective was to provide repro-
ducible evaluation conditions rather than to fully reproduce the complexity of operational
data streams.

The overall pipeline was implemented using Python, Apache Kafka, and standard
machine learning and deep learning libraries (scikit-learn, TensorFlow/Keras), ensuring
full reproducibility.

Apache Kafka is widely used for event streaming in industrial IoT systems, providing
scalable and fault-tolerant data processing capabilities [33]. In this context, Kafka supports
real-time data ingestion and processing, enabling the implementation of streaming-based
AI inference pipelines.

3.4. Evaluation Metrics

The sustainability of industrial AI has become a critical priority, with increasing at-
tention to the energy consumption of ML models [13]. This aspect becomes even more
relevant when considering the different computational resources available across deploy-
ment configurations, which can significantly influence both the operational behavior and
the overall efficiency of AI-based systems.

Edge computing is often associated with improved sustainability, as it can reduce
the need for data transmission to centralized data centers, thereby decreasing overall
energy consumption. Furthermore, the adoption of energy optimization strategies at edge
computing sites can contribute to lowering the environmental impact of AIoT applications.
However, the extent of these benefits depends on the specific deployment conditions and
system design choices.

In this context, the comparison between deployment configurations considered both
predictive performance and system-level efficiency, which represent the two main aspects
analyzed in this study. To support the sustainability perspective, resource utilization and
computational load were examined with respect to their impact on model deployment.
Accordingly, both predictive and operational metrics were evaluated to provide a compre-
hensive assessment of model behavior under different resource-based configurations.

In this study, the predictive performance of the models was primarily evaluated in
terms of accuracy, in order to provide an interpretable assessment of model effectiveness.
Since the objective of the proposed approach was to analyze performance–resource trade-
offs at the system level, accuracy was used as a concise indicator of predictive effectiveness
that can be directly interpreted alongside latency, memory utilization, and CPU usage.
To complement this assessment and account for the class-frequency distribution of the
dataset, the Weighted F1-score is also reported. This metric provides a class-sensitive
measure of predictive effectiveness and enables a more comprehensive evaluation of model
behavior across the different health-state categories. In this context, the primary goal of
our resource-aware method was to investigate how fundamentally different algorithmic
families (ensemble trees versus deep neural networks) dynamically behaved when em-
bedded in a realistic, hardware-throttled streaming ecosystem characterized by different
resource boundaries (resource-constrained vs. resource-rich). Accordingly, Random Forests,
XGBoost, and Convolutional Neural Networks were intentionally selected as representative
standards for distinct computational paradigms to map their structural trade-offs between
processing latency, hardware footprint, software-defined energy consumption, and prog-
nostic stability under strict isolation constraints. Consequently, accuracy is reported as a
percentage-point gain with respect to a random baseline corresponding to uniform class
assignment across the seven classes of the dataset. This representation highlights the
effective discriminative capability of each model beyond trivial classification performance.
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Operational behavior was evaluated strictly in terms of system-level End-to-End
Latency, CPU utilization, and memory usage. Because the architecture relies on the asyn-
chronous polling, batching, and non-blocking I/O dynamics inherent to Apache Kafka,
attempting to isolate the bare computational inference execution time at a microsecond
level would introduce artificial profiling overhead, thereby distorting the empirical CPU
and memory measurements. Consequently, End-to-End Latency was captured as an emer-
gent, holistic metric of the entire streaming pipeline, encompassing data ingestion, Kafka
message polling, deserialization, feature processing, and model inference. For the resource-
constrained configuration, since execution occurs entirely within a localized container
with zero network hops, this value directly represents the local processing throughput.
Conversely, it is important to note that latency values associated with the resource-rich
configuration include the stochastic communication-delay profiles (low, medium, and high
uniform distributions) introduced to emulate distributed wide-area network environments.
Therefore, the End-to-End Latency should be interpreted as a scenario-dependent indicator
of integrated system behavior rather than as a pure measure of standalone mathematical
model inference time, an essential distinction in streaming-based industrial applications
where communication overhead and infrastructure-level orchestration significantly govern
the overall response time. Although inference-only latency may provide additional insight
into model-level computational behavior, the present study prioritized End-to-End Latency
in order to capture the operational characteristics of the complete streaming pipeline. Fu-
ture work will investigate the separate contribution of inference execution, communication
delays, and pipeline overhead to overall system latency.

CPU utilization is reported as percentage usage, computed as the ratio between
the observed CPU usage. This normalization enables comparability between resource-
constrained and resource-rich configurations. Memory usage is reported as the percentage
of allocated container memory utilized during execution, allowing consistent comparison
across configurations with different memory limits.

To support the sustainability perspective, process-level energy and emission estimates
were obtained using CodeCarbon v3.0.4 (Mila, Montréal, QC, Canada). However, since
all experiments were conducted on the same physical machine, these estimates primarily
reflect local computational workload rather than infrastructure-level differences. In par-
ticular, CodeCarbon does not account for factors such as data center overhead, cooling
systems, or network transmission beyond the host machine. For this reason, energy and
emission values were interpreted as relative indicators of computational load and were
used as secondary metrics to complement the analysis, rather than as absolute measures of
sustainability differences between resource-constrained and resource-rich infrastructures.
In this context, resource utilization metrics can be interpreted as proxies for environmental
impact in controlled experimental settings, enabling comparative sustainability analysis
even in the absence of infrastructure-level measurements.

All models were evaluated on identical data streams generated through the Kafka-
based pipeline. The resource-constrained and resource-rich configurations differed only
in terms of allocated computational resources and simulated communication conditions.
This controlled setup enabled a consistent comparison of model behavior under different
deployment profiles while isolating system-level effects. To ensure statistical rigor and
evaluate the reproducibility of the streaming pipeline, all experimental runs were repeated
5 times under independent data streaming iterations. Operational metrics, including
End-to-End Latency, CPU utilization, and memory allocation, are therefore reported as
mean ± standard deviation across the five executions. Predictive metrics, namely accuracy
gain and Weighted F1-score, are deterministic for a fixed training/test partition and model
configuration and are therefore reported as single values. To determine the statistical signif-
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icance of the operational variations between the resource-rich and resource-constrained pro-
files, two-tailed Student’s t-tests were performed with a significance threshold of α = 0.05.
The statistical analysis confirmed that the computational and transmission discrepancies
between the two environmental profiles were highly significant (p < 0.01), validating that
the architectural constraints realistically differentiated the benchmarked paradigms.

4. Results
This section reports the experimental results obtained by applying the proposed

resource-aware evaluation method to different machine learning and deep learning models
under resource-constrained and resource-rich configurations. Predictive performance
and operational metrics are jointly analyzed to assess model behavior under varying
resource conditions.

Table 3 summarizes the results for Random Forest (RF), XGBoost (XGB), and Convolu-
tional Neural Network (CNN) models.

Table 3. Experimental results for RF, XGB, and CNN models under resource-constrained and resource-
rich configurations, jointly reporting predictive effectiveness and operational performance metrics.
Operational metrics are reported as mean ± standard deviation over 5 independent executions.

Model

Accuracy
Gain
(pp)

Weighted
F1-Score

End-to-End
Latency

(ms ± SD)

CPU
Utilization
(% ± SD)

Mem
Utilization
(% ± SD)

Resource-Constrained Configuration

RF +25.7 0.389 26.48± 1.15 0.17± 0.04 2.90± 0.11
XGB +23.8 0.327 19.75± 0.92 0.23± 0.05 2.38± 0.08
CNN +51.6 0.653 12.35± 0.65 0.08± 0.02 0.95± 0.04

Resource-Rich Configuration

RF +25.7 0.389 161.75± 28.45 0.45± 0.08 2.96± 0.12
XGB +23.8 0.327 162.53± 29.10 0.46± 0.08 2.41± 0.09
CNN +51.6 0.653 152.99± 31.25 0.14± 0.03 6.36± 0.22

From a predictive-performance perspective, the results highlight that model com-
plexity is the dominant factor influencing classification effectiveness. Classical machine
learning models achieve moderate performance, with RF and XGB reaching accuracy gains
of +25.7 and +23.8 percentage points over the random baseline, respectively. In contrast,
the CNN model achieves a substantially higher gain (+51.6), confirming its superior abil-
ity to capture complex patterns in vibration signals. Notably, these performance levels
remain consistent across resource configurations, indicating that predictive capability is
primarily model-driven rather than configuration-dependent. The Weighted F1-score
confirms the same trend observed through accuracy gain, with the CNN consistently
achieving higher predictive effectiveness than the machine learning models across both
resource configurations.

Regarding latency, the resource-constrained configuration consistently exhibits lower
end-to-end response times across all models. However, latency values associated with
the resource-rich configuration include predefined communication-delay assumptions
introduced to emulate remote inference conditions. As such, latency should be interpreted
as a system-level metric rather than a pure measure of model inference time. Therefore,
the latency differences observed between the resource-constrained and resource-rich con-
figurations should not be attributed solely to computational resource availability but rather
to the combined effects of resource allocation, communication latency, and pipeline-level
processing. Under this interpretation, the results suggest that communication overhead
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and pipeline-related factors play a critical role in shaping response time in streaming-
based deployments.

Resource utilization patterns further highlight the impact of resource allocation on sys-
tem behavior. CPU utilization patterns indicate that the resource-rich configuration exhibits
higher CPU usage for ML models compared to the resource-constrained setup, meaning
that the values represent the aggregate usage across the 10 allocated cores compared to the
single-core constraint. This suggests that increased resource availability may lead to more
intensive system-level activity, including communication, buffering, and orchestration
overhead, rather than a simple redistribution of computational load. The relatively low
CPU utilization values observed across all configurations are expected because utilization is
measured as an average over the complete streaming execution. Since inference operations
are lightweight and data are processed intermittently, Kafka consumers spend a significant
portion of the execution time waiting for incoming messages. Consequently, the reported
values should be interpreted as indicators of average system-level processor utilization
rather than peak computational demand during model inference.

A similar trend is observed for memory usage. Memory utilization, expressed as a
percentage of allocated container memory, remains relatively low across all configurations
but shows slightly higher values in the resource-rich setup. This suggests that increased
resource availability may introduce additional buffering or system-level overhead rather
than strictly model-driven memory consumption.

Process-level energy and emission estimates obtained through CodeCarbon do not
show significant differences between configurations. This outcome is expected, as all exper-
iments were conducted on the same physical machine. Therefore, these metrics primarily
reflect local computational workload and should be interpreted as relative indicators rather
than as evidence of infrastructure-level sustainability differences.

Overall, the results demonstrate that while predictive performance is largely deter-
mined by model characteristics, operational behavior is strongly influenced by resource
allocation and system-level factors. These findings validate the usefulness of the proposed
method in capturing the interaction between model complexity and deployment conditions
in streaming environments.

5. Discussion
The results highlight the importance of evaluating predictive maintenance models

from a system-level perspective, where predictive performance and operational behavior
are jointly considered under resource constraints.

From a predictive standpoint, the superior performance of the CNN model con-
firms the effectiveness of deep learning approaches in capturing complex temporal and
spectral patterns in vibration signals. However, the consistency of accuracy across resource-
constrained and resource-rich configurations indicates that predictive performance is
largely independent of resource availability, reinforcing the idea that model design remains
the primary driver of classification capability.

In contrast, operational metrics reveal a strong dependence on resource configuration.
The lower latency observed in the resource-constrained setup is primarily attributable to
the absence of communication overhead, rather than to differences in model inference
efficiency. This suggests that, in streaming scenarios, system-level factors such as data
transfer and pipeline design can dominate overall response time. Consequently, latency
should be interpreted as an emergent property of the entire system rather than a model-
specific characteristic.

CPU and memory utilization patterns provide further insight into the interaction
between model execution and resource allocation. The higher CPU utilization observed
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in the resource-rich configuration suggests that additional system-level overhead, such
as data transfer, buffering, and orchestration, contributes significantly to computational
activity. This indicates that increased resource availability does not necessarily lead to
more efficient execution but may instead introduce additional processing demands at the
system level. Interestingly, higher resource availability does not translate into lower CPU
utilization per core, highlighting the presence of non-negligible system-level overhead in
resource-rich configurations.

Energy and emission estimates, obtained through process-level monitoring, show
negligible differences between configurations. This is consistent with the experimental
setup, where all measurements were performed on a single physical machine. As a result,
these metrics should be interpreted as proxies for computational load rather than as direct
indicators of sustainability differences between deployment paradigms. Consequently,
they do not fully capture the overall environmental footprint of resource-constrained
and resource-rich deployments, which is also influenced by infrastructure-level factors
beyond the scope of the present study. This observation underscores the importance of
complementing process-level measurements with infrastructure-level analyses in future
work. Accordingly, the sustainability-related findings reported in this study should be
interpreted primarily as indicators of relative resource efficiency and computational work-
load rather than as direct assessments of the environmental sustainability of alternative
deployment configurations.

Overall, the findings demonstrate that increasing resource availability does not neces-
sarily lead to improved system efficiency. Instead, system-level overhead and communi-
cation dynamics can offset potential benefits, particularly in distributed or resource-rich
scenarios. This reinforces the relevance of the proposed resource-aware evaluation method,
which enables a structured analysis of performance–resource trade-offs beyond traditional
accuracy-focused assessments.

From a deployment perspective, it is important to contextualize the architectural
differences among the evaluated model families. The CNN model was deployed using the
TensorFlow Lite runtime in both the resource-constrained and resource-rich configurations.
No post-training quantization or precision reduction techniques were applied, and the
same model architecture and trained weights were maintained across all experiments.
This choice was made intentionally to isolate the impact of resource allocation on opera-
tional behavior without introducing additional variability due to model compression or
numerical precision changes. Conversely, Random Forest and XGBoost were deployed
in their standard implementations and operated on handcrafted statistical and spectral
features, whereas the CNN directly processed raw bi-axial vibration signals. Consequently,
the comparison should not be interpreted as a strict architectural benchmark but rather as
an illustrative evaluation of representative machine learning and deep learning paradigms
within the proposed resource-aware evaluation methodology.

A limitation of the present study is that the proposed evaluation framework was
validated using only the NASA IMS Bearing Dataset. Although this dataset is a widely rec-
ognized benchmark in predictive maintenance research, the use of a single dataset may limit
the generalizability of the reported findings. An additional limitation concerns the labeling
strategy adopted for the NASA IMS Bearing Dataset. The health-state categories used in
this work were derived from degradation stages reported in previous studies rather than
from expert annotations independently validated within the present investigation. Conse-
quently, labels such as “Imminent Failure” and “Stage 2 Failure” should be interpreted as
literature-derived degradation categories reflecting retrospective analyses of the dataset.
While this choice ensures consistency with previous benchmark studies, it also reflects the
broader limitations associated with post hoc labeling schemes commonly encountered in
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legacy predictive-maintenance datasets. Another limitation of the present study is that
the streaming environment is based on a controlled replay of historical data. As a result,
several operational characteristics of real industrial streaming systems, including data-rate
mismatches, backpressure effects, out-of-order messages, late arrivals, network unrelia-
bility, buffering overflows, and deadline misses, are not explicitly represented. Another
limitation of the present study is that deployment-specific hyper-parameter optimization
was not considered. The same optimized hyper-parameter configurations were maintained
across all resource profiles to ensure a controlled comparison of model behavior under
different resource conditions. While this design choice supports the methodological objec-
tive of isolating resource-related effects, future studies could investigate whether distinct
hyper-parameter configurations emerge as optimal under different resource constraints.

From a methodological perspective, the proposed approach provides a generalizable
framework for evaluating AI models in streaming environments. By explicitly modeling
resource constraints and combining predictive and operational metrics, the method en-
ables a more comprehensive understanding of model behavior under realistic deployment
conditions. Nevertheless, future validation on additional industrial datasets character-
ized by different operating conditions, fault types, and data distributions would further
strengthen the assessment of the framework’s applicability and the generalizability of the
reported findings.

Future work should extend this analysis to physically distributed environments, incor-
porate direct energy measurements, and explicitly separate model inference latency from
communication delay and pipeline overhead. This additional analysis would enable a more
detailed understanding of the contribution of individual system components to the overall
End-to-End Latency observed in streaming-based predictive maintenance systems. Future
work should also include recurrent architectures, such as LSTM and GRU, to assess how
their temporal modeling capabilities affect predictive performance, latency, memory usage,
and resource efficiency in streaming predictive maintenance scenarios. Such extensions
would further strengthen the applicability of the method to real-world industrial scenarios.

6. Conclusions
This work presented a resource-aware method for evaluating AI models in data

streaming systems for predictive maintenance, with the aim of analyzing the interaction
between predictive performance and system-level resource constraints.

The proposed approach integrates a streaming-based pipeline, configurable resource
profiles, and a joint set of predictive and operational metrics, enabling a structured as-
sessment of model behavior under resource-constrained and resource-rich configura-
tions. Unlike traditional evaluation approaches focused primarily on accuracy, the pro-
posed method provides a more comprehensive perspective by explicitly capturing perfor-
mance–resource trade-offs.

The experimental results highlight that predictive performance is largely driven by
model complexity, while operational behavior is significantly influenced by resource allo-
cation and system-level factors. In particular, latency emerges as a system-level property
affected by communication overhead and pipeline design, rather than as a purely model-
dependent metric. Similarly, resource utilization patterns demonstrate that increased
resource availability does not necessarily translate into improved efficiency, as workload
distribution and system overhead play a critical role.

These findings emphasize the importance of adopting resource-aware evaluation
strategies when designing AI-based predictive maintenance systems, especially in stream-
ing environments where computational constraints and real-time requirements must be
jointly considered.
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From a methodological perspective, the main contribution of this work lies in the
definition of a generalizable evaluation methodology that can be applied to different
models and deployment scenarios. By enabling controlled analysis under varying resource
conditions, the proposed method supports more informed design choices for sustainable
and efficient AI systems. The reported findings are valid within the context of the adopted
controlled resource emulation and should not be interpreted as direct evidence of behavior
in real distributed resource-constrained and resource-rich infrastructures.

Future work will focus on extending the evaluation to physically distributed environ-
ments, incorporating infrastructure-level energy measurements, and further analyzing the
contribution of individual system components (e.g., inference, communication, and buffer-
ing) to overall performance. Furthermore, future research could investigate the impact of
deployment-oriented optimization techniques, including quantization, pruning, and model
compression strategies, on both deep learning and traditional machine learning models
operating under resource-constrained conditions. Future research could also investigate
deployment-aware hyper-parameter optimization strategies to determine whether different
resource profiles require distinct model configurations to maximize the trade-off between
predictive effectiveness and operational efficiency. These extensions will enhance the appli-
cability of the method to real-world industrial settings and strengthen its role in supporting
resource-efficient and sustainable AI deployment strategies. Future work will also include
the validation of the proposed framework on additional predictive maintenance datasets to
further assess the generalizability of the reported findings.
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