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Abstract

The increasing demand for predictive maintenance in industrial environments requires
edge-intelligent solutions in which latency, energy consumption, memory footprint, and
data movement are strictly constrained. This paper presents a two-stage Edge AI architec-
ture for rolling-bearing prognostics, designed for heterogeneous embedded deployment
across two distinct processing levels: a smart programmable sensing unit for local low-
complexity signal preprocessing and a low-power embedded multiprocessor for higher-
level temporal prognostic reasoning. In the first stage, a tiny neural preprocessor pro-
cesses high-frequency vibration measurements directly at the sensing level and produces
a compact low-dimensional degradation representation, complemented by lightweight
health-related physical features. In the second stage, an embedded temporal reasoning
model analyzes sequences of these compressed representations to estimate bearing degra-
dation and remaining useful life. In addition to numerical remaining useful life regression,
the second stage includes diagnostic reasoning heads that produce maintenance-oriented
categories from a restricted vocabulary, enabling interpretable diagnostic summaries with-
out relying on cloud-based language models. The complete pipeline is designed for fully
edge-resident operation and exported in deployment-compatible formats, with the objec-
tive of supporting practical integration into heterogeneous industrial edge platforms. The
proposed framework is trained and evaluated on the PRONOSTIA bearing degradation
dataset and positioned against representative recurrent and hybrid prognostic baselines
from the literature. From the deployment viewpoint, the sensor-side stage requires 68.62 ms
inference time with 2.07 KiB RAM and 1.35 KiB flash/weights, whereas the edge temporal
stage runs in 49.2 ms with 90.68 MiB RAM and 67.71 MiB flash/weights. In terms of
prognostic performance, the proposed model achieves an average normalized RMSE of
0.1616 and an average normalized MAE of 0.1311 on three held-out bearings, while the
weakly supervised diagnostic heads reach accuracies of 0.9066 for degradation trend and
0.8872 for vibration evidence. Experimental results show that the proposed architecture
provides an effective trade-off between compact sensor-side processing, temporal prognos-
tic accuracy, monotonic degradation consistency, hardware deployability, and interpretable
maintenance-oriented outputs, supporting the feasibility of fully edge-based predictive
maintenance systems for rolling-bearing health monitoring.

Keywords: Generative Edge AI; Interpretable Edge AI; structured diagnostic reasoning;
Tiny ML; remaining useful life prediction; intelligent sensor processing unit; two-stage
neural architecture
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1. Introduction
Rolling-bearings are among the most critical components in rotating machinery. They

support rotating shafts, transmit mechanical loads, and operate under continuously varying
dynamic, thermal, and lubrication conditions. Their degradation can lead to increased
vibration, reduced efficiency, secondary damage to surrounding components, unplanned
downtime, and, in safety-critical systems, severe operational risks. For this reason, rolling-
bearing monitoring has become a central task in Prognostics and Health Management
(PHM), where the objective is not only to detect an already developed fault, but also to
estimate how much useful operating time remains before functional failure. Bearings are
especially relevant in this context because a large portion of rotating-machine failures is
associated with these components, and their failure may significantly reduce both machine
availability and operational safety [1,2].

Remaining Useful Life (RUL) estimation addresses this problem by predicting the
time-to-failure of a component from condition-monitoring data. In bearing applications,
RUL prediction is commonly based on vibration signals, temperature measurements,
or degradation features extracted from sensor streams. Unlike conventional fault diagnosis,
which assigns a discrete health state or fault class, RUL estimation provides a continuous
indicator of the degradation process. This makes it particularly useful for predictive
maintenance, since maintenance actions can be scheduled before catastrophic failure while
avoiding unnecessarily early replacement of still-usable components. Accurate prognostics
can therefore reduce unexpected failures, downtime, spare-part waste, maintenance costs,
and safety hazards [2–4].

The problem is challenging because bearing degradation trajectories are often non-
linear, noisy, and strongly dependent on operating conditions. Bearings operating under
different loads and rotational speeds may exhibit different degradation rates, vibration
signatures, and durations of the final degradation phase. Moreover, run-to-failure data are
usually scarce, since collecting complete degradation histories requires long and expensive
experiments or accelerated degradation tests. These characteristics make bearing RUL
estimation a difficult generalization problem: a model must learn degradation patterns
from a limited number of complete trajectories and transfer them to unseen bearings whose
evolution may differ from the training examples.

A further practical requirement is that RUL estimation should be deployable close
to the monitored machine. In many industrial settings, continuously transmitting raw
high-frequency vibration data to a remote cloud server is not ideal. It may introduce
latency, increase bandwidth usage, expose sensitive operational information, and create
dependence on network availability. These limitations become even more relevant at scale
when monitoring several machines simultaneously or when the system must react quickly
to rapidly evolving degradation. Edge computing helps to address these issues by shifting
computation closer to the data source [5], reducing communication overhead and enabling
faster local decision-making [6,7].

Edge-based RUL estimation imposes additional constraints on neural model design.
The model should be accurate, but also compact, computationally efficient, and compat-
ible with limited memory and processing resources. This motivates the development of
lightweight architectures that combine informative vibration features with small neural
components, rather than relying exclusively on large hyper-parametrized deep neural
networks. In this context, one goal is not only to maximize offline predictive accuracy,
but also to devise a model that can realistically be executed on embedded or edge hardware
for near-real-time condition monitoring.

This work proposes a compact two-stage RUL estimation framework for rolling-
bearing prognostics. The proposed model combines compact local vibration representations
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extracted from raw acceleration windows with handcrafted statistical features and predicts
normalized RUL using a robust regression objective. The design is intentionally lightweight,
with the aim of preserving predictive performance while reducing the computational
requirement associated with the deployment.

This paper is structured as follows. Section 2 reviews the existing literature on bear-
ing remaining useful life prediction, Edge AI-based predictive maintenance, and inter-
pretable prognostic models. Section 3 summarizes the contributions brought by this work.
Section 4 defines the problem addressed in this work and introduces the main require-
ments for a fully edge-resident two-stage solution. Section 5 describes the proposed ar-
chitecture, including the sensor-level preprocessing stage, the temporal RUL prediction
stage and the diagnostic output. Section 6 presents the experimental hardware setup.
Section 7 reports the experimental results, including RUL prediction accuracy, per-bearing
analysis, reasoning outputs, and deployment-oriented model export. Section 8 discusses the
main findings, limitations, and implications for heterogeneous edge deployment. Finally,
Section 9 concludes the paper and outlines possible future research directions.

2. Related Works
RUL prediction for rolling-bearings has been widely investigated using both feature-

engineering-based approaches and deep learning methods. Public run-to-failure datasets
such as PRONOSTIA/PHM2012 [1] and XJTU-SY [8] have played a central role in this
research area, since they provide vibration signals acquired under different operating
conditions and allow the evaluation of prognostic models on complete degradation tra-
jectories. Despite their widespread use, the comparison among different studies is not
straightforward, as the adopted train/test splits, RUL labeling strategies, preprocessing
pipelines, and evaluation protocols often differ substantially.

A first group of methods relies on manually designed degradation indicators or hand-
crafted features. These approaches typically extract statistical, time-domain, frequency-
domain, or time-frequency features from vibration signals and then use them to build health
indicators or similarity-based prognostic models. For example, Wang et al. [8] proposed a
hybrid prognostic framework for the XJTU-SY dataset, combining data-driven degradation
representation with model-based life estimation. Sun and Sun [9] used PRONOSTIA with
an instance-based learning strategy based on spectrogram features, principal component
analysis, data augmentation, and similarity evaluation. These works highlight the im-
portance of informative degradation features, especially when only a limited number of
run-to-failure trajectories is available. However, their performance depends strongly on
the quality of manually engineered representations and they are not specifically designed
for compact deployment on edge hardware.

A second line of research has focused on end-to-end or semi-end-to-end deep learning
models. Convolutional neural networks (CNNs) have been used to extract local degra-
dation patterns directly from raw vibration signals or transformed signal representations.
Wang et al. [10] proposed a deep separable CNN for machinery RUL prediction, reducing
the need for manual feature extraction. Other works transformed the raw vibration signal
into time-frequency representations before applying deep neural networks (DNNs). For in-
stance, Liu et al. [11] used short-time Fourier transform representations combined with
CNN, LSTM, and attention mechanisms. Similarly, approaches based on wavelet transforms
or empirical mode decomposition convert the original signal into richer representations
before feeding it to neural architectures [12,13]. These preprocessing strategies can im-
prove the ability of the model to capture non-stationary degradation patterns, but they
also increase computational complexity and may be less suitable for resource-constrained
edge devices.
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Recurrent neural networks (RNNs) and their variants have also been widely adopted
for bearing RUL estimation because degradation naturally evolves as a temporal process
captured by temporal data series. LSTM, GRU, BiLSTM, and BiGRU architectures are
commonly used to model temporal dependencies in vibration features or raw signal
windows. More recent works combine RNNs with attention mechanisms to emphasize
the most informative time steps in the degradation sequence. Xu et al. [14] proposed a
self-attention augmented CNN + GRU network, where a health indicator is first constructed
and then processed by a neural model. Yu et al. [15] combined CNN, GRU, multi-head
attention, and transfer learning to address limited-data and variable-load scenarios. These
methods improve temporal modeling and adaptability, but they often introduce multiple
processing stages and do not explicitly address the constraints of real-time edge inference.

Transformer-based and attention-based architectures have recently become prominent
in bearing prognostics. These models are designed to capture long-range dependencies
and dynamically assign different importance to different temporal regions or feature
channels. Lyu et al. [16] proposed a BiGRU–ASSA–iTransformer architecture that processes
raw vibration signals through a BiGRU with adaptive sparse self-attention and models
handcrafted feature sequences through an iTransformer branch. The model integrates deep
representations and handcrafted degradation features, showing the potential of hybrid
architectures for bearing RUL prediction. Other studies adopt Transformer or Transformer–
BiLSTM structures combined with signal decomposition techniques such as empirical mode
decomposition [13]. While these methods are powerful, they are generally designed and
evaluated as offline prognostic models, with limited discussion of model size, memory
footprint, inference latency, or deployability on embedded hardware.

The main difference with the present work is therefore not the use of hybrid repre-
sentations alone, but the deployment granularity of the hybrid architecture. While these
methods combine neural and handcrafted information within a single offline prognostic
model, the proposed framework explicitly partitions the computation across two embedded
processing levels: an ISPU-based sensing stage for local vibration compression and an
STM32MP2-class edge stage for temporal RUL prediction and structured diagnostic output.

Multi-branch architectures represent another important direction. These methods
process different signal representations in parallel, such as raw vibration sequences, hand-
crafted features, denoised signals, or time-frequency maps. Tran et al. [17], for example,
proposed a robust multi-branch DNN model that combines denoising, one-dimensional
features, two-dimensional representations, and sequence modeling. Multi-branch models
can capture complementary degradation information, but their complexity may become a
limitation when the target application requires lightweight inference close to the sensing
element. In practical industrial scenarios, especially when high-frequency vibration streams
must be processed continuously, computational cost and memory requirements are primary
aspects posing central design constraints.

Thus, although prior hybrid and multi-branch models demonstrate the benefit of
combining complementary signal representations, they do not address the same system-
level question considered here: how to distribute the prognostic pipeline between a pro-
grammable smart sensor and a low-power embedded edge processor.

Overall, the literature shows a clear trend toward increasingly complex preprocess-
ing pipelines and neural architectures. Many existing methods rely on time-frequency
image generation, empirical mode decomposition, autoencoder-based denoising, atten-
tion mechanisms, Transformer blocks, or multi-branch fusion networks. These strategies
can be effective for offline accuracy, but they rarely provide a deployable edge-oriented
analysis. In particular, most prior works do not explicitly evaluate whether the model can
be deployed on a resource-constrained device, nor do they report deployment-oriented
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aspects such as compactness, inference cost, memory usage, or suitability for local real-
time monitoring. Some works have started to investigate edge-oriented RUL estimation
architectures [18]; however, these solutions often remain based on a mixed edge–cloud
paradigm, where local controllers perform feature extraction while the actual degradation
modeling and RUL prediction are executed on remote cloud or supervisory platforms.

3. Contributions
The present work differs from the approaches reviewed in Section 2 by focusing on

a compact, interpretable, and edge-oriented RUL estimation pipeline for rolling-bearing
prognostics. Instead of relying on computationally intensive time-frequency images, cloud-
side inference, or large Transformer-based architectures, the proposed method adopts a
two-stage architecture in which a tiny sensor-level preprocessor extracts compact neural
and physical representations from raw vibration data, while an embedded temporal model
estimates the normalized RUL from sequences of these representations.

A first contribution of this work is the formulation of a compact two-stage prognostic
pipeline suitable for fully edge-resident operation. The first stage reduces the dimension-
ality of high-frequency vibration acquisitions by processing short raw-signal chunks and
generating a low-dimensional neural embedding together with lightweight physical health-
related descriptors. The second stage performs temporal RUL prediction from compact
representations and handcrafted vibration features, thereby limiting raw-data movement
beyond the sensing level.

A second contribution is the integration of maintenance-oriented interpretability
into the RUL estimation process. In addition to numerical RUL regression, the proposed
pipeline generates diagnostic outputs associated with degradation stage, degradation trend,
vibration evidence, confidence level, and suggested maintenance action. This restricted-
vocabulary formulation provides constrained and interpretable diagnostic categories, while
the final rule-based layer maps them into reproducible maintenance-oriented messages
without relying on unconstrained language generation, which would be unsuitable for
constrained embedded environments. These diagnostic outputs are trained and evalu-
ated using weak pseudo-labels derived from the available degradation trajectory and
vibration-feature trends. They are intended as auxiliary interpretability outputs and not as
independently validated fault-diagnosis labels.

A third contribution is the use of a robust and physically consistent training and
inference formulation. The main RUL regression branch is trained with a Huber objective,
which reduces the influence of large residuals in noisy degradation trajectories, while auxil-
iary structured-diagnostic heads are trained with weak pseudo-labels. During inference,
the predicted RUL sequence is refined through monotonic post-processing.

Finally, this work provides a deployment-oriented evaluation on heterogeneous edge
hardware. The first stage is designed for sensor-side execution on an ISPU-based smart
sensing device, whereas the second stage is mapped to an STM32MP2-class embedded
processor. This allows the proposed architecture to be evaluated not only in terms of pre-
diction accuracy, but also with respect to model compactness, memory footprint, inference
latency, data movement reduction, and compatibility with practical Edge AI platforms.

4. Problem Definition
This work aims to address the following question: is it feasible to deploy a two-stage Edge

AI architecture for rolling-bearing prognostics, in which a tiny model performs local preprocessing
at the smart sensor level while a second embedded model performs temporal RUL prediction and
diagnostic reasoning on an edge microprocessor?
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The target application is predictive maintenance of rolling-bearings using vibration
data. In this scenario, high-frequency sensor signals may generate a large amount of data,
making continuous transmission to a cloud server or to a high-performance computing
platform inefficient in terms of bandwidth, latency, energy consumption, and system au-
tonomy. Therefore, the objective is to design a fully edge-resident pipeline able to estimate
the remaining useful life of the bearing while also providing interpretable maintenance-
oriented outputs.

The requirements for a candidate solution are the following:

• Sensor-level preprocessing: the first stage shall be lightweight enough to run close to
the sensing element, for example on an STMicroelectronics Intelligent Sensor Process-
ing Unit (ISPU), which integrates a programmable processing core suitable for tiny
AI models.

• Compact data representation: the first stage shall reduce the dimensionality of the
high-frequency vibration signal by producing a compact neural embedding and a
small set of physical health-related features.

• Edge-side temporal prediction: the second stage shall process temporal sequences
of compact representations on an embedded edge processor, such as a low-power
STM32MP2-class platform, and estimate the normalized RUL of the bearing.

• Interpretable diagnostic output: in addition to numerical RUL prediction, the system
shall generate maintenance-oriented diagnostic outputs, such as degradation stage,
trend, vibration evidence, confidence level, and suggested maintenance action.

• Physics consistency: the predicted RUL trajectory shall be consistent with the physical
nature of run-to-failure experiments, where the remaining useful life is expected to
decrease over time.

• Deployability: the two stages shall be exportable as independent embedded models,
supporting integration into heterogeneous edge hardware.

• Competitive prediction accuracy: the proposed architecture shall maintain acceptable
RUL prediction performance compared with conventional one-stage models, despite
the constraints introduced by sensor-level compression.

Despite significant advances in deep-learning-based RUL prediction, many existing
approaches are not designed for deployment on constrained edge hardware, such as
the ISPU and STM32MP2 targets considered in this work. Server-oriented models often
process raw vibration windows directly and rely on relatively large neural architectures.
Although such models can achieve high prediction accuracy, they may require substantial
memory, computational resources, and data movement, which limits their applicability in
low-power industrial edge systems.

Furthermore, most prognostic models focus only on numerical RUL estimation. This
limits their practical usefulness in maintenance scenarios, where operators also require
an interpretable indication of the degradation stage and the recommended action. Fully
generative language models are not suitable for this task in constrained embedded environ-
ments, due to their computational cost and the risk of uncontrolled outputs. A restricted-
vocabulary diagnostic mechanism is therefore preferable for edge deployment.

Therefore, the problem addressed in this work is the design of a compact, interpretable,
physically consistent, and fully edge-resident RUL prediction pipeline for rolling-bearing
prognostics. The solution must support sensor-level preprocessing, embedded temporal
inference, structured maintenance-oriented diagnostic output, and heterogeneous hardware
deployment, while preserving competitive prediction performance under the constraints
imposed by Edge AI execution.
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5. Proposed Solution
The proposed solution for rolling-bearing RUL prediction is a two-stage edge-oriented

pipeline. It combines a compact sensor-level neural preprocessor, lightweight handcrafted
vibration features, temporal recurrent modeling, and monotonic post-processing of the
predicted RUL trajectory.

5.1. Architecture Overview

The proposed framework (Figure 1) is composed of two stages. Stage 1 processes each
raw vibration acquisition and extracts a compact representation containing learned neural
features and explicit physical descriptors. Stage 2 receives a temporal sequence of these
representations, together with handcrafted vibration features, and predicts the normalized
remaining useful life.

Figure 1. Overall two-stage edge-oriented RUL prediction pipeline.

5.2. Stage 1: Tiny Sensor-Level Preprocessor

Let xt ∈ RL×2 denote the two-channel vibration acquisition at time step t, where
L = 2560 in the PRONOSTIA acquisitions considered in this work. To make the sensor-level
processing compatible with a streaming edge implementation, the raw acquisition is not pro-
cessed as a single long input. Instead, it is divided into B shorter non-overlapping chunks:

xt = [xt,1, xt,2, . . . , xt,B], xt,b ∈ RLc×2,

where Lc = 128 is the chunk length and B = L/Lc = 20.
Each chunk is processed by the same tiny neural encoder:

zt,b = gθ1(xt,b), zt,b ∈ R8.

The encoder gθ1 is a compact one-dimensional convolutional network composed of
three Conv1D–ReLU–AveragePooling blocks followed by a small fully connected projection.
This design avoids expensive operations such as attention, layer normalization, or non-
linearities that are difficult to deploy on very small sensor-side targets.

The local chunk embeddings are then aggregated over the full acquisition to obtain a
compact neural representation:

et = A(zt,1, zt,2, . . . , zt,B), et ∈ R32,
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where A(·) denotes the aggregation module applied across the 20 chunk-level embeddings.
In the proposed implementation, the aggregation combines summary statistics of the local
embeddings in order to represent the full vibration acquisition while reusing the same
lightweight chunk encoder.

In parallel, Stage 1 computes lightweight physical descriptors from the raw vibration
signal. These include mean absolute value, standard deviation, RMS, peak value, peak-to-
peak value, crest factor, kurtosis, and energy, computed over the two vibration channels
and their magnitude. The physical descriptor vector is denoted as:

pt ∈ R24.

The final Stage 1 representation is obtained by concatenating the aggregated neural
embedding and the physical descriptor vector:

ut = [et, pt], ut ∈ R56.

This formulation preserves the role of Stage 1 as a compact sensor-level representation
module, while making the neural part suitable for streaming execution on short raw-signal
chunks. In particular, the chunk encoder takes an input of size 128 × 2 and produces an
8-dimensional local embedding, allowing the same encoder to be applied sequentially over
the 20 chunks of each acquisition.

Stage 1 is initialized through an auxiliary pretraining phase in which the represen-
tation is encouraged to reconstruct handcrafted vibration features and provide a coarse
RUL estimate:

Lpre = L f eat + βLauxRUL.

5.3. Handcrafted Feature Stream

In addition to the Stage 1 representation, the model uses a lightweight handcrafted
feature stream. For each vibration acquisition, a compact feature vector ht is extracted
from the vibration magnitude. The selected feature set includes time-domain and spectral
descriptors such as mean value, standard deviation, variance, RMS, peak value, peak-to-
peak value, skewness, kurtosis, crest factor, impulse factor, shape factor, margin factor,
and spectral entropy.

These features are normalized using statistics computed from the training bearings
and are passed to Stage 2 as a second temporal input.

5.4. Stage 2: Temporal RUL Prediction

Stage 2 processes temporal windows of consecutive acquisitions. In the selected
configuration, each input sequence contains 30 consecutive acquisition steps. The Stage 1
representations and handcrafted features are analyzed by two recurrent branches.

The first branch processes the Stage 1 representation:

{u1, u2, . . . , uT},

using a bidirectional GRU with two recurrent layers and hidden size 88. The second branch
processes the handcrafted feature sequence using a smaller bidirectional GRU-based feature
encoder. Temporal attention is applied to both branches in order to summarize the most
informative parts of the degradation trajectory.

The two temporal contexts are then combined through a learned gating mechanism:

c = gcraw + (1 − g)c f eat,
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where craw and c f eat are the contexts extracted from the Stage 1 and handcrafted-feature
branches, respectively.

The fused representation is passed to a regression head that predicts the normalized RUL:

ŷt = σ(at),

where at is the network output logit and σ(·) constrains the prediction to the interval [0, 1].

5.5. Training Objective

The selected model is trained using a multi-task objective composed of the main
normalized RUL regression loss and auxiliary structured-diagnostic losses. The primary
regression term is the Huber loss:

LRUL =
1
N

N

∑
i=1

Huberδ(ŷi, yi).

Let the prediction residual be:

ri = ŷi − yi.

The Huber loss is defined as:

Huberδ(ŷi, yi) =


1
2 r2

i , if |ri| ≤ δ,

δ
(
|ri| − 1

2 δ
)

, otherwise.

This loss behaves quadratically for small residuals and linearly for large residuals.
Therefore, it combines two useful properties: near the optimum it behaves similarly to
the mean squared error, encouraging precise regression, while for larger errors it reduces
the influence of outliers compared with a purely quadratic loss. This is particularly useful
in RUL prediction, where degradation trajectories may contain abrupt transitions, noisy
windows, or bearings whose failure evolution differs from the dominant training pattern.
The Huber loss was originally introduced in the context of robust estimation by Huber [19].

In addition to the RUL regression term, the diagnostic reasoning heads are trained
using cross-entropy losses computed on the weak pseudo-labels described in Section 5.7.
The total training objective is therefore:

L = LRUL + λR ∑
h∈H

L(h)
CE ,

where H denotes the set of auxiliary diagnostic heads and λR = 0.02 in the selected
configuration. These auxiliary losses are used only to encourage structured diagnostic
consistency and do not replace the main RUL regression objective.

No late-life reweighting is used and therefore, all training samples contribute uni-
formly to the regression objective. A bearing-balanced sampler is used during training to
reduce the dominance of bearings with a larger number of temporal windows.

5.6. Monotonic Post-Processing

Since PRONOSTIA consists of run-to-failure bearing experiments, the RUL is expected
to decrease over time. For this reason, the selected inference variant applies a monotonic
correction independently to each bearing after the raw RUL predictions are obtained:

ỹt = min(ŷt, ỹt−1).
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This post-processing step prevents physically inconsistent increases in the predicted
RUL trajectory while preserving the learned degradation trend. The correction is applied
independently to each bearing and only during inference. No exponential moving average
is used in the selected paper-ready model.

5.7. Diagnostic Output

The primary model output is the normalized RUL estimate. In addition, the model
includes lightweight reasoning heads associated with maintenance-oriented diagnostic
categories. These categories include life stage, degradation trend, vibration evidence,
confidence level, and suggested maintenance action.

The reasoning heads are trained using weak pseudo-labels derived from the nor-
malized RUL and vibration-feature trends. These pseudo-labels encode deterministic
assumptions linking the normalized RUL trajectory and vibration-feature evolution to a
small set of maintenance-oriented categories. They are therefore not equivalent to expert-
annotated diagnostic labels and should be interpreted as auxiliary structured explanations
rather than as independently validated diagnostic classes.

The final monotonic RUL trajectory can also be converted into fixed rule-based mes-
sages. This rule-based diagnostic layer maps the predicted RUL and its temporal trend into
reproducible maintenance-oriented templates. It avoids unconstrained language generation
and provides deterministic explanations linked to the predicted degradation stage.

5.8. Inference and Deployment

During inference, each vibration acquisition is first processed by Stage 1, which pro-
duces a compact neural–physical representation. Stage 2 then analyses a temporal sequence
of these representations and handcrafted features to estimate the RUL. Finally, the mono-
tonic post-processing step is applied to obtain the physically consistent RUL trajectory.

The resulting pipeline is suitable for Edge AI deployment. Stage 1 can operate close
to the sensing element to reduce the dimensionality of the raw vibration signal, while
Stage 2 can run on a more capable embedded multi-core processor responsible for temporal
degradation modeling and RUL estimation.

6. Hardware Deployment
The two-stage architecture is designed for heterogeneous edge deployment using two

STMicroelectronics platforms, as shown in Table 1. Stage 1 is intended to run on an ST smart
sensor embedding an Intelligent Sensor Processing Unit (ISPU; STMicroelectronics N.V.,
Geneva, Switzerland) [20]. The ISPU is an ultra-low-power programmable processing core
integrated in selected ST MEMS sensors (2.5 × 3.0 × 0.83 mm) and is designed to execute
signal-processing and AI algorithms closer to the sensing level. In the considered device,
the ISPU operates at 5 MHz, making it suitable for always-on, low-power preprocessing
tasks rather than computationally intensive deep neural inference.

The ISPU is built upon the STRED Cross Development Tools, including the GCC-
based C/C++ compiler version 8.3.1 (Cosmic Software, Chelmsford, MA, USA) [21],
a proprietary reduced-energy instruction-set micro-architecture developed by ST. This
architecture enables local execution of compact neural and signal-processing workloads
inside the sensor package, reducing the need to continuously transfer raw high-frequency
vibration streams to an external processor. For this reason, the Stage 1 model is deliberately
designed as a very small chunk-based encoder, operating on short two-channel vibration
segments and using only lightweight operations compatible with constrained sensor-
side execution.
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In the implemented system, this stage performs local vibration preprocessing and
extracts a compact neural embedding together with lightweight physical health indicators.
The resulting representation is then transmitted to the second processing level instead
of the original raw signal. This reduces data movement, limits bandwidth requirements
between the sensing unit and the edge processor, and supports a more energy-efficient
fully edge-resident prognostic pipeline.

Stage 2 is mapped to the STM32MP257F-EV1 evaluation platform (STMicroelectronics,
Geneva, Switzerland), based on the STM32MP257FAI3 microprocessor. The microprocessor
integrates a dual-core Arm Cortex-A35 processor operating at up to 1.5 GHz, a 3D GPU,
and a VeriSilicon neural processing unit (NPU) operating at up to 900 MHz. The evaluation
platform is equipped with 4 GB of off-chip DDR4 RAM and 32-Gbit eMMC v5.0 storage.
This platform represents the higher-level edge-processing node of the proposed architecture,
complementing the sensor-side ISPU stage with substantially larger memory and compute
resources for temporal prognostic inference.

In the proposed pipeline, the STM32MP257F-EV1 executes the Stage 2 temporal
RUL model, including the BiGRU-based sequence processing, temporal attention, RUL
regression head, and diagnostic reasoning outputs. Unlike Stage 1, which operates directly
on short raw vibration chunks, Stage 2 receives only compact temporal sequences generated
from the sensor-level preprocessing stage, together with the handcrafted feature stream.
This design reduces the amount of high-frequency raw data transferred beyond the sensing
layer and allows the STM32MP2 platform to focus on higher-level degradation modeling.

The resource-utilization analysis performed on the ST Edge AI Developer Cloud
indicates that the workload is mainly assigned to the platform acceleration resources,
with the NPU accounting for approximately 78.19% of the reported utilization and the
remaining 21.81% assigned to the GPU.

These results show that the second stage can be executed on an embedded MPU-
class edge device, enabling local RUL estimation and maintenance-oriented diagnostic
generation without requiring cloud-side inference.

Both stages are exported as independent deployable models. This separation allows
the first model to be integrated into the sensor-side processing flow, while the second model
can be executed on the embedded Linux environment of the STM32MP2. The resulting
architecture avoids cloud-side inference and supports local predictive maintenance with
reduced data movement, lower latency, and improved deployment flexibility.

Table 1. Hardware deployment summary of the proposed two-stage Edge AI pipeline.

Model Stage Target Hardware Inference Time RAM Flash Weights Parameters

Stage 1: Tiny Preprocessor LSM6DSO16IS @ 5MHz 68.62 ms 2.07 KiB 1.35 KiB 1.35 KiB 346

Stage 2: RUL and Reasoning Model STM32MP257F-EV1 @ 1.5GHz 49.2 ms 90.68 MiB 67.71 MiB 67.71 MiB 665,806

7. Experiments and Results
This section reports the experimental setup and quantitative results obtained with

the selected edge-oriented RUL prediction model. All RUL values are normalized in
the interval [0, 1]. The selected model is evaluated on a held-out PRONOSTIA test split
composed of three unseen bearings: Bearing1_5, Bearing2_5, and Bearing3_3. The evaluation
includes global window-weighted metrics, per-bearing metrics, life-stage-specific errors,
and auxiliary diagnostic reasoning outputs.
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7.1. Dataset

The experimental evaluation is conducted on the PRONOSTIA bearing degradation
dataset, also known as the IEEE PHM 2012 Data Challenge dataset. It contains run-to-
failure vibration measurements collected from rolling-bearings operating under accelerated
degradation conditions. The signals are acquired along two vibration axes and describe the
complete evolution of each bearing from healthy operation to failure (Figure 2). The dataset
includes three operating conditions, defined by different rotational speeds and radial loads.
For each condition, multiple bearings are available, allowing the evaluation of both within-
condition and cross-condition generalization. In this work, the vibration acquisitions are
divided into temporal windows and each window is associated with a normalized RUL
target. The dataset is particularly suitable for Edge AI prognostics because it combines
high-frequency sensor data, nonlinear degradation behavior, and strong variability among
different bearings.

Figure 2. Three examples (two from the training set and one from the test set) of raw vibration data
of the bearings on the two axes.

7.2. Experimental Setup

The final model is a compact two-stage architecture. Each input sample consists of
a two-channel vibration acquisition. Consecutive acquisitions are grouped into temporal
sequences of length:

T = 30.

A bearing-held-out split was used for the experiments reported in this paper. The test
set was composed of Bearing1_5, Bearing2_5, and Bearing3_3, with one held-out bearing
from each PRONOSTIA operating-condition family. The validation set was composed
of Bearing1_2, Bearing2_2, and Bearing3_2. The remaining bearings used for training
were Bearing1_1, Bearing1_3, Bearing1_4, Bearing1_6, Bearing1_7, Bearing2_1, Bearing2_3,
Bearing2_4, Bearing2_6, Bearing2_7, and Bearing3_1. Temporal windows were generated
with length T = 30 acquisitions and stride 10 acquisitions. For a bearing trajectory with Nb

acquisitions, the normalized RUL label associated with a window ending at acquisition
index i was defined as

yi =
Nb − 1 − i

Nb − 1
,
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so that the first acquisition has normalized RUL close to 1 and the final acquisition has
normalized RUL equal to 0. The label of each temporal window was therefore assigned
according to the last acquisition in the window.

The selected model uses a 32-dimensional neural embedding in Stage 1, concate-
nated with differentiable physical descriptors. A handcrafted feature stream composed of
13 vibration descriptors is also provided to the temporal prediction module. Stage 2 uses
recurrent temporal modeling and attention to predict the normalized RUL.

The RUL regression term is trained using the Huber loss with threshold:

δ = 0.040.

This relatively small threshold makes the objective more robust to large residuals,
since the loss enters its linear regime earlier.

The final inference variant applies direct monotonic post-processing to the predicted
RUL trajectory. Table 2 summarizes the selected model configuration.

Table 2. Selected model configuration used for the final PRONOSTIA evaluation.

Component Selected Setting

Architecture Two-stage compact tiny32 model
Stage 1 neural embedding 32 dimensions
Stage 1 neural–physical output 56 dimensions
Handcrafted feature stream 13 vibration features
Temporal sequence length 30 acquisitions
RUL regression loss Huber loss
Huber threshold δ 0.040
Auxiliary diagnostic weight λreason 0.020
Post-processing Monotonic correction
Test bearings Bearing1_5, Bearing2_5, Bearing3_3

The training workflow was kept fixed for all main experiments. Stage 1 was initialized
by auxiliary pretraining for eight epochs using AdamW with learning rate 10−3 and weight
decay 10−3. Stage 2 was trained using AdamW with learning rate 6 × 10−4, weight decay
8 × 10−3, cosine-annealing learning-rate scheduling with minimum learning rate 7 × 10−5,
and batch size 16. Training was run for at most 96 epochs, with early stopping based on
validation RMSE and a patience of 24 epochs. The checkpoint with the lowest validation
RMSE was selected for final test evaluation.

The configuration reported in Table 2 was selected through a validation-based grid
search over compact edge-oriented model variants. The grid search considered both
feature-level and architecture-level variants, including different combinations of Stage 1
neural chunk encoding, physical descriptors, handcrafted vibration features, temporal at-
tention, gated fusion, and auxiliary structured-diagnostic heads. The selected configuration
corresponds to the compact tiny32 two-stage model with Stage 1 neural and physical repre-
sentations, the handcrafted feature stream, temporal attention, gated fusion, and structured
diagnostic heads with λR = 0.020. This configuration was then used for the main results
reported in the paper, while the ablation study reports the effect of removing individual
components from the selected architecture.
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7.3. Evaluation Metrics

The RUL prediction performance is evaluated using root mean squared error (RMSE)
and mean absolute error (MAE):

RMSE =

√√√√ 1
N

N

∑
i=1

(ŷi − yi)2,

MAE =
1
N

N

∑
i=1

|ŷi − yi|.

7.4. RUL Prediction Results

Table 3 reports the RUL prediction error separately for each held-out bearing. This
bearing-level evaluation provides a detailed view of the prediction performance across the
different degradation trajectories.

Table 3. Per-bearing normalized RUL prediction results of the selected model.

Bearing Windows RMSE MAE Mean Error Median Absolute Error

Bearing1_5 244 0.1276 0.1036 0.0008 0.0947
Bearing2_5 229 0.2609 0.2115 −0.1989 0.2176
Bearing3_3 41 0.0963 0.0783 0.0473 0.0701

Average – 0.1616 0.1311 – –

The selected model achieves an average RMSE of 0.1616 and an average MAE of 0.1311
across the three held-out bearings.

7.5. Ablation Study

Table 4 reports the contribution of the main architectural and inference components
using the same bearing-average RMSE and MAE adopted for the main results. The se-
lected model achieves the lowest average RMSE, while the raw output without monotonic
post-processing obtains a slightly lower average MAE. This indicates a small trade-off
between numerical accuracy metrics and physical consistency. In particular, the monotonic
correction slightly improves the average RMSE from 0.1639 to 0.1616, while the average
MAE increases from 0.1274 to 0.1311. This behavior is possible because RMSE is more
sensitive to large errors, whereas MAE weights all absolute deviations linearly. Therefore,
enforcing monotonicity can reduce larger non-physical fluctuations while introducing small
corrections over several windows.

In the experiments, the raw RUL trajectories contained 226 monotonicity viola-
tions over 511 adjacent within-bearing prediction transitions. Thus, 44.2% of the within-
bearing temporal transitions showed a local increase in the predicted remaining useful
life. The causal correction ỹt = min(ŷt, ỹt−1) removed all these violations, reducing their
number to zero. Importantly, this correction uses only the current raw prediction and the
previous corrected output, and can therefore be applied during online inference without
access to future samples.

The component ablations show that removing the handcrafted feature stream causes
the largest degradation, confirming that the compact vibration descriptors provide im-
portant complementary information for temporal RUL prediction. Removing the chunk
encoder, physical descriptors, temporal attention, reasoning heads, or gated fusion also
increases the average error with respect to the selected configuration. Overall, these results
support the final combination described in this work.
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Table 4. Ablation study on the selected PRONOSTIA split composed of Bearing1_5, Bearing2_5,
and Bearing3_3. The reported RMSE and MAE values are averages across the three held-out bearings.
Lower values are better.

Setting Chunk Phys. Hand. Attn. Reason. Gating Mono. Avg. RMSE Avg. MAE

Selected model ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.1616 0.1311
No monotonic post-processing ✓ ✓ ✓ ✓ ✓ ✓ × 0.1639 0.1274
No handcrafted feature stream ✓ ✓ × ✓ ✓ × ✓ 0.2366 0.1897
No physical descriptors ✓ × ✓ ✓ ✓ ✓ ✓ 0.1761 0.1484
No temporal attention ✓ ✓ ✓ × ✓ ✓ ✓ 0.2040 0.1650
No reasoning heads ✓ ✓ ✓ ✓ × ✓ ✓ 0.1926 0.1597
No chunk encoder × ✓ ✓ ✓ ✓ ✓ ✓ 0.1909 0.1588
No gated fusion ✓ ✓ ✓ ✓ ✓ × ✓ 0.1874 0.1513

Chunk: Stage 1 neural chunk encoder; Phys.: physical descriptors; Hand.: handcrafted feature stream;
Attn.: temporal attention; Reason.: auxiliary diagnostic reasoning heads; Mono.: monotonic RUL post-processing.
Best values in each column are shown in bold.

7.6. Diagnostic Analysis

The selected model includes auxiliary reasoning heads. These heads provide
maintenance-oriented diagnostic outputs associated with life stage, degradation trend,
vibration evidence, confidence level, and suggested maintenance action.

To evaluate the model across the degradation trajectory, the test windows are grouped
into life-stage bins according to their normalized RUL. Table 5 reports the prediction error
for each life-stage bin.

Table 5. Normalized RUL prediction error grouped by life-stage bin.

Life-Stage Bin Windows RMSE MAE Mean Error

Healthy 97 0.1008 0.0787 −0.0708
Early 104 0.2637 0.1989 −0.1939
Intermediate 131 0.2442 0.2015 −0.1776
Advanced 103 0.1386 0.1233 −0.0186
Critical 79 0.1565 0.1204 0.1115

The life-stage evaluation shows the normalized error distribution across the full
degradation trajectory, from healthy operation to the critical end-of-life region.

Table 6 reports the classification metrics of the other four auxiliary heads.

Table 6. Performance of the auxiliary diagnostic reasoning heads using the weak pseudo-labels.

Reasoning Head Windows Accuracy

Degradation trend 514 0.9066
Vibration evidence 514 0.8872
Confidence level 514 0.7218
Maintenance hint 514 0.6148

The auxiliary reasoning heads provide diagnostic information alongside the RUL
estimate. The highest accuracy values are obtained for degradation trend and vibration
evidence. These values should not be interpreted as expert-level diagnostic accuracy, since
the reference categories are automatically derived from RUL and vibration-feature trends.

Figure 3 reports the confusion matrices obtained for the rule-based diagnostic rea-
soning outputs associated with the selected RUL trajectory. The matrices summarize five
diagnostic attributes: vibration evidence, confidence level, degradation trend, life stage,
and maintenance recommendation. For each attribute, rows indicate the pseudo-reference
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diagnostic category and columns indicate the predicted category generated by the deter-
ministic diagnostic layer. The values inside the cells represent the number of windows
assigned to each pseudo-reference–predicted category pair.

The matrices show that vibration evidence and degradation trend are mostly concen-
trated in the dominant low-to-moderate categories, with limited off-diagonal dispersion.
Life-stage errors mainly occur between adjacent stages, which is expected because these
categories are obtained by thresholding a continuous RUL trajectory. The maintenance-hint
matrix shows a conservative behavior, with most predictions assigned to no action, monitor-
ing, or maintenance planning rather than to urgent intervention. Overall, the matrices serve
as a consistency check of the deterministic diagnostic layer with respect to the rule-derived
pseudo-labels, rather than as validation against expert-annotated diagnostic ground truth.

Figure 3. Confusion matrices of the diagnostic analysis.
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7.7. Rule-Based Diagnostic Output

The final post-processed RUL trajectory is also converted into deterministic rule-based
diagnostic messages. These messages provide a maintenance-oriented description of the
predicted bearing state. Each output includes the estimated life stage, degradation trend,
vibration evidence, confidence level, and suggested maintenance action.

Table 7 reports representative examples of the generated rule-based diagnostic outputs.

Table 7. Examples of deterministic rule-based diagnostic outputs generated from the selected
RUL trajectory.

Bearing Window End True RUL Pred. RUL Abs. Error Diagnostic Output

Bearing2_5 349 0.8489 0.8483 0.0006 Healthy stage, moderate trend, low vibration evidence,
high confidence, no action.

Bearing1_5 1499 0.3911 0.3918 0.0006
Intermediate degradation stage, stable trend, increasing
vibration evidence, medium confidence,
maintenance planning.

Bearing3_3 299 0.3095 0.3138 0.0043 Advanced degradation stage, rapid trend, high vibration
evidence, medium confidence, maintenance planning.

8. Discussion
The experimental results of Section 7 show that the two-stage architecture provides

a compact and deployment-oriented solution for bearing RUL estimation. The main
objective of the proposed framework is not only to reduce the normalized RUL prediction
error, but also to obtain a model structure that can be executed across heterogeneous
edge-processing levels. In this sense, the results reported in Table 1 are central to the
interpretation of the proposed approach: Stage 1 is small enough to be analyzed on the
LSM6DSO16IS ISPU, while Stage 2 is exported and benchmarked on the STM32MP257F-
EV1 platform. This confirms that the architecture is not limited to an offline experimental
setting, but follows a concrete deployment path in which raw vibration processing is moved
close to the sensing element and temporal prognostic inference is performed on a more
capable embedded processor.

A further aspect concerns the relation between inference latency and the temporal
structure of the vibration data. In the PRONOSTIA acquisition setting, each vibration
record contains 2560 samples per axis acquired at 25.6 kHz, corresponding to 0.1 s of signal.
Since Stage 1 divides each acquisition into 20 non-overlapping chunks of 128 samples, each
chunk represents 5 ms of vibration data. The measured Stage 1 latency on the ISPU target
is 68.62 ms. If this latency is interpreted as the execution time of one chunk-level encoder
call, processing the 20 chunks of one complete acquisition requires approximately 1.37 s.
Therefore, the current sensor-side implementation should not be interpreted as supporting
uninterrupted hard real-time processing of a continuous 25.6 kHz vibration stream.

However, the PRONOSTIA protocol is based on short vibration records acquired at
discrete observation intervals rather than on continuous streaming acquisition. Under the
standard 10 s observation period, the 1.37 s required by Stage 1, combined with the 49.2 ms
latency of Stage 2, results in an end-to-end update latency of approximately 1.42 s. This
corresponds to about 14.2% of the 10 s acquisition period, leaving a substantial time
margin before the next vibration record is available. From this perspective, the proposed
deployment is compatible with real-time operation at the acquisition-cycle level, while
continuous sample-rate processing at the full vibration sampling frequency would require
further optimization of the sensor-side stage.

The per-bearing results in Table 3 show that the selected model achieves an average
normalized RMSE of 0.1616 and an average normalized MAE of 0.1311 across the three
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held-out bearings. The results are especially consistent on Bearing1_5 and Bearing3_3,
where the prediction error remains relatively limited and the mean error is close to zero.
This indicates that, for these two trajectories, the model is able to follow the degradation
evolution without introducing a strong systematic bias. Bearing2_5 is more challenging
and contributes most of the global error, as shown by its higher RMSE and negative mean
error. Nevertheless, this behavior is useful from an experimental point of view because it
highlights the difficulty of generalizing to unseen degradation trajectories in PRONOSTIA,
where different bearings can exhibit substantially different degradation rates and end-of-
life dynamics.

The final evaluation was conducted on three held-out PRONOSTIA bearings, selected
to include one unseen trajectory from each operating-condition family. This setting pro-
vides a compact bearing-held-out test case for assessing both prognostic performance and
edge deployability on complete run-to-failure trajectories. Although the results support
the feasibility of the proposed two-stage edge pipeline, further evaluation on additional
bearings and datasets would be useful to assess generalization under a wider range of
degradation behaviors.

The life-stage analysis in Table 5 provides a more detailed view of how the prediction
error is distributed along the degradation trajectory. The model obtains the lowest errors
in the healthy region, while larger errors are observed in the early and intermediate
degradation stages. This is coherent with the fact that these phases often correspond
to transitions in which the degradation process has started but its future evolution is
still uncertain. In contrast, the advanced and critical regions show lower errors than the
early and intermediate stages. This is an important result for predictive maintenance,
because the later degradation stages are the most relevant for maintenance planning and
failure avoidance. The monotonic post-processing also contributes to this behavior by
enforcing a physically consistent RUL trajectory during inference, preventing unrealistic
increases in the estimated remaining life.

The reasoning results in Table 6 show that the auxiliary diagnostic heads provide
structured categorical information alongside the numerical RUL estimate. These results
were obtained using weak pseudo-labels generated from normalized RUL thresholds and
vibration-feature trends, rather than from expert-annotated diagnostic labels. Therefore,
the reported accuracies should be interpreted as agreement with the pseudo-labeling
scheme, not as independently validated diagnostic correctness. This choice was necessary
because the PRONOSTIA protocol used in this work provides run-to-failure vibration
trajectories but does not include expert annotations for categories such as degradation
trend, vibration evidence, confidence level, or maintenance action. Moreover, the RUL
studies reviewed in Section 2 mainly report numerical prognostic performance and do
not provide directly comparable expert-validated diagnostic output benchmarks. For this
reason, the diagnostic layer should be considered an interpretable weakly supervised
decision-support mechanism, whose rules and outputs would require validation by domain
experts before use in real maintenance applications. The highest accuracies are obtained
for degradation trend and vibration evidence, suggesting that the model captures useful
information about the global direction of degradation and the vibration-related condition
of the bearing. Confidence level and maintenance hint are more difficult categories, which
is expected because they depend on higher-level interpretation of the RUL trajectory and on
thresholds that compress a continuous degradation process into a small number of discrete
maintenance-oriented labels. However, even in this case, the diagnostic layer provides a
structured and reproducible output, which is preferable to unconstrained text generation
in embedded predictive-maintenance applications.
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The confusion matrices in Figure 3 further clarify the behavior of the diagnostic layer.
For degradation trend and vibration evidence, most samples are concentrated around
dominant and physically plausible categories, indicating that the reasoning outputs are
stable rather than randomly distributed. The life-stage matrix shows that most errors
occur between neighboring degradation stages, such as early, intermediate, and advanced
degradation. This is an acceptable behavior for a rule-based or weakly supervised diag-
nostic representation, because the boundaries between consecutive degradation stages are
inherently gradual. Similarly, the maintenance-hint matrix shows that the model mainly
distributes predictions among adjacent maintenance actions, such as no action, moni-
toring, and maintenance planning, rather than producing inconsistent transitions across
distant categories.

Table 7 provides representative examples of the final deterministic diagnostic mes-
sages generated from the post-processed RUL trajectory. These examples illustrate the
intended role of the diagnostic layer: the output is not meant to replace the numerical RUL
estimate, but to translate it into a maintenance-oriented summary that can be interpreted
by an operator or by a higher-level monitoring system. The examples cover different
degradation conditions and show that the same pipeline can provide a normalized RUL
value, an absolute prediction error, a life-stage description, a degradation trend, vibration
evidence, confidence information, and an associated maintenance action. This supports
the use of the proposed architecture as a complete edge-oriented prognostic module rather
than as a pure regression model.

Overall, the results confirm the feasibility of the proposed asymmetric Edge AI ar-
chitecture. The main strength of the system is the combination of compact sensor-side
preprocessing, temporal RUL modeling, monotonic physical consistency, and structured
diagnostic output. The approach is particularly relevant for applications in which raw
vibration data cannot be continuously transmitted or processed by large cloud-based
models. Although the prediction accuracy is still affected by difficult bearing trajectories,
the proposed framework offers a practical trade-off between regression performance, in-
terpretability, and hardware feasibility. This trade-off is central to the goal of deploying
RUL estimation directly at the edge, where memory footprint, latency, data movement,
and model complexity must be considered together with predictive accuracy.

Comparison with Other Works

The results in Table 8 provide a contextual comparison with representative methods re-
ported in [16]. This comparison should be interpreted with caution, since the preprocessing
pipeline and deployment constraints are not necessarily equivalent across the compared
studies. Therefore, the objective of this comparison is not to claim a strictly controlled
ranking among methods, but rather to position the proposed approach with respect to
commonly used offline RUL predictors and more complex accuracy-oriented architectures.

Table 8. Comparison with selected literature methods on the three held-out test bearings considered
in this work. Literature results are reported from [16].

Method
Bearing1_5 Bearing2_5 Bearing3_3 Average

Model Characteristics Edge-Deployment Evidence
RMSE MAE RMSE MAE RMSE MAE RMSE MAE

LSTM 0.123 0.112 0.165 0.152 0.089 0.076 0.126 0.113 Recurrent temporal baseline. Not reported

BiGRU–Transformer–Attention 0.068 0.056 0.126 0.091 0.182 0.171 0.125 0.106 Hybrid recurrent-transformer
architecture with attention mechanisms. Not reported

BAIT-RUL 0.024 0.016 0.082 0.062 0.029 0.021 0.045 0.033
Accuracy-oriented model combining
BiGRU, ASSA, iTransformer,
and handcrafted feature extraction.

Not reported

This work 0.128 0.104 0.261 0.212 0.096 0.078 0.162 0.131
Compact hierarchical model with
ISPU-oriented local encoding and
MPU-level temporal inference.

Reported in Table 1

Best values in each column are shown in bold.
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The selected baselines cover three different levels of model complexity. The LSTM rep-
resents a standard recurrent temporal model. The BiGRU–Transformer–Attention method
introduces a more complex hybrid structure based on recurrent units, Transformer com-
ponents, and attention mechanisms. BAIT-RUL represents a stronger accuracy-oriented
reference, combining BiGRU, adaptive sparse self-attention, iTransformer, and handcrafted
feature extraction in a multi-module framework [16]. In particular, BAIT-RUL is explic-
itly designed to maximize prediction performance by integrating several complementary
temporal and feature-extraction mechanisms, whereas the present work follows a differ-
ent design objective, maintaining competitive RUL prediction while enabling a concrete
hierarchical edge-deployment path.

As shown in Table 8, the proposed model achieves prediction errors in the same order
of magnitude as the recurrent and hybrid attention-based baselines on the selected test bear-
ings. In particular, the proposed method provides competitive results on Bearing1_5 and
Bearing3_3, while Bearing2_5 remains the most challenging case. More complex methods,
especially BAIT-RUL, achieve lower RMSE and MAE values; however, these approaches
are primarily reported as offline prediction models and do not provide hardware-oriented
evidence such as sensor-level memory footprint, inference latency, or compatibility with
embedded deployment targets.

The main distinction of this work is therefore not only the predictive accuracy, but the
explicit deployment-oriented design. The proposed Stage 1 encoder is reformulated as an
ISPU-compatible chunk-based neural module operating on short raw vibration segments,
while the temporal Stage 2 model is converted and benchmarked on an STM32MP257F-
EV1 edge platform. This enables the RUL estimation pipeline to be evaluated not only in
terms of regression metrics, but also in terms of practical deployability, memory footprint,
and inference latency. Consequently, the proposed approach offers a trade-off between
predictive performance and hardware feasibility, targeting edge-oriented RUL estimation
rather than purely offline accuracy maximization.

9. Conclusions and Future Improvements
This work presented a compact two-stage Edge AI framework for rolling-bearing

RUL prediction. The proposed architecture separates the prognostic task into two com-
plementary processing levels: a tiny sensor-level preprocessing stage, designed to extract
compact vibration representations from short raw-signal chunks, and an embedded tempo-
ral inference stage, responsible for RUL estimation and structured maintenance-oriented
diagnostic output. This design enables high-frequency vibration data to be processed
close to the sensing unit while preserving the temporal modeling capability required for
degradation analysis.

The experimental results on the PRONOSTIA dataset show that the proposed model
provides a practical trade-off between predictive performance, physical consistency, inter-
pretability, and deployment feasibility. From the deployment viewpoint, the two stages
were exported and evaluated on their respective target edge platforms, with Stage 1 tar-
geting an ISPU-based smart sensing device and Stage 2 targeting an STM32MP2-class
embedded platform. These results indicate that the proposed pipeline is not only an offline
prognostic model, but a technically deployable edge-resident implementation path for
local bearing-health monitoring under the acquisition-cycle assumptions considered in
this work.

The monotonic post-processing improves the physical coherence of the predicted
RUL trajectory by preventing non-physical increases in the estimated remaining life. The
structured diagnostic outputs provide additional maintenance-oriented information about
degradation stage, trend, vibration evidence, confidence level, and maintenance recommen-
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dation. However, these diagnostic outputs are based on weak pseudo-labels derived from
RUL thresholds and vibration-feature trends, rather than on expert-annotated diagnostic
labels. Therefore, they should be interpreted as an interpretable decision-support layer and
not as independently validated diagnostic ground truth.

The main contribution of this work is therefore not limited to numerical RUL regres-
sion, but exists in the design, implementation, and deployment-oriented evaluation of a
compact edge prognostic pipeline. Unlike purely offline prognostic models, the proposed
solution explicitly considers compactness, data reduction, local inference, hardware com-
patibility, and interpretable maintenance support. This makes the approach suitable for
industrial scenarios in which raw vibration data cannot be continuously transmitted to
cloud infrastructure and where low-latency local decision support is required.

Future work will focus on improving the predictive accuracy and robustness of the
framework, especially on more challenging degradation trajectories, cross-condition gen-
eralization scenarios, and additional bearing datasets. Further work may also include
compression, quantization, and pruning of the temporal Stage 2 model to reduce its mem-
ory footprint and improve deployment efficiency. Although the proposed stages have
already been evaluated on the target edge hardware, broader experimental campaigns will
be required to assess long-term robustness across different machines, operating regimes,
sensors, and failure modes. Finally, the diagnostic layer should be refined and validated
with the support of domain experts, incorporating expert-approved maintenance rules and
uncertainty-aware confidence estimation before being used as an operational maintenance-
decision module.
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Abbreviations
The following abbreviations are used in this manuscript:

AI Artificial Intelligence
ASSA Adaptive Sparse Self-Attention
BiGRU Bidirectional Gated Recurrent Unit
BiLSTM Bidirectional Long Short-Term Memory
CNN Convolutional Neural Network
DNN Dense Neural Network
DSP Digital Signal Processor
GRU Gated Recurrent Unit
ISPU Intelligent Sensor Processing Unit
LSTM Long Short-Term Memory
MAE Mean Absolute Error
MEMS Micro-Electro-Mechanical Systems
MLP Multi-Layer Perceptron
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MPU Microprocessor Unit
ONNX Open Neural Network Exchange
PHM Prognostics and Health Management
ReLU Rectified Linear Unit
RMSE Root Mean Squared Error
RMS Root Mean Square
RUL Remaining Useful Life
STD Standard Deviation
Tiny ML Tiny Machine Learning
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