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Abstract   Industrial systems increasingly demand real-time fault detection without reliance on cloud infrastructure. This paper 

introduces TinyOL-ARLDA, an incremental on-device learning framework based on Regularized Linear Discriminant Analysis 

(LDA) for sound driven predictive maintenance. Unlike traditional offline models, TinyOL-ARLDA performs online adaptation of 

class means, class priors, and covariance estimates directly on microcontrollers, enabling continuous learning from streaming 

acoustic data. The proposed method extracts low dimensional spectral and temporal features including RMS energy, zero-crossing 

rate, and higher-order statistical descriptors from machine sound signals and updates the LDA parameters through exponential 

moving averages. This mechanism enables dynamic adaptation to evolving machine conditions without relying on cloud resources. 

Experimental evaluations conducted on real industrial sound datasets (MIMII) demonstrate that TinyOL-ARLDA achieves over 

94% classification accuracy while maintaining a memory footprint under 20 KB. Furthermore, a hardware implementation on an 

ESP32 confirms its feasibility for edge deployed acoustic fault detection. These results highlight the potential of TinyOL-ARLDA as 

a lightweight, interpretable, and energy efficient solution for real-time predictive maintenance in industrial and IoT environments. 

Keywords Tiny Machine Learning (TinyML), Online Learning (OL); Linear Discriminant Analysis (LDA), Predictive Maintenance 

(PdM), Acoustic Fault Detection, Edge AI, Incremental Learning, Industrial IoT (IIoT), Sound-Based Condition Monitoring, Embedded 

Systems. 

I. INTRODUCTION 

Predictive maintenance (PdM) has become a cornerstone of Industry 4.0, aiming to anticipate equipment failures through 

continuous condition monitoring in order to reduce downtime, maintenance costs, and operational risks. By leveraging data-

driven techniques, PdM enables early fault detection and improves system reliability in industrial environments [1]. Recent 

surveys and industrial roadmaps emphasize predictive maintenance as a key enabler for intelligent manufacturing systems, 

particularly when combined with advanced sensing technologies and machine learning[2]. 

 

Most existing predictive-maintenance solutions rely on cloud based architectures and offline trained machine-learning 

models. Although these approaches can achieve high diagnostic accuracy, they introduce several limitations, including 

communication latency, dependency on network connectivity, increased energy consumption, and potential data-privacy 

concerns [3]. These constraints are especially critical in industrial and robotic environments where real-time decision making 

and autonomous operation are required. As a result, there is a growing interest in deploying intelligent predictive maintenance 

systems directly at the edge, close to the data source. 

Recent advances in Tiny Machine Learning (TinyML) have shown that real-time inference can be achieved on resource 

constrained microcontrollers with only a few kilobytes of memory [4],[5]. TinyML enables low-latency and energy-efficient 

processing, making it particularly attractive for embedded monitoring applications. However, most TinyML solutions remain 

limited to inference-only pipelines, where models are trained offline and deployed without the ability to adapt to evolving 

operating conditions. In real industrial environments, machines exhibit non-stationary behavior due to wear, aging, load 

variations, and environmental noise, which progressively degrades the performance of static models [6]. 

Acoustic sensing has emerged as a promising and cost-effective alternative for predictive maintenance, as sound signals 

contain rich information about mechanical conditions such as imbalance, friction, misalignment, and bearing degradation. 

Compared to vibration sensors, microphones are non-intrusive, inexpensive, and easy to deploy. Several studies have 

demonstrated the effectiveness of sound-based anomaly detection for industrial machinery [7], [8]. In particular, the MIMII 

dataset introduced by [7] has become a widely used benchmark for evaluating sound-based fault detection algorithms in realistic 

industrial scenarios. 

Deep learning approaches, including convolutional neural networks and auto encoders, have achieved strong performance 

for sound based predictive maintenance [9], [10]. Nevertheless, such models typically require substantial computational 

resources, large labeled datasets, and significant memory capacity, which limit their deployment on low-power embedded 

devices. This highlights the need for lightweight, interpretable, and adaptive algorithms capable of operating directly on 

microcontrollers while maintaining reliable diagnostic performance. 
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Among classical statistical methods, Linear Discriminant Analysis (LDA) remains an attractive candidate for embedded 

learning due to its simplicity, low computational complexity, and interpretability [11]. However, conventional LDA assumes 

batch training and stationary data distributions, making it unsuitable for streaming and non-stationary industrial environments. 

To overcome these limitations, recent research has investigated incremental and online variants of LDA that update model 

parameters continuously as new data arrive [12]. Despite their theoretical advantages, most existing approaches are not 

specifically optimized for real-time deployment on resource-constrained embedded platforms. 

To address these challenges, this paper proposes TinyOL-ARLDA, an online and on-device learning framework based on 

Adaptive Regularized Linear Discriminant Analysis (ARLDA). The proposed method incrementally updates class means, prior 

probabilities, and covariance estimates using exponential moving averages, while an adaptive regularization strategy ensures 

numerical stability under limited data and non-stationary conditions. Unlike inference-only TinyML systems, TinyOL-ARLDA 

enables continuous learning directly on the device without cloud connectivity, making it well suited for real-time embedded 

predictive-maintenance applications. 

The main contributions of this paper are summarized as follows: 

• An online and on-device formulation of Regularized LDA tailored for resource-constrained embedded systems. 

• An adaptive regularization and incremental-update mechanism that balances stability and plasticity in streaming 

environments. 

• A lightweight acoustic feature-extraction and classification pipeline optimized for real-time operation. 

• An extensive experimental evaluation on industrial sound datasets and a real-time implementation on an ESP32 

microcontroller. 

The remainder of this paper is organized as follows. Section II reviews related work on sound-based predictive maintenance, 

TinyML, and online learning. Section III presents the proposed TinyOL-ARLDA methodology. Section IV describes the 

experimental setup and results, including embedded deployment. Finally, Section V concludes the paper and outlines future 

research directions. 

II. RELATED WORK 

A. Sound-Based Predictive Maintenance 

Sound and vibration analysis have long been used for condition monitoring of rotating machinery. Traditional vibration 

sensors provide precise information but are often expensive and require mechanical integration. In contrast, acoustic sensing 

offers a low-cost, non-intrusive, and easily deployable alternative. As noted by Koizumi et al.[7], the MIMII dataset introduced 

a standard benchmark for anomaly detection in industrial machines, enabling the development and comparison of models 

trained on sounds from fans, pumps, valves, and sliders. 

Early approaches relied on classical signal processing  [13] combined with statistical models such as Gaussian Mixture 

Models (GMMs) or Support Vector Machines (SVMs) [14]. For example, Yamamoto et al. [8] applied frequency-domain 

feature extraction followed by SVM classification for pump fault detection. However, these models require periodic retraining 

and do not adapt to changing machine conditions. 

Recent studies have explored deep learning for sound-based predictive maintenance. Convolutional Neural Networks 

(CNNs), Autoencoders, Recurrent networks such as LSTMs [15], and Convolutional Recurrent Networks (CRNNs) have been 

used to detect faults in noisy environments [9], [10].While such methods achieve high accuracy, they are computationally 

expensive and unsuitable for low-power embedded systems. As emphasized by Koizumi et al. [7], a major challenge remains 

the deployment of real-time adaptive models capable of learning directly from streaming acoustic data on the device itself. 

B. Tiny Machine Learning (TinyML) and Edge AI 

Tiny Machine Learning (TinyML) bridges the gap between cloud AI and embedded computing by enabling ML inference 

directly on microcontrollers and edge nodes with severe resource constraints. Recent advances in hardware such as ARM 

Cortex-M4F and M7 processors and software frameworks such as TensorFlow Lite for Microcontrollers, Edge Impulse, and 

TinyML Foundation benchmarks have made it possible to deploy compact deep models for inference with memory footprints 

below 200 KB [4], [5]. 

Despite these advances, most TinyML research focuses on inference-only pipelines, where models are trained offline and 

deployed statically on embedded devices. Banbury et al. [4] and Warden and Situnayake [5] highlight that the absence of online 

learning and adaptation capabilities remains one of the main barriers to widespread industrial adoption of TinyML [16] . In 

industrial environments, data distributions often drift over time due to wear, temperature variations, and background noise, 

making static models unreliable in long-term deployments. 

To address this limitation, several lightweight on-device adaptation mechanisms have been proposed. Examples include 

incremental Tiny Online Learning (TinyOL), where model parameters are updated continuously using local data streams [6], 

and Tiny Continual Learning approaches that rely on prototype updates or limited memory replay to preserve class separation 
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over time . However, most of these methods are based on linear regression or simple neural network architectures and do not 

offer the interpretability, numerical stability, and efficiency of discriminant-analysis-based models. 

C.  Online and Incremental Learning Algorithms 

Incremental learning algorithms aim to update models continuously as new data arrive, without storing the entire dataset. 

Classical algorithms such as Stochastic Gradient Descent (SGD), Recursive Least Squares (RLS), K-Nearest Neighbors (KNN) 

[25], and Incremental Principal Component Analysis (IPCA) are widely studied for streaming data processing [18]. 

Within this context, Linear Discriminant Analysis (LDA) remains an attractive model due to its closed-form decision 

boundaries, low computational cost, and interpretable parameters. Several studies have proposed online or incremental variants 

of LDA, including the Online Fisher Discriminant Analysis (OFDA) [19] and Regularized LDA (RLDA) for non-stationary 

data streams [20]. However, most of these implementations assume desktop level computational capabilities and are not 

optimized for microcontroller deployment. 

The key challenge lies in balancing adaptation speed and stability. If the model adapts too quickly, it risks forgetting past 

knowledge; if too slowly, it cannot track new patterns. Recent works on online discriminant models (e.g., Cevikalp et al., 2023 

[21]) suggest that combining EMA-based parameter updates with regularized diagonal covariance estimation yields robust 

performance under concept drift [22], a principle adopted and optimized in the proposed TinyOL-ARLDA framework. 

III. METHODOLOGY 

A. Overview of the Proposed Framework 

• TinyOL-ARLDA  algorithm 

The proposed TinyOL-ARLDA framework aims to perform sound-based predictive maintenance directly on resource-

constrained embedded devices. The core idea is to adapt the Linear Discriminant Analysis (LDA) classifier to operate in an 

online and incremental fashion, updating its statistical parameters as new data arrive from streaming audio signals. 

Unlike conventional batch LDA, which requires all training data in advance [23], TinyOL-ARLDA learns incrementally 

making it suitable for edge applications where only small amounts of data are available at any given time and storage capacity 

is limited. 

The overall workflow (illustrated in Fig. 1) consists of four main stages: 

1. Signal Acquisition: Continuous sound data are captured via a MEMS microphone at a sampling rate of 16 kHz. 

2. Feature Extraction: Each 1 second audio segment is converted into a compact feature vector containing low level 

descriptors such as MFCCs, spectral centroid, bandwidth, spectral flux, and RMS energy. 

3. Incremental Classification: Using TinyOL-ARLDA, the system updates its model parameters (class means, priors, 

and covariance) through exponential moving averages (EMA). 

4. Decision and Adaptation: The current sound is classified as normal or abnormal. 
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Fig. 1. Overview of the PDM-based TinyOL-ARLDA processing pipeline 

This structure allows the system to continuously adapt to new acoustic environments and machine conditions while remaining 

interpretable, energy-efficient, and robust to noise. 

• Operating Modes of TinyOL-ARLDA 

The TinyOL-ARLDA algorithm operates in two mutually exclusive modes: Learning Mode (supervised calibration) and 

Prediction Mode (autonomous inference). A human operator can easily switch between these two modes through a simple 

interface or command signal. This dual-mode design ensures both adaptability and autonomy when deployed on embedded 

devices such as ESP32 or Arduino boards. 

• Learning Mode (Supervised Training Phase) 

In this mode, the goal is to allow the model to learn from labeled acoustic data provided by the operator. During machine 

calibration or maintenance, the operator activates the Learning Mode and provides the correct status for each sound segment, 

identifying it as Normal or Abnormal. 

Each new labeled audio sample is then used to refine the model’s internal parameters, such as class means, covariance matrices, 

and prior probabilities. These updates are performed incrementally, which enables the model to adapt continuously without 

requiring full retraining. 

This mode is particularly useful during the initial installation of the system or after mechanical adjustments, when the acoustic 

characteristics of the machine may change. Once the learning session is complete, the updated model parameters are saved in 

non-volatile memory to ensure they are retained for future operation. 

TinyOL-ARLDA 

Sound Stream 

Mode (Learning 

or prediction) 

 

Normal or 

abnormal 

ARLDA 

Prediction 

LDA 

Auto-regularization 

Feature Extraction 
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Overall, the Learning Mode strengthens the model’s accuracy and robustness through direct operator supervision, establishing 
a reliable baseline for the subsequent autonomous phase. 

• Prediction Mode (Autonomous Inference Phase) 

After the calibration phase, the operator deactivates the learning mode, switching the system to Prediction Mode. In this 

configuration, TinyOL-ARLDA performs automatic classification of incoming acoustic signals in real time. The algorithm 

continuously analyzes sound frames and determines whether the machine’s condition is Normal or Abnormal. 

Because the model parameters were previously optimized during supervised learning, prediction mode operates efficiently with 

very low computational cost. Each new sound frame is processed in milliseconds, enabling continuous on-device fault detection. 

If the system encounters a signal for which its confidence is low, it can optionally store this data for later review or retraining. 

The Prediction Mode therefore represents the autonomous state of the system, requiring no human input while maintaining fast, 

low-power, and real-time decision making. It is particularly well suited for edge devices that monitor industrial machines or 

robots continuously. 

The transition between modes is straightforward: when the operator sets the control flag or switch to Learning ON, the system 

enters Learning Mode and expects labeled inputs (Normal or Abnormal). When the flag is set to Learning OFF, the system 

automatically switches to Prediction Mode, where it classifies new sound inputs without any external supervision. 

This simple two-state logic allows flexible use in both training and operational phases, ensuring smooth deployment in real 

industrial environments. 

B. Linear Discriminant Analysis (LDA)  

LDA is a classical statistical method that finds a linear projection maximizing the separation between different classes while 

minimizing the within-class variance. 𝑔ₖ(ݔ)  = − ₖߤ¹⁻ߑᵀݔ  + ₖߤ¹⁻ߑₖᵀߤ½   (ₖߨ)݈݊ 

Where: 

• μk  is the mean vector of class k, 

• Σ is the shared covariance matrix, 

• πk is the prior probability of class k. 

The predicted class is given by: ŷ =  (ݔ)ₖ 𝑔ₖݔܽ݉ 𝑔ݎܽ 

In standard LDA, these parameters are computed once from the full training set. In TinyOL-ARLDA, they are updated 

continuously as new samples are observed. 

C. Incremental Update Mechanism 

TinyOL-ARLDA introduces an online learning mechanism using Exponential Moving Averages (EMA) to update the model 

parameters without storing past data. 

For each new input xt belonging to class ݕt , the parameters are updated as follows: μkt =  (1 −  β)μkt−1 +  β xt 
 πkt =  (1 −  β)πkt−1 +  β 

 Σt =  (1 −  β)Σt−1 +  β (xt − μk)(xt −  μk)T 

 

Where ߚ is the learning rate controlling the adaptation speed. To ensure stability under noise and small data fluctuations, 

TinyOL-ARLDA applies a regularization term (λ) to the covariance estimate: 
 Σt =  (1 −  λ)Σt +  λ diag(Σt) 

This Regularized Online LDA (RLDA) formulation prevents singularities and allows real-time adaptation even with small 

sample windows. 
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D. Model Adaptation and Decision Rule 

TinyOL-ARLDA employs a confidence based adaptation mechanism to decide whether to update its parameters with a new 

sample. For each prediction, the model computes the margin between the top two discriminant scores: 

Δg = gk1(x) - gk2(x) 

If Δg > θ, where θ is a confidence threshold, the model considers the predicted label ŷ sufficiently reliable to serve as a 

pseudo label for parameter update. This high confidence filtering ensures that incremental updates are performed only on 

samples for which the current decision boundary assigns a clear class membership, thereby reducing the risk of learning from 

mislabeled or noisy observations a critical requirement in unsupervised streaming scenarios where no ground-truth labels are 

available at inference time. 

Conversely, samples falling within the low confidence region (Δg ≤ θ) are classified but excluded from the update step. 
This selective mechanism effectively balances plasticity (adaptation to new acoustic patterns) and stability (retention of prior 

knowledge), which is critical for lifelong learning on resource constrained edge devices. 

Confidence Threshold Sensitivity and Confirmation Bias Mitigation. The confidence based pseudo labeling mechanism 

introduces a theoretical risk of confirmation bias: if the model makes a high confidence incorrect prediction (Δg > θ with ŷ ≠ 
ytrue), the erroneous label is used to update parameters, potentially reinforcing the decision boundary in the wrong direction. To 

quantify this risk, we conducted a sensitivity analysis on θ over the range [0.1, 0.8] on the MIMII fan dataset. 

Results show that for θ < 0.2, the model updates too frequently on uncertain samples, leading to increased instability 
(accuracy drops to ~88%). For θ > 0.6, the update rate falls below 15% of frames, slowing adaptation and reducing resilience 
to drift. The empirically selected value θ = 0.3 yields the best trade-off, with an estimated pseudo-label error rate below 3.1% 

across all streaming sessions. 

Additionally, the EMA forgetting factor β = 0.1 provides a natural safeguard: even if a few erroneous updates occur, their 
influence decays exponentially over subsequent correct high confidence frames. This bounded memory effect limits the 

propagation of confirmation bias over time, a property formally analogous to the stability-plasticity dilemma studied in 

continual learning [22]. 

E. Algorithm TinyOL-ARLDA 

 

Input: xₜ (feature vector), β (learning rate), λ (regularization), θ (confidence threshold) 

Initialize: 

• μₖ ← initial class mean estimates, for each class k 

• Σ ← initial shared covariance estimate 

• nₖ ← 1/K for each class k 

• πₖ ← nₖ / Σⱼ nⱼ = 1/K    (uniform priors) 

Loop for each new sample xₜ : 

• For each class k :  

Compute discriminant score : gₖ = xₜᵀ Σ⁻¹ μₖ − ½ μₖᵀ Σ⁻¹ μₖ + ln(πₖ) 

• Predict class : ŷ = argmaxₖ gₖ 
• Compute confidence margin :     Δg = gmax − gsecond 

• If Δg > θ :     # Step 1: Save old mean before any update      

• μₖᵒˡᵈ ← μᵩ     # Step 2: Update class mean (class ŷ only) 
• μᵩ ← (1 − β) μᵩ + β xₜ     # Step 3: Update shared covariance (using old mean)      

• Σ ← (1 − β) Σ + β (xₜ − μₖᵒˡᵈ)(xₜ − μₖᵒˡᵈ)ᵀ     # Step 4: Apply diagonal regularization      

• Σ ← (1 − λ) Σ + λ diag(Σ)     # Step 5: Update class frequency counter (class ŷ only)      
• nᵩ ← (1 − β) nᵩ + β     For j ≠ ŷ :   nⱼ ← (1 − β) nⱼ     # Step 6 Renormalize priors      

• πₖ ← nₖ / Σⱼ nⱼ     (for all k, ensures Σₖ πₖ = 1) 
• Output prediction ŷ 

End Loop 
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The regularization coefficient λ is not fixed but dynamically adjusted at each time step based on the estimated reliability 
of the current covariance matrix. Specifically, λt is computed as a function of the condition number κ(Σt) of the 

covariance matrix: 

λt = λmin + (λmax − λmin) · σ(α · (κ(Σt) − κref)) 

Where σ(·) is the sigmoid function, κref is a reference condition number (empirically set to 50), α controls the sensitivity 
of the adaptation, and λmin = 0.001, λmax = 0.1 are the bounds. When the covariance matrix is well-conditioned (small κ), 
λt approaches λmin, allowing the model to rely on the full covariance structure. When κ(Σt) grows (ill-conditioned matrix, 

e.g., due to few samples or high noise), λt automatically increases toward λmax, pushing Σ toward its diagonal 
approximation and restoring numerical stability. This closed-form adaptive rule requires only a single eigenvalue ratio 

computation per step and adds negligible overhead (~0.3 ms on ESP32), making it fully compatible with real-time 

embedded operation. 

F. System Architecture on Embedded Devices 

The on-device implementation was carried out on the ESP32 microcontroller, chosen for its dual-core Tensilica LX6 

architecture and integrated I2S interface suitable for real-time acoustic acquisition. The embedded system consists of the 

following functional modules: 

1. Audio Capture Layer: Uses a I2S microphone at 16 kHz sampling rate. 

2. Signal Processing Layer: Applies a Hamming window, FFT, and feature extraction routines. 

3. TinyOL-ARLDA Core: Performs incremental updates and classification in fixed-point arithmetic. 

4. Output Interface: Displays real-time class prediction and anomaly score through serial output or onboard LEDs. 

 

Memory usage was continuously monitored to ensure that the total footprint including model parameters, audio buffers, and 

processing structures remained below 25 KB, making the system compatible with microcontrollers offering ≤256 KB of SRAM. 
The average update time per sample was kept below 20 ms, demonstrating the feasibility of deploying the proposed system 

for real-time acoustic condition monitoring on embedded edge devices. 

IV. EXPERIMENTAL SETUP AND RESULTS 

This section presents a detailed evaluation of the proposed TinyOL-ARLDA framework, benchmarked against several 

lightweight and classical sound based classification algorithms. The algorithm’s incremental adaptation, regularized covariance 
update, and confidence-based online learning were tested under consistent conditions and validated using both statistical 

performance metrics and streaming scenarios. Experiments were conducted on both desktop simulation and embedded real time 

deployment on an ESP32 microcontroller. 

A. Datasets 

To evaluate the performance of the proposed TinyOL-ARLDA framework, experiments were conducted using both publicly 

available and custom-collected acoustic datasets. 

 

1. MIMII Dataset[24]: 

The Malfunctioning Industrial Machine Investigation and Inspection (MIMII) dataset is a publicly available benchmark 

designed for industrial anomaly detection using acoustic signals. It comprises sound recordings of four machine categories fans, 

pumps, valves, and sliders captured in a factory environment at a sampling rate of 16 kHz using stationary microphones. 

For the purpose of this study, only the fan subset (machine id_00) was employed, as it closely resembles the operating 

characteristics of small rotating motors used in embedded predictive-maintenance systems. This subset includes several minutes 

of normal operation and multiple representative fault types such as contamination, imbalance, and mechanical wear. 

 

2. Custom Motor Sound Dataset: 

To assess on-device performance and adaptability, a supplementary dataset was constructed using ESP32 development boards 

equipped with integrated MEMS microphones. The dataset comprises acoustic recordings of DC and stepper motors under a 

variety of mechanical conditions, including balanced states, unbalanced rotor configurations, friction-induced degradation, and 

variations in load. 

All audio signals were sampled at 16 kHz, normalized, and segmented into 1-second frames prior to feature extraction. The 

resulting dataset contains approximately 1,200 recordings, evenly distributed between normal and faulty states. 

For each frame, a 12 dimensional feature vector was computed, including MFCC means and variances, spectral centroid, 

spectral bandwidth, spectral flux, and RMS energy. 

B. Feature Extraction Pipeline 

The feature extraction module converts raw acoustic signals into a compact, discriminative representation. For each audio 

window (typically 1 s), a set of low-dimensional features is computed: Spectral Centroid (SC), which indicates the center of 

gravity of the spectrum; Spectral Bandwidth (SB), which measures the spread of spectral energy; Spectral Flux (SF), which 
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captures the rate of spectral change between consecutive frames; Root Mean Square Energy (RMS), which represents overall 

sound intensity; and MFCCs, which capture perceptual spectral characteristics relevant to machinery sounds. These features 

are computed using the librosa library [25] in the desktop experiments and CMSIS-DSP routines [26] in microcontroller 

deployments. The resulting feature vector typically contains 10 - 20 elements a balance between discrimination and 

computational efficiency. 

To identify the most discriminative subset of features for the LDA classifier, a structured three stage feature selection 

pipeline was applied to a dataset of 26,942 samples, each described by an initial set of 23 features. 

Stage 1: Fisher Score Ranking. Each feature was ranked according to its Fisher Score, which measures inter-class 

separability relative to intra-class variance. As illustrated in Figure 2, the dominant feature was rms (score: 0.2908), with a 

Fisher Score nearly four times greater than the second-ranked feature, confirming its exceptional discriminative power. It was 

followed by the higher-order statistical descriptors skewness (0.0746) and kurtosis (0.0727), and the zero-crossing rate (zcr, 

0.0620). The remaining features including several MFCCs and spectral descriptors exhibited substantially lower scores, 

indicating limited individual discriminability. 

Fig. 2. Top 15 features ranked by Fisher Score. Green bars indicate the four features ultimately selected; grey bars indicate non-selected candidates. 

 

Stage 2: Redundancy Removal. Features exhibiting a Pearson correlation coefficient above 0.85 with a higher-ranked 

feature were discarded as redundant. Three features were eliminated: spectral_centroid (correlated with zcr, r = 0.854), 

spectral_bandwidth (correlated with spectral_rolloff, r = 0.926), and mfcc_2 (anti-correlated with spectral_rolloff, r = - 0.972). 

This step reduced the candidate set to 15 non-redundant features. 

Stage 3: Cross Validation Optimization. A cross-validation sweep evaluated LDA classification accuracy for feature subsets 

of increasing size (2 to 15 features). As shown in Figure 3, accuracy rose sharply from 2 to 4 features, reaching its maximum 

of 80.17% (±11.62%) at 4 features (marked with a red star), before plateauing for all larger subsets. This confirms that adding 

further features beyond this point yields no meaningful gain in discriminability. 

 

Fig. 3. Cross-validation accuracy as a function of the number of features. The shaded area represents the ±1σ confidence interval. The optimal point at 4 

features is highlighted. 
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Selected Feature Set and decorrelation Analysis. The final feature vector retained by the pipeline consists of four descriptors: 

rms, skewness, kurtosis, and zcr. The correlation matrix of these selected features, shown in Figure 4, confirms their mutual 

independence: all pairwise Pearson coefficients are well below 0.85 in absolute value, with the strongest relationship being 

between rms and zcr (r = - 0.52). This low inter-feature correlation validates the redundancy-removal step and ensures that each 

retained feature contributes a distinct and complementary source of information to the classifier. 

 

Fig. 4. Correlation matrix of the four selected features. Off diagonal values confirm low redundancy across the final feature set. 

 

Feature Distributions: Normal vs. Abnormal. To further assess the discriminative quality of the selected features, Figure 5 

presents their empirical distributions for normal (blue) and abnormal (orange) machine operating conditions. The rms feature 

(Fisher: 0.29) exhibits the clearest separation, with the abnormal distribution shifted toward higher energy values and displaying 

a heavier tail. The skewness and kurtosis distributions are more overlapping but show subtle shape differences consistent with 

their moderate Fisher Scores (~0.07). The zcr distribution reveals a more complex bimodal structure in the abnormal class, 

reflecting the diversity of fault types captured in the dataset. Together, these distributions confirm that the four selected features 

collectively encode meaningful and complementary acoustic signatures of machine faults. 

Fig. 5. Empirical density distributions of the four selected features for normal vs. abnormal conditions. Overlap regions appear in purple. 

 
The three-stage selection pipeline reduced the original 23 feature space to a minimal set of 4 features an 82.6% reduction 

while achieving a cross-validated LDA accuracy of 80.17%. This compact representation is well-suited for deployment on 

resource constrained microcontrollers, where memory footprint and inference latency are critical constraints. 
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C. Implementation Details 

1. Software Environment 

For desktop experiments, the TinyOL-ARLDA model was implemented in Python using NumPy and scikit-learn libraries for 

validation. Embedded implementations were developed using Arduino IDE (v2.3) and the CMSIS-DSP framework [26] for 

ARM Cortex-M4F microcontrollers. 

 

2. Hardware Specifications 

Experiments were deployed on embedded platform: 

• ESP32-WROOM (Tensilica Xtensa LX6 dual-core, 240 MHz, 520 KB SRAM, I2S MEMS microphone). 

 

Device operated at 3.3V and processed audio streams in real time. 

Energy consumption was monitored using an INA219 current sensor. 

 

3. Hyper parameters 

The model parameters were fixed as follows: 

• Learning rate (β): 0.1 

• Regularization coefficient (λ): 0.02 

• Confidence threshold (θ): 0.3 

• Feature window: 1 s (with 50% overlap) 

These parameters were selected empirically to balance adaptation speed and stability during streaming operation. 

 

D. Evaluation Metrics 

Performance was evaluated using the following metrics: 

Classification Accuracy (ACC): The proportion of correctly classified frames. 

• Precision (P) and Recall (R): To assess class-specific reliability. 

• F1-Score: The harmonic mean of precision and recall. 

• Memory Footprint (KB): RAM usage measured on microcontrollers. 

• Processing Latency (ms): Average time per feature extraction and classification cycle. 

• Power Consumption (mW): Average energy usage during real-time inference. 

 

E. Quantitative Results 

1. Desktop Evaluation (MIMII Dataset) 

Desktop experiments were carried out using the fan subset (machine id_00) of the MIMII dataset to evaluate long-term 

streaming classification performance, robustness to data drift, and online adaptation behavior. 

Figure 7 presents the running accuracy of TinyOL-LDA and TinyOL-ARLDA over more than 25,000 continuous inference 

frames, reflecting a realistic streaming deployment scenario. 

Throughout the entire session, TinyOL-ARLDA maintains a consistently higher accuracy, typically ranging between 0.93 and 

0.97, whereas TinyOL-LDA exhibits wider fluctuations and more frequent performance drops, sometimes falling below 0.85 

under noisy or non-stationary conditions. This demonstrates the stabilizing effect of the auto-regularized covariance update and 

the confidence driven adaptation strategy introduced in TinyOL-ARLDA. 

Despite natural variability in the acoustic stream, TinyOL-ARLDA shows greater resilience to gradual data drift, exhibiting 

only minor degradation across tens of thousands of frames. In contrast, TinyOL-LDA reacts more strongly to distribution 

changes, illustrating the importance of regularization in incremental discriminant learning. 
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These results confirm that TinyOL-ARLDA provides more stable, more accurate, and more drift resistant performance during 

long duration streaming inference, making it a strong candidate for real-time predictive maintenance on embedded devices.

 

Fig. 6. Streaming Accuracy Evolution for TinyOL-ARLDA and TinyOL-LDA 

The confusion matrix in Figure 8 and Figure 9 summarizes frame level classification performance for the two acoustic classes 

("Normal" and "Abnormal"). 

TinyOL-ARLDA correctly classified 167 out of 180 samples, with high precision and recall for both classes, confirming strong 

discriminative ability even with lightweight features such as MFCCs, spectral centroid, spectral bandwidth, flux, and RMS. 

 

 
 

Fig. 7. Confusion Matrix – TinyOL-LDA (MIMII Fan id_00) 
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Fig. 8. Confusion Matrix – TinyOL-ARLDA (MIMII Fan id_00) 

Table 1 summarizes the key performance metrics obtained by TinyOL-LDA and TinyOL-ARLDA on the MIMII fan subset 

(machine id_00) under identical streaming conditions. The results are reported as mean values with standard deviations 

computed over five independent runs, using accuracy, F1-score, precision, and recall as evaluation criteria. 

 

TABLE I.  Performance comparison: tinyol-lda vs. tinyol-arlda (mimii fan id_00) 

 

 

 

 

F. Embedded Evaluation (ESP32 Real-Time Deployment) 

1. Hardware Platform: Elecrow Mbits (ESP32-WROVER-B) 

To assess the feasibility of deploying TinyOL-ARLDA on low-power microcontrollers, the algorithm was implemented on the 

Elecrow Mbits figure 10, a compact micro:bit-inspired development board based on the ESP32-WROVER-B module from 

Espressif. Unlike the basic ESP32-WROOM, the Mbits integrates a dedicated MEMS microphone, a 5×5 RGB LED matrix, 

an accelerometer, and a temperature sensor, making it a fully self-contained edge AI development platform. Its main technical 

specifications are summarized as follows: 

Processor: Tensilica Xtensa LX6 dual-core 32-bit, up to 240 MHz (600 DMIPS) 

RAM: 520 KB internal SRAM + 8 MB external PSRAM (via WROVER-B) 

Flash: 4 MB SPI Flash 

Connectivity: Wi-Fi 2.4 GHz (802.11 b/g/n) + Bluetooth / BLE 4.2 

Onboard sensors: MEMS microphone (I2S), accelerometer, temperature sensor, 5×5 RGB LED matrix 

Interfaces: I2C, SPI, UART, I2S, GPIO (25-pin edge connector, micro:bit compatible) 

Power supply: 3.3 V, compatible with Arduino IDE and MicroPython 

 

Fig. 9.  Elecrow Mbits board (ESP32-WROVER-B) used for embedded deployment of TinyOL-ARLDA. 

2. Real-Time Streaming Experiments 

Method Acc (%) F1 Precision Recall 

TinyOL-LDA 88.6 ± 2.1 0.881 0.876 0.887 

TinyOL-ARLDA 94.2 ± 0.9 0.941 0.938 0.944 
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Real-time streaming experiments were performed using 1 second audio windows with 50% overlap, directly captured via the 

onboard MEMS microphone and processed entirely on the Mbits board without any cloud offloading. This setup mirrors the 

desktop evaluation conditions, enabling a direct and fair comparison of accuracy and latency across platforms. 

TinyOL-ARLDA maintained real-time performance with an average processing latency of 18 - 22 ms per frame, including 

feature extraction (MFCCs, spectral descriptors) and classification. This confirms that the system comfortably meets the strict 

timing constraints of on-device predictive maintenance, where inference must occur well below 100 ms. 

The accuracy obtained on the embedded device remained consistent with desktop experiments, reaching over 92% frame 

level accuracy on the custom motor dataset and approximately 94% when tested with MIMII fan samples. These results 

demonstrate strong portability of the model across platforms. 

Additionally, the confidence based adaptation mechanism operated reliably in embedded mode, allowing the model to update 

its parameters incrementally without memory buffers or cloud connectivity. 

G. Latency Analysis 

The end-to-end latency was measured by profiling each stage of the processing pipeline on the ESP32: 

TABLE II.  End-to-End Latency Breakdown on ESP32 

Processing Step Average Latency 

Audio Windowing + FFT 6.3 ms 

MFCC + Spectral Features 8.7 ms 

LDA Discriminant Computation 1.8 ms 

Parameter Update (if triggered) 2.4 ms 

Total Inference Latency 18  - 22 ms 

These results confirm that TinyOL-ARLDA operates comfortably within real-time constraints. 

The processing time remains > 4× faster than the typical 100 ms window used in industrial anomaly detection, allowing 

additional tasks (logging, communication, activation of alarms) to run without system overload. 

H. Memory Footprint 

Memory usage was monitored using the ESP32 built-in diagnostics during execution. TinyOL-ARLDA was specifically 

optimized to minimize RAM usage by avoiding buffer storage and relying exclusively on EMA based parameter updates. 

TABLE III.  TABLE TYPE STYLES 

Component RAM Usage 

Audio buffer (16 kHz, 1 s window) 3.2 KB 

Feature extraction workspace 4.1 KB 

LDA parameters (means, priors, covariance) 2.8 KB 

TinyOL-ARLDA runtime buffers 1.5 KB 

Total RAM footprint 11.6 KB 

The total memory requirement remains well under the 25 KB limit initially targeted and fits comfortably within the ESP32’s 
available SRAM (520 KB). 

This confirms that TinyOL-ARLDA is compatible with a wide range of microcontrollers, including those with ≤64 KB of 

RAM such as STM32F4, Arduino Nano 33 BLE Sense, and ARM Cortex-M4F devices. 

V. COMPARISON WITH TENSORFLOW LITE BASELINES 

To contextualize the performance of TinyOL-ARLDA, this section provides a systematic comparison with TensorFlow Lite 

for Microcontrollers (TFLite)  [27] baselines deployed under identical hardware conditions on the ESP32-WROVER-B 

platform [35]. Three representative TFLite model architectures were evaluated: a lightweight Multilayer Perceptron (MLP), a 

1D Convolutional Neural Network (CNN-1D) [28] applied on spectral features, and a reconstruction-based Autoencoder. Each 

model was trained offline on the MIMII fan dataset (id_00) and quantized to 8-bit integers (INT8) [29] using the standard 
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TFLite post-training quantization pipeline before being flashed onto the embedded device. All models share the same 12-

dimensional input feature vector as TinyOL-ARLDA to ensure a fair and direct comparison. 

A. Compared Architectures 

The TFLite-MLP baseline consists of two fully connected layers (64 and 32 neurons) with ReLU activations, trained with 

cross-entropy loss over 50 epochs using the Adam optimizer [30] and quantized to INT8. The TFLite-CNN-1D model applies 

two 1D convolutional layers (16 and 32 filters, kernel size 3) inspired by lightweight CNN architectures [31], [32] followed by 

global average pooling and a dense classification head, also quantized to INT8. The TFLite-Autoencoder is an unsupervised 

reconstruction model with a bottleneck of 8 neurons, detecting anomalies via a reconstruction error threshold. All TFLite 

models are strictly inference-only and cannot update their parameters at runtime, unlike TinyOL-ARLDA which continuously 

adapts its parameters through the exponential moving average mechanism described in Section III. 

B. Quantitative Comparison 

Table III summarizes the performance of all compared methods across five key dimensions: classification accuracy, F1-

score, inference latency, RAM footprint, and average power consumption measured with an INA219 current sensor at 3.3 V 

supply. 

TABLE IV.   COMPARISON OF TINYOL-ARLDA VS. TFLITE BASELINES ON ESP32 (MIMII FAN ID_00) 

Method Accuracy (%) F1-Score Latency (ms) RAM (KB) 
Power 

(mW) 

TFLite-MLP (INT8) 89.4 ± 1.8 0.887 ± 0.019 28 - 34 38.2 142 

TFLite-CNN-1D (INT8) 91.7 ± 1.4 0.914 ± 0.015 45 - 58 76.5 187 

TFLite-Autoencoder (INT8) 85.1 ± 2.3 0.843 ± 0.024 52 - 67 94.3 203 

TinyOL-ARLDA (proposed) 94.2 ± 0.9 0.941 ± 0.009 18 - 22 11.6 97 

 

The results in Table III reveal several important insights. First, regarding classification accuracy and F1-score, TinyOL-

ARLDA achieves the highest overall performance (94.2% accuracy, F1 = 0.941), outperforming all TFLite baselines including 

the CNN-1D model (91.7%) and the MLP (89.4%). This is particularly significant given that TFLite models are trained offline 

on the full dataset with access to all labels, whereas TinyOL-ARLDA learns incrementally from a streaming data sequence. 

The performance advantage of TinyOL-ARLDA becomes even more pronounced under non-stationary conditions, where static 

TFLite models suffer from accuracy degradation as the acoustic characteristics of the machine evolve over time. 

Second, TinyOL-ARLDA demonstrates a decisive advantage in inference latency, completing each frame in 18-22 ms, 

compared to 28-34 ms for the MLP, 45-58 ms for the CNN-1D, and 52-67 ms for the Autoencoder. This 2-3x speedup is 

attributable to the closed-form discriminant computation of LDA, which avoids the layered tensor operations required by neural 

network inference engines. At 100 ms real time constraints typical of industrial monitoring systems, TinyOL-ARLDA leaves 

substantial headroom for communication, logging, and alarm activation tasks to run concurrently. 

Third, the memory footprint of TinyOL-ARLDA (11.6 KB RAM) is dramatically lower than all TFLite alternatives: 3.3x 

smaller than the MLP (38.2 KB), 6.6x smaller than the CNN-1D (76.5 KB), and 8.1x smaller than the Autoencoder (94.3 KB). 

This extreme compactness enables deployment on the most constrained microcontrollers such as the STM32F4 or Arduino 

Nano 33 BLE Sense, which are incompatible with TFLite neural network models due to their limited SRAM. 

Finally, power consumption measurements confirm that TinyOL-ARLDA consumes approximately 97 mW on average, 

representing a reduction of 32 - 52% compared to TFLite models (142 - 203 mW). This energy efficiency is consistent with 

broader findings on the energy cost of deep learning inference [33] , and stems from both the reduced arithmetic complexity of 

LDA and the absence of TFLite runtime overhead. For battery-operated IoT sensors and industrial edge nodes where energy 

budgets are tightly constrained, this reduction translates directly into significantly longer autonomous operation times. 

Overall, this comparison demonstrates that TinyOL-ARLDA offers a superior trade-off across all evaluated dimensions: it 

achieves the best accuracy while simultaneously delivering the lowest latency, the smallest memory footprint, and the lowest 

power consumption. Unlike TFLite-based solutions which are fundamentally static and require offline retraining cycles to 

handle machine condition changes, TinyOL-ARLDA adapts autonomously to evolving acoustic environments directly on the 

device, making it a uniquely suitable solution for long-term predictive maintenance deployments in industrial and IoT settings. 

VI. CONCLUSION 

This paper presented TinyOL-ARLDA, a novel online and on-device learning framework for sound-based predictive 

maintenance on resource-constrained embedded systems. By extending Linear Discriminant Analysis [11] with an incremental 

exponential moving average update mechanism [21] and an adaptive regularization strategy, TinyOL-ARLDA enables 

continuous model adaptation directly on microcontrollers without any cloud dependency. The proposed confidence-based 

update rule further ensures a robust balance between plasticity and stability under non-stationary acoustic conditions [22]. 
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Experimental evaluations conducted on the MIMII industrial sound dataset [7] and a custom motor sound dataset 

demonstrated that TinyOL-ARLDA achieves over 94% classification accuracy during long-duration streaming inference. The 

feature extraction pipeline, built on spectral and temporal descriptors computed via librosa  [25] on desktop and CMSIS-DSP  

[26] on embedded hardware, provides a compact yet discriminative representation suitable for real-time classification (4 

features for the MIMII benchmark; 12 features for the custom motor dataset  see Section III-D). A hardware deployment on the 

Elecrow Mbits (ESP32-WROVER-B) [34] confirmed a total memory footprint of approximately 11.6 KB RAM and an end-

to-end latency of 18–22 ms per frame, well within the constraints of real-time industrial monitoring. 

Comparative analysis against TensorFlow Lite baselines [27] including quantized INT8 [29] MLP, CNN-1D [28], [32], and 

Autoencoder models revealed that TinyOL-ARLDA simultaneously achieves superior accuracy, the lowest inference latency 

(2–3× faster), the smallest memory footprint (3 - 8× smaller), and the lowest power consumption (32 - 52% reduction). Unlike 

static TFLite models which require periodic offline retraining [35], TinyOL-ARLDA adapts autonomously at runtime, making 

it uniquely suited to long-term deployments in evolving industrial environments. 

Future work will explore multi-class fault classification beyond the binary Normal/Abnormal paradigm, validation on 

additional machine categories from the MIMII dataset [24] and MIMII-DG benchmark, and integration with federated learning 

schemes to enable collaborative adaptation across multiple embedded nodes. Extensions to ultra-low-power platforms such as 

STM32L4 or Nordic nRF52 are also envisioned to further broaden the applicability of TinyOL-ARLDA in battery-powered 

IoT sensing applications. 

Reproducibility: To ensure full reproducibility of the reported results, the complete source code of TinyOL-ARLDA including 

the Python desktop implementation, the Arduino/ESP32 firmware, and the feature extraction pipeline is publicly available at: 

https://github.com/Elmoutabdou/TinyOL-ARLDA. 
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