
 1 

Edge AI - Enabled Smart Sensors for Predictive Maintenance of 

Marine Vessels 

Igor Makienko1, Michael Grebshtein1, and Eli Gildish1  

1RSL Electronics, 70 Round Hill Road, Poughkeepsie, NY 12603, USA 

igor@rsl-electronics.com 

 
ABSTRACT 

Traditional Predictive Maintenance deployment on marine 

vessels requires continuous acquisition and transmission of 

large volumes of sensor data, resulting in high complexity, 

cost, and cybersecurity exposure that limit large-scale 

adoption. 

This work presents RSL Smart Sensors, an Edge AI - enabled 

sensing platform that performs distributed on-sensor 

intelligence to significantly reduce data transmission, 

operational costs, and cyber risks. Sensor data are processed 

locally, with only health indicators and diagnostic insights 

transmitted to the cloud for decision support. 

A novel machine learning algorithm is introduced to estimate 

machine operating conditions directly from vibration data 

under strict power constraints, without access to external 

operating parameters. Validation on marine auxiliary 

generator turbochargers demonstrates high accuracy and 

confirms the feasibility of high-performance predictive 

maintenance at the edge under limited power and information 

conditions. 

1. INTRODUCTION 

1.1. Predictive Maintenance of Maritime Vessels 

Vibration-based condition monitoring is widely adopted for 

predictive maintenance of auxiliary equipment in the 

maritime industry due to its sensitivity to early-stage faults, 

as demonstrated by Kalafatelis et al. (2025), and the growing 

need to mitigate increasing vessel vibrations (Park et al., 

2024). 

However, both research and deployment challenges remain. 

From a research perspective, high accuracy in failure 

prognosis is required despite limited datasets, a small number 

of labeled failure cases, and varying operating conditions. 

From a deployment perspective, the required infrastructure is 

costly for this industry, with significant communication and 

cloud-processing expenses associated with handling large 

volumes of data (Kalafatelis et al., 2025). 

In recent years, the challenges of limited labeled data and 

varying operating conditions have been addressed through 

the integration of data-driven feature learning with 

conventional spectral analysis. For example, He et al. (2024) 

employed sparse autoencoders to extract latent 

representations from vibration signals for monitoring marine 

centrifugal pumps. Hu et al. (2025) applied deep transfer 

learning for turbocharger fault diagnosis by leveraging 

simulated data. Ouyang et al. (2024) introduced classification 

methods to improve fault discrimination under changing 

operating conditions of auxiliary diesel generators. 

Additionally, multimodal data fusion techniques have been 

proposed by Lv et al. (2025), combining vibration data with 

auxiliary sensor inputs to enhance diagnostic reliability in 

multi-machine environments affected by signal interference. 

Despite these advances, deep learning-based approaches 

typically require expensive infrastructure for transmitting and 

processing raw vibration data within cloud-based 

architectures, which slows the adoption of predictive 

maintenance solutions. High-frequency vibration sampling 

generates large data volumes that are difficult to transmit over 

maritime satellite links and costly to store and process 

centrally (Liang et al., 2025). Cloud-centric frameworks 

further introduce substantial communication and 

computational overhead, compounded by latency and 

connectivity limitations (Chit et al., 2023). 

To address these issues, recent studies have explored edge-

based vibration monitoring as an alternative to cloud-based 

approaches in maritime applications. Edge computing 

enables real-time data reduction and local processing, making 

it well-suited for bandwidth-constrained environments 

(Michala et al., 2021). Comparative analyses of edge and 

cloud architectures indicate that edge processing can reduce 

both deployment and operational costs while improving 

system reliability in industrial IoT settings (Lu et al., 2023). 
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In this paper, a novel Edge AI-enabled sensing platform is 

introduced that eliminates the need for expensive supporting 

infrastructure and removes reliance on cloud-based 

computation. Compared to existing edge-processing 

solutions, typically transmitting large volumes of vibration 

data from sensors to local gateways, the proposed system 

significantly reduces deployment complexity and 

infrastructure costs by enabling fully autonomous, sensor-

level intelligence. 

The primary challenge in implementing such distributed 

intelligence lies in achieving high-accuracy failure prognosis 

under strict constraints, including extremely limited 

computational resources (to support years of maintenance-

free operation) and incomplete knowledge of continuously 

varying operating conditions. 

To address this, the paper presents a preprocessing method 

implemented directly on smart sensors and demonstrates its 

application to monitoring auxiliary diesel turbochargers. The 

proposed approach enables estimation of continuously 

varying machine rotating speed and performs blind 

stochastic-periodic signal separation, while maintaining 

minimal computational requirements. 

1.2. Smart Sensor - Based Edge Processing 

The system consists of two segments: onboard and onshore. 

The onboard segment includes the following components: 

• Smart sensors for recording and processing vibration and 

temperature data 

• An onboard tablet for collecting data from smart sensors 

and transmitting it to the onshore cloud via the vessel’s 

internet communication system 

The onshore segment comprises the Vessel Predictive 

Maintenance Platform, which provides data visualization, 

analysis, and maintenance recommendations. 

The smart sensors consist of a power source, sensing module, 

memory, data processing unit, and communication module. 

Data is processed locally on the sensors, and only health 

indicators and diagnostic insights are transmitted to the cloud 

for decision support. In this approach, the entire data analysis 

pipeline (including preprocessing, feature extraction, and 

anomaly detection) is executed directly on smart sensors 

installed on the monitored equipment. Only component 

health indicators and diagnostic insights are sent to the cloud, 

where AI-powered failure prognosis and maintenance 

recommendations are generated. 

This architecture enables rapid deployment and cost-effective 

operation by eliminating the need for extensive data 

transmission, processing, and storage infrastructure. 

 

The system data flow and top-level architecture are shown in 

Figure 1: 

  
 

Figure 1. System data flow: Only health indicators are 

transmitted from the ship to the onshore Predictive 

Maintenance Platform via the vessel’s internet connection.  

The sensor module operates in two primary modes: initial 

data acquisition and operational mode. During the initial 

phase, data is collected for learning and calibration purposes, 

after which the sensor configures itself for regular operation. 

The transition to operational mode can also be triggered 

manually via a remote platform by transmitting the 

appropriate configuration from the onshore system to the 

tablet. 

Examples of smart sensors, staff operations, and handheld 

tablet interfaces are shown in Figure 2. 

 

  

 

Figure 2. An example of smart sensors, staff operations, 

and tablet usage. 

The smart sensor is designed to provide real-time failure 

prognosis for the following components: 

• Bearing outer and inner races, as well as rolling elements 

• Gears, including both localized and distributed wear 

• Shafts, including unbalance and misalignment 

• Bolt loosening 

• Vibration-related anomalies 

To achieve this functionality, several research challenges 

must be addressed. This study focuses on the initial 

evaluation of the sensor’s capabilities, including: 
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1. Automatic estimation of machine rotational speed 

based on vibration data 

2. Vibration preprocessing using periodic–stochastic 

signal separation: the periodic component is used for 

gear and shaft fault prognosis, while the stochastic 

component is used for bearing and structural fault 

detection 

A pilot field test was conducted on a turbocharger of an 

auxiliary power diesel generator aboard a cargo ship to 

evaluate these capabilities and address the identified 

challenges. 

1.3. Problem Statement 

Any observation of vibration signals can be modeled as a 

discrete-time stochastic process 𝑦[𝑛]  observed over a 

window 𝑁: 

 𝑦[𝑛] = 𝑥[𝑛] + 𝜂[𝑛],  𝑛 ∈ [0, 𝑀 − 1] (1) 

 

Where: 

• 𝑥[𝑛]  is a deterministic periodic process: 𝑥[𝑛] =
𝑥[𝑛 + 𝑃0]  for some period 𝑃0  (in samples). 𝑃 =
𝑓𝑠/𝐹0 , where 𝑓𝑠  is the sampling frequency. The 

signal is composed of sinusoids with fundamental 

frequency 𝐹0 , its harmonics and other frequencies 

are not changing with 𝐹0. 

• In practice 𝜂[𝑛] is an additive color noise such that 

𝜂[𝑛] = ∑ 𝑏𝑗𝜀[𝑛 − 𝑗]𝐽
𝑗=1  and 𝜀[𝑛]  is uncorrelated 

innovation process. 

The objective is to estimate the deterministic periodic 

component and its fundamental frequency (𝑥̂[𝑛], 𝐹̂0) while 

minimizing computational complexity. 

The estimated components are then used for feature 

extraction as follows: the machine’s operational state is 

characterized by the fundamental frequency 𝐹0; the periodic 

component 𝑥̂[𝑛] is utilized for shaft and gear prognosis; and 

the residual signal 𝜂[𝑛] is utilized for bearing and structural 

health feature extraction. 

 

1.4. Related Works 

The estimation of 𝐹0 from vibrations and estimation of 𝑥̂[𝑛] 
constitute two distinct tasks, each requiring a separate 

literature review.  

Peeteres et al. (2019) and Liu et al. (2023) provide a 

comprehensive review of existing methods for machine 

instantaneous speed estimation. These methods can be 

broadly categorized into three groups: spectrum-based 

approaches, including the Short-Time Fourier Transform 

(STFT) and its variations for estimating high-speed 

fluctuations; cepstrum-based methods; and related hybrid 

techniques. These approaches estimate the fundamental 

frequency 𝐹0  to provide highly accurate input for angular 

resampling of vibration signals, thereby compensating for 

speed-related variability. 

In contrast, smart sensors typically operate under limited 

power constraints and have limited prior information about 

expected speed variations. In such cases, 𝐹0 is primarily used 

for identifying machine operating modes or as a contextual 

parameter in the modeling of condition indicators. One of the 

earliest methods that does not require supplementary 

information is based on the Short-Time Scale Transform 

(STST), proposed by Combet et al. (2009) for relative 

instantaneous speed estimation. However, this method is 

computationally intensive and therefore unsuitable for our 

application. Gildish et al. (2024) proposed an alternative 

approach, estimating relative 𝐹0  is robust optimization 

applied to spectral peak statistics. This method requires 

minimal computation and appears well-suited for 

implementation in smart sensors. 

Numerous methods for periodic–stochastic signal separation 

have been proposed, as reviewed by Tiboni et al. (2023) and 

Liu et al. (2023). These methods can be classified into time-

domain, frequency-domain, cepstrum-based, and machine 

learning approaches. Among these, only methods that require 

minimal computational resources and do not rely on prior 

knowledge of 𝐹0 are relevant to our application. 

Among the well-known blind approaches are Autoregressive 

(AR) modeling and Self-Adaptive Noise Cancellation 

(SANC), which predict periodic signal components using 

short-term historical data without requiring knowledge of 𝐹0 

by Ho (1999). This approach was further improved by Peeters 

et al. (2025) using multi-delay prediction to reduce prediction 

variance. However, these methods require long, stationary 

vibration recordings to achieve high accuracy in the 

frequency domain, making them less suitable for scenarios 

with significantly varying operating conditions. 

More recently, Gildish et al. (2024) and Makienko et al. 

(2024) addressed this limitation by employing multi-layer 

dilated convolutional neural networks (CNNs), which 

increase the receptive field without increasing the number of 

trainable parameters. Nevertheless, a key drawback of these 

methods is that model parameters must be re-estimated for 

each new observation 𝑦[𝑛]  making them impractical for 

deployment under strict power constraints. 

This limitation was recently addressed by Gildish et al. 

(2026), who proposed reusing fixed model parameters across 

observations by rescaling the time domain according to the 

estimated 𝐹0 . The present paper adopts this method for 

estimating 𝑥[𝑛] with minor modifications tailored for power-

limited smart sensor applications. 
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1.5. Contribution 

This paper presents the proposed smart sensor concept and a 

methodology that combines the vibration signal pre-

processing approach of Gildish et al. (2026) with the 

rotational frequency estimation method of Gildish et al. 

(2023). The pre-processing approach assumes prior 

knowledge of the rotational frequency, while the estimation 

method estimates it directly from vibrations. As both 

methods contribute to the overall estimation uncertainty, their 

combined error must be quantified under real operating 

conditions of smart sensors. The methodology is validated 

through a pilot field experiment performed on the 

turbocharger of an auxiliary diesel generator installed aboard 

a cargo vessel. The results demonstrate the sensor’s 

capability to accurately estimate machine rotational 

frequency and to perform periodic–stochastic signal 

separation without requiring external information, even 

under conditions of significant rotational speed variations 

and strict power constraints. 

This paper is structured as follows. Section 2 describes the 

methods used for rotational frequency estimation from 

vibration signals and for periodic–stochastic signal 

separation. Section 3 presents the experimental results. 

Section 4 summarizes the conclusions and outlines directions 

for future work. 

2. METHODS 

The study focuses on two tasks: estimating machine 

rotational frequency from vibration signals and separating 

periodic and stochastic components. We assume that each 

vibration observation is sufficiently short such that the 

rotational frequency remains stable within a single 

observation. 

2.1. Rotational Frequency Estimation from Vibrations 

As demonstrated by Gildish et al. (2024), when the 

fundamental frequency  𝐹0  changes by scaling factor 𝑠 

relative to a reference value (e.g. 𝐹0 = 𝑠𝐹𝑟𝑒𝑓). Assume that in 

observations 𝑦1[𝑛] and 𝑦2[𝑛] the 𝐹0 was changed by scaling 

factors 𝑠1  and 𝑠2  respectively, then the observations can be 

presented as follows: 

 
𝑦1[𝑛] = 𝑥[𝑛 ∙ 𝑠1] + 𝜂1[𝑛],  

𝑦2[𝑛] = 𝑥[𝑛 ∙ 𝑠2] + 𝜂2[𝑛] 
(2) 

Their corresponding power spectral densities (PSDs) are 

given by: 

 

𝑌2(𝑓) = |
1

𝑠1

𝑋 (
𝑓

𝑠1

)|
2

+ |Θ1(𝑓)|2,  

𝑌2(𝑓) = |
1

𝑠2

𝑋 (
𝑓

𝑠2

)|
2

+ |Θ2(𝑓)|2 

(3) 

By accumulating 𝑁 observations, the scaling factors can be 

estimated using the quantiles of the spectral peak 

distributions and solving the following eigenvalue problem: 

   

𝒁 = 𝑑𝑖𝑎𝑔(𝑨𝑻𝑨)−𝟏𝑨𝑻𝑨,  

𝒁𝒔 = 𝑁𝒔,  

𝑨 = (𝒇1, 𝒇2, … , 𝒇𝑁) 

(4) 

where 𝒇𝑖 = 𝐹𝑀𝑖

−1(𝒑)  denotes the inverse cumulative 

distribution function (CDF) of the spectral peak frequencies 

in signal 𝑦𝑖[𝑛], evaluated at a predefined probability vector 𝒑 

of length 𝑃. 

The matrix 𝑨  is formed from the vectors 𝒇𝑖  each having 

dimensions defined by𝑃 and 𝑁. As a result, matrix 𝒁 consists 

exclusively of exact pairwise ratios. Therefore, its dominant 

eigenvector recovers, up to a scaling factor, the original 

absolute values that generated these ratios. The solution for 

the problem is given by the eigenvector 𝒔𝑚𝑎𝑥  corresponding 

to the largest eigenvalue 𝜆𝑚𝑎𝑥  of matrix 𝒁 : 

 (𝒁 − 𝜆𝑚𝑎𝑥𝑰)𝒔𝑚𝑎𝑥 = 0 (5) 

The fundamental frequency across all observations is then 

estimated as 𝐹0 = 𝑠𝐹𝑟𝑒𝑓 , based on the estimated scaling 

factor 𝑠  relative to the reference observation. After the 

training stage is completed, each new scaling factor 𝑠𝑁+𝑖 is 

easily estimated by updating the training matrix 𝒁 to be 𝑁 +
1 × 𝑁 + 1  with an additional row and column and the 

scaling factor is equal to:  

  𝑠𝑁+𝑖 =
𝒓𝑁+1

𝑻 {0, … , 𝑁}𝒔𝑚𝑎𝑥

𝑁 + 1 − 𝑑𝑁+1

 (6) 

where 𝒓𝑁+1
𝑻 {0, … 𝑁} is the 𝑁 + 1 row of the updated matrix 

𝒁 excluding the last element, and 𝑑𝑁+1 is its last element. 

The algorithm’s computational complexity is dominated by 

spectrum estimation, which requires 𝑂(𝑀𝑙𝑜𝑔2𝑀) where 𝑀 

is the signal length. The subsequent local peak detection and 

eigenvalue computation for estimating 𝐹0  require 𝑂(𝑃) 

calculations, where 𝑃  is the length of the vector 𝒑 . Since 

spectrum estimation is typically required for feature 

extraction, the overall computational cost remains low, 

making the method suitable for power-constrained 

applications. 

2.2. Vibrations Pre-Processing: Periodic-Stochastic 

Separation  

This section presents the proposed methodology, whereby a 

DCNN is trained exclusively on a reference observation and 

subsequently applied to observations with different 

fundamental frequencies. To ensure compatibility between 

the training and inference data, the time axis of each 

observation is resampled to align its fundamental frequency 

with that of the reference observation. As a result, the trained 

model can be reused across varying operating conditions 
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without requiring retraining. The method used in this paper 

was developed by Gildish et al. (2026). It performs separation 

of periodic and stochastic signal components by predicting 

samples in vibration measurements using a linear 

combination of past samples which is feasible only in 

periodic deterministic processes, in contrast to stochastic 

processes. 

The estimation procedure consists of two stages: training and 

inference. During the training stage, a linear deep 

convolutional neural network (DCNN) is employed instead 

of traditional Time Synchronous Averaging (TSA), which 

requires measurements of the rotational frequency, and 

instead of autoregressive (AR) - based methods, which 

require very large window size to achieve high frequency 

resolution. The DCNN is trained using a single time-series 

observation from a given run and then kept fixed. During the 

inference stage, the trained model is applied to all 

observations, first resampled to be synchronized with the 

reference observation used during training.  

For periodic signals, the optimal predictor in terms of mean 

squared error is a linear combination of past samples. 

Therefore, the predictor for the values of 𝑦[𝑛] is equivalent 

to the estimator of the periodic signal 𝑥̂[𝑛], as follows: 

 

𝑦̂[𝑛 + ∆] = 𝑥̂[𝑛 + ∆] = ∑ 𝑤𝑘

𝐾

𝑘=1

⋅ 𝑦[𝑛 − 𝑘] (7) 

The predictor 𝑥̂[𝑛] estimates the value of 𝑦[𝑛] by exploiting 

its previous 𝐾 samples, given a specific value of 𝐹0. The time 

delay Δ ensures that the stochastic component remains 

uncorrelated, as expressed by 𝔼{𝜂[𝑛]𝜂[𝑛 − 𝑘]} = 0 for all 

𝑘 > Δ. 

The algorithm employs a linear one-dimensional DCNN to 

obtain an optimal linear predictor for the periodic signal, as 

shown in (7). The estimation is carried out such that each 

output sample 𝑦[𝑛] is predicted using the preceding 𝐾 

samples 𝑦[𝑛 − 1], … , 𝑦[𝑛 − 𝐾]. 

The network parameters are: 

 Θ = {𝑊(1), … , 𝑊(𝐿)}  

where 𝑊(ℓ) are the convolution weights of layer ℓ, 

The dilation of layer ℓ is defined as: 

 𝑑ℓ = 2ℓ−1 (8) 

 

Let ℎ𝑟
(ℓ)

[𝑛] denote the 𝑟-th channel of layer ℓ. The input is 

 ℎ(0)[𝑛] = 𝑦[𝑛 − 1], … 𝑦[𝑛 − 𝐾]   

 

For a kernel of length 𝐾ℓ, the dilated convolution of layer ℓ 

is calculated as follows: 

ℎ𝑟
(ℓ)

[𝑛] = ∑ ∑ 𝑤𝑟𝑐𝑘
(ℓ)

𝐾ℓ−1

𝑘=0

ℎ𝑐

(ℓ−1)
[𝑛 − 𝑘𝑑ℓ]

𝐶ℓ−1

𝑐=1

 (9) 

 

Where 𝑤𝑟𝑐𝑘
(ℓ)

 are weights of the ℓ  layer corresponding to 

channel 𝑟.  

An example of a 3-layer DCNN is shown in Figure 3 

 

Figure 3. An example of a single-channel DCNN with two 

hidden layers and a scaling factor 𝑠 

When 𝐹0  is scaled by factor 𝑠  the predictor changes as 

follows given the model in equation (2): 

 

𝑥̂[𝑛/𝑠 + ∆] = ∑ 𝑤𝑘

𝐾

𝑘=1

⋅ 𝑦̃[𝑛/𝑠 − 𝑘] (10) 

This implies that the model weights 𝑤𝑘  remain unchanged 

when 𝐹0 varies. To account for this, the time axis of the input 

signal 𝑦[𝑛] is scaled by a factor 𝑠, resulting in a resampled 

signal 𝑦̃[𝑛/𝑠], interpolated at time instances 𝑛/𝑠. 

The DCNN model, whose parameters are learned during 

training from a single observation, can then be applied to 

denoise new observations using these fixed weights. 

However, before denoising, each new observation must 

undergo a resampling procedure using the scaling factor 𝑠, 

which is estimated by the algorithm described in Section 2.1. 

The resampling process is implemented using upsampling 

(𝑈) and downsampling (𝐿), such that the ratio 𝑈/𝐿 equals the 

scaling factor 𝑠 . This computation is performed using 

polyphase filtering, which reduces computational complexity 

by carrying out the filtering in the downsampled domain. The 

upsampling and downsampling factors must satisfy 𝑠 = 𝑈/𝐿, 

ensuring the required scaling condition: 

  int(𝑈, 𝐿 > 0), 𝑎rgmin(𝑈 + 𝐿), 

 𝑠. 𝑡. |𝑠 − 𝑈/𝐿| ≤ 𝜀 
(11) 

In practice, the precision of 𝑠 can be determined by fixing 𝐿 

and computing 𝑈 = 𝑠𝐿 . For example, if 𝐿 = 5 is held 

constant, the precision of 𝑠 is 1/𝐿 = 0.2. Any value of 𝑠 is 

then rounded to this precision; for instance, 𝑠 = 1.61856 

becomes 1.6, and consequently 𝑈 = 𝑠𝐿 = 1.6 ⋅ 5 = 8. The 
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choice of precision is guided by the desired trade-off between 

accuracy and computational simplicity. 

The re-sampling using polyphase is shown schematically in 

Figure 4: 

 

Figure 4. Vibration re-sampling according to scale factor 𝑠 =
𝑈/𝐿 

2.3. Algorithm Summary 

Initialization:  

• Define training size N, Probability vector length P, 

downsampling factor L, DCNN architecture(depth and 

kernel size) 

Training Stage: 

• Collect N observations 

• Estimate fundamental frequencies 𝐹0  for each 

observation (Section 2.1), forming N x N matrix Z and N 

x 1 vector 𝒔𝑚𝑎𝑥 

• Select a representative observation and train the DCNN 

using the defined architecture 

Inference Stage: 

• For each new observation, estimate the scale factor 

𝑠 and 𝐹0 using Equation (6) 

• Compute L and U from s and re-sample the signal 

using Equation (11). 

• Estimate periodic component using the trained 

DCNN 

• Proceed to feature extraction: periodic components 

for gears/shafts, stochastic – for bearings and 

structural faults 

3. EXPERIMENTAL SETUP  

3.1. Goals 

• Evaluation of a rotational frequency estimation method 

based on smart sensors installed on auxiliary power 

diesel turbochargers, which presents a significant 

challenge due to extremely high rotational speeds and 

substantial frequency variations during operation.  

• Assessment of a periodic-stochastic separation method 

utilizing the estimated machine frequency.  

• Comparison of the proposed method with industry-

standard periodic-stochastic separation techniques, 

including Time-Synchronous Averaging (TSA) and AR-

based models, highlighting the associated trade-offs. 

3.2. Installation Setup 

The pilot study utilizes six months of operational data from a 

diesel-powered turbocharger installed on a commercial cargo 

ship. Vibration data were recorded periodically every two 

hours during operation using two parallel systems: a single 

smart sensor and a standard vibration acquisition system, 

which also interfaces with the turbocharger’s rotational speed 

for reference. Both systems recorded vibration signals at a 

sampling frequency of 24 kHz. The rotational speed 

interrupts were measured differentially at a 50 MHz sampling 

rate to ensure high measurement accuracy. 

The method was evaluated using a total of 1,250 recordings. 

Each recording consists of a 1-second vibration 

measurement, corresponding to 24,000 samples. 

4. EXPERIMENT RESULTS 

4.1. Vibrations Data Recordings 

The spectrograms of all observations, along with the 

corresponding vibration RMS values, are shown in  Figure 5.  

The measured rotational speed is shown in black on the 

spectrogram for reference. The rotational frequency changes 

rapidly during operation, making the case particularly 

challenging. 
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Figure 5. Vibration spectrogram (top) and vibration RMS 

(bottom) over half a year of turbocharger operation. The 

measured rotational frequency is indicated in black on the 

spectrogram. 

4.2. Rotational Frequency Estimation from Vibrations 

The rotational frequency estimated using the method 

described in Section 2.1 was evaluated vs. actual rotational 

speed measured by the reference vibration recording system. 

The results are shown in Figure 6. 

 

 

 

 

Figure 6. Actual rotational frequency compared to the 

algorithm’s estimate (top), and the residual error between 

actual and estimated values (bottom) over half a year of 

turbocharger operation. 

The error metrics (RMSE = 16.18 Hz and R² = 0.97) indicate 

high estimation accuracy, making the approach suitable for 

smart sensor applications such as machine state estimation 

and periodic–stochastic signal separation. The algorithm 

parameters were selected as follows: the number of 

observations used for training was N = 100, and the length of 

the probability vector defining the inverse CDF was P = 30. 

After training, a subset of inverse CDF vectors 

𝒇1, 𝒇2, … , 𝒇100 is stored, and the rotational frequency in new 

observations is subsequently estimated by using Equation (6). 

4.3. Vibrations Pre-Processing: Periodic-Stochastic 

Separation  

The vibration pre-processing using periodic–stochastic 

separation, described in Section 2.2  was evaluated in field 

tests against industry-standard methods: AR-based periodic 

signal modeling and Time-Synchronous Averaging (TSA), 

which relies on measured rotational frequency for cycle-

synchronous averaging. 

Both the AR approach and the proposed method operate in a 

similar manner, predicting input samples as a linear 

combination of past samples. However, the proposed method 

offers two key advantages. First, during training, it achieves 

comparable frequency resolution while using fewer 

optimization parameters. Second, during inference, it 

significantly reduces computational cost, as it does not 

require re-training of model parameters, unlike the AR 

approach. 

The following algorithm settings were used: 

AR: 

• Window length: 300 samples  

DCNN: 

• Number of signals for training: 1  

• Architecture: 5 layers, kernel size = 10 samples (50 

parameters), providing a receptive field comparable 

to AR  

• Re-sampling during inference: L = 5, U = sL  

• The estimated 𝐹0was used to compute the scaling 

factor 𝑠 

Both AR and DCNN were evaluated against the industry-

standard TSA method, using actual rotational frequency 

measurements. Prediction errors were calculated by 

comparing the outputs of AR and DCNN to TSA, which 

served as a pseudo ground truth. 

Qualitative results are presented in Figure 7 and Figure 8 for 

the AR and DCNN methods, respectively. 
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Figure 7. Example of AR-based periodic–stochastic 

separation: time-domain periodic signal estimation (top) 

and frequency-domain representation (bottom). The blue 

line represents the measured vibrations, and the orange 

line shows the estimated signal. 

 

 

 

 

Figure 8. Example of DCCN-based periodic–stochastic 

separation: time-domain estimation of the periodic 

signal (top) and frequency-domain representation 

(bottom). The blue line represents the measured 

vibrations, and the orange line shows the estimated 

signal. 
 

The comparison graph of percentage errors in signal norm for 

AR, DCNN, and TSA is presented below. The errors are 

sorted by rotational frequency. The results demonstrate high 

accuracy, with a maximum average error of approximately 

7% of the signal energy. Both methods perform better as the 

rotational frequency increases, indicating improved 

prediction accuracy. This is because a larger number of 

periods fall within the prediction window at higher 

frequencies. 

The AR method outperforms the DCNN for most 

frequencies. However, as noted above, the DCNN is more 

practical, since its computational complexity is significantly 

reduced during operation. 

 

 

  

Figure 9. RMSE error between AR (blue), DCNN (orange) 

vs. TSA as industry standard sorted by rotational 

frequency. 

5. CONCLUSION AND FUTURE WORK 

The study presents a novel smart sensor–based concept for 

maritime predictive maintenance, with the potential to 

significantly reduce deployment, infrastructure, and cloud-

related costs. This is achieved by enabling on-sensor 

processing of vibration data and transmitting only health 

indicators and alerts. 

The results demonstrate the capability of the sensors to 

estimate machine rotational frequency from vibration signals 

and to perform periodic–stochastic vibration separation 

without prior knowledge of external parameters, while 

operating under strict power constraints. 

Ease of deployment and cost-effective operation at scale are 

key advantages of the proposed approach. The method, along 

with pilot field test results, demonstrates the ability to 

perform high-accuracy preprocessing of vibration 

measurements within limited power budgets. 

To further evaluate benefits of the proposed concept, future 

research should focus on developing methods for on-sensor 

feature extraction and failure prognosis. This would eliminate 

the need to transfer large volumes of raw data to the cloud 

and help lower barriers to the adoption of predictive 

maintenance in the maritime industry. Additionally, the 

evaluation dataset should be substantially expanded, and 

future assessments should include non-stationary operating 

conditions. 
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