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Abstract: - Defect detection in mechanical systems is of critical importance in industrial applications, 
particularly for rotating components. This paper presents a model-based methodology for early online 
detection of mechanical faults using vibration analysis. The proposed approach is implemented in three 
main phases: model identification, optimal filter synthesis, and fault detection. A key advantage of this 
method is its ability to detect faults automatically, without requiring expert interpretation, and the 
possibility of putting it online or offline. This is achieved through a physics-based model of the system 
and an optimized implementation. Fault detection relies on analyzing the variance of the residual signal, 
defined as the difference between measured outputs and those estimated by the optimal filter. A fault is 
flagged when this variance exceeds a predefined threshold. The effectiveness of the method is 
demonstrated experimentally on a vibratory mechanical test bench equipped with gears. Validation is 
performed by comparing the results with expert assessments conducted during the experiments and with 
findings reported in the literature. 
 
Keywords: - Vibration; fault diagnosis; optimal filter; gearboxes; model identification, decision 
coefficient. 

 
 
1. INTRODUCTION 
 

Fault detection and diagnosis in mechanical 
systems are essential to ensuring reliability, safety, 
and cost-effective maintenance, particularly in 
rotating machinery commonly found in 
transportation, automotive applications, and power 
transmission [1-3].  

These systems are prone to mechanical failures, 
especially within motion transmission components 
such as gearboxes and shafts [4]. Traditional fault 
analysis techniques, often based on signal shape or 
frequency domain projections, are useful but 
inherently limited: they typically do not account for 
the dynamic behavior associated with evolving 
faults [5-10]. 

To overcome these limitations, model-based fault 
detection methods have gained prominence. These 
approaches rely on comparing measured input-
output signals to those estimated by a dynamic 
model of the system, enabling more precise and 
early fault characterization [11], [12]. Among these, 
observer-based methods stand out for their ability to 

generate residuals that reflect deviations between the 
actual and modeled system behavior and thus serve 
as indicators of abnormal operation [2], [4], [13]. 

Several techniques have been proposed for 
residual generation and evaluation, including linear 
and adaptive observers and, more recently, artificial 
intelligence methods. The growing interest in 
observer-based approaches underlines their 
robustness and effectiveness across a range of 
applications [11], [14-16]. 

In this study, we propose a novel observer-based 
methodology for real-time, online fault detection in 
vibratory systems. The main contributions of this 
work are as follows: 

A decision-making criterion based on a decision 
coefficient 𝐶𝐶𝑑𝑑𝑑𝑑, which is directly derived from the 
variance of the residual 𝜎𝜎𝑟𝑟2. A fault is detected when 
this variance exceeds a predefined threshold 𝑆𝑆𝑑𝑑  
eliminating the need for human interpretation: 

𝐶𝐶𝑑𝑑𝑑𝑑 = �
 0  𝑖𝑖𝑖𝑖  𝜎𝜎𝑟𝑟2 < 𝑆𝑆𝑑𝑑 →  𝑛𝑛𝑛𝑛 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓                
1  𝑖𝑖𝑖𝑖  𝜎𝜎𝑟𝑟2 ≥ 𝑆𝑆𝑑𝑑 →  𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

  (1) 

An entirely automatic detection strategy, 
grounded in physical modeling of the mechanical 
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system, that avoids the graphical analysis or spectral 
signature identification typically required by other 
methods, such as signal processing methods 
(temporal, frequency, and time-frequency methods) 
[17] [18] or data-guided methods (fuzzy logic, 
neural network methods) [19]. 

The use of an optimal filter after the model 
identification phase, which improves the accuracy of 
estimated outputs and enhances the sensitivity of the 
detection process. 

Lastly, the resolution in frequency usually cannot 
make the distinction between the responses in the 
spectrum of two or more harmonics [9] [10] [20]. 
These performance limitations that are born by the 
FFT approach have elicited many modern 
parametric estimation techniques over the last two 
decades; however, the sensors cannot be placed 
directly on the rotating mechanical elements 
generally, the only possibility is to place them on 
their frames [13] [21]. Such a solution compromises 
the information associated with the failure of the 
rotating elements by various other information and 
noises unfavorable to the spectral analysis [22]. The 
model-based approach was applied successfully, 
which gave better results [16] [23-26]. 

This work is experimentally validated on a gear 
transmission test bench, chosen due to the 
mechanical importance and known vulnerability of 
such systems. While FFT remains a common 
diagnostic tool, our results demonstrate that the 
proposed model-based methodology yields more 
robust and interpretable fault detection, without 
relying on expert knowledge. 

The paper is structured as follows: section 2 
presents the identification process, dedicated to the 
choice the structure of model and the estimation of 
the parameters; section 3 details the synthesis of the 
optimal filter design for residual generation and 
decision-making mechanism; section 4 provides 
experimental validation results; section 5 
comparative table of the proposed method with those 
of the state of the art and section 6 concludes the 
study with a discussion of the findings and future 
perspectives. 
 
2. IDENTIFICATION 
 

The model identification involves an 
autoregressive structure of order n is given by [24] 
[27]. 

𝑦𝑦(𝑘𝑘) = −∑ 𝑎𝑎𝑖𝑖𝑦𝑦(𝑘𝑘 − 𝑖𝑖) + 𝑣𝑣(𝑘𝑘)  ∀  𝑘𝑘 ∈ 𝐼𝐼𝐼𝐼 𝑛𝑛
𝑖𝑖=1    (2) 

where all parameters 𝑎𝑎𝑖𝑖 ∈  𝐼𝐼𝐼𝐼∗, {𝑣𝑣(𝑘𝑘)}𝑘𝑘∈𝐼𝐼𝐼𝐼  is white 
noise with variance 𝜎𝜎𝑣𝑣2 , and {𝑦𝑦(𝑘𝑘)}𝑘𝑘∈𝐼𝐼𝐼𝐼 is model 
output. 

To choose the order of the model, we take into 
account the physical properties of the system. The 
fact that the signal has a periodic dominance means 
that the dimension of the model must recreate its 
setting for 𝑛𝑛 = 2, which produces the frequency of 
the system, therefore: 

𝑦𝑦(𝑘𝑘) = − 𝑎𝑎1𝑦𝑦(𝑘𝑘 − 1) − 𝑎𝑎2𝑦𝑦(𝑘𝑘 − 2) + 𝑣𝑣(𝑘𝑘)   (3) 

To determine the parameters a1 and a2 of model 
(3), we use the online autocorrelation 
𝑅𝑅𝑦𝑦𝑦𝑦(𝑘𝑘)approach, where  𝑅𝑅𝑦𝑦𝑦𝑦(𝑘𝑘) is obtained from 
the measurements on the system [27]. 

𝑅𝑅𝑦𝑦𝑦𝑦(𝑘𝑘) = 1
𝑛𝑛−𝑘𝑘

∑ 𝑦𝑦(𝑖𝑖 + 𝑘𝑘)𝑦𝑦(𝑖𝑖)𝑛𝑛−𝑘𝑘
𝑖𝑖=1       (4) 

𝑦𝑦(𝑖𝑖) is the known observation data for 𝑖𝑖 =
1, 2, 3, … ,𝑛𝑛. The 𝑎𝑎1 and 𝑎𝑎2 are given respectively by 
[27]: 

𝑎𝑎1 = −𝑅𝑅𝑦𝑦𝑦𝑦(1)
𝑅𝑅𝑦𝑦𝑦𝑦(0)                          (5) 

𝑎𝑎2 = �𝑅𝑅𝑦𝑦𝑦𝑦(2)+𝑎𝑎1𝑅𝑅𝑦𝑦𝑦𝑦(1)�
𝜎𝜎𝑦𝑦1

2                    (6) 

So :  

𝜎𝜎𝑦𝑦1
2 = (1 − |𝑎𝑎1|2)𝜎𝜎𝑦𝑦0

2 

and 

𝜎𝜎𝑦𝑦0
2 = 𝑅𝑅𝑦𝑦𝑦𝑦(0) 

 
3. OPTIMAL FILTER SYNTHESIS 
 

To maintain the overall consistency of the 
proposed approach, we use the Kalman filter in this 
step to obtain a good estimate of the system state 
[14], [15]. The objective is for the estimation error to 
be zero on average and of minimal variance. Let's 
consider the Kalman model in the discrete domain 
and assume that our system is perturbed. 

�
𝑥𝑥(𝑘𝑘) = 𝐴𝐴𝑑𝑑𝑥𝑥(𝑘𝑘 − 1) + 𝑤𝑤𝑑𝑑(𝑘𝑘)

 
𝑦𝑦(𝑘𝑘) = 𝐶𝐶𝑑𝑑𝑥𝑥(𝑘𝑘) + 𝑣𝑣𝑑𝑑(𝑘𝑘)         

            (7) 

where 𝑥𝑥 ∈ ℝ is the state vector, 𝑦𝑦 ∈ ℝ is the 
measured output vector, 𝑤𝑤𝑑𝑑 ∈ ℝ is the processed 
noise,  𝑣𝑣𝑑𝑑 ∈ ℝ is the measurement noise. 

Before deriving the Kalman filter that minimizes 
the estimation error and defines the fault indicator, 
equation (3) must first be consistent with model (7). 
The Z-transform (discrete-time equivalent 
representation) of model (3) is then obtained as 
follows;  

 𝐻𝐻(𝑧𝑧) = 𝑌𝑌(𝑧𝑧)
𝑉𝑉(𝑧𝑧) = 1

𝑎𝑎2𝑧𝑧2+𝑎𝑎1𝑧𝑧+1
                (8) 
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To find the state representation of our mechanical 
system, characterized by its transfer function 𝐻𝐻(𝑧𝑧) 
we use the canonical transformation, which gives:  

𝐴𝐴𝑑𝑑 = � 0 1
−𝑎𝑎1 −𝑎𝑎2

� ………………(9) 

𝐶𝐶𝑑𝑑 =  [ 1   0 ]   ………………(10) 

To determine the synthesis algorithm and find a 
Kalman filter, we take into account that wd is an 
unknown process noise due to many factors such as 
material, connection, and environment, with a 
known covariance 𝑊𝑊𝑑𝑑, moreover, the system 
measurement cannot be exactly accurate, and the 
measurement noise 𝑣𝑣𝑑𝑑 is widely present in the real-
time system model, with a known covariance 𝑉𝑉𝑑𝑑. 

The interest in using the Kalman filter algorithm 
is to find the optimal estimate of the state of the 
system 𝑥𝑥�(𝑘𝑘); this estimate is based on the dynamics 
of the system and the output measurement of the 
system with the noise 𝑦𝑦(𝑘𝑘). 

The Kalman filter works in two phases: the first 
is the prediction phase, and the second is the update 
phase. Prediction phase: this is the evolution of the 
dynamic system over time, at time 𝑘𝑘 we have an 
estimate which is based on the knowledge of all the 
measurements up to time 𝑘𝑘 − 1  which we note 
𝑥𝑥�(𝑘𝑘 − 1), without taking into account the 
measurement 𝑦𝑦(𝑘𝑘). 

The second phase is the update of the estimated 
state from the measurement 𝑦𝑦(𝑘𝑘) and the gain of the 
Kalman filter. These two phases allow us to 
determine the equations used to calculate the 
Kalman filter algorithm and to obtain the a posteriori 
estimate 𝑥𝑥�(𝑘𝑘). 

 
3.1. Diagnostic procedure  
 

This part of the proposed methodology 
establishes the fault-detection criterion. This step 
exploits the coherence between model identification 
and observation: if the system remains healthy, the 
measurements and the model estimations remain 
close; if a fault develops, their difference increases 
measurably. 

After the model has been identified and the 
optimal Kalman filter synthesized, the state estimate 
𝑥𝑥�(𝑘𝑘) can be updated in real time using the measured 
output 𝑦𝑦(𝑘𝑘). The corresponding estimated output 
𝑦𝑦�(𝑘𝑘) is obtained as: 

𝑦𝑦�(𝑘𝑘) = 𝐶𝐶𝑑𝑑𝑥𝑥�(𝑘𝑘) ………………(11) 
where 𝐶𝐶𝑑𝑑 is the output matrix is derived from the 
AR(3) model. The residual signal 𝑟𝑟(𝑘𝑘)defined as the 
difference between the measured and estimated 
outputs: 

𝑟𝑟(𝑘𝑘) =  𝑦𝑦(𝑘𝑘) − 𝑦𝑦�(𝑘𝑘)                   (12) 

By substituting equation (12) into equation (11), 
we obtain: 

𝑟𝑟(𝑘𝑘) =  𝑦𝑦(𝑘𝑘) − 𝐶𝐶𝑑𝑑𝑥𝑥�(𝑘𝑘)                 (13) 

In practice, at the initial instant, there is no 
measurement to determine the estimated state of the 
system, so it is logical to define the state of the a 
posteriori estimate as being equal to the a priori 
estimate. 

To obtain information on the operating state of 
the mechanical system, plus the fault detection on 
the latter and its evolution over time, we use the 
calculation of the variance 𝜎𝜎𝑟𝑟2 given by the 
following expression: 

𝜎𝜎𝑟𝑟2 = ∑ (𝑟𝑟(𝑘𝑘) − 𝑟̅𝑟)2𝑁𝑁
𝑘𝑘=1  ………….(14) 

With: 𝑟̅𝑟 is the average of the residues, which 
corresponds to a rotation period of the system.  

The variations in 𝜎𝜎𝑟𝑟2 over time, when exceeding 
a certain well-defined threshold (𝑆𝑆𝑑𝑑), translate into a 
failure, since this variation compensates for the 
model deviation caused by a fault in the mechanical 
system. 

The choice of the technique used to determine the 
detection threshold 𝑆𝑆𝑑𝑑is a key step in the diagnostic 
procedure, as this threshold defines whether a fault 
is present or not. The value of 𝑆𝑆𝑑𝑑is obtained by 
multiplying the maximum residual variance 
estimated during a fault-free period, 𝜎𝜎𝑟𝑟2𝑚𝑚𝑚𝑚𝑚𝑚 (𝑠𝑠𝑠𝑠), by 
a coefficient called the mechanical adaptation 
coefficient, denoted 𝑓𝑓𝑚𝑚. 

This coefficient allows us to compensate for 
slight increases in the residual variance relative to 
the maximum variance estimated during the initial 
fault-free phase, thereby preventing false fault 
alarms during normal operation. In rotating 
mechanical systems, the released energy gradually 
increases over time due to several phenomena, such 
as the rise in lubricant temperature. These effects 
contribute to a minor increase in the residual 
variance, which must be taken into account. 

Therefore, the coefficient 𝑓𝑓𝑚𝑚is defined as the 
ratio between the maximum estimated residual 
variance 𝜎𝜎𝑟𝑟2𝑚𝑚𝑚𝑚𝑚𝑚 (𝑠𝑠𝑠𝑠)and its average value 
𝜎𝜎𝑟𝑟2𝑚𝑚𝑚𝑚𝑚𝑚 (𝑠𝑠𝑠𝑠) during the fault-free start-up time, as 
expressed by: 

𝑓𝑓𝑚𝑚 =
𝜎𝜎𝑟𝑟2𝑚𝑚𝑚𝑚𝑚𝑚 (𝑠𝑠𝑠𝑠)

𝜎𝜎𝑟𝑟2𝑚𝑚𝑚𝑚𝑚𝑚 (𝑠𝑠𝑠𝑠)
                        (15) 

Accordingly, the detection threshold 𝑆𝑆𝑑𝑑is given 
by: 

𝑆𝑆𝑑𝑑 = 𝜎𝜎𝑟𝑟2𝑚𝑚𝑚𝑚𝑚𝑚 (𝑠𝑠𝑠𝑠). 𝑓𝑓𝑚𝑚                (16) 

In our gear test-bench application, the calculated 
value of the mechanical adaptation coefficient is 
𝑓𝑓𝑚𝑚 = 1.21. 



 

RJAV vol 22 issue 2/2025                                          163                                                        ISSN 1584-7284 

Generally, the value of the fault detection 
threshold (𝑆𝑆𝑑𝑑 ) is between the maximum value of the 
variance calculated over a period during normal 
operation without a fault noted 𝜎𝜎𝑟𝑟2𝑚𝑚𝑚𝑚𝑚𝑚 (𝑠𝑠𝑠𝑠) and the 
minimum value of the variance during operation 
with a fault noted 𝜎𝜎𝑟𝑟2𝑚𝑚𝑚𝑚𝑚𝑚(𝑎𝑎𝑎𝑎) with: 

𝜎𝜎𝑟𝑟2𝑚𝑚𝑚𝑚𝑚𝑚 (𝑠𝑠𝑠𝑠) < 𝑆𝑆𝑑𝑑 ≤ 𝜎𝜎𝑟𝑟2𝑚𝑚𝑚𝑚𝑚𝑚(𝑎𝑎𝑎𝑎)        (17) 

We can translate the value of the detection 
threshold 𝑆𝑆𝑑𝑑 as precise information on the fault 
detection time, this value determines the value of the 
decision coefficient (𝐶𝐶𝑑𝑑𝑑𝑑) defined by the expression 
(1) from the measurements.  

 
Figure 1.  Procedure for fault detection 

 
Therefore, the proposed approach to diagnose 

faults in mechanical systems can be summarized by 
Figure 1, which shows the different steps of the 
Kalman filter-based approach, using the comparison 
of the temporal variation of the estimation error 
variance 𝜎𝜎𝑟𝑟2 with respect to the detection threshold 
𝑆𝑆𝑑𝑑 to determine the value of the decision coefficient 
𝐶𝐶𝑑𝑑𝑑𝑑 according to expression (1). 

4. PROBLEM FORMULATION TO TEST 
THE PROPOSED METHOD 
 

The tests of the validity and effectiveness of the 
proposed approach are carried out on real gearbox 
data delivered by CETIM (Centre des Etudes 
Techniques des Industries Mécaniques de Senlis), 
along with an expert report shown in Table 1 [21] 
[28]. Signals were produced by a continuously 
operated gearbox system (figure 2), where the gear 
wheel sizes and operating parameters (speed, torque) 
were set so that spalling would occur across the 
entire width of a tooth.      

Vibration signals were measured using an 
accelerometric sensor located on the gearbox input 
shaft. During the gearbox input shaft rotation, 
angular sampling, which implied taking 𝑝𝑝 samples 
per revolution. The rotational position of the motor 
shaft was monitored by an optical incremental 
encoder directly fitted with the 1st shaft. This optical 
encoder gives a pulse train of 𝑝𝑝 slots per revolution 
from the vibration signal is sampled.  

The sensor output is a voltage that is proportional 
to the acceleration. It is then amplified by the charge 
amplifier and filtered to verify Shannon’s theorem. 
The system would be stopped on a daily basis during 
experimentation to check the state of the wheel teeth 
and subsequently write the expertise report of        
Table 1. The system specifications are: 

- The number of teeth is respectively 20 teeth 
on the first wheel apeled pinion and 21 teeth 
on the second wheel.  

- 𝑅𝑅𝑅𝑅𝑅𝑅 = 1000 turns/min is the rotation speed 
of the input transmission, which induces a 
rotation frequency 

- 𝑓𝑓𝑟𝑟 ≈ 16.66 Hz and 15.86 Hz for the input and 
output tree. 

- 𝑓𝑓𝑒𝑒 ≈ 333 𝐻𝐻𝐻𝐻 is the meshing frequency. 

Table 1. Expertise report [21] 
Days Observations 

1 Nothing to report 
2 //       // 
3 //       // 
4 //       // 
5 //       // 
6 Tooth spalling ½ 
7 No evolution 
8 Tooth ½ no evolution, tooth 15/16 

spalling beginning 
9 Spalling evolution of tooth  15/16 

10 //         // 
11 //         // 
12 Spalling on the entire width of tooth 

15/16 
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Figure 2. Representative diagram of a gearbox 

The reductor system was kept running for 12 
days continuously, and readings were taken once 
daily. Each reading comprises about 60000 samples, 
implying 50 rotation cycles at a sampling frequency 
of 20 kHz. The test setup is made to run from a 
healthy operating condition to a faulty one. 

 

 
Figure 3. Temporal representation 

of the vibration signal 
Vibration is taken as the prime physical quantity 

for studying the transmission of signals for gear 
health. These vibrations are generated primarily by 
the impacts between the wheel teeth in the 
transmission. The level of these impacts depends on 
the state of health of the teeth during normal healthy 
operation and the nature of the fault when the system 
is in a degraded state. The recorded vibrating signal 
(Figure 3) contains the information about the 
operating state of the gearbox. 

This signal is quasi-periodical, and its meshing 
frequency is equal to the frequency of one of the 
wheels, multiplied by the number of teeth on          
the same wheel. This fact motivated the proposed 
model (3). 

4.1. Application to gear box fault-diagnosis 
 

To detect the gear tooth defects, the concept of 
the methodology that has been proposed in the 

previous sections (Figure 1), which consists of 
defining the second-order model and estimating 
these parameters, then synthesizing the Kalman filter 
in the second step, which finally, in the third step, 
allows for determining the variance of the estimation 
residual compared to the detection threshold (𝑆𝑆𝑑𝑑) to 
assign the decision coefficient (Cdd ) the value zero 
(no fault) or one (fault detection) is shown in   
Figure 4. The detection threshold (𝑆𝑆𝑑𝑑) is determined 
during the first day of operation of the system under 
the condition that no failure occurs. 

The threshold value for detection 𝑆𝑆𝑑𝑑 (16) equals 
the maximum value of the variance 𝜎𝜎𝑟𝑟2𝑚𝑚𝑚𝑚𝑚𝑚 (𝑠𝑠𝑠𝑠)of 
the estimation error over a rotation period, which is 
1200 residual samples, this maximum variance value 
is to be multiplied by the mechanical adaptation 
coefficient 𝑓𝑓𝑚𝑚=1,21 (15). 
 

 
Figure 4. Application diagram of the method 

Figure 5 clearly shows that the value of the 
detection threshold is equal to the variance of the 
estimation error corresponding to the fortieth period 
of the first day multiplied by 𝑓𝑓𝑚𝑚=1,21. Then, 
comparing the evolution of the variance of the 
estimation error (figure 5) during each day of 
operation of the system with respect to the detection 
threshold (𝑆𝑆𝑑𝑑) allows us to determine the value of 
the decision coefficient 𝐶𝐶𝑑𝑑𝑑𝑑 (figure 6). Note clearly 
in Figure 5 that the value of the detection threshold 
𝑆𝑆𝑑𝑑 corresponds to the value of the minimum 
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variance of the thirtieth period of the 6th day of 
operation of the system, which justifies the 
expression (17).  

As shown in Figure 6, when the fault occurs on 
the 6th day, it is clearly observable without any 
knowledge of the behavior of the system. 

It is clear that from the 6th day, the decision 
coefficient indicates the presence of a fault. This 
simplicity of diagnosis is made possible thanks to 
the model and the optimal Kalman filter 
implemented. 

 
Figure 5. Daily evolution of 𝜎𝜎𝑟𝑟2 

Indeed, the identification of the model gives the 
dynamics of the system, and thus, the deviation 
induced by the fault will be directly observed on 
Cdd (Figure 6), without recourse to an expert. 

 
Figure 6.  Daily evolution of the decision  

This quality of diagnosis is due to the quality of 
the model identification and the robustness of the 
optimal filter. Thus, the limitation of the method is 
related to the quality of the identification, where it is 
assumed at this stage that the system is not affected 
by a failure. Thus, the assumption of the good health 
of the system must be verified at the identification 
stage, otherwise the method fails. 
 

5. COMPARATIVE TABLE OF THE 
PROPOSED METHOD WITH THOSE OF 
THE STATE OF THE ART 
 

The proposed method, based on optimal filtering, 
allows for the early detection of faults, both online 
and offline, without expert intervention.  
In contrast, kurtosis analysis (Figure 7) and 
synchronous cepstrum analysis (Figure 8) based on 
the residual r (Figure 9), which is the difference 
between the amplitudes of the two peaks (wheel and 
pinion), do not allow for early detection, and the 
interpretation of the diagnostic results requires a 
specialist. 

 
Figure 7. Kurtosis value of the acceleration signal [28,29] 

 
Figure 8. Evolution of synchronous cepstrum Peaks 

[21,30] 

 
Figure 9. Evolution of the residue (r) of synchronous 

cepstrum  

Days 

𝐶𝐶 𝑑𝑑
𝑑𝑑
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Table 2 below summarizes the different 
comparison criteria between the proposed method 
based on optimal filtering and the most widely used 
state-of-the-art methods for detecting gearbox faults 
[21, 28-30].  

Table 2. Comparative study of methods 

 
6. CONCLUSION 
 

This work presents a model-based methodology 
for the early online detection of gear faults in 
rotating machines using optimal filtering. A key 
strength of the approach lies in its ability to detect 
failures automatically, without requiring expert 
interpretation or visual signature analysis. This is 
made possible by introducing a decision coefficient 
based on the variance of the residual, which 
transitions from 0 to 1 when a fault is detected. The 
use of a second-order stochastic model, combined 
with an optimal filter, provides a robust framework 
for distinguishing between healthy and faulty system 
states.  

The limitation of this method is that it cannot be 
applied to a system that already has a fault. 

The effectiveness of the method has been 
demonstrated through experiments on a vibratory 
gearbox system, where the detection criterion 
correlated well with expert assessments and 
published literature. 

Unlike conventional techniques that rely on 
spectral signatures or manual interpretation, the 
proposed approach offers a simplified and 
automated solution by replacing the fault signature 
with a statistically defined decision threshold. This 
makes it particularly suitable for real-time 
applications in industrial environments. 

The confidence in the method relies on the 
appropriate selection of the detection threshold, 
which ensures a good balance between sensitivity 
and robustness. Future work may focus on extending 
the approach to other types of mechanical systems. 
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