
  

  
Abstract— This paper illustrates how Kalman filters were used 

in a model-based fault diagnosis of a DC-DC boost converter. A 

time-averaging model was used with the Kalman filters to 

generate residual signals. Multiple signature faults were 

developed in fault scenarios to identify critical variations in the 

elements of a power converter using the adaptive estimation 

technique. Results show a very precise and accurate fault 

diagnosis of signature faults. The fault diagnosis shows a high 

performance in transients and against noise in the circuit.  

I. INTRODUCTION 

APIDLY increasing demand for the application of power 
electronic devices in energy harvesting and power 

conversion systems can involve about 50% of all power 
consumers in developed countries and may even exceed 50% 
in locations where the price of energy is higher than the 
international average [1, 3]. Therefore, in the near future, most 
of the loads and power generation units will be connected to 
the grid through some form of power electronic circuits. For 
instance, in electric vehicles driving on the road, power 
electronic circuits are the key components for the numerous 
battery charge/discharge cycles provided by regenerative 
braking and torque assist conditions [2, 5]. Hybrid electric 
vehicles rely on battery backup and other storage devices to 
enhance fuel efficiency. To safely interface the battery storage 
with the powertrain equipment, the power electronic circuits 
are required to operate reliably up to 150,000 miles [5]. By 
diagnosing the fault in its early stages, the reliability of power 
conversion can be increased significantly.  

Despite the need for reliable operation of power electronic 
applications in various industries, a survey shows that power 
electronic circuit elements, specifically power semiconductors, 
are the most vulnerable components, since about 40% of all 
failures start from these elements [4]. The main cause of 
failure, however, is the presence of transients that result from 
environmental and heavy load stresses. The same survey 
determined that the reliability of these power electronic 
devices is a key issue in their application [4]. Figure 1 shows 
the failure rate of different components in power electronic 
circuits. 

Several techniques have already been developed to detect 
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the fault in power electronic systems. However, their response 
time is in the range of seconds, and their performance is 
significantly affected by the noise. In addition, these 
techniques have demonstrated poor performance during the 
transients [4, 9]. Most of the fault diagnosis techniques for 
power electronic systems analyze the output waveform 
spectrum to avoid modeling complications [11-18] with the 
expense of accuracy. In this regard, some researchers have 
used neural networks or have mixed neural networks with 
other tools such as signal processing [14, 17] to benchmark the 
problem and use pattern recognition to identify the signature 
faults. Other techniques mainly depend upon the spectrum 
analysis of the fault occurrence and the frequency shift 
resulting from a fault in the system output. Knowledge-based 
identification systems [18] have also been introduced for a 
predefined set of faults, where the fault search engines are 
designed to adapt themselves to model variations. Particle 
swarm optimization [19, 20], fuzzy [26], fuzzy expert systems 
[21], Markov-based techniques [10, 12] and time-averaging 
technique [27] are all designed based on the knowledge of the 
system. 

These techniques have several flaws: they treat the system 
as a lump model and, in some cases, are able to detect the fault 
in the system only with significant delays (in the range of 
seconds); they fail to consider one of the key issues in power 
electronics, the effect of noise; and they are unable to track the 
system parameter variations in the transients. For early 
diagnosis, researchers have focused on complicated models of 
power semiconductors to estimate heat rejection and 
temperature variations [4, 6, 8, 9]. These models require 
significant details and expensive measurements. 

 
Fig. 1, Statistical analysis of power electronic component failure probability. 
As shown, semiconductors are the most vulnerable elements of the circuit [4]. 
 

This paper discusses how a time-averaging model of a DC-
DC converter was used in a residual generation center. 
Kalman filters were used to include the effect of noise in the 
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model of the converter and to reduce the dependency of the 
diagnostics approach to the level of noise in the system. Figure 
2 shows a DC-DC boost converter. 

 
Figure 2, DC-DC boost converter 

 
The signature faults were mathematically modeled, such as 

M1-Mk as shown in Figure 3, and their outputs when excited 
by the same input signal were compared against the output of 
the actual system. The difference between the output of the 
actual system and the outputs of models M1-Mk generates the 
residual signals.  
 

 
Fig. 3, multiple model adaptive estimation using self-tuning banks [24]. 

II. AVERAGED MODELING OF A DC-DC BOOST CONVERTER 

Small signal models provide steady state analyses of power 
electronic circuits by linearization of the model around the 
operating point. Time-averaging and state-space averaging 
techniques include switching device duty cycles [23]. 
Averaging the models (1)-(3) results in a lumped formula as  
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0;0 0]. x is the state space variable vector and u is the input 
voltage, RL is the internal resistance of the inductor, D is the 
duty cycle, and T is the period of the carrier frequency. With 
the same technique, averaged-models of signature faults can 
be achieved. Mathematical models of faulty circuits result in 
invaluable information about the transient studies and 
protection of the circuits with various elements and 
applications. The application of this technique is not limited to 
linear systems since extended Kalman filters can also be used 
to model nonlinear behavior of DC-DC converters. The 
parameters of the system are RL = 0.095Ω, L = 67µH, R = 

10Ω, and C = 200µF. 

III. KALMAN FILTER INTEGRATION AND RESIDUAL 

GENERATION 

In a discrete time representation, incorporating the existing 
system noise and measurement noise into the model can be 
done by means of a Kalman filter. The power electronic 
circuits with a specific type of fault “k” can be mathematically 
expressed as [24, 25] 
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. The Kalman filter model 

representation of a system is 
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where 

k
x̂ is the estimation of state space variable, 

k
y  is the 

actual output expected from the model, and 
e

K is the Kalman 

filter gain, recursively obtained by 
 

1])([)()( −

+Φ=
T

kk

T

kke
HnPHRHnPnK  for n=1, 2… ,     (7) 

 
where P is the covariance matrix updated by 
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The covariance matrix, P with P(0)≠0, updates the Kalman 
gain recursively. The residual signal is defined as the 
difference between the output of the Kalman filter model and 
that of the actual operating system. For each of the models, 
there is a residual signal computed instantaneously and used to 
compute conditional probability density functions. Residual 
signals are obtained by [24] 
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The benefit of modeling power electronic circuits with a 

Kalman filter is the resulting ability to include noise into the 
mathematical models. Both switching frequency and 
harmonics generated in power electronic devices can be 
considered to enhance the fault diagnosis performance. 
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IV. FAULT DIAGNOSIS 

The model-based fault diagnosis of a DC-DC power 
electronic converter is introduced and applied in this section 
for diagnosis of predefined scenarios.  

The fault is defined as change in the value of the capacitor 
and inductor. The fault diagnosis technique is expected to 
identify the type of variation in the system by observing the 
input and output signals.   

Case a) Inductor diagnosis: Inductors in DC-DC converters 
have a critical value in maintaining a continuous operation. 
Any variation in the inductor’s value will result in higher 
voltage drop or discontinuous operation of the converters. 
Two cases defined as fault were the inductor’s resistance 
variation by 2% and the inductance variation by 5%. Models 
of these cases were obtained simply by replacing the 
parameter values in (4). Normal operation, 2% resistance, and 
5% inductance variations formed a fault scenario. As 
mentioned earlier, the fault diagnosis technique indicates the 
fault related model by associating a probability value to each 
model. Figure 4 illustrates the fault diagnosis and probability 
values. As it is shown, the normal condition has the highest 
probability with a very short transient from an initial value of 
0.33. A shift in probability values of the three systems 
occurred near the 1000th sample point, where the first 
parameter variation of 2% resistance was scheduled. As the 
figure shows, the probability value is the highest in system 2 
and is zero in other systems. As the second parameter 
variation occurs around the 2000th sample, the probability 
value shifts almost immediately from near zero to the highest, 
1, in the third system.   
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Fig. 4, Probabilities of a fault diagnosis evaluation using time averaging; 
during normal operation, systems 1 and 2 are scheduled consecutively, 1000 
samples apart. The system with the highest probability density function in 
each time instant represents the valid model. 
 

As the figure shows, the Kalman filter combined with the 
time averaging model could diagnose the system according to 
the predefined fault scenario. The transition from normal 
operation to the fault conditions is quick and requires very few 
samples to fully indicate the fault occurrence. In practice, the 
probability values are compared with a threshold to indicate 
faults.  

Case b) Capacitor values also change the output voltage 
ripple and total harmonic distortion (THD). The fault, 
therefore, is to indicate 1% and 2% variation in the actual 
capacitance of the output capacitor. The capacitance variation 
might be less than the capacitor tolerance. As Figure 5 
demonstrates, higher probability values associate the fault 
model with the valid system. As the figure shows, the 
transition from normal conditions to a 1% capacitance 
variation at the 1000th sample is very quick. The second 
parameter variation at the 2000th sample was also indicated by 
the probability value shifts from zero to one in the third 
system. As mentioned earlier, one of the drawbacks of 
conventional fault diagnosis systems is the poor performance 
in system transient operations. The application of model-based 
fault diagnosis and Kalman filters enhances the performance 
of the system in fast transients, as shown in Figures 4 and 5.  
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Fig. 5, Probabilities for normal operation, and 1 and 2% capacitance 
variations. 

V. CONCLUSION 

Kalman filters were successfully used for fault diagnosis of 
DC-DC boost converters using time-averaging models. 
Multiple models were developed to cover the signature faults 
defined in the inductor and capacitor values. Time averaging 
and Kalman filters provide a sensitive platform for residual 
generation in model-based fault diagnosis of DC-DC 
converters to identify very small parameter variations during 
the operation of the device.     
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