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Abstract
The heat dissipation path in a power module degrades over time due to solder fatigue. Estimating level of that degradation requires accurate measurements of junction temperature in real-time. Temperature sensitive electrical parameters
(TSEPs) and model estimates are two techniques to estimate junction temperature but they suffer from large inaccuracies and uncertainties during measurement and model identification process. This paper presents a non-invasive technique which incorporates model estimates with real-time measurements of VCE(ON) to accurately track junction temperature of an IGBT and to monitor the health state of the thermal path in a power module. The technique is built upon the
algorithm of Kalman filter which gives optimal estimates of system states in the presence of inaccurate and corrupted
measurements. The adaptive property of Kalman filter allows consistent estimate of junction temperature under timevarying conditions of the thermal path due to solder fatigue.

1

Introduction

Power electronics industrial requirements have increased
significantly in recent years towards higher integration
and functionality. That led to higher power density and
limited heat dissipation capabilities due to smaller sizes
and higher power ratings, the matter that puts an overhead
to reliability issues of power electronics modules. They
are used in utility power systems, power conversion, traction, aerospace and industrial drive circuits. They operate
in harsh environments which makes them one of the most
common components and the most prone to failures in
power systems [1]. Therefore, high reliability standards
are considered during the design phase to increase lifetime of power modules. Yet, monitoring health state during real-time operation is highly desirable to minimize
periodic maintenance and systems down-time by conducting preventive and predictive maintenance which consequently increases lifetime, maintainability and safety of
power systems.
Temperature is one of the key parameters that drive degradation processes in power electronics modules. Thermomechanical stresses are generated in the contacting surfaces of the multilayer structure due to the mismatch in
coefficients of thermal expansion (CTEs) of materials
constituting the structure. Over time, voids and cracking
start to initiate and propagate throughout different sites in
the structure which constitutes the heat conduction path in
the power module. Those cracks, voids and delamination
increase thermal resistance of heat conduction path which
in turn increases device temperature [2].
Two sites most vulnerable for cracking are solder joint
layer (between substrate and baseplate) and die-attach
layer. Cracks are initiated at the edges of the layer and
propagate towards the center [2]. The increment of device
temperature may lead to other failures such as latch-up
and burn-out failures due to chip overheating, and may

accelerate other failure mechanisms such as wire-bond
lift-offs [2,3]. Therefore, monitoring health state of heat
conduction path during normal field operation is essential
for in-field reliability of power modules.
The key idea of condition monitoring in general is based
on real-time measurements of failure indicators, and in
the case of power electronics module junction temperature is the key indicator of thermal path degradation. But
unfortunately this measurement cannot be done by direct
methods due to inaccessibility to the measurement point.
Therefore indirect methods are used to estimate junction
temperature. Some of these methods are based on model
estimates [4] which cannot track the real temperature profile as cracks propagate in the structure and alter the
thermal path. On the other hand, temperature sensitive
electrical parameters (TSEPs) can be used to get information about junction temperature. But real-time measurement of these parameters is difficult because of high
currents and voltages which reduce measurement accuracy of parameter such as VCE(ON) [5, 6], while fast switching characteristics of power devices require high time resolution to capture switching parameters such as dv/dt, tdon
and toff [7], in addition to the relatively low sensitivity of
temperature sensitive electrical parameters (TSEPs) to
junction temperature [7, 8] and the wide-band noise and
interference from the surrounding environment. Not to
forget the contribution of loading conditions and gate
drive characteristics on the measured variables and the
effect of switching signal which corrupt the continuity of
the measurements. That makes the process of resolving
junction temperature information from measurements of
temperature sensitive electrical parameters (TSEPs) a
very challenging task. In consequence, it is imperative to
combine real-time measurements of TSEPs and model
estimates to employ all available knowledge to resolve
junction temperature and health state of the thermal path.

Only few methods were proposed in literature to monitor
the health state of heat conduction path during normal operation of power modules. Dawei et al [9] proposed a
method to estimate the change in thermal resistance due
to solder fatigue by employing measurements of case
temperature, power-loss model and a thermal model. Anderson et al [10] proposed a data-based method utilizing
measurements of current and voltage to estimate onresistance of the device and employs PCA algorithm to
extract features of degradation from measured signals.
Dawei et al [11] introduced a method based on the output
harmonics of an inverter as an indicator of solder fatigue.
Musallam [12] used a real-time thermal model with an
infrared camera to monitor thermal path degradation and
to assess the change in thermal resistance due to solder
fatigue.
This paper studies through simulation a monitoring approach based on the algorithm of Kalman filter to estimate junction temperature under degradation condition of
power module thermal path. The method combines a
model estimate of TJ with a real-time measurement of
VCE(ON) as a temperature sensitive electrical parameters.
Junction to ambient thermal resistance RθJa is used to
characterize the degradation in the thermal path. Next section describes thermal model formulation and Kalman filter algorithm. Section 3 describes experimental identification of baseline and degraded thermal model. Section 4
presents simulation results and the conclusion is presented
in section 5.
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The heat conduction path of a power module can be described by an equivalent electrical circuit of Foster network with an infinite number of RC elements as is shown
in Figure 1. The thermal impedance of the heat conduction path describes the response of a thermal system to a
step power input. It is described by the ratio of the difference between junction temperature and a reference temperature to the input power:
ܶ( )ݐ− ܶ
ܲௗ

(1)

where Tj is the junction temperature, Ta is the ambient
temperature and Pd is the power dissipation. Foster network model shown in Figure 1 is a behavioural model of
the thermal system, that is RC elements of the model have
no physical meaning. They have no relation to the real
thermal resistances and thermal capacitances of any layer
of the structure with the exception of the total sum of
thermal resistances which equals the total thermal resistance of the structure. Each RC element has a time constant τ=RC and captures one zero-pole pair of the thermal
system. The transfer function of foster network can be
represented by:
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Figure 1 the multilayer structure of a power module and its
equivalent foster network
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where a and b are coefficients of the transfer function and
can be identified by least squares fitting and s is the complex variable. In order for this transfer function to represent a proper impedance function of a foster network it
should satisfy a set of conditions [13]: 1) poles and zeros
lay on the real negative axis. 2) Poles and zeros must alternate on that axis. 3) The nearest singularity to the
origin must be a pole and the nearest singularity to infinity must be a zero. 4) The residues should be real positive.
Those conditions should be satisfied by the curve fitting
algorithm during the identification process in order to
generate a proper set of RC parameters.
The partial fraction expansion form highlights the decoupled nature of the foster network and simplifies numerical
solution of the system [14]:
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where n is the model order or the number of RC elements,
ki and pi are residues and poles of the transfer function
respectively. After a and b coefficients in (2) are identified and the transfer function is expanded into form (3)
the values of RC elements can be calculated from the
poles pi and the residues ki by the following formulas:
ܴ =

݇
1
, ܥ =
||
||

(4)

Deriving a state-space representation of the model is necessary for the derivation of Kalman filter which is discussed in the following section. Hence, the partialfraction form in (3) is transferred into a state-space representation by considering the parallel form of a state-space
model. This form is derived directly from a partial fraction expansion and leads to a diagonal system matrix
where system poles pi are elements of the main diagonal,
while residues ki are elements of the input matrix. This
matrix is extended with a second column to account for
the ambient temperature as a second input to the system.
The ambient temperature is assumed to be additive to the
output therefore the second column is a zero column. The
resulting state-space representation of the thermal model
is:
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where system states vector x represents the differential
temperatures across each RC element of the network,
u=[Pd, Ta] is the system input vector where Pd is the power dissipation and Ta is the ambient temperature. The output equation represents junction temperature TJ which is
the total sum of system states. An×n is the system matrix,
Bn×2 is the input matrix, C1×n is the output matrix and D1×2
is the feed-forward matrix.

2.2

Yes

Time-Varying Kalman Filter

A Kalman filter estimates the states of a linear system assuming an input vector is known and at least one measurement vector is available as feedback from the real system. In our case, the model is the thermal model described
in (5) which represents apriori knowledge, the inputs are
PD and Ta which are known and the measurement of TJ is
provided by an estimate from VCE(ON) measurement as
aposteriori knowledge. It is assumed that the model dynamics and the measurements are disturbed by an uncorrelated white Gaussian noise and that the noise covariance
is known. Process noise accounts for uncertainty in the
modeling process, while measurement noise accounts for
sensor noise and interferences superimposed on VCE(ON).
The model in (5) is discretized with a time step Ts using
Euler backward method and is modified with process and
measurement noise terms so that the discretized model
becomes:
 ݇[ݔ+ 1] =  ]݇[ݔܨ+  ]݇[ݑܩ+ ]݇[ ݓܪ
(6)
ܶ[݇] =  ]݇[ݔܥ+  ]݇[ݑܦ+ ]݇[ݒ

where wn×1 is the process noise, v1×1 is the measurement
noise, Fn×n is the state transition matrix, Gn×2 is the input
matrix, Hn×n is the process noise gain matrix.
Kalman filter works in two steps, first a priori estimate of
states x̂[k+1|k] is calculated given a past estimate x̂[k|k]
and the current input vector u[k|k] in a prediction step.
Then a correction step is carried out using a measurement
TJ[k] where an error signal e[k] is generated as the difference between the measurement TJ[k] and the estimate
T̂J[k]. This error is fed-back through Kalman gain matrix
K[k] to calculate a posteriori estimate x̂[k|k]. The algorithm updates K[k] in every iteration to minimize the
mean value of the error signal e[k]. This adaptive property allows the algorithm to track junction temperature under time-varying conditions such as degradation of the
heat conduction path. Kalman filter is implemented by
iterating through the following set of equations:

Figure 2 the sequence of Kalman filter steps
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where P[k+1|k] is the priori estimate of error covariance
and P[k|k] the posteriori estimate, Q is the process noise
covariance, R is the measurement noise covariance and I
is the identity matrix. Matrices Q and R are determined as
tuning parameters to get the best performance of the filter
[15].
The problem of missing data is accounted for by running
the filter in the prediction step only when measurement of
TJ[k] is unavailable. In this case T̂J[k] is calculated only
from u=[PD, Ta] and the history of temperature profile.
Whenever a new measurement of TJ[k] is available the
correction step is carried out. This flow of implementation
is described in Figure 2 and is controlled by manipulating
the measurement matrix C according to TJ[k] availability
such that when TJ[k] is missing C is made to be C=0
which forces the posteriori estimate to be equal to the priori estimate x̂[k|k]=x̂[k+1|k] and similarly the posteriori
error covariance to be equal to the priori one
P[k|k]=P[k+1|k].

3

Thermal and Electrical Model
Identification

3.1

Identification of Baseline and Degraded
Thermal models

The process of initiating failures in the thermal path
through thermal or power cycling tests are a time consuming process and it is difficult to control the dominant failure mechanism taking place in the cycled samples. Therefore, an emulation of a degraded thermal path is conducted by inserting thermal pads in between the substrate and
the baseplate of an IGBT module test sample. Thermal
pads used are aluminium nitride AlN with a thickness of
1mm. Thermal pad 1 has a solid design while thermal pad
2 has a punched design so that thermal resistance of Pad 2
is higher that Pad 1. A holder is designed to clamp the
substrate on top of the thermal pad and the baseplate using clamps at the edges of the substrate. The baseplate is
then fixed to a cold plate which is connected to a water
cooling system that controls water temperature to be
19oC.
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Figure 4 (a) the I-V characteristic of an IGBT device (b) the
electrical model of an IGBT device
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Figure 3 Experimental thermal impedance measurements
of Baseline and Degraded IGBT module
Table 1 The identified parameters of the thermal model
Foster network parameters
R1
R2
R3
R4
C1
C2
C3
C4
Baseline 0.147 0.384 0.522 0.225 0.192 0.450 2.087 51.813
0.241 0.417 0.828 0.529 0.146 0.600 2.576 28.089
Pad 1
0.244 0.416 0.814 0.594 0.146 0.589 2.635 25.252
Pad 2

Junction to ambient thermal impedance Zθja is determined
by measuring the cooling curve of the junction temperature of the IGBT using a thermal impedance analyser. The
chip is self-heated by passing a current of 25A which
generates a power dissipation of 49W. The thermal system arrived to thermal equilibrium after 100s. The current
is then bypassed and 40mA current is injected into the
IGBT to allow measuring VCE which is sampled with a
frequency of 10kHz.
This process is repeated 100 times and VCE measurement
is averaged to reduce measurement noise. The data is then
resampled by a logarithmic time vector to emphasize the
behaviour of faster poles and to reduce data size. A calibrated model TJ=f(VCE) is then used to get the junction
temperature profile which is shifted and mirrored to generate the heating curve.
The thermal impedance is measured for three cases: 1)
baseline case where no thermal pad is used 2) with thermal pad 1 which increased thermal resistance by 58% 3)
with thermal pad 2 which increased thermal resistance by
62%. Figure 3 shows measurements of thermal impedance
for all three cases.
Parameter identification process is carried out by least
squares algorithm to fit the model of (2) to data shown in
Figure 3. Model order is determined by examining convergence of the fitting residual with increased model order. It is found that the residual converged to a constant
value after a model order of 4. Therefore the model is
chosen to be of 4th order. RC values of the three models
by least-squares fitting are presented in Table 1.

Identification of Electrical Model

The electrical model of the IGBT chip is obtained from
the I-V characteristic. A curve tracer is used to obtain I-V
curves at multiple junction temperatures. The test module
was fixed on a hot plate and the temperature is measured
using a thermocouple at the top surface of the chip. All
curves are obtained at a gate voltage of 15V. I-V curves
as a function of temperature are shown in Figure 4. Using
least squares algorithm a polynomial of 2nd order to temperature and 4th order to current is found to give a good fit
to data with R2=0.9995. The modeling error bounds are
±0.02V. The electrical model is shown in Figure 4 and is
described by the following polynomial:
ܸ(ܶ, ܽ = )ܫ + ܽଵ ∗ ܶ
+ ܽଵଵ ∗ ܶ ∗ ܫ
+ ܽଵଶ ∗ ܶ ∗ ܫଶ
+ ܽଵଷ ∗ ܶ ∗ ܫଷ
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Simulation and Results

A Matlab/Simulink model is used to test the algorithm of
Kalman filtering for purpose of junction temperature estimate and thermal path monitoring. The model shown in
Figure 5 simulates the electro-thermal behaviour of an
IGBT device in a Voltage-Source Inverter (VSI). The
feedback of TJ into the electrical model allows thermal
degradation to affect electrical parameters i.e. power dissipation PD and VCE(ON). The switching PWM signal is
generated with a switching frequency of 1kHz for a sinusoid modulation signal with a 50A amplitude and a frequency of 8Hz. Only conduction power loss is considered
in the simulation and is calculated as function
PD=f(IC,VCE(ON),Tj,ρ,Fs) of duty cycle ratio ρ, switching
IGBT Module
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Figure 5 The Electro-Thermal Simulink model
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This error signal is critical for the performance of the algorithm. And since it is generated from the estimate
Figure 6 availability of the estimate TJ_VCE and the corre- TJ_VCE it is important to examine the effect of VCE(ON)
measurement accuracy and sampling rate on the perforsponding steps of Kalman filter
mance of the algorithm. Measurement accuracy and samfrequency Fs, junction temperature Tj, device current IC pling rate are represented by quantization error (Q) and
and on-state voltage VCE(ON). The outputs of the electrical samples number respectively. Table 2 shows the mean
model are the power dissipation PD and VCE(ON). An addi- absolute error (MAE) and the variance of the error signal
tive white Gaussian noise is superimposed on VCE(ON) to for different Q and samples number. It is obvious that essimulate measurement noise in a real inverter. PD is fed to timation accuracy can be improved by increasing measthe thermal model and to Kalman Filter as the input signal urement accuracy and sampling rate which could be limu[k], and VCE(ON) is used to produce an estimate of junc- ited for practical reasons. Still, fair estimates can be
tion temperature TJ_VCE which is passed to Kalman filter achieved with lower accuracy and lower sampling rate.
as the measurement signal TJ[k]. The estimate TJ_VCE is Thermal path degradation is simulated by changing therproduced by a model TJ_VCE(IC,VCE(ON)). This model alt- mal model’s parameters from baseline to degraded cases
hough is obtained from the same I-V curves in Figure 4 as identified in Table 1 while other parts of the model are
unlike (8) is more critical because of the measurement fixed. Simulation results are presented in Figure 8 where
noise presented in VCE(ON). This noise leads to large errors the true TJ of the baseline and degraded thermal path are
̂
in the estimate of TJ at low IC due to lower sensitivity of shown in Figure 8(a) and the corresponding estimates TJ
VCE(ON) to TJ at low currents. For example, assume are shown in Figure 8(b). It can be seen that Kalman esVCE(ON) measurement error is ±20mV that contributes to timate is consistent for large changes as well as small dean error ±22oC in TJ_VCE when IC=10A where sensitivity is viations in the model parameters. That explains robustabout 0.92mV/oC while the same error contributes to ness of the Kalman filter towards modeling uncertainties
±5oC when IC=45A where sensitivity is about 4mV/oC. and time-varying models which allows using its estimate
Hence, to avoid large estimation errors in TJ_VCE signal to monitor the state of the thermal path in IGBT modules.
(a) True Junction Temperature
the model TJ_VCE(IC,VCE(ON)) is fit to the data where
115
IC>35A.
100
Consequently, availability of the estimate TJ_VCE is limited
85
to when IC>35A during half period of the phase current.
70
That limits the implementation of the correction step
55
which uses TJ_VCE estimate to the time when IC>35A as
49.2
49.4
49.6
49.8
explained in Figure 6 while the filter estimates junction
(b) Kalman Estimate of Junction Temperature
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temperature TJ utilizing only the thermal model in a pre100
diction step for the rest of the current period. The result of
simulation is shown in Figure 7 which depicts the opera85
tion of the Kalman filter. The corrupted measurement of
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the junction temperature TJ_VCE obtained from VCE(ON) is
55
49.2
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49.8
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Table 3 Measured and Estimated Thermal resistance
Mean Value / System State

Tm ( C)

Baseline
Degraded (Pad 1)
Degraded (Pad 2)

66.32
97.01
99.10

O

T̂m(OC) Pm (W)

65.78
98.75
100.23

38.25
39.70
39.77

Measured Estimated
Rθja (OC/W) Rθja (OC/W)
1.29
1.27
2.04
2.06
2.1
2.09

In order to assess the level of degradation in the thermal
path the junction-to-ambient thermal resistance Rθja is calculated using Kalman estimate T̂J under constant operational conditions where a time window of 5s is used to
calculate the mean of junction temperature estimate T̂J
and the mean of power dissipation PD. Then Rθja is estimated using the following relationship:
ܴఏ =

 − ܶ
ܶ
ܲ

(9)

where T̂m is the mean value of Kalman estimate T̂J, Pm is
the mean value of power dissipation and Ta is the ambient
temperature. Table 3 shows the estimated junction-toambient thermal resistance for healthy and degraded cases
calculated using Kalman estimate T̂J and compared to the
experimentally measured thermal resistance using the
thermal impedance curve in Figure 3. It is shown that the
mean value of junction temperature is increasing as well
as power dissipation in the chip due to thermal path degradation. That increment of junction temperature is a result of higher thermal resistance. The estimated junctionto-ambient thermal resistance Rθja matches with the measured Rθja which describes the adaptive property of Kalman
filter estimate of junction temperature for purposes of
thermal path monitoring.

5

Conclusion and Future Work

This paper introduced an approach to accurately estimate
junction temperature of an IGBT power module in realtime. It is based on Kalman filter algorithm which incorporates apriori model estimate with inaccurate and corrupted aposteriori knowledge from real-time measurements of temperature sensitive electrical parameters
(TSEPs). This work used VCE(ON) as a temperature sensitive electrical parameter to get information about junction
temperature. The temperature estimate given by VCE(ON) is
noisy and intermittent due to the nonlinearity of the I-V
characteristic of an IGBT, low temperature sensitivity and
the variable phase current in an inverter. It has been
shown that this corrupted information of junction temperature produced by VCE(ON) can be incorporated with a
model estimate through the use of Kalman filter to accurately estimate junction temperature and allows real-time
condition monitoring of the thermal path of a power module. The stochastic formulation of the thermal model used
by Kalman filter takes into account modeling uncertainties while the adaptive nature of Kalman gain matrix
keeps estimate updated to the time-varying conditions of
the thermal path. Consequently, allows consistent estimate of junction temperature as solder fatigue develops
and cracks propagate through the multilayer structure of
the power module. The effect of VCE(ON) measurement in-

accuracies and sampling rate was studied through simulation and results have shown that the estimate error can be
reduced by reducing quantization error of the measurement circuit and increasing sampling rate of VCE(ON) during a current period.
The potential use of Kalman filter in the field of power
electronics has been studied through simulation. It shows
robustness and consistency in estimating the junction
temperature of an IGBT. It allows developing an efficient
real-time condition monitoring for power modules regardless of application and system topology if it is implemented on gate drives to monitor individual modules. Experimental setup is being prepared for validating the algorithm.
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