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Abstract

This paper presents a non-destructive method for automatic classification of semiconductor operating
conditions using thermography and deep learning. Thermographic measurements were performed on MBR2550CT
devices using an ImagelR 8300hp infrared camera. A FEM thermal model was developed to determine the relationship
between package temperature and junction temperature. Based on the obtained TcT; relationship and Arrhenius
reliability analysis, thermograms were assigned to classes representing acceptable and excessive junction
temperatures. A database containing 3000 thermograms was used for training and validation of the RetinaNet neural
network. The developed model achieved a classification accuracy of 91.0%.

1. Introduction

Power semiconductor devices are widely used in power converters, switched-mode power supplies,
photovoltaic systems, and industrial electronic equipment [1] [2] [3]. The reliability of such devices strongly depends
on the junction temperature (T;) of the semiconductor die [4]. The relationship between junction temperature and device
lifetime is commonly described using the Arrhenius model. According to this model, even a relatively small reduction
in operating temperature may significantly decrease the aging rate and increase the expected lifetime of a
semiconductor device [5] [6]. Therefore, information regarding junction temperature is essential for condition
monitoring and reliability assessment.

Direct measurement of semiconductor junction temperature is difficult because the semiconductor die is
enclosed within the device package. One of the most commonly used approaches is based on thermosensitive
electrical parameters (TSPs), such as the forward voltage drop [7]. However, these methods require dedicated
calibration procedures and additional measurements, which limits their applicability in practical diagnostic systems.

An alternative solution is indirect junction temperature assessment based on package temperature
measurements. The package temperature can be determined using contact sensors or infrared thermography [8]. In
particular, thermographic measurements offer several advantages, including non-contact operation, electrical safety,
and the possibility of observing the entire temperature distribution on the package surface [9]

It should be emphasized, however, that an infrared camera does not directly measure the semiconductor
junction temperature. The recorded temperature corresponds to the surface of the encapsulating material, whereas
the semiconductor die remains inaccessible to direct observation. Consequently, the measured package temperature
cannot be directly interpreted as the junction temperature responsible for degradation processes and reliability
reduction. Therefore, it is necessary to establish the relationship between the package temperature (T¢) and the
junction temperature (T)).

One of the methods enabling such analysis is thermal modeling using the Finite Element Method (FEM). By
combining thermographic measurements with a validated thermal model, it is possible to estimate the junction
temperature indirectly from the measured package temperature. Such an approach enables thermal condition
assessment without damaging the device and without performing additional electrical measurements.

In recent years, artificial intelligence and machine learning methods have increasingly been applied to
semiconductor diagnostics and thermal analysis. These methods have been successfully used for inverter fault
detection [10], semiconductor defect classification [11] [12], junction temperature estimation [13] [14] [15], and
thermographic diagnostics of electronic systems [16] [17]. Other studies have investigated machine-learning-based
approaches for thermal anomaly detection and overheating identification in semiconductor devices [18] [19] [20].

Despite the growing number of studies devoted to machine learning in semiconductor diagnostics, significant
research gaps remain. Most reported approaches focus on defect detection, thermal anomaly localization, wafer
inspection, or monitoring based on electrical parameters [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20]. Relatively
little attention has been devoted to indirect assessment of semiconductor junction temperature using thermographic
measurements combined with FEM-based thermal modeling. Furthermore, existing studies typically analyze surface
temperature distributions rather than reliability-oriented classification of operating conditions based on the estimated
junction temperature of the semiconductor die.

Therefore, the objective of this work was to develop a non-destructive method enabling automatic
classification of semiconductor devices according to their junction temperature. The proposed approach combines
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thermographic measurements, FEM-based thermal modeling, reliability analysis based on the Arrhenius model, and
machine learning. A thermal model of an MBR2550CT semiconductor device was developed to determine the
relationship between package temperature and junction temperature. Based on this relationship, thermograms were
assigned to classes representing acceptable and excessive junction temperatures. Finally, the RetinaNet architecture
was applied to automatically classify thermograms according to the estimated thermal condition of the semiconductor
junction.

2. Experimental Procedure

2.1. Experimental Setup

The investigated component was an MBR2550CT Schottky barrier rectifier (onsemi, Scottsdale, AZ, USA)
consisting of two semiconductor diodes with a common cathode enclosed in a TO-220 package [21]. According to the
manufacturer's datasheet, the device is intended for high-current and high-frequency applications and is characterized
by a maximum average forward current of 25 A and a maximum junction temperature of 150 °C [21].

Thermographic measurements were performed using an ImagelR 8300hp infrared camera (InfraTec GmbH,
Dresden, Germany) equipped with a microscopic lens. The camera provides a detector resolution of 640 x 512 pixels,
a spectral range of 1.5-5.7 ym, and a noise-equivalent temperature difference (NETD) below 25 mK. The investigated
device was supplied from a programmable current source, while the forward current and voltage were monitored
throughout the experiment.

To verify selected thermographic measurements, a Pt1000 temperature sensor (Vishay Intertechnology Inc.,
Malvern, PA, USA) operating in a four-wire configuration was attached to the package surface. The emissivity of the
observed epoxy surface was assumed to be equal to 0.98. A photograph of the experimental setup is presented in
Fig. 1.

Measurements were performed on six MBR2550CT devices. One of the internal semiconductor junctions
was supplied with currents ranging from approximately 1.25 A to 4.88 A. For each operating point, a sequence of 100
thermograms was recorded after reaching steady-state thermal conditions. Depending on the investigated device and
operating conditions, the average package temperature varied from approximately 43 °C to 120 °C.

The measurements were repeated for all investigated devices and operating conditions, resulting in an
extensive thermographic database covering a wide range of thermal states. Subsequently, 3000 thermograms were
randomly selected and used in further stages of the study, including thermal modeling, dataset preparation, and
machine-learning-based classification.
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Figure 1. Schematic of the experimental setup consisting of two programmable current sources, measuring
instruments, the investigated MBR2550CT device containing two Schottky diodes connected by a common
cathode, and an ImagelR 8300hp infrared camera. During the experiments, only one diode junction was
electrically loaded.
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2.2. Junction Temperature Estimation Using FEM

Since infrared thermography provides information only about the package temperature, a thermal model was
developed to determine the relationship between the package temperature (T¢) and the junction temperature (T;) of
the investigated semiconductor device.

To obtain the geometric dimensions of the internal structure, an additional MBR2550CT device was
mechanically opened. Based on the measured dimensions, a three-dimensional model of the device was developed
using SolidWorks Simulation (Dassault Systemes, Vélizy-Villacoublay, France). The model included the
semiconductor dies, copper leads, encapsulating epoxy material, and other major structural components affecting heat
transfer within the package. The thermal model developed in SolidWorks Simulation is shown in Fig. 2.
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Figure 2. Three-dimensional thermal model of the investigated MBR2550CT device developed in
SolidWorks Simulation.

The Finite Element Method (FEM) was subsequently applied to simulate heat transfer processes occurring
inside the device. Heat generation within the semiconductor junction was determined from experimentally measured
power losses, while heat exchange with the surroundings was modelled by considering natural convection and thermal
radiation. As a result, the temperature distribution within the package was determined and the relationship between
the package temperature (T¢) and the junction temperature (T) was established [22].

According to the manufacturer's datasheet, the maximum allowable junction temperature of the investigated
device is equal to 150°C [21]. However, operation close to this limit may significantly accelerate degradation processes
and reduce the expected service life of the semiconductor component. Therefore, the Arrhenius model was employed
to evaluate the influence of junction temperature on device reliability. The performed analysis demonstrated that
reducing the junction temperature from 150°C to 70°C decreases the acceleration factor to approximately AF = 0.0059,
corresponding to an approximately 169-fold reduction in the aging rate.

Consequently, a junction temperature of 70 °C was selected as a conservative threshold representing
acceptable operating conditions. Using the developed FEM model, the package temperature corresponding to T; =
70°C was determined as Tc = 58.9°C. This threshold was subsequently used during the thermogram labelling process
and preparation of the dataset used for machine-learning-based classification.

2.3. Dataset Preparation and RetinaNet Training

The thermograms acquired during the experimental investigations were exported from IRBIS 3.1 Professional
software in the form of temperature matrices. Unlike conventional thermographic images, temperature matrices contain
quantitative temperature information for each pixel and are independent of the selected colour palette or visualization
settings.

To ensure consistent representation of thermal information throughout the dataset, all temperature matrices
were subjected to global normalization. The minimum and maximum temperature values determined from the entire
database were assigned values of 0 and 1, respectively. Consequently, identical normalized values corresponded to
identical relative temperature levels in all thermograms. The normalized temperature matrices were subsequently
converted into pseudo-PNG images and used as input data for the machine-learning algorithm.

Based on the TT; relationship established in Section 2.2, thermograms corresponding to an estimated
junction temperature below 70°C were assigned to the Correct class, whereas thermograms corresponding to an
estimated junction temperature equal to or exceeding 70°C were assigned to the Incorrect class. In practice, this
threshold corresponded to a package temperature of Tc = 58.9°C measured in the region located directly above the
semiconductor junction.

The final database consisted of 3000 thermograms, including 1500 samples representing correct operating
conditions and 1500 samples corresponding to excessive junction temperatures. The dataset was randomly divided
into training and validation subsets using an 80/20 ratio.

The RetinaNet architecture with a ResNet-50 backbone and Feature Pyramid Network (FPN) was applied
for thermogram classification and localization of thermally significant regions. Bounding boxes were assigned to the
package area corresponding to the location of the semiconductor structure. The network was trained using transfer
learning techniques, while the performance of the developed model was evaluated using an independent validation
dataset.
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3. Results

The final dataset consisted of 3000 thermograms, including 1500 samples representing correct operating
conditions and 1500 samples corresponding to excessive junction temperatures. The dataset was randomly divided
into training and validation subsets using an 80/20 ratio.

The RetinaNet neural network was trained using pseudo-PNG images generated from globally normalized
temperature matrices. The validation dataset consisted of 600 thermograms and was used to evaluate the
performance of the developed classification model.

The obtained confusion matrix contained 174 true positive classifications, 372 true negative classifications,
28 false positive classifications, and 26 false negative classifications. Based on these results, the overall classification
accuracy reached 91.0%.

The calculated precision, recall, specificity, and F1-score were equal to 86.1%, 87.0%, 93.0%, and 86.5%,
respectively. The relatively high specificity indicates that the proposed method effectively distinguished thermograms
corresponding to acceptable operating conditions from those associated with excessive junction temperatures. The
confusion matrix obtained for the validation dataset is presented in Table 1.

Table 1. Confusion matrix obtained for the validation dataset. The overall classification accuracy was 91.0%
Predicted correct | Predicted incorrect
Actual correct 372 28
Actual incorrect 26 174

The confusion matrix demonstrates that the developed RetinaNet model achieved a balanced classification
performance for both considered classes. A total of 546 out of 600 thermograms were correctly classified,
corresponding to an overall accuracy of 91.0%.

The number of false positive classifications was equal to 28, whereas 26 thermograms were classified as
false negatives. The comparable number of both error types indicates that the developed model did not exhibit a
significant bias towards either of the investigated classes.

Particular attention should be paid to the relatively high specificity of 93.0%, indicating that thermograms
corresponding to acceptable operating conditions were identified with high reliability. This feature is important from the
practical perspective because it reduces the probability of unnecessary maintenance actions resulting from incorrect
overheating alarms.

The obtained results confirm that the proposed combination of thermographic measurements, FEM-based
thermal modelling, and deep learning enables reliable identification of operating conditions associated with excessive
semiconductor junction temperatures.

4. Discussion

The obtained results demonstrate that the proposed approach can be successfully applied to the automatic
assessment of semiconductor thermal conditions. The achieved classification accuracy of 91.0% confirms that
thermographic data contain sufficient information to distinguish between acceptable and excessive junction
temperatures when combined with appropriate preprocessing and machine-learning techniques.

A significant aspect of the proposed methodology is the use of temperature matrices rather than conventional
thermographic images. In standard thermographic practice, the visual appearance of a thermogram depends strongly
on the selected colour palette and the temperature range used for image visualization. Consequently, identical
temperature distributions may produce substantially different images, potentially affecting the performance and
generalization capability of machine-learning algorithms trained directly on thermographic photographs.

To minimize this effect, the thermograms were first converted into temperature matrices and subsequently
subjected to global normalization. As a result, the developed model learned the temperature distribution itself rather
than image features associated with a particular colour palette or visualization settings. This approach improves the
physical interpretability of the results and reduces the influence of operator-dependent visualization parameters.
Furthermore, the proposed preprocessing procedure ensures that identical thermal states are represented by identical
normalized values throughout the entire database. Such an approach increases the repeatability of the analysis and
facilitates the comparison of thermograms acquired under different operating conditions.

Another important aspect of the presented methodology is the application of FEM-based thermal modelling.
Infrared thermography provides information only about the package temperature, whereas the reliability of a
semiconductor device is primarily determined by the junction temperature. The developed thermal model enabled the
establishment of a relationship between these two quantities and allowed thermograms to be labelled according to the
estimated junction temperature rather than solely on the basis of the measured surface temperature. Consequently,
the classification process was directly linked to a physically meaningful parameter associated with semiconductor
reliability.

An additional advantage of the proposed approach is the application of the RetinaNet architecture. The
network combines a deep residual backbone with a Feature Pyramid Network, enabling extraction of image features
at multiple scales. Although the investigated thermograms contained relatively simple thermal patterns, the obtained
results indicate that RetinaNet was capable of learning temperature-related features associated with different operating
conditions. The achieved accuracy demonstrates that object-detection-based neural networks can be successfully
applied to thermographic analysis of semiconductor devices.
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The presented method was verified for a single semiconductor device type under laboratory conditions.
Therefore, the obtained results should be treated as a proof of concept demonstrating the feasibility of combining
thermographic measurements, FEM-based thermal modelling, and deep learning for automatic assessment of
semiconductor thermal conditions. Further studies are required to evaluate the applicability of the proposed approach
under different operating conditions and for other semiconductor devices. Future work may also include verification of
the method for different package types and additional semiconductor components operating under various thermal
loads.

5. Conclusions

A non-destructive method for automatic assessment of semiconductor thermal conditions was developed and
experimentally verified. The proposed approach combines thermographic measurements, FEM-based thermal
modelling, reliability analysis using the Arrhenius model, and deep learning. The developed FEM model enabled
determination of the relationship between package temperature and junction temperature, allowing thermograms
to be labelled according to the estimated thermal condition of the semiconductor die. A database containing 3000
thermograms was prepared and used for training and validation of the RetinaNet neural network. The obtained
results demonstrated that the proposed method achieved a classification accuracy of 91.0%, confirming the
feasibility of automatic identification of operating conditions associated with excessive junction temperatures. The
presented approach may constitute a useful tool for future diagnostic and condition-monitoring systems dedicated
to power semiconductor devices.

6. Nomenclature

T - junction temperature [°C]

Tc - case temperature [°C]

FEM - Finite Element Method

FPN - Feature Pyramid Network

TP - True Positive

TN - True Negative

FP - False Positive

FN - False Negative

NETD - Noise Equivalent Temperature Difference
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