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Commercial Off-The-Shelf (COTS) devices are widely used in aerospace electronic systems, but
their process design does not meet the application requirements of the space radiation environment,
leading to performance degradation risks caused by Total Ionizing Dose (TID) effects. However,
traditional sampling-average radiation hardness (RH) assessment methods are costly and time-
consuming, and fail to effectively address lot-to-lot and within-lot fluctuations in the RH consistency
of COTS devices. This paper proposes a machine learning model based on physical feature
enhancement. A high-quality dataset is constructed via irradiation experiments on devices from
multiple manufacturers and lots. By introducing electrical parameter responses under multiple
electrical stress conditions as enhanced feature parameters, the model realizes non-destructive
identification of device manufacturing processes and prediction of total-dose radiation degradation.
Results show that the model achieves identification accuracy of approximately 0.965 for device
manufacturers and 0.842 for lots; at four specific dose points, the coefficient of determination (R?)
for radiation degradation prediction is above 0.838, outperforming the sampling-average prediction
method. Incorporating electrical parameter responses under multiple electrical stress conditions
improves the model’s performance in manufacturing process identification and TID radiation
degradation prediction. This study reveals that differences in the pre-irradiation initial electrical
parameters of devices have an implicit correlation with their radiation hardness characteristics.
Compared with a single test condition, the responses of device parameters to multiple electrical
stresses contain richer RH feature information. In addition, the model is verified to have certain
generalization ability on new lot samples not included in the training set. This method provides a
new approach for the efficient screening and assessment of the radiation hardness of COTS devices.
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I. Introduction

COTS devices are increasingly widely used in
aerospace electronic systems. Such devices offer
advantages including high performance, low cost,
short development cycles, mass production capability,
and ease of integrating new materials and technologies
[1-3]. However, when COTS devices are deployed in
the space radiation environment, they are affected by
TID effects,
degradation and failure [4-7]. Moreover, their design

leading to electrical performance

and manufacturing are oriented toward general-
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purpose applications, without considering the special
requirements of the space radiation environment, and
they lack dedicated design and reliability assurance
measures [8, 9]. Therefore, developing non-
destructive screening and effective assessment of the
RH of COTS devices has become a core prerequisite
for ensuring the on-orbit reliability of aerospace
electronic systems.

In the assessment of RH of lot devices, traditional
sampling-averaged methods typically assume high
RH consistency among samples and, on this basis,
perform sampling inspection to obtain unbiased
estimates of population parameters through random
samples. However, when such methods are applied to

evaluate the suitability of COTS devices for the

special radiation environment, two critical issues arise.

First, the lot-to-lot consistency of RH for traditional

space-grade devices is ensured by strict
manufacturing process control, whereas the design,
process, and quality control systems of COTS devices
do not cover RH requirements. Moreover, information
on the manufacturing process is often difficult to
obtain, making it challenging to effectively guarantee
the lot-to-lot consistency of RH for COTS devices.
Second, the sampling-averaged assessment method
involves difficult experiments, high cost, and long
cycle times. If a mapping relationship between the
pre-irradiation electrical parameters of a device and its
RH performance can be established as a fingerprint of
its RH, enabling the prediction of TID degradation
using only initial values, then non-destructive
screening can be achieved, reducing cost and cycle
time.

Machine learning techniques have demonstrated
broad applicability across many scientific fields,
including materials design [10, 11], drug discovery
[12], genomic analysis [13], and nuclear physics
research [14-16]. Their core advantage lies in
effectively integrating experimental data with
theoretical models, uncovering complex nonlinear
relationships that are difficult to capture with
traditional methods, and revealing underlying
mechanisms [17]. Neural networks, with their
powerful nonlinear mapping capabilities, have shown
good potential for function fitting and regression
prediction tasks [18, 19].

In recent years, machine learning methods have
been applied to the field of radiation effects. Fernando

Morilla et al. proposed an Advanced Predictor of

Electrical Parameters (APEP) method based on
machine learning. This method consists of two stages:
"degradation pattern recognition in a database" and
"degradation prediction for unirradiated new
samples." Relying on historical data from the
PRECEDER radiation test database, it predicts the
degradation of electrical parameters of devices under
TID radiation. Using bipolar junction transistors
(BJTs) as validation objects, the method achieves
good prediction results under both biased and
unbiased irradiation conditions through both data-
driven and model-driven approaches. It reduces
destructive testing, simplifies experimental setups,
and lowers costs, and the methodology has the
potential to be extended to other microelectronic
components [20, 21]. Additionally, the team of Wang
Baichuan constructed and trained an artificial neural
network (ANN)-based model using TID effect data of
BJTs from different experiments. The results show
that the model significantly outperforms traditional
multiple linear regression methods in capturing
nonlinear correlations and predicting data. The trained
ANN model revealed that the TID radiation resistance
of BJTs increases with the initial value of the base
current. Through mechanistic analysis, the researchers
suggested that the difference in emitter perimeter-to-
area ratio may be one reason for this phenomenon, and
they verified this conclusion through irradiation
experiments [22].

The above studies demonstrate the feasibility of
machine learning for TID degradation prediction.
However, due to the strict quality control of COTS
devices, conventional electrical parameters exhibit
high consistency, and existing methods all use
electrical parameters obtained by standard test
methods as training data, making it difficult to fully
capture fingerprint information of RH.

This paper proposes a TID effect degradation
prediction model for COTS BJTs based on machine
learning methods. By extracting the electrical
parameter responses of unirradiated devices under
multiple sets of electrical stresses, a feature
engineering approach rich in physical information is
constructed. Combined with an interpretable neural
network  architecture, the model achieves
identification of process information and prediction of
TID degradation for COTS BJTs using only the
electrical parameter data of unirradiated samples. The

method proposed in this paper provides a new
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technical approach for radiation hardness assurance
(RHA) research of COTS devices.

I1I. Materials and Methods

2.1 Experimental samples

To obtain a high-quality dataset, consistency of
experimental conditions must be ensured. BJTs
feature a relatively simple structure, their TID effect
mechanisms have been extensively studied, and

abundant experimental data have been accumulated.

Therefore, using BJTs as the initial carrier for TID
degradation prediction research on COTS devices
offers both theoretical and experimental advantages
[23-26]. Based on this, this study conducts TID
irradiation experiments on COTS BJTs from
multiple manufacturers and lots, aiming to provide
reliable data support for the subsequent training,
validation, and testing of the neural network model.

To ensure the representativeness and statistical
validity of the samples, a total of 570 samples were
selected in this study. The manufacturers, part
number, lots, and quantity distributions of these
samples are detailed in Table 1.

2.2 Experimental test methods

Irradiation experiments were conducted at the
Co-60 y-ray facility of the Xinjiang Technical
Institute of Physics and Chemistry, Chinese
Academy of Sciences (XTIPC, CAS). For each
experiment, 70 samples were selected and
irradiated simultaneously at room temperature.

Previous studies have shown that BJTs exhibit

Table 1 Device Selection

Sample
Part .

Manufacturer Lot Quantity
Number )

(device)
MUL 2N2222A S7 70
MUL 2N2222A JB 70
MUL 2N2222A H7 70
JINAN 3DK2222 J24.3 70
JINAN 3DK2222 J24.4 70
JINAN 3DK2222 J25.1 50
SHI F2N2222 2208 50
SHI F2N2222 2312 50

SHI F2N2222 2405 70

the most severe degradation under zero bias
conditions in a TID radiation environment [27].
Therefore, in this study, the devices were placed on
an irradiation board with all pins shorted and
grounded for irradiation tests. The dose rate was 50
rad(Si)/s, and the total dose was 100 krad(Si). When
the accumulated dose of the samples reached 25
krad, 50 krad, 75 krad, and 100 krad, the samples
were immediately subjected to post-irradiation
testing.

Post-irradiation testing was performed using the
BC3193 semiconductor discrete device test system
at XTIPC. To obtain more comprehensive RH
characteristic information of the devices, additional
tests under multiple sets of electrical stress
conditions were added on the basis of the tests
conducted under the conditions specified in the
device datasheets. By applying different electrical
bias conditions, the characteristic differences in
radiation-sensitive regions such as the oxide layer
of the devices were introduced into the responses of
electrical parameters, thereby enhancing the
physical features related to RH. The specific test
contents are shown in Table 2. In the following text,
tests performed under the conditions specified in
the device datasheets are defined as conventional
parameter tests, while the remaining tests under
other electrical stresses are classified as enhanced
krad)
measurements included both conventional and

parameter  tests.  Pre-irradiation (0
enhanced parameter tests; at each irradiation dose
point, only conventional parameters were tested.
For each device, hFE tests under four sets of
electrical stress conditions were conducted before
irradiation, including three sets of conventional test
conditions from different manufacturers and one set
under a high injection current condition. Under the
high injection current bias, the BJT enters the Kirk
effect operating region [28, 29].

2.3 Dataset

Through the irradiation experiments and device
tests described in Section 2.2, the experimental test
data of 570 BJTs were constructed into a dataset in
this study. Fig. 1, taking AFE as an example,
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Table 2 Parameters and Test Information

Type Parameter Test Condition
Regular IB=IBicg,
VCEsat reg
parameter IC=ICreg
Regular IB=IBicg,
VBEsat, reg
parameter IC=ICreq
Regular IB=0mA,
VCeOreg
parameter IC=ICreg
Regular VCB=VCBieg,
Icho reg
parameter 1E=0mA
Regular VEB=VEBieg,
lebo reg
parameter 1C=0mA
Regular VCE=VCEjeg,
hFE, reg
parameter 1C=ICreg
Enhanced VCE=VCEother1,
hFEother
parameter 1C=ICother1
Enhanced VCE=VCEother2,
hFEother2
parameter 1C=ICother2
Enhanced VCE=VCEreg,
hFEkirk
parameter 1C=0.91Cmax
Enhanced IB=I[Breg,
VCEsatnigic
parameter 1C=0.91Cmax
Enhanced IB=IBreq,
VBEsatnigic
parameter 1C=0.91Cmax

[Other number| denotes the regular test condition of a
different manufacturer.

illustrates the distribution of electrical parameters
of unirradiated devices in the dataset. The results
show that differences in manufacturer and lot, i.e.,
device process directly lead to
fluctuations in the numerical distribution of device
parameters, and the
distribution of electrical parameters for individual

variations,

electrical numerical
lots is relatively dispersed. Furthermore, variations
in electrical stress test conditions can effectively
reveal differences in the internal process structures
of the devices. Such process differences are
ultimately reflected in the distribution of AFE
parameters under unirradiated conditions [30-32].
For example, in Fig. 1(a), under regular electrical
stress, the AFE values of the H7 lot from the MUL
manufacturer are generally higher than those of the
S7 and JB lots. Under the high injection current
condition, however, the AFE values of the H7 lot lie
between those of the S7 and JB lots.

Therefore, in this study, the numerical differences
in hFE, VCE, and VBE parameters measured under
regular and high injection current conditions were
quantified as new features, serving as additional
analyzing the process
characteristics of the devices. The calculation

bases for internal

formulas for the new features are given as Eq.##(1),
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Fig. 1 hFE value distribution under different electrical stresses for different manufacturers and lots (0 krad). (a) MUL

manufacturer, (b) JINAN manufacturer, (¢) SHI manufacturer.
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Fig. 2 Example TID radiation degradation curves of devices from different manufacturers and lots (5 devices per lot, n=5). (a)
MUL manufacturer, (b) JINAN manufacturer, (c) SHI manufacturer.
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In this study, five device samples from each lot
were selected for comparative analysis of radiation
degradation data. The results shown in Fig. 2
indicate that differences introduced by device
structure and process also lead to fluctuations in
device radiation sensitivity. For batches with
similar distributions of initial electrical parameter
values, such as Fig. 2 J24.3, J24.4, and J25.1, the
differences in degradation rates between batches
are relatively small; conversely, for batches with
dissimilar distributions, such as Fig. 2(a) S7, JB,
and H7, the differences are larger. Overall, the
difference in degradation rate between different
manufacturers is generally larger than that between
different batches from the same manufacturer.
However, it should be noted that the degree of
similarity in device radiation degradation rates
cannot be directly judged solely based on the
distribution of initial electrical parameter values. As
shown in Fig. 2(c), the initial electrical parameter
values of some devices in batch 2208 fall within the

distribution range of batches 2312 and 2405, yet
their degradation rates differ significantly from
those of the Therefore,
identifying device process variations arising from
differences in manufacturer and batch is an
important prerequisite for assessing device RH.
The above analysis indicates that the initial
values of device electrical parameters can not only
reflect manufacturing process differences among
different manufacturers and lots, but also contain

latter two Dbatches.

precursor information implicitly correlated with
device radiation hardness. In most cases, lot-to-lot
radiation
degradation Although
traditional machine learning clustering algorithms
can preliminarily identify degradation patterns in a
dataset, their results are susceptible to data noise
leading
degradation pattern classification for new samples
and consequently reducing the accuracy of device
radiation degradation prediction.

differences also lead to distinct

patterns in  devices.

from individual lots, to errors in

2.4 Model architecture

In this study, the dataset is divided into training,
validation, and test sets at a ratio of 8:1:1 in terms
of the number of devices. Based on the feature
engineering shown in Table 3, a BJT RH
assessment model is constructed. Specifically,
learning algorithms are

traditional machine

employed for manufacturer and lot identification,
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Table 3 Feature Engineering

High-
Multi- Injection .
DC - Relative
Condition Current .
Parameter ] Difference
hFE Electrical
Features® Features™
Features™ Stress
Features™
hFEeq
hFExirk hFEayy
VCESdtreg hFEother
VBES(ltreg
VCEsathigic VCEayr
VC@Oreg
Ichboreg hFEother2
VBEsatnigic VBEaiy
I ebOreg

[#] denotes regular features, [##] denotes enhanced features.

and an ANN is used for radiation degradation
prediction. This scheme aims to fully exploit the
underlying patterns in the data and enhance the
model’s learning capability for the radiation
degradation

characteristics of devices from

different manufacturers and lots.
2.4.1 Manufacturer and lot identification

In the manufacturer identification model, the
system adopts a pattern matching method based on
statistical data distribution. During the training
phase, the system constructs a baseline distribution
model for each electrical parameter for every
manufacturer. The reasonable range of each
parameter is statistically determined using the
quartile method, with the lower and upper bounds
defined as [Q; —1.5XIQR] and [Q3 + 1.5X
IQR] [33], respectively. In the inference phase,
each parameter value of a new sample is compared
with the parameter ranges of each manufacturer,
and a probability update
manufacturer identification is employed: if the
parameter value falls within the range of a given
manufacturer, its probability weight is increased;

mechanism for

otherwise, it is decreased. The manufacturer with
the highest probability is finally selected as the
prediction result, and its normalized probability
serves as the identification confidence. This method
is intuitive and robust, and is particularly suitable

for identification scenarios involving
manufacturers with small sample sizes.
To effectively identify subtle electrical

differences among different lots from the same

manufacturer, this study employs Random Forest as
the core algorithm of the lot identification model.
By constructing multiple decision trees and
aggregating their voting results, the algorithm can
effectively handle nonlinear interactions among
high-dimensional
normalization of the feature value ranges, and it

features without requiring
possesses anti-overfitting capability. The algorithm
input includes all features mentioned in Table 3.
During training, a separate classifier is trained for
each manufacturer to fully capture lot-specific
different manufacturing

processes. Each Random Forest classifier is

characteristics under
configured with 100 decision trees, a maximum
depth of 10, a minimum number of samples
required to split an internal node of 2, and a
minimum number of samples required at a leaf node
of 1. Class imbalance is addressed by balancing
class weights.

2.4.2 TID radiation degradation prediction

For an NPN BJT, total ionizing dose introduces
interface states (NVif) and oxide trapped charge (Not)
at the Si/SiO: interface, significantly enhancing the
surface recombination in the base region. This
causes a marked increase in the base current IB in
the low VBE region. Meanwhile, the collector
current IC, dominated by bulk minority carrier
diffusion, is insensitive to interface defects and
remains essentially unchanged. As a key
performance metric, the common-emitter current
gain ( hFE=IC/IB )
significantly at low VBE, and the peak gain shifts
toward higher forward bias with increasing

accumulated dose. In bipolar linear integrated

therefore degrades

circuits, current gain degradation is the most typical
failure mechanism under total ionizing dose effects.
Based on the above physical principles, this study
selects the AFE retention rates at dose points of 25,
50, 75, and 100 krad as the output parameters of the
neural network model for predicting radiation
degradation. The AFFE retention rate normalizes the
initial dispersion of devices and intuitively
characterizes the remaining performance of devices
after irradiation. Its calculation formula is given as
Eq.(4). hFE,,,, is the hFE value at a given dose
point, and hFE,., is the pre-irradiation hFE value.

hFE,ow

hFEyetention = hFT 4
reg
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The neural network architecture employed in this
study is shown in Fig. 3. The neural network adopts
a hierarchical fusion architecture consisting of four
core modules: a relative difference feature
processor (3—64 nodes) processing the relative
difference features, an other feature processor
(12—64 nodes) processing the features other than
the relative difference features, a feature fusion
layer (128—128—64 nodes) integrating the feature
information, and a prediction head (64—32—4
nodes) outputting the degradation rates at four dose
points. After each linear layer, a Sigmoid Linear

Feature Processor

Feature Fusion Layer

Unit  (SiLU)  activation
Normalization, and Dropout regularization are
applied [34-36]. Finally, the output range is
constrained to [0.1, 0.95] by a Sigmoid function to
ensure that the predicted values conform to the
basic physical definitions.

During model training, the validation set serves
to monitor optimization. To balance training speed
and convergence stability, the training employs
mean squared error (MSE) as the loss function,

function,  Layer

Prediction Head

o 2
z 5 5
)
g5 xz. — : < @ 2 @ x2. 2 @
323 :
=
o)

Other Feature

Fig. 3 Schematic diagram of the neural network architecture for TID radiation degradation prediction.
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Fig. 4 Training and validation loss curves. The model converges steadily after approximately 40 epochs, with no significant

overfitting observed.
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Table 4 Test set sample information

MUL JINAN SHI
S7 B H7 1243 124.4 J25.1 2208 2312 2405
7 7 7 7 5 5 5 7

Eq.(5), and the optimizer uses the Adam algorithm
with adaptive learning rate, combined with a
learning rate decay strategy (ReduceLROnPlateau)
[37, 38]. When the validation loss shows no
improvement for 10 consecutive epochs, the
learning rate is halved. This dynamic adjustment
mechanism effectively balances training speed and
convergence stability. The convergence process of
the model is shown in Fig. 4. The model converges
stably after 100 training epochs, with a minimum
validation loss of approximately 0.002, and no
overfitting is observed.

n
1
MSE = ;Z(yi — 5?2 (5)
i=1

n is the number of samples, y; is the true value
of the i-th sample, and J; is the predicted value of
the i-th sample.

III. Results and Discussion

Using an independent test set, the effectiveness
of the proposed method in process category
identification and radiation degradation prediction
tasks is verified, and its physical mechanism and
generalization ability are analyzed. The information
of the test set samples is shown in Table 4.

3.1 Process identification performance

After the training of the BJT RH assessment
model is completed, the manufacturer identification
model is invoked to verify the manufacturer and lot
identification on 57 device samples in the test set.
The manufacturer identification confusion matrix
in Fig. 5 shows that the model achieves good
performance in the manufacturer identification task,
with an overall identification accuracy of 0.965 and
an average confidence of 0.948. Combined with Fig.
1, BJTs from different manufacturers exhibit
inherent differences in core device structures such
as doping profiles and Si/SiO: interface processes,
which directly lead to clear process-related

Overall Accuracy: 0.965 | Average Conlidence: 0.873 o

10.0

b

[EX1]

“True Manufacturer

NNAN
Predicted Manufacturer

Fig. 5 Manufacturer identification confusion matrix.
Diagonal elements represent the number of correctly
identified samples, while off-diagonal elements represent
the number of misclassified samples. Manufacturer
identification accuracy is the proportion of correctly
predicted samples in the test set, and confidence is the
average of the maximum probability values output by the
Random Forest model for each sample prediction in the test
set.

differences in the initial electrical parameter
characteristics of the devices, resulting in high
feature discriminability. Therefore, high-precision
manufacturer identification can be achieved.

The lot identification confusion matrix shown in
Fig. 6 indicates that the constructed Random Forest
achieves reliable identification
performance in the lot identification task, with an
overall identification accuracy of 0.842 and an
average confidence of 0.722. Combined with Fig. 1,
parameter

model also

compared with the significant
discriminability resulting from differences in
device structure and core processes among different
manufacturers, devices from different lots of the
same manufacturer exhibit only minor electrical
differences caused by process line switching. The
initial distributions of device electrical parameters
have wide overlapping regions, and the feature
discriminability is much weaker than that in the
manufacturer identification scenario. Nevertheless,
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Overall Accuracy: 0.877 Average Confidence: 0.670
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Fig. 6 Lot identification confusion matrix. Diagonal
elements represent the number of correctly identified
samples for each lot, while off-diagonal elements represent
the number of misclassified samples. The lot identification
accuracy is obtained by comparing the predicted labels of
the test samples with the true labels one by one and
calculating the proportion of correct predictions. The
confidence is derived as the arithmetic mean, over the test
set, of the maximum class probability output by the Random
Forest for each sample.

the adopted Random Forest algorithm can
effectively mine weak correlation information in
high-dimensional features, thereby achieving stable
and reliable lot identification even under conditions
of high parameter overlap among lots.

The above results indicate that the COTS BJT
manufacturing process identification method based
on device electrical parameter characteristics under
multiple sets of electrical stresses exhibits high
reliability and stability. The prior information of
manufacturing processes obtained by this method
can provide key process constraints for the
subsequent device radiation degradation prediction
model.

3.2 TID radiation degradation prediction
performance

Using the trained BJT RH assessment model,
TID degradation prediction was further validated
on test set samples with known manufacturing
process information. The results are shown in Fig.

7. The model predictions are in good agreement

with the experimental measurements, and the true
values at all four dose points lie within the 90%
confidence intervals of the predicted values.

To quantitatively evaluate the radiation
degradation prediction performance of the model
on the test set, this study employs three metrics:
coefficient of determination (R?), mean absolute
error (MAE), and root mean square error (RMSE),
with their calculation formulas given as Eq.(6),
(7), (8). R?is used to measure the model's ability
to explain the fluctuations in device radiation
degradation parameters and the improvement over
MAE

reflects the average magnitude of prediction errors,

sampling-average prediction. intuitively

while RMSE is more sensitive to large errors.

211'1=1(3’i - yi)z

R2=1-2&=12 Ji0 6
2im (i — yi)? ©
1 n
MAE =;2|yi — 9 %
i=1
RMSE = €)

n is the number of samples, y; is the true value
of'the i-th sample, and J; is the predicted value of
the i-th sample. y; is the average of the true
values.

The evaluation results of TID degradation
prediction performance shown in Fig. 8 indicate
that the neural network model constructed in this
study achieves high consistency between the
predicted and measured ZFE retention rates at dose
points of 25, 50, 75, and 100 krad. The R? values at
each dose point are approximately 0.871, 0.867,
0.85, and 0.838, respectively, all outperforming the
sampling-average method. The maximum MAE
and RMSE are 0.068 and 0.082, respectively. These
results demonstrate that the initial values of device
electrical parameters contain effective information
reflecting their RH.
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Fig. 7 Comparing TID radiation degradation curves of BJTs. Predicted information in blue, true information in red. "cl" denotes
the upper and lower bounds of the 90% confidence interval based on the predicted values.
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Fig. 8 Evaluation of TID radiation degradation prediction. (a) Scatter plot of predicted vs. actual values: the closer the points
are to the diagonal, the more accurate the prediction; (b) Histogram of prediction error distribution: errors concentrated around
zero indicate unbiasedness; (c) Bar chart of R?, MAE, and RMSE at each dose point, comprehensively evaluating model
performance.
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3.3 Feature enhancement effectiveness

By toggling the enabling and disabling of the
high-injection current electrical stress, relative
difference, and multi-condition AFE features via
Boolean switches, a parallel model performance
evaluation scheme with two feature configurations
was constructed. Under the condition that the
training set, validation set, and model architecture
were kept completely identical, the core metrics of
manufacturer and lot identification accuracy, as
well as R? and MAE for radiation degradation
prediction, were compared on the same test set. The
slight fluctuations in the TID degradation
prediction metrics in different comparison plots in
this section are normal results of multiple random
trainings of the model.

Fig. 9 shows that the high-injection current
electrical stress and relative difference features can
effectively improve model performance in multi-
task scenarios. In the manufacturer and lot
identification tasks, the model with these features
achieved identification accuracies of 0.965 and
0.836, and average confidences of 0.948 and 0.722,
respectively. After removing these features, both
identification accuracy and confidence decreased
significantly. This result indicates that such features
can effectively amplify the electrical manifestation

differences of device manufacturing process
variations. By leveraging the physical characteristic
that the carrier transport path approaches the oxide-
semiconductor interface under the Kirk effect, these
features selectively amplify the electrical responses
of process-sensitive microstructural features such
as interface defects and oxide charges, thereby
enhancing the model's ability to capture
microstructural differences among different process
lots.

In the radiation degradation prediction task, the
model with these features achieved an R? of 0.849
and an MAE as low as 0.059; after removal, R?
dropped to 0.598 and MAE increased to 0.088. This
result demonstrates that such features play an
important role in enabling the model to capture
device degradation patterns. By applying such
electrical stresses, the internal electric field and
carrier distribution of the device can be modulated,
effectively amplifying the electrical differences of
radiation-sensitive precursors such as radiation-
induced interface defects and oxide charges. Using
their electrical responses together with relative
differences as model inputs significantly enhances
the ability of the feature matrix to characterize the
physical mechanisms of device radiation
degradation and the information related to radiation
hardness.
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Fig. 9 Influence of High-Injection Current Electrical Stress Features and Relative Difference Features on Manufacturer
Identification, Lot Identification, and TID Radiation Degradation Prediction Performance
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Fig. 10 Under low current density conditions, the depletion
region boundary (pink line) inside a BJT is distributed
mainly near the collector-base junction.

In an NPN BIJT, the high-injection condition
corresponding to a high collector current density
triggers the Kirk effect, a process that can be
directly characterized by the evolution of the
electron density distribution inside the device and
the boundary of the collector-base depletion region.
Under low-injection conditions (Fig. 10), the
collector-base depletion region is dominated by
ionized impurities in the lightly doped N-type
region of the collector. The electron density
distribution inside the device is generally uniform,
and the boundary of the collector-base depletion
region is stable and planar, indicating that the space
charge distribution is not significantly perturbed by
the injected carriers.
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Fig. 11 Under high current density conditions when the Kirk
effect occurs, the depletion region boundary (pink line)
significantly expands toward the interior of the collector
region, and the effective base width increases.

When the bias is increased to a high current
density (Fig. 11), the electron concentration
injected into the collector-base depletion region
exceeds the N-type doping concentration in the
collector. The space charge distribution becomes
dominated by the injected carriers, forcing the
collector-base  depletion region to expand
significantly toward the collector side. This is
manifested as a broadening of the low-electron-
density region and a shift of the depletion region
boundary toward the collector, thereby inducing
base widening. This effect ultimately leads to
electrical degradation behaviors such as a decrease
in the current gain of the device.
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Fig. 12 Influence of Multi-Condition hFE Features on Manufacturer Identification, Lot Identification, and TID Radiation

Degradation Prediction Performance.
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Multi-condition AFE features also effectively
improve model performance in multi-task scenarios,
as shown in Fig. 12. When the multi-condition
hFE features are disabled, the model performance
in the manufacturer identification task shows no
significant fluctuation. In the lot identification task,
however, the model accuracy drops from 0.836 to
0.768, and the average confidence decreases from
0.722 to 0.71. In the radiation degradation
prediction task, the model R? decreases from 0.839
to 0.388, and the MAE increases from 0.059 to
0.115. The above fluctuations indicate that the
multi-condition AFE features can capture process-
induced differences in core parameters such as
emitter injection efficiency and base minority
carrier lifetime of the BIT under different biases,
enriching the physical information of the feature
matrix, thereby enhancing the model's ability to
resolve process variations and improving the
prediction accuracy of radiation degradation trends.
Combined with the observed improvement in TID
degradation prediction brought by the high-
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injection current electrical stress features, it can be
seen that appropriately modulating the electrical
stress amplitude can enhance the capability of
feature engineering to characterize the precursor
information related to device radiation hardness.

3.4 Lot generalization performance

To verify the generalization ability of the
proposed model for TID degradation prediction on
unknown new lots, this section reconfigures the
dataset splitting strategy: specifically, samples from
lot J24.4 are completely excluded from the training
and validation sets and are used solely as an
independent test set to evaluate model performance.
The evaluation results shown in Fig. 13 indicate that
the model still possesses a certain generalization
potential for unknown new lots from the same
manufacturer. For lot J24.4, the minimum R? is
0.065, demonstrating the model’s basic ability to
capture the degradation trend of the new lot.
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Fig. 13 TID radiation degradation prediction performance of the BJT RH assessment model on unknown new lots (a) Scatter

plot of predicted vs. actual values: the closer the points are to the diagonal, the more accurate the prediction; (b) Histogram of

prediction error distribution: errors concentrated around zero indicate unbiasedness; (c) Bar chart of R?, MAE, and RMSE at

each dose point, comprehensively evaluating model performance.
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for each lot is represented by a black line, outliers are represented by black hollow circles.

It should be clearly noted that the current model
is more suitable for screening and degradation
prediction of devices from known lots, and the
generalization results for entirely new lots can only
serve as a reference for the task. This limitation can
be explained by the shifts in electrical parameters
and degradation patterns induced by lot-to-lot
process variations, as illustrated in Fig. 1, Fig. 2,
Fig. 14. The limited generalization ability of the
model on lot J24.4 can be attributed to the inclusion
in the training and validation sets of lots whose
degradation patterns are similar to that of the above
lot. In essence, because a purely data-driven model
has not been exposed to new lot samples during
training, it is difficult for it to learn the specific
degradation shift mechanisms of those lots, and
consequently it cannot accurately characterize the
radiation degradation trends of unknown lots.

IV. Conclusion

This study, by constructing a machine learning
model with physical feature enhancement, confirms
the potential correlation between the pre-irradiation
electrical parameters of COTS BJTs and their RH,
and identifies the differences in device radiation
hardness induced by manufacturing process
variations. The results show that -electrical
parameter responses under regular electrical stress
exhibit significant limitations in characterizing
radiation hardness, whereas extracting electrical
parameter responses under multiple sets of
electrical stresses effectively improves
manufacturing process identification capability and
TID radiation degradation prediction accuracy.
Compared with typical sampling-averaged methods,
the model achieves R? values higher than 0.8 at
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multiple dose points on the test set. The constructed
neural network for TID degradation prediction
provides a certain cross-lot evaluation reference
value, and for new lot devices not covered in the
training set, the model exhibits a certain
generalization ability, with R? values greater than 0
at multiple dose points.

This study represents the first step in the physical
feature enhancement approach for TID radiation
degradation prediction of COTS devices, focusing
on exploring the methodology based on physical
feature enhancement and radiation degradation
prediction for BJTs. Future research on this topic
will pursue the following investigations:

1. Expand the study dataset by

integrating multi-source historical TID radiation

current

experimental data to increase the training sample
size, and establish an adaptive
mechanism based on lot similarity metrics, thereby

calibration

improving generalization performance on unknown
lots while maintaining within-lot consistency.

2. Enhance dose rate adaptability. In view of the
typical low-dose-rate enhancement effect in bipolar
devices, multi-dose-rate irradiation experiments
will be conducted to construct a degradation dataset
covering a wide dose rate range, thereby extending
the model’s adaptability to different dose rate
irradiation conditions.

3. Propose a method migration strategy across
device structures. For heterostructure devices such
as PNP BJTs and MOSFETs, transfer research will
be carried out from three aspects: data acquisition,
feature reconstruction, and model fine-tuning, to
verify the applicability of the proposed method to a
wider range of device types.
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