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Abstract—This paper addresses the limitations in conven-
tional analytical/TCAD simulation based termination design
approaches by presenting an innovative two-phase framework
that uses machine learning (ML) to create surrogate models
for design optimization. By integrating advanced neural net-
work techniques—including convolutional layers, depth attention
mechanisms, and neural operators—the approach enables rapid
generation of optimized termination designs across multiple
objectives simultaneously. The framework demonstrates high-
level of prediction accuracy, > 97%, for breakdown voltage
(VBD), leakage current (Ices), and electric field distribution (E)
and shows superior performance when compared to previously
reported analytical approaches. While validated using ring-
termination design for 1.7 kV Si IGBT as a case study, the
framework architecture is designed for broad applicability across
different termination concepts, voltage classes, materials and
target various design optimization objectives. This versatility,
combined with significant acceleration of development cycles,
represents a powerful new approach for power semiconductor
device optimization.

Index Terms—power semiconductors, IGBT, diode, Silicon,
edge termination, floating field-limiting rings, machine learning.

I. INTRODUCTION

In high-power semiconductor devices, the edge termination
is crucial for preventing premature breakdown by mitigating
electric field crowding at curved junctions along device periph-
ery [1]. Among various termination techniques, floating field-
limiting rings (FFLR) are widely adopted in silicon power
devices due to their integration simplicity, as they can be
implemented using the same process steps and masks as active
area implants. However, optimizing FFLR designs involves
balancing multiple parameters, including ring count, geometry,
spacing, and doping profiles—factors that significantly impact
electric field distribution (E), breakdown voltage (VBD), and
termination length (L).

Traditional FFLR optimization methods face significant
trade-offs. Analytical approaches offer computational effi-
ciency but often fail to fully capture the complex device behav-
ior [2]. While TCAD simulations provide high accuracy, they
require extensive computation time, making comprehensive
design space exploration impractical [3], [4]. These limitations
become particularly challenging when considering multiple
design objectives simultaneously, such as maximizing VBD

while minimizing termination length and optimizing electric
field distribution.

Machine learning presents a promising alternative, capable
of recognizing physical relationships from simulation data
while dramatically accelerating optimization processes [5].
While previous work has primarily focused on VBD opti-
mization, a comprehensive framework enabling simultaneous
optimization of multiple performance metrics, including VBD,
E, termination length, and Ices, remains an open challenge.

This paper introduces a novel two-phase framework for op-
timizing termination designs. Through a systematic approach
combining offline model training and online optimization, the
framework enables rapid exploration of design configurations
while maintaining physical accuracy. While demonstrated on
a 1.7 kV Silicon IGBT FFLR termination, the framework’s
architecture is applicable to a wide range of termination
concepts, including variation of lateral doping (VLD) for
higher voltage classes, junction termination extension (JTE)
in SiC devices, and hybrid approaches typically beyond the
reach of conventional design methods.

II. DESIGN METHODOLOGY

A. Problem Formulation

The optimization of the FFLR termination with boron
implantation can be formulated as a constrained multi-
objective optimization problem. Let x ∈ Rm repre-
sent the complete vector of design parameters x =
[s1, . . . , sn, w1, . . . , wn, N, d,Nd] (see Figure 1), where wi

and si are the ring widths and spacings, respectively, N is
the peak doping concentration at the Si interface, d is the
doping profile depth, and Nd is the doping concentration
at d. In the following analysis, we assume that the doping
profile is the same for all rings, and also the number of rings
can be optimized. The general optimization problem can be
formulated as:

min
x

f(x) =
∑

i
αifi(x)

s.t. gj(x) ≤ 0, j = 1, . . . , p
(1)

where the potential objective function components fi(x) and
constraint functions gj(x) include:

• Breakdown voltage VBD = V (I = Ith) defined at a
current threshold (Ith).

• Termination length L =
∑n

i=1(si + wi) + FFZ, where
FFZ is the field-free zone.

• Leakage current Ices, defined at the rated voltage.



Fig. 1. Cross-sectional view illustrating key parameters of the p-type FFLR
doping profile in the termination. The doping concentration decreases both
vertically and laterally from each implanted region. Electric field is studied
at the cutline AA

′
at 0.5µm from the top interface.

• Electric field flatness F = |Ei−Ei|
Ei

, which quantifies the
uniformity of field peaks close to the Si interface, where
Ei are the local maxima of the electric field.

• En refers to the last electric field peak magnitude, closest
to the chip edge.

The weights in Eq. (1) can be adjusted to emphasize different
design priorities, such as prioritizing VBD maximization or
termination length minimization. This flexibility is particularly
important as termination designs with similar VBD can exhibit
significantly different E, as illustrated in Fig. 2. By incorporat-
ing field profile characteristics through objectives like F and
En, our framework allows for controlling the electric field
profile — a critical factor for preventing localized breakdown
effects and improving the device reliability.

B. TCAD Simulation Framework

Device simulations were performed using Synopsys Sen-
taurus TCAD [6]. The VBD was calculated at a temperature
of 125◦C using the external resistor method. The doping
dependence and high-field saturation mobility models were
included in the physics section among others to properly
account for the required accurate analysis of the junction
breakdown.

To generate a comprehensive training dataset for the sur-
rogate model, 512 samples were generated by sampling the
design space using Sobol quasi-random sequences.

Fig. 2. Example electric field distributions along termination width illustrat-
ing: (a) uniform peak distribution (low F value), (b) high last peak (large En

value), (c) low last peak (small En value).

Fig. 3. Overview of the proposed ML architecture for the approximation of
termination electrical properties.

C. ML-based surrogate model

The ML-based surrogate model takes a fundamentally dif-
ferent approach from previous methods by processing the 2D
doping concentration data directly on a uniform mesh grid as
input, focusing specifically on the 30µm-deep region next to
the top interface where termination behavior is most critical.
This mesh-based approach makes the model inherently agnos-
tic to the type of termination structure (FFLR, VLD, JTE, etc.),
unlike methods requiring specific parameters to characterize
each termination concept, enabling a truly general solution
for termination design optimization. To effectively process this
spatial doping data, the neural network architecture employs
parallel processing paths: convolutional layers capture local
spatial features while an attention mechanism identifies long-
range dependencies across the termination region. These pro-
cessed features then flow into two specialized prediction paths,
a multi-layer perceptron for electric field characteristics and a
DeepONet [7] architecture for modeling I-V characteristics as
continuous functions (Fig. 3). The model’s exceptional perfor-
mance is demonstrated through complementary visualizations
in Fig. 4 and 5. While Fig. 4 shows excellent agreement
between predicted and simulated I-V characteristics in both
sub-breakdown and breakdown regions for the termination
designs from the test dataset, Fig. 5 extends this validation
across key electrical parameters including VBD, F , and elec-
tric field metrics. The strong correlation along the diagonal

Fig. 4. Comparison between ML surrogate model predictions and TCAD
simulation results for various FFLR TE designs at a temperature of 125◦C
for 1.7kV voltage class in the test set, demonstrating the model’s ability to
accurately capture both leakage current and breakdown behavior.



Fig. 5. Comparison between predicted and TCAD-simulated values for VBD

and electric field characteristics, demonstrating strong correlation across all
metrics.

with only minor, randomly distributed deviations confirms
the absence of systematic bias. This specialized mesh-based
architecture achieves remarkable consistency, with accuracy
reaching 98.6% for VBD, 98% for flatness indicator, 99% for
maximum peak electric field, and 97.3% for last peak electric
field measurements.

D. Optimization framework

The optimization framework leverages the neural network
surrogate model to obtain the I-V curve and the VBD within
milliseconds, compared to traditional 10 − 20 minute TCAD
simulations. Global exploration begins with a genetic al-
gorithm generating thousands of candidates across defined
parameter ranges. Each candidate is rapidly evaluated using
the surrogate model and ranked according to the fitness
function, after which evolutionary operations perform recom-
bination and perturbation of parameters within bounds of
high-performing designs. The most promising candidates then
undergo local refinement using the Constrained Optimization
BY Linear Approximation (COBYLA) method. An adaptive
sampling strategy ensures the continuous improvement in crit-
ical design regions and enhances the surrogate model accuracy
by incorporating the best designs into the training dataset and
fine-tuning the model (Fig. 6). This hybrid approach balances
exploration and refinement, iterating until either target perfor-
mance metrics are achieved or the specified maximum iteration
number is reached.

III. RESULTS AND DISCUSSION

Figure 7 compares the proposed ML optimization approach
with previously reported TCAD techniques [3], [4], [8]. While
conventional techniques can only optimize geometry (spacings
and ring widths) to increase VBD, they do not simultaneously
optimize doping profiles or consider additional parameters

Fig. 6. Overview of the hybrid optimization framework showing interac-
tion between genetic algorithm-based global exploration, COBYLA local
refinement, and adaptive sampling strategy for surrogate model improvement.
Arrows indicate workflow and data flow between components.

like Ices and E. In contrast, the ML framework demonstrates
advantages in two key scenarios:

• Geometry-only optimization (Fig. 7(b)): When focusing
solely on maximizing VBD, the ML method outperformed
traditional approaches. Even with additional constraints
like minimizing termination length or shaping electric
field profiles, it provides designs outperforming the pre-
viously reported methods.

• Combined geometry and doping optimization (Figure
7(a)): The ML framework achieved its most significant
improvements when simultaneously optimizing both ring
geometry and doping profiles, surpassing the previously
reported optimization methods even under additional de-
sign constraints. This highlights the ML algorithm ability
to explore a broader design space.

Approach TE [µm] VBD [V ] Comp. time [min]

ML (Geometry and doping) ≈ 5600

Max. VBD 537.4 2992 ≈ 4

ML (Geometry) ≈ 5600

Max. VBD 531.3 2803 ≈ 4

Cheng (generating all designs took ≈ 250 min)

Max. VBD (n rings) 516 2163 ≈ 250
Max. VBD (n+ 2 rings) 574 2463 ≈ 250
Max. VBD (n+ 4 rings) 626 2665 ≈ 250

Bauer

Max. VBD (n rings) 476 2286 ≈ 1800
Max. VBD (n+ 2 rings) 531 2504 ≈ 2500
Max. VBD (n+ 4 rings) 583 2663 ≈ 3300

Baradai

Max. VBD (n rings) 482 2542 ≈ 2800
Max. VBD (n+ 2 rings) 533 2685 ≈ 3600
Max. VBD (n+ 4 rings) 582 2805 ≈ 4400

TABLE I
COMPARISON OF TERMINATION PERFORMANCE METRICS BETWEEN
TRADITIONAL OPTIMIZATION METHODS AND PROPOSED ML-BASED

APPROACH.



Fig. 7. Optimization performance across different objective weightings: Com-
paring traditional and ML methods for geometry+doping (a) and geometry-
only (b) termination design, with each point representing a unique combination
of optimization weights in Eq. 1.

Table I provides the performance comparison between our
ML-based framework and other termination design methods.
The ML approach with combined geometry and doping op-
timization achieves the highest efficiency of almost 100%
while maintaining a compact termination length of 537.4µm.
Even when restricted to geometry-only optimization for direct
comparison, it reaches an efficiency of 93% with comparable
termination lengths. While other methods can achieve higher
breakdown voltages by adding rings, this comes at the cost of
larger termination areas. A key advantage of our framework
is its computational efficiency after initial training. Though
generating the training dataset requires approximately 5600
computer minutes, subsequent optimization runs take only
about 4 minutes. This contrasts sharply with traditional meth-
ods requiring hundreds to thousands of minutes per optimiza-
tion attempt. This efficiency makes our framework particularly
valuable for design space exploration and optimization under
varying constraints, as new scenarios can be rapidly evaluated
using the trained model.

Figure 8 shows simulation results examining termination
sensitivity to interface charges at the Si/SiO2 interface. De-
signs from the training set exhibiting high VBD are compared
to the designs optimized specifically for VBD with various
electric field constraints. The results demonstrate that termina-
tion performance is inherently sensitive to the charge density,
as it significantly alters the electric field profile compared
to the ideal interface with no charge. However, the degree

Fig. 8. Breakdown voltage sensitivity analysis for different termination
designs as a function of surface fixed charge density.

of sensitivity varies notably between designs. Configurations
optimized with specific electric field constraints (En and F )
show improved robustness against interface charge. This high-
lights how optimization constraints can help balance maximum
blocking performance with the reliability requirements.

IV. CONCLUSION

This paper introduces a ML framework that advances the
optimization of power semiconductor device termination de-
signs by integrating neural network techniques with physics-
informed modeling. Our two-phase approach enables multi-
objective exploration of termination configurations across
semiconductor technologies, demonstrated on a 1.7 kV Silicon
IGBT with generalizability to variable lateral doping, junc-
tion termination extension, and hybrid termination concepts.
Achieving prediction accuracies over 97% and reducing opti-
mization time by multiple orders of magnitude, the framework
provides a tool capable of generating efficient termination
designs with various constraints. As semiconductor technolo-
gies evolve towards more complex architectures, this approach
provides a versatile computational tool for systematically
expanding device performance optimization.
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