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 Motivation: Photocurrents generated within semiconductor devices that are exposed 

to ionizing radiation may adversely affect circuit performance. 

 Objective: We want to predict photocurrent as a function of radiation dose rate, 

voltage(s) across the device, and time, dynamically within a circuit simulation. 

 State of the art compact photocurrent models apply physical assumptions and 

approximations with limited validity to render physics models solvable in closed-form. 

 Conjecture: numerical order reduction techniques can provide a viable alternative to 

analytic approximations.

 In this work we consider a pn—diode exposed to a spatially uniform radiation pulse.

Overview and Motivation



Development of traditional compact photocurrent 
models
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Step 1: Split device  into a depletion region and quasi-neutral P  and N-regions:

Compact analytic photocurrent models are developed by treating separately different device regions.
• Motivated by the need to simplify the physics model to render it solvable in closed form.

Step 2: Represent total photocurrent as sum of prompt and delayed photocurrents: 

Drift-Diffusion ⇢ Ambipolar Diffusion Equation (ADE): 

Using homogeneous BC:



Projection-based model order reduction
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• We wish to project the high-dimensional state                         onto a low-dimensional hyperplane:

4

Discretize the 1D ADE using finite elements: 

Full-Order Model (FOM):

•       in the boundary current computed via gradient of shape functions: 
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• How do we identify P? Truncated SVD: 

Projection-based model order reduction

Dominant modes
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Translate math to Python code

• The ROM parameters are 
the reduced matrices, 
which could be stored in a 
pickle file, .csv, .txt, etc.

• The FOM parameters are 
calibrated to experiment 
via TCAD (or ”quasi-
TCAD”), then the ROM 
matrices are extracted 
automatically.

Model Implementation
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Model Implementation

1) Model form definition 
(translate math to code):

…

2) Instantiate model
(read in pre-calibrated reduced matrices):

3) Import model instance into Xyce-PyMi 
custom device definition template:

…

4) Plug radiation model into netlist 
(“YGENEXT”)
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Photocurrent experimental set up

Photocurrent measurement schematic

Shot # How used TD 
(rad)

PW (s)

435 calibration 2250.9 4.95e-6

436 prediction 2272.3 4.95e-6

444 calibration 53.0 1.05e-7

445 prediction 53.5 1.04e-7

Total dose (TD) and pulse width (PW) for the LMTF LINAC Shots Sample radiation pulses (left), and measured photocurrent (right)

Same circuit 
recreated in 
Xyce netlist for 
simulations



9

Photocurrent prediction results

FOM: system of 1023*2=2046 ODEs
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 Numerical compression strategies for compact photocurrent modelling can circumvent the 
need for simplifying analytic assumptions and approximations, yielding a “faithful-to-the-
physics” model which is fast to develop and easy to implement.

 Reduced development time: ROM extraction from full-order models (FOM) is “automated.”
 Main effort can be concentrated on the development of FOMs.

 Extraction of compact models from FOMs has multiple advantages:
 Compact models and FOMs reference the same physics.

 Reduces remodeling and produces more generalizable, more credible compact models.

 These models require less-per-instance calibration:

 Reduced calibration data gathering, formatting, and storage burdens.

 Accelerated end-to-end ModSym process.

 Follow-up work:
 Apply projection-based ROM in combination with polynomialization to more accurate physics models 

(e.g., drift-diffusion).

 Use simple physics-based descriptions (which can achieve high compression ratios) and augment the 
model with perturbations (e.g., neural nets) to achieve a close fit to experimental measurements. 

Conclusions and Follow-Up Work


