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The Challenge

Interpreting methods to infer electronic properties
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What could possibly go wrong?

Trap densities
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(a) Single Carrier Devices (b) Capacitance-Voltage
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Observation:

Trap density scale with 

e/d²

Problem:

Detection limits given 

by Poisson equation 

cause the e/d² trend.

Siekmann et al. ACS Energy Lett. 2021, 6, 3244



What could possibly go wrong?

Lifetimes

22.03.2024 6

10-9 10-8 10-7 10-6 10-5 10-4 10-3

10-9

10-8

10-7

10-6

10-5

10-4

10-3

s
m

a
ll 

s
ig

n
a

l 
d

e
c
a

y
 t

im
e

 t
S

S
T

P
V
 (

s
)

large signal decay time tLS
TPL (s)

 film

 film/quencher

0.01 suns

0.5 suns

1 sun

0.3 suns

Observation:

Lifetimes depend on the method and sample type

Problem:

Lifetimes are not actual recombination lifetimes but 

decay times that are affected also by e.g. 

capacitive discharge of electrodes.

Krückemeier et al. Adv. Energy Mat. 2021, 11, 2102290



What could possibly go wrong?

Urbach energies
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Observation:

Method-dependent Urbach tail

Problem:

Electrical methods are often affected by low 

mobilities (resistive effects) and show artificially 

large Urbach tails

Hartnagel et al. Adv. Energy Mat. 2023, 13, 2300329

20
-2

9.
9

30
-3

9.
9

40
-4

9.
9

50
-5

9.
9

60
-6

9.
9

70
-7

9.
9

≥8
0

0

10

20

30

40

50

C
o
u

n
ts

Urbach energy EU (meV)

Optical

Voltage



PART 1: INFERENCE OF ELECTRONIC PROPERTIES

THICKNESS AND LIGHT INTENSITY DEPENDENT DATA
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Device model

variables: mu, tau, …
lower boundaries: 1e-9, 1e-7, …
upper boundaries: 1e-6, 1e-5 , …
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Experimental Data

Device Architecture
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Cell area: 0.16 cm²

Active layers:

- Binary blend (BTP-4F-12: PBDB-

TF-T1)

- Ternary blend (BTP-4F-12: PBDB-

TF-T1:PC71BM)
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Cornerplots
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Trends with Thickness
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PART 2: THE VALUE OF DEVICE CHARACTERIZATION

FOR THE PURPOSE OF DEVICE OPTIMIZATION
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How we imagine scientific progress in the field

process parameters

fabrication

solar cell device

characterization

device and material 
parameters

data evaluation

learning / gaining 
knowledge

well-founded plan 
for repetition

Is this important for papers and 

our understanding or for device 

optimization itself?



Idea: Test 2 Options in Virtual Laboratory
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Option 1:

• Process parameters → JV curve

• JV curve → efficiency

• Efficiency → new process parameters

Option 2:

• Process parameters → JV curve

• JV curve → mobility, recombination 

coefficient, etc…

• Mobility, rec... → efficiency
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Experimental Basis

To feed the virtual laboratory
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Linking Process with Material Parameters
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Example slices through the SVR model
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Comparison blackbox optimization

Vs. material-parameter-based optimization
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Does the optimization find the 2nd 

interference maximum?
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Conclusions
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1) Inferring Parameters

10-9 10-7

10-4 10-2 100

10-3

10-1

m
h
 (

c
m

2
/V

s
)

1014

1015

1016

1017

N
d

t (
c
m

-3
)

10-4 10-2 100
10-11

10-9

10-7

me (Vs/cm2)

k
d
ir
 (

c
m

3
/s

)

10-2 100

me (cm2/Vs)

1015 1016 1017

Ndt (cm-3) kdir (cm3/s)

me (cm2/Vs)

10-2 100

mh (cm2/Vs)

1015 1016 1017

Ndt (cm-3)

10-3

10-1

10-9 10-7

kdir (cm3/s)

m
e
 (

c
m

2
/V

s
)

10-3

10-1
m

h
 (

c
m

2
/V

s
)

1014

1015

1016

1017

N
d

t (
c
m

-3
)

• NNs interpolate well and look up well

• Trained NNs can therefore accelerate 

simulations by a factor ~104 for JV curves

• Allows finding likely material parameters

2) Inferring Parameters
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optima in complex h(process parameter) 
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