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BACKGROUND

Why Nanowires? Why GaAsSb?
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Image curtesy of paper: Study of n-i-p Axial/Core-Shell Hybrid GaAsSb Dense Nanowire-
2 Based Near-Infrared Photodetectors on Graphene
https://pubs.acs.org/action/showCitFormats?doi=10.1021/acsanm.4c01241&ref=pdf



BACKGROUND

Growing the Nanowires: MBE

. . Axial Core-shell Hybrid
L4 GFOWI’\ Via MOIECU Iar Beam Ep|taxy (M BE) on a graphenE' stacked along length radial layers around core core wrapped in shell

coated substrate ——

. pshell

e @Ga, As, and Sb atoms deposited in ultra-high vacuum, self- P
assembling into wires

e Three structural variants: axial (segments stacked end-to-
end), core-shell (radial layers), and hybrid (stacked core,
more layers wrapping around)
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OVERVIEW

Characterizing Nanowires

Characterization
Methods

e Electrical characterization — current vs. voltage (I-V)

curves & Arrhenius analysis Morphological Spectroscopies

e Structural characterization — scanning electron
microscopy (SEM) imaging & machine learning

. . IV curves
e Together: a fuller picture of what makes one nanowire

sample perform differently from another

CV curves

Photoconductivity




ELECTRICAL CHARACTERIZATION 11/23/2025 16542 Current, Conductance vs Voltage
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e |-V (current-voltage) curves capture how much current
flows through a device at a given bias
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e Dark current (no illumination) reveals leakage and baseline T EE SRR R RE T e
transport behaVior IV Curves — All Sheets
. 1E-06 300 K
e Measured across a range of temperatures — different e
physical mechanisms dominate in different regimes .
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e Multiple sweeps are taken at the same temperature to % et
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ELECTRICAL CHARACTERIZATION

From I-V to Arrhenius

. E
Arrhenius Plot @ V = 0.050000000745058 V ey
204 @ ___ Temprange 1: Ea=0.0727 eV Conduction band
Slope: -843.8709 Electrons here -> free to move -> conducts
___ Temprange 2: Ea=0.0030 eV
o1 - Slope: -34.3330 ;
\ ___ Temprange 3: Ea=0.2473 eV H
\5 Slope: -2870.1373 :
1
1
—22 1 \\ H trap / defect
< ¢ \\\ i full j
ull jump
$ —23 \. Ea bandgag, ¢ongucts !
= . activation (forbidden zone) '—: trap / defect
— energy !
< ‘\ i
—24 - \\ ! trap / defect
\ 1
\ ) e e _. 2 . 1 partial hop
- —_ __.__ 1
25 4 q\ .. ) ! : . -> gets stuck
o '~ :
Valereband
\\ \‘\ Elect here - stuck - ducti e
—26 - \ N ctrons here -> stuck - no conduction
LS
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e Arrhenius plot: In|I] vs. 1/T e Activation Energy (Ea): the energy needed to excite an

electron from the valence band to the conduction

e Assumes current is thermally activated: | « exp(-Ea / kBT) band (or from a trap/defect state)

e The slope of each linear region gives an activation energy (Ea)



ELECTRICAL CHARACTERIZATION

Activation Energies (Ea)
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ELECTRICAL CHARACTERIZATION

Superimposed Arrhenius Plots at Chosen Voltages
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Ea acts as a fingerprint for the dominant transport/recombination mechanism at a given temperature and bias



Next: Looking at the Nanowires Themselves

Structural characterization — SEM imaging & machine learning



OVERVIEW

Workflow

SEM

. Features PCA Clustering Regimes
image Density,

diameter, CV Make a b Name and
One image mergin T simole ma Group nearby verify with
per sample s E . samples images

coverage

Currently have a candidate grouping. The next scientific step is to confirm each cluster with the original
SEM images.

Goal: Use ML to group the SEM images automatically so we can read the features of each group, adjust
MBE growth settings, and even automate nanowire growth.
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STRUCTURAL CHARACTERIZATION

Why Look at Morphology? G °

e One SEM image per sample is measured for six
guantitative features: density, mean diameter, diameter
variability (CV%, uniformity), % merged wires, surface
coverage, angle spread
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STRUCTURAL CHARACTERIZATION

From Images to a Map: PCA + Clustering G

Principal Component Analysis (PCA) is a
technique that reduces the number of
features in a dataset while keeping the
most important information (aka the
principal components).

K-means clustering: algorithm that groups
nearby samples automatically.
Unsupervised method (no predefined
labels)

Raw measurements
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6 features
per sample

PCA re-expres

PCA map
PC2
A
O
PCA O
> O
finds axes of O
max variation O
O o

each sample = one point

ses many correlated measurements as a few new combined axes
that capture the most sample-to-sample variation.

It doesn't group samples — it only makes them easier to compare and visualize.

» PC1
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STRUCTURAL CHARACTERIZATION

What We Found

e k=4 gave the best (though still modest) cluster
separation

e Two larger groups (blue, orange) and two small
groups (green, red) emerged

e Small clusters need extra scrutiny — could be real
morphology types, or outliers
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Final K-means Clustering (k=4)
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Credit: Arjun Sharma Poudel
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STRUCTURAL CHARACTERIZATION

What Defines Each Group @

e The heatmap translates cluster assignments back

Cluster Profile Heatmap (Standardized Feature Averages)
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Credit: Arjun Sharma Poudel

Mean standardized value (z-score)
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Summary

Electrical analysis (I-V / Arrhenius) tells us how a device behaves
Structural analysis (SEM / ML) tells us why, in terms of physical form
Together: a fuller diagnostic picture connecting growth conditions to device performance

Next: validate clusters against SEM images
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