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Scanning probe microscopy (SPM) plays a pivotal role in advancing our understanding of 

semiconductor materials by enabling nanoscale characterization of structural and functional 

properties. Dynamic SPM techniques provide insight into transient charge carrier dynamics in 

semiconducting materials. Time-resolved electrostatic force microscopy (trEFM) is one such 

dynamic SPM method which measures nanoscale surface potential dynamics with high spatial and 

temporal resolution, providing information about key properties such as local photovoltaic 

quantum efficiency, electronic carrier recombination, and ion motion. 

The multi-dimensional datasets obtained from trEFM—combining both spatial and 

temporal information—are ripe opportunities for the application of data science and machine 

learning (ML) techniques. The application of ML methods, such as neural networks, can 

significantly enhance the extraction of meaningful dynamics from noisy experimental data, 

allowing for a more accurate understanding of the spatial heterogeneity of electronic and ionic 

carrier phenomena.  

In this work, we examine lead halide perovskites with trEFM. Lead halide perovskites are 

an exciting class of semiconducting materials with applications in photovoltaics, light emission, 

and radiation detection. Their ability to achieve high efficiencies, combined with solution-

processability and defect tolerance, has led to rapid advancements in perovskite-based 



optoelectronic devices. The performance of these materials is influenced by the intricate interplay 

between their crystallographic and morphological features, which often span from nanometers to 

micrometers in size. Using trEFM, we can gain detailed insights into how local changes in surface 

potential relate to the structural features of perovskite films, ultimately providing a deeper 

understanding of their optoelectronic behavior. We find that the surface recombination velocity, as 

modified by defect passivation, and defect-enabled ion motion are the primary factors that 

influence the spatial heterogeneity we observe in polycrystalline lead halide perovskite. We first 

present two ML models that enable advanced signal processing for trEFM dynamics, exemplifying 

the natural harmony between large-data dynamic SPM methods and machine learning. We then 

explore the factors (surface recombination velocity and ion motion) that govern the trEFM 

dynamics we observe. Overall, this work demonstrates how combining advanced SPM techniques 

with ML can significantly enhance our ability to study and optimize next-generation 

semiconductor materials. 
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Chapter 1: Introduction 
1.1 Scanning Probe Microscopy 
A significant contribution to our understanding of semiconductor materials rests on the application 
of functional microscopy tools to spatially resolve heterogeneity in structure and function.1–8 
Indeed, disentangling the relationship between structure and function in semiconductors is critical 
to understanding and improving semiconductor thin films.4–7,9–11 For example, methylammonium 
lead triiodide (MAPbI3) exhibits heterogeneous morphological domains, often referred to as 
“grains.” Using confocal photoluminescence (PL) microscopy, deQuilettes et al. found that 
different grains exhibited varied levels of PL brightness and different PL lifetimes, indicating that 
the heterogeneous structure of the thin film affected its performance.7 Organic photovoltaics 
(OPVs) have also benefited from the application of microscopy to understand how polymer blends 
affect efficiencies.1,12–14 

Confocal PL microscopy is a well-established technique for examining optoelectronic samples; 
however, because it is an optical microscopy technique, the spatial resolution is diffraction-
limited.4,10,15,16 With 405 nm excitation, for example, the highest reliable spatial resolution is 
approximately 280 nm with an objective that has a numerical aperture (NA) of 0.9. Higher NA 
objectives may improve this resolution, but ultimately the excitation wavelength limits the features 
we are able to reliably resolve. As such, when we want to image below the diffraction limit, we 
must turn to alternative microscopy techniques. Cathodoluminescence (CL) microscopy can 
resolve nanoscale features and corresponding functional properties such as charge carrier 
dynamics, but it risks damaging particularly sensitive materials with the electron beam.5,17,18 
Nanoscale X-ray characterization (e.g. nano-X-ray diffraction or nano-X-ray fluorescence) can 
reveal structural or chemical properties of materials at relatively high spatial resolutions (~50-100 
nm),1,4,18,19 but may also damage samples and often requires synchrotron-based advanced light 
sources.6,9 

We turn to scanning probe microscopy (SPM), which is a mechanical microscopy method that uses 
a metallic, sharp tip on a cantilever to detect variations in the surface of a sample with nanoscale 
resolution. SPM commonly measures topographic variations in thin film samples, but we can also 
harness it to extract more advanced functional information, such as local conductivity,20,21 surface 
photovoltage,22–25 and stiffness.6,26 

Time-resolved electrostatic force microscopy (trEFM) is a dynamic SPM method that measures 
transient changes in the electrostatic force gradient between the oscillating SPM cantilever and the 
surface of a semiconducting sample.12,27–29 Upon photoexcitation of a semiconductor, we generate 
electronic carriers and, depending on the material, induce ion motion.2,30,31 The evolution of these 
charged carriers results in a transient equilibration of the surface potential of the sample.30 As the 
surface potential equilibrates under excitation, the frequency of the oscillating cantilever deviates 
from the drive frequency; the timescale of this deviation reveals much about the semiconductor 
sample: local external quantum efficiency,2,12,27 surface recombination velocity,30 and electronic 
carrier recombination process.30 We use trEFM to explore these processes on the nanoscale, 
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providing valuable insight into how morphological features affect the functional properties of a 
given sample.  

Because trEFM is a dynamic SPM method, we collect time-resolved data at each pixel of an image. 
Resulting image “datacubes” are rich with spatially resolved and temporally resolved information. 
As such, we can explore methods and tools that maximize our understanding of samples.1,32–35 
Multi-dimensional SPM datasets are ripe with opportunity to apply machine learning (ML) and 
data science methods to overcome noise limitations, extract and reconstruct dynamics from 
complex signals, and understand the significance of correlations.33,35 The advantageous harmony 
between multi-dimensional SPM techniques and ML and data science enables us to better 
understand our materials and advance our research. 

1.2 Lead Halide Perovskites 
Lead halide perovskites are a class of semiconducting materials with promising applications in 
various optoelectronic devices, such as light emitters36,37 (including quantum light emitters38), 
radiation detectors,39 and photovoltaics.7,37,40,41 Indeed, single-junction perovskite thin film 
photovoltaic devices have surpassed 26% efficiency, on par with silicon-based technology.42 

Perovskites have an ABX3 crystal structure with corner-sharing octahedra, where the A-site is 
occupied by a monovalent cation such as methylammonium, formamidinium, or cesium, the B-
site is occupied by a divalent cation such as lead(II) or tin(II), and the X-site interstitial space is 
occupied by a halide ion (like iodide, bromide, or chloride).43 By exchanging the A-site cation with 
a bulkier (typically organic) cation such as phenethylammonium or butylammonium, we can scale 
down the dimensionality of the perovskite, creating quasi-2D or layered perovskite 
heterostructures of the formula A'2An-1BnX3n-1 (where A’ is the substituted, larger organic cation).44 
Indeed, by tuning the composition of the perovskite crystal itself, in particular changing the halide 
composition, we can change the bandgap of the material.26,40,43,45 

Perovskite semiconductor thin films are particularly exciting because of their solution 
processability,37 relative cost effectiveness,37,45 and defect tolerance.46–48 However, despite their 
defect tolerance, eliminating defects is a key goal for the field.46–51 Ion vacancies, interstitial 
“extra” ions, and replacements in the crystal lattice are linked to issues with stability under constant 
illumination or bias.46,47,50,51 For this reason, chemical additives,10,52,53 preparation methods,54 and 
post-treatments20,23,54–56 that reduce defects are of great interest to the field at large. Many 
advanced mixed-cation, mixed-halide perovskite compositions ideal for single- or multi-junction 
photovoltaic devices exhibit morphological features ranging in size from a hundred nanometers to 
several micrometers.2,7,11 These morphological features are commonly referred to as “grains,” 
though intra-“grain” crystallographic domains identified via EBSD suggests that may be an 
oversimplification.11,57 Understanding how these morphological features relate to the functional 
performance of these materials—their conductivity,20 surface potential,1,22,23 and more—is 
paramount to optimizing not only the perovskite material itself, but additives, manufacturing 
methods, and post-treatments. 

In this thesis, we present the application of trEFM to probe perovskite semiconductor surface 
potential dynamics as a function of excitation intensity and wavelength. In Chapter 2, to improve 
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on trEFM data processing methods, we apply ML (a feedforward artificial neural network) to 
extracting cantilever-independent dynamics from the trEFM cantilever frequency signal.31 We 
build on this work further in Chapter 3, where we present a more robust convolutional neural 
network that assumes a single- or bi-exponential underlying function for extracting cantilever-
independent dynamics from trEFM frequency signals that better reconstruct experimental 
signals.58 Finally, in Chapter 4 we examine what physical processes trEFM captures in mixed-
cation, mixed-halide perovskite samples, combining post-treatment with passivating agents, 
wavelength- and intensity-dependent experiments, and drift-diffusion simulations to present a 
unified understanding of trEFM.30 
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Chapter 2: A Robust Neural Network for Extracting 
Dynamics from Time-Resolved Electrostatic Force 
Microscopy 
Adapted from: Breshears, M. D., Giridharagopal, R., Pothoof, J. & Ginger, D. S. A Robust Neural 
Network for Extracting Dynamics from Electrostatic Force Microscopy Data. J. Chem. Inf. Model. 
62, 4342–4350 (2022). 

2.1 Overview 
Advances in scanning probe microscopy (SPM) methods such as time-resolved electrostatic force 
microscopy (trEFM) now permit the mapping of fast local dynamic processes with high resolution 
in both space and time, but such methods can be time consuming to analyze and calibrate. Here, 
we design and train a regression neural network (NN) that accelerates and simplifies the extraction 
of local dynamics from SPM data directly in a cantilever-independent manner, allowing the 
network to process data taken with different cantilevers. We validate the NN’s ability to recover 
local dynamics with a fidelity equal to or surpassing conventional, more time-consuming 
calibrations using both simulated and real microscopy data. We apply this method to extract 
accurate photoinduced carrier dynamics on n=1 butylammonium lead iodide, a halide perovskite 
semiconductor film that is of interest for applications in both solar photovoltaics and quantum light 
sources. Finally, we use SHapley Additive exPlanations (SHAP) to evaluate the robustness of the 
trained model, confirm its cantilever-independence, and explore which parts of the trEFM signal 
are important to the network. 

2.2 Introduction 
Advances in scanning probe microscopy (SPM) have accelerated over the past decade, driven by 
the need to assess nanoscale structure-function relationships of new materials for applications 
ranging from energy harvesting to quantum information.1–3 At the same time, data science 
capabilities in the physical sciences have undergone a revolution driven by the need for processing, 
representing, and interpreting vast amounts of data.1,3–11 The confluence of these advances in SPM 
and data science has proven extremely beneficial for materials chemists and materials scientists, 
providing new opportunities in data collection automation and in situ quality control.9,10,12–14 A 
variety of SPM techniques provide high-resolution spatial information with many complex 
functional modes that share common features, such as fast time-resolved electrostatic force 
microscopy,2,15,16 “general-mode” Kelvin probe force microscopy,1,6 and phase-kick electrostatic 
force microscopy.17 These techniques result in multidimensional, information-rich data where each 
pixel in an image contains a complex, time-dependent signal. Furthermore, the resulting data are 
not always directly plottable or interpretable with a simple physical interpretation. Broadly, 
researchers are interested in applying these techniques to a variety of systems, from hybrid organic-
inorganic metal-halide perovskites to conjugated polymers to study phenomena such as charging 
and local quantum efficiency or ion dynamics.1,2,10,11,14,15,18–24 Machine learning (ML) and data 
science techniques provide us with excellent tools to help process these data and study these 
systems.3,14,25–28 Methods of signal boosting,29–31 dimensionality reduction and 
representation,2,11,18,30 and decomposition based in machine learning and data science are being 
developed to extract information efficiently and accurately from SPM images and signals.14,25,26,32  
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In practice, the use of ML for SPM data processing provides many potential advantages, namely 
robustness against noise, speed in application, and ease of handling multidimensional data.3,11,25,28–

30,33 Here, we demonstrate the use of a neural network (NN) to process data-rich SPM images from 
a feedback-free implementation of time-resolved electrostatic force microscopy (trEFM) (Figure 
1a).15,16 trEFM has the ability to extract transient dynamics down to the ~10 ns regime and has 
been used to study dynamics in systems ranging from organic solar cells19,34–36 to perovskite 
semiconductors.1,2 In this method, a transient perturbation whose characteristic timescale is 
governed by the cantilever’s local dynamic properties induces a change in the SPM cantilever’s 
motion. The exact time-dependent profile of the sample’s response to this excitation alters the 
transient motion of the SPM cantilever, thus encoding details of the short time perturbation that 
can be discerned by analyzing the evolution of the cantilever at subsequent times.2,15,16,37 
Previously, we have recovered the time dynamics using a straightforward calibration procedure 
(Note S1).16 However, this procedure is not only time consuming, but also requires recalibration 
upon changing the cantilever.15,16 Furthermore, in practice, the analysis procedure often ignores 
much of the time-dependent data, which likely degrades the achievable signal/noise under a given 
set of imaging conditions. 
Here, to address these issues, we demonstrate the use of a neural network to infer the early time 
sample dynamics based on the entirety of the long-time cantilever oscillatory motion. Not only 
does the network utilize the entire time-dependent cantilever frequency signal, it also naturally 
incorporates key cantilever parameters like spring constant and quality factor as nodes in the ML 
process, allowing a single network to process a broad range of data. We apply this network to 
study both simulated trEFM signals, “model” trEFM signals, and practical experiments of 
photoinduced charging on halide perovskite semiconductor samples. We also explore the 
relationship among the features of our data as learned by the neural network and how those 
explanations contribute to the robustness of the network as a tool using SHapley Additive 
exPlanations (SHAP).38,39 
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Figure 1: (a) Schematic of the trEFM workflow process. Optical pulses induce transient 
photocarriers in the sample, which in turn create transient perturbations of the electrostatic force 
gradient experienced by the oscillating tip; this change is captured by (b) the evolving raw 
cantilever deflection vs. time where the inset is a sample of the deflection from 0.40 to 0.41 ms. 
Using a STFT40 we extract (c) the instantaneous frequency vs. time (blue), whereas we would 
expect to see the frequency shift with respect to time behave like a single-exponential (green) as 
discussed in the text, but due to convolution with cantilever physics, those dynamics described by 
a single exponential are hidden. The time to first peak, tFP, can be empirically calibrated to extract 
the characteristic time constant τ that describes the expected single exponential behavior using (d) 
a cantilever-specific calibration curve.15,16 We compare this traditional approach against the use of 
a neural network (e) to extract τ. After each fully connected layer (blue), there is a rectified linear 
unit activation (orange). 
trEFM has been discussed in detail by our group in previous work.15,16 Briefly, during trEFM 
measurements, the cantilever is initially driven at its resonance frequency by a shake piezo (Figure 
1a) and its entire motion is digitized. At a defined point in time, we trigger a transient excitation 
that induces a time-dependent change in the electrostatic force gradient between the conducting 
tip and the sample. The nature of this excitation depends on the desired application; for example, 
an illumination source for studying photocharging in photovoltaics2 or a voltage pulse for studying 
ion motion (Appendix A Figure S1a).19,41 The resulting time-dependent electrostatic force gradient 
between the cantilever tip and the sample therefore captures the dynamics of interest in the sample. 
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The perturbation in the electrostatic force gradient changes the cantilever’s resonance 
frequency,15,16,42,43 meaning these dynamics are reflected in the instantaneous frequency of the 
cantilever oscillation (Figures 1b and 1c).15,16  
Given the instantaneous frequency as a function of time, we can calculate the time to first peak, 
tFP (Figure 1c), which is the time it takes for the frequency shift to reach its maximum magnitude 
after the charging trigger event prior to returning to steady-state (the drive frequency). A long tFP 
indicates slow charging behavior while a short tFP indicates fast charging behavior.16 However, for 
a fixed sample response, the exact tFP depends on the cantilever parameters15,16 like spring constant 
(k, N/m) and quality factor (Q), meaning that each cantilever would need to be independently 
calibrated. Note S1 discusses the need for cantilever calibration in more detail, specifying that 
given the case where the excitation is a single exponential as is common in many physical 
phenomena, the expected change in resonance frequency would also be a single exponential 
(Figure 1c, green). However, this is not what we observe; instead, we observe a convolution of the 
cantilever physics with the sample response to the perturbation (Figure 1c, blue). This poses a 
challenge when extracting the characteristic charging constant, τ (Equations S1 and S2, Figure 1d), 
for empirical comparison across experiments. 
Here, we replace the calibration step with a neural network that has been trained on a range of 
simulated cantilever data. Specifically, after demodulating the experimental cantilever deflection 
vs. time using a short-time Fourier transform (STFT) to obtain the instantaneous cantilever 
frequency vs. time, we use a regression-style NN to reconstruct the dynamics of perturbation that 
affects the sample (Figure 1e). The NN consists of 8 layers: 4 fully connected layers, 3 rectified 
linear unit (ReLU) layers, and 1 random dropout layer for regularization (dropping 10% of the data 
at random, Figure 1e). We trained the network using the L1-loss function to measure the absolute 
difference between the network output and the target value. We built our network using the 
PyTorch Lightning framework.44 Our NN is a simple feedforward architecture that takes as input 
the cantilever parameters (k, Q) and instantaneous frequency signal; at each pixel of an image, we 
pass these data to the NN, which then returns the time constant. This network provides robust, 
accurate trEFM data interpretation in a cantilever-independent manner and can ultimately be 
applied to automated data interpretation once integrated into the imaging software. 

2.3 Methods 
Synthesis of butylammonium lead iodide: n-butylammonium lead iodide (BAPI) films were 
prepared on indium tin oxide (ITO) substrates purchased from Thin Film Devices (resistivity of 
20 ± 2 Ω; work function of -4.8 to -5.0 eV; and surface roughness of ≤ 7 Å RMS). The ITO 
substrates were sonicated in baths of detergent in de-ionized water, acetone, and 2-propanol. 
BA2PbI4 perovskite solution was prepared by dissolving 1.8 M n-butylammonium iodide (BAI, 
GreatCell Solar Ltd.) and 0.9 M lead (II) iodide (PbI2, Sigma-Aldrich) in dimethylformamide 
(DMF, Sigma-Aldrich). The solution was stirred for 1 hour and then spin coated on plasma-treated, 
cleaned ITO substrates at 4000 rpm for 40 s followed by thermal annealing at 100 ºC for 10 
minutes.21 All preparation was in a nitrogen glovebox. 
UV-Vis absorbance measurement: spectra of BAPI films on glass (prepared as above) were 
recorded on an Agilent 8453 UV-Vis Spectrometer over 400 – 800 nm with an integration time of 
0.5 s.  
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Time-resolved electrostatic force microscopy (trEFM) measurements: The trEFM measurement 
technique and experimental setup have been discussed in detail.2,15,16 Measurements were 
performed on an Asylum Research MFP3D. All measurements used Pt-coated cantilevers 
(Mikromasch HQ:NSC15/Pt) driven at resonance frequency (~300 kHz). The sample was kept 
under active nitrogen in a sealed flow cell. The cantilever oscillation was recorded using a 16-bit 
A/D digitizer (Dynamic Signals/GaGe Razor Express CSE1622), typically at 5 MS/s, and synced 
to the cantilever oscillation phase (180º) using custom trigger electronics (detailed circuit 
information can be found in Supporting Information in our previous reports; additional information 
available upon request).15,16 Data were recorded over the course of 2 ms, during which a voltage 
pulse was applied to the cantilever of 10 V at approximately 0.1 ms (Appendix A Figure S1a). For 
the BAPI samples, we measured photocharging using a 455 nm LED (LEDEngin) excitation pulse 
triggered at 0.4 ms, inducing charging behavior in the active layer.2 This wavelength was used 
because it is well within the absorbance of BAPI (Appendix A Figure S2). The LED was focused 
via a bottom objective on an inverted optical microscope and co-aligned with the cantilever tip. 
The illumination intensity was measured using a calibrated photodiode and calculated based on 
the LED illumination area; four intensities were used: 42.1, 109.9, 160.8, and 203.6 W/m2. For 
conventional trEFM, thirty scans were collected at each pixel and averaged to increase the signal-
to-noise ratio. Raw cantilever deflection data were used to extract the instantaneous frequency by 
demodulating the time-dependent cantilever amplitude using a short-time Fourier transform 
(STFT) and then using a parabolic estimation of the peak frequency (ridge finding) per time 
segment. This code is freely available online via the FFTA Python package 
(https://github.com/GingerLabUW/FFTA). 
Setup and training of the neural network:  NNs are sensitive to biases introduced through the 
training process, such as skewed or unrealistic distributions of training data leading to poor 
performance on test data.27,28,33,45,46 To combat such bias, we simulated a training dataset with 
target τ values ranging from 1 to 500 µs with a precision of 10 ns. We used uniform distribution 
of the log (base 10) of these target values so that the network had a uniform representation of the 
three orders of magnitude (see Appendix A Figure S3b). We simulated these data via the 
aforementioned FFTA package using cantilevers with a uniform distribution of k values (N/m) and 
Q factors such that the resulting network would be cantilever-independent (Figures S3c and S3d). 
Additionally, we applied Gaussian noise to each simulated raw deflection before demodulating to 
instantaneous frequency to create a random signal-to-noise ratio (60, 70 or 80) (Note S2). We 
randomly selected the Fourier window size (either 60 or 70 µs) for the STFT when extracting the 
instantaneous frequency, which in practice would change the extracted tFP value for a given τ; this 
forces the network to not rely on tFP but rather the overall shape of the instantaneous frequency 
signal. These steps—the varied cantilever parameters, the addition of noise, and the random 
Fourier time resolutions—ensured that our training data were as realistic as possible. 
Each pixel is evaluated by the network independent of its neighbors. The trained model takes as 
input k, Q, and the instantaneous frequency signal (Figure 1e). To compensate for changes in the 
tip state causing larger shifts in the frequency shift magnitude (while not changing the actual shape 
of the frequency signal), we normalized the instantaneous frequency to be between 0 and 1 prior 
to training. This step ensured that only the shape of the frequency trace was considered by the 
network within the context of the cantilever parameters. Data scientists calculate certainty for 
machine learning models in a variety of ways.46–48 Gal et al. postulated that by maintaining dropout 
in a trained model, the same input will result in slightly different outputs when given to the model 
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multiple times. By extracting multiple τ values from a network with dropout, we calculated the 
average output and quantified the standard deviation, which we refer to as quasi-ensembling.47,48 

2.4 Results and Discussion 

 
Figure 2: (a) Parity plot of network-extracted τ vs. target τ values for 3,000 simulated test 
instantaneous frequency traces where the black line represents perfect agreement with an R2 score 
of 0.89, demonstrating the network’s excellent performance on simulated data; (b) separately 
simulated target τ values used as the basis for the simulation of a trEFM image datacube; (c) the 
trained network-extracted τ values from data simulated according to (b), showing excellent 
qualitative agreement with the simulated target values; and (d) standard deviations for the 
extraction for (c) given quasi-ensembling of 100 network outputs as discussed in the text. 
After training the network on 17,000 input arrays (containing k, Q, and the normalized 
instantaneous frequency traces) for 200 epochs, we test our NN on 3,000 simulated input arrays it 
had not seen before. Figure 2a shows a parity plot of the network extracted τ values for these 3,000 
simulated test inputs plotted against the known τ values for these data, trending very close to 
perfect agreement (black line) with a mean absolute difference of 2.14 µs (median absolute 
difference of 0.72 µs) and a mean percent error of 9.64% (median 3.08%). The R2 score for Figure 
2a is 0.89. Using the quasi-ensembling method,47,48 we quantified the uncertainty associated with 
the NN prediction on these 3,000 test inputs; the average standard deviation of the network 
predictions was 3.82 µs (with a median of 1.41 µs). Appendix A Figure S4 shows the distributions 
of the absolute difference between the network-extracted τ values and target τ values, percent error, 
and standard deviation for all 3,000 test inputs.  
To further evaluate the network’s performance on simulated image data, we created a 42 by 42 
pixel hyperspectral trEFM image. Figure 2b shows the τ values used for this simulation, longer τ 
values (~10 µs) composing the letter W on a background of shorter τ values (~3 µs). After 
simulating the deflection of the cantilever according to these τ values, we added Gaussian noise to 
the raw cantilever deflection, resulting in a signal-to-noise ratio of 70 (Note S2), demodulated to 
obtain the instantaneous frequency for each pixel in the image with the same STFT we use for 
experimental data collection, and normalized these instantaneous frequency signals. The input 
array for each pixel contained the cantilever parameters k and Q in addition to this normalized 
frequency trace; we collected the network prediction for these input arrays 100 times and averaged 
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the extracted τ value for each pixel (Figure 2c) according to the quasi-ensembling method 
previously discussed. Figure 2d shows the standard deviation calculated from this quasi-
ensembling averaging process, revealing an average standard deviation of 0.81 µs (median 
standard deviation of 0.82 µs).  

 
Figure 3: (a) Topography of halide perovskite BAPI showing grain sizes of approximately 2-4 
µm; (b) image of tFP values in the same region as (a) calculated from instantaneous frequency 
traces following excitation with 455 nm photoexcitation at 109.9 W/m2; (c) image of the τ values 
calibrated from the tFP data (b) using the manual calibration according to the calibration curve seen 
in Figure 1d (Note S1); (d) image of the τ values extracted using the neural network described in 
the text, showing good qualitative agreement with (c); (e) overlaid histograms of calibrated and 
extracted τ values revealing overall agreement between the order of magnitude of calibrated and 
network-extracted τ values; (f) parity plot comparing network-extracted τ values against calibrated 
τ values showing qualitative agreement between the two where the black line is 1-to-1 correlation  
(perfect agreement) with an R2 score of 0.61; and (g) summary plot of average tFP, average 
calibrated τ values, and average extracted τ values on BAPI at varied light intensities where error 
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bars are the standard deviation, showing expected shift to faster dynamics at higher light 
intensities. 
In addition to the tests on simulated data, we applied our NN to experimental trEFM data on n=1 
butylammonium lead iodide (BAPI) films. BAPI is a layered Ruddlesden-Popper halide perovskite 
material with a large exciton binding energy of 400-500 meV49,50 and good surface passivating 
properties that are currently of interest in optoelectronics applications.51 We then compared the 
network’s results to the images obtained via the traditional calibration method (Note S1). Figure 
3a shows the topography of the BAPI film, where we observe morphological features, possibly 
grains, approximately 2-4 µm across. Figure 3b shows the heterogeneity in tFP across the presumed 
grains and grain boundaries. Consistent with previous reports,2 grain centers appear to generally 
have a shorter tFP than grain boundaries, on the order of 42.1 µs as compared to 49.6 µs. We 
performed a traditional calibration on our cantilever giving us a tFP-τ calibration curve (as seen in 
Figure 1d), which allowed us to extract τ values from the data as shown in Figure 3c. The calibrated 
τ values are within the same order of magnitude as previous work on BAPI.2,17 
Figure 3d shows the NN’s extracted τ values calculated using the quasi-ensembling method 
previously described by averaging 100 network outputs to obtain each τ value (with a mean 
standard deviation of 1.17 µs and a median standard deviation of 1.00 µs). Our current calibration 
procedure, either via a simulated cantilever or separate calibration with voltage pulses according 
to Equation S2, takes 30-60 minutes compared to less than 1 minute with the NN, representing a 
significant benefit to using a network approach (with the additional benefit of not requiring the 
unloading and preservation of the cantilever). Figure 3d also demonstrates how the NN is less 
sensitive to noisy instantaneous frequency data and Figure 3e shows the distributions of the 
calibrated and network-extracted τ values. Appendix A Figure S5 shows corresponding images of 
the absolute difference, percent error, and standard deviation, confirming overall agreement 
between the calibrated τ values and the network extracted τ values. During the traditional 
calibration process, tFP is calculated from the instantaneous frequency via curve fitting, which can 
cause occasional fitting errors and result in more scattered noisy pixels. As such, slight deviations 
in tFP may lead to erroneous τ assignments that degrade the overall image quality. Because here 
we used the entire instantaneous frequency signal as input to the NN, our output image is less 
susceptible to these errors, resulting in higher signal-to-noise.  
By plotting the NN-extracted τ values against the calibrated τ values in Figure 3f, we observe 
where the network disagrees with the calibration, giving us an R2 score of 0.61. We hypothesize 
that this disagreement may be due to: (i) poorly calibrated τ values in Figure 3c due to the 
sensitivity of tFP calculation; and/or (ii) the network trained on simulated data to which we applied 
varying levels of Gaussian noise, and it is possible that the noise we observe experimentally is not 
well represented by Gaussian noise, and thus would lead to the network having an inaccurate 
representation of realistic frequency signals. Noise produced by the jitter in the trigger may not be 
accurately simulated in the training data, either.  
To further confirm the validity of the NN process, we collected data on the BAPI sample in the 
same region at various light intensities in a non-sequential order. The charging dynamics of the 
halide perovskite system are expected to be faster with increasing incident light intensity (shorter 
τ values and thus shorter tFP).2 Figure 3g shows how the neural network-extracted τ values follow 
the same trend as the tFP and calibrated τ values. The network-extracted τ values are in good 
agreement with the calibrated τ values and, as expected, when we increase the light intensity, the 
network correctly identifies faster photoinduced charging dynamics. Figures S6-S8 show the 
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topography, tFP, calibrated τ value, network-extracted τ value, and error metric images for these 
varied light intensities; Table S1 summarizes these data as well. Overall, Figure 3 demonstrates an 
excellent application of the robust NN to experimental data. 

 
Figure 4: Parity plot comparing the network extracted τ values vs. the target, known τ values 
collected via feeding voltage pulses according to Equation S2 into ITO and processing the 
cantilever response. The black line is 1-to-1 correlation or perfect agreement between the extracted 
and calibrated τ values; we observe deviation from perfect agreement as target τ values grow 
greater than the limit of the range of training τ values (500 µs) but overall good regression in the 
longer time regime. The R2 score for these data is 0.89. 
The data we collected on BAPI are well within the range of target values the NN trained on 
(ranging from 1 to 500 µs). To further evaluate the robustness of our approach, we test the model’s 
performance on experimental data beyond its training range by performing a cantilever calibration 
with 150 voltage pulses to ITO with τ values ranging from 100 to 1,000 µs. Figure 4 shows the 
NN’s performance on these data. Overall, the network-extracted τ values trend close with unity 
(the black line, 1-to-1 correlation), deviating more from perfect agreement as the target values 
surpassed 500 µs; the R2 score for these data is 0.89. Distributions of the absolute difference, 
percent error, and standard deviations for each of these predictions are provided in Appendix A 
Figure S9. Some disagreement in the longer time-regime is expected due to the network’s lack of 
information for this timescale during training, however Figure 4 shows promising results for the 
model’s ability to extrapolate and regress on such long-timescale data. Indeed, the network’s 
increased performance—higher R2 score—as compared to the results on BAPI may be explained 
by BAPI’s dynamics not being well represented by single exponential behavior because of the 
combination of trap-mediated motion, carrier motion, and potential ion motion in these 
materials.2,22 Future iterations on this neural network may include biexponential and stretch 
exponential classification capabilities to address this issue. The R2 value for the network-extracted 
τ values on BAPI is a comparison of the network’s performance and the traditional tFP-τ calibration 
method, whereas the R2 value for the network extracted τ values on ITO is a comparison of the 
network’s performance and known τ values that follow single exponential behavior. 
Fundamentally these R2 values are measuring agreement between two different “ground truths,” 
meaning while interesting that the voltage pulses to ITO are more correctly interpreted by the 
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network than the measured photocharging dynamics of BAPI, ultimately these metrics are not the 
same. 

 
Figure 5: (a) SHAP value distribution according to variations in k (N/m) at index 0 of prepared, 
simulated input test data and (b) SHAP value distribution according to variations in Q at index 1 
of prepared, simulated input test data, which together demonstrate the network’s cantilever 
independence, seeing as it identifies significant and varied contributions from the cantilever 
parameters on subsequent signal interpretation; and (c) heatmap of instantaneous frequency traces 
ranging from 1 to 500 µs colored by SHAP value, revealing that initial frequency shift and 
subsequent cantilever relaxation are identified as important to the network’s interpretation of the 
data on the whole. 
Finally, we attempted to understand how the NN functions as a tool and explain its 
performance.38,39,46,52,53 To this end, we used SHapley Additive exPlanations (SHAP) to explore 
how the network interprets individual features within the data.38 SHAP values were developed in 
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the context of cooperative game theory as a measure of the contributions of individual players 
(features) to the outcome of the game (predictions), and have emerged as useful quantifiers of the 
importance of various features to a particular machine-learning model that make them one of the 
most widely used methods for model interpretation today.38,39 A SHAP value given for a particular 
feature may be positive or negative, indicating which direction—above or below the mean model 
output—a feature “pushes” the NN prediction. SHAP values cannot attribute any causal 
relationships that underly the features and targets.38,39,52,53 Further detailed discussion of SHAP as 
it applies to explainable ML can be found in Note S3.38,39  
We use SHAP values to interpret the features contributing to the network-extracted τ values across 
the simulated test dataset. In the present case, our features include the spring constant k, the 
cantilever quality factor Q, and instantaneous frequency vs. time trace, ω(t). Because we know that 
k and Q affect the cantilever dynamics,54 we use SHAP values to determine how they impact the 
network output. Figures 5a and 5b show the distribution of SHAP values assigned to the input 
indices containing the cantilever spring constant, k (N/m), and the cantilever quality factor, Q, 
respectively. The SHAP value distribution across both input feature values is asymmetrical, 
indicating that the NN has learned the significance of the cantilever parameters on the subsequent 
signal interpretation. Both k and Q provide necessary context to the resulting frequency signal, 
confirming what we have understood and addressed via individual cantilever calibration in the 
past. The confirmation that the NN has learned the importance of these parameters bolsters 
confidence in its performance since it is a conclusion supported by the physics of the damped 
driven harmonic oscillator approximation of the cantilever and simulated evidence.2,15,16 
Finally, we use SHAP to investigate which time-dependent features in the instantaneous frequency 
signal affect the resulting τ. Figure 5c demonstrates the distribution of SHAP values for the indices 
that contain the instantaneous frequency signal. On the x-axis is the input index (translating to 
approximately 0.2 to 1.8 ms in the experiment). The y-axis is the normalized frequency signal for 
each index. This plot is a heatmap of the 3,000 simulated test instantaneous frequency traces of 
varied k and Q parameters, where each bin is colored by the average SHAP value, revealing how 
the network, on average, interprets the frequency signal at each index. Given a “sharp” or fast 
frequency shift, indicating a short τ, we should expect the model output to be less than the average 
model output (83.05 µs), thus such features should be assigned negative SHAP values. Indeed, we 
observe negative SHAP values concentrated along the steep drop immediately after the trigger 
event (approximately index 14, 0.4 ms). Conversely, given a slow frequency shift (corresponding 
to a long τ), we would expect a τ value larger than the average model output (83.05 µs), meaning 
those frequency signals should have positive SHAP values. We observe positive SHAP values 
concentrated along frequency signals initial shift from equilibrium at a shallower, slower curve. 
Importantly, these SHAP data confirm a key hypothesis from previous trEFM data: the 
instantaneous frequency response represents a convolution of the initial transient response due to 
the dynamics of interest and the natural cantilever relaxation (due to its inherent k and Q) to its 
drive frequency. We therefore expect the interesting dynamics to be contained in the time indices 
nearest the trigger—the SHAP data in Figure 5c indeed confirm this observation, with the largest 
SHAP value magnitudes occurring at approximately 0.4 to 0.6 ms (indices 14-18).  

2.5 Conclusion and Outlook 
We designed, trained, and applied a neural network to interpret data-rich time-dependent scanning 
probe microscopy data, specifically trEFM. We showed that the neural network performs well on 
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both simulated data and real data, and can even operate, with reduced performance, on data outside 
its training regime. By replacing tedious calibration of each individual cantilever, the neural 
network speeds up the experimental workflow. Furthermore, the neural network improves the 
quality of the extracted data because it makes use of the entire instantaneous frequency vs. time 
signal, making the network a more robust tool. Additionally, the neural network can extract the 
time constants from experimental data on 2-dimensional halide perovskites; indeed, due to its 
robustness the model improved the image quality overall and correctly identified the expected 
trend of faster charging dynamics from data collected with higher light intensities. Finally, we used 
SHAP values to probe the innerworkings of the trained network, confirming that the cantilever 
parameters, k (N/m) and Q, influence the interpretation of the frequency signal, providing valuable 
context for the cantilever-independent model.  
Ultimately, we anticipate that the neural network, which is available for download 
(https://github.com/mdbresh/NN_trEFM), accelerates more widespread use of trEFM and methods 
like it to study problems in areas ranging from photocarrier dynamics in halide perovskite for solar 
cells to charge fluctuations in quantum emitters. 
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Chapter 3: Multi-Output Convolutional Neural Network 
Adapted from: Breshears, M. D., Giridharagopal, R. & Ginger, D. S. Multi-Output Convolutional 
Neural Network for Improved Parameter Extraction in Time-Resolved Electrostatic Force 
Microscopy Data. In Prep. (2025). 

3.1 Overview 
Time-resolved scanning probe microscopy methods, like time-resolved electrostatic force 
microscopy (trEFM), enable imaging of dynamic processes ranging from ion motion in batteries 
to electronic dynamics in microstructured thin film semiconductors for solar cells. Reconstructing 
the underlying physical dynamics from these techniques can be challenging due to the interplay of 
cantilever physics with the actual transient kinetics of interest in the resulting signal. Previously, 
quantitative trEFM used empirical calibration of the cantilever or feed-forward neural networks 
trained on simulated data to extract the physical dynamics of interest. Both these approaches are 
limited by interpreting the underlying signal as a single exponential function, which serves as an 
approximation but does not adequately reflect many realistic systems. Here, we present a multi-
branched, multi-output convolutional neural network (CNN) that uses the trEFM signal in addition 
to the physical cantilever parameters as input. The trained CNN accurately extracts parameters 
describing both single-exponential and bi-exponential underlying functions, and more accurately 
reconstructs real experimental data in the presence of noise. This work demonstrates an application 
of physics-informed machine learning to complex signal processing tasks, enabling more efficient 
and accurate analysis of trEFM. 

3.2 Introduction 
Many systems, from new semiconductors for energy harvesting to new battery electrodes, exhibit 
electronic and ionic dynamics connected their nanoscale structure.1–8 Probing these dynamics on 
natural length scales of the materials in question allows researchers to understand how 
morphological or structural heterogeneity influence performance.4,6,9–13 Unlike optical 
microscopy, scanning probe microscopy (SPM) uses mechanical detection to map both 
morphological features and electronic properties of materials below the diffraction limit. These 
electronic properties include conductivity,14,15 surface photovoltage,3,5,6,16 and ion motion.3,5,11 
Time-resolved electrostatic force microscopy (trEFM) is a dynamic SPM technique that probes the 
evolution of the surface potential during photoexcitation in semiconductors, which is influenced 
by both electronic and ionic dynamics in mixed electronic/ionic conductors.3,11,17 The perturbation 
of the surface potential is often assumed to follow a single-exponential response to an excitation, 
which is a satisfactory first approximation in many situations.2,17–19 However, we also know that 
many systems are not well-characterized by a single time constant.4,20 As a result, extending trEFM 
signal processing to account for multi-exponential dynamics would greatly extend its utility. 

Machine learning (ML) tools have enabled efficient and accurate signal processing,21–23 
interpretation,18 and reconstruction across a wide range of applications.24–26 However, many 
traditional signal processing techniques rely on manual feature extraction15,27 or domain-specific 
algorithms22,28 that limit their ability to handle complex or noisy data. Recent advancements in 
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deep learning, specifically convolutional neural networks (CNNs), have demonstrated potential 
for generalizable signal processing that is robust to noise.22,24,28–30 Specifically, the application of 
CNNs to learn hierarchical patterns in complex signals poses an opportunity for efficient and 
accurate parameter estimation in time-series data,21,24,30 such as signals collected via dynamic SPM 
methods like trEFM. In the trEFM signal, the transient carrier dynamics we are interested in 
measuring are intrinsically coupled to the cantilever physics. Previously, we used a single-
exponential calibration procedure to extract cantilever-independent time constants to describe the 
dynamics of interest.2,17,31 To improve the fit on noisy data, we developed a feedforward neural 
network that took the relevant cantilever parameters and the frequency signal and output a time 
constant corresponding to a single-exponential perturbation to the surface potential.18 However, 
both of these methods relied on a single-exponential approximation of the underlying dynamics. 
Here, we present a multioutput convolutional neural network (CNN) trained on simulated and 
experimental data, and show this approach yields improved parameter extraction for both 
underlying single- and bi-exponential kinetics and improved robustness to noisy signals. 

3.3 Methods 
3.3.1 Perovskite sample preparation 

All preparation of perovskite samples was performed in a N2 glovebox. The 1.2 M 
Cs0.17FA0.83Pb(I0.85Br0.15)3 solution was prepared by mixing the correct molar ratio of PbI2 (TCI), 
PbBr2 (Alpha Aesar), FAI (Greatcell Solar), and CsI (Alpha Aesar) in a 4:1 solvent ratio of N,N-
Dimethylformamide (DMF) and Dimethyl sulfoxide (DMSO). 1.5 cm2 indium tin oxide (ITO) 
coated glass substrates were cleaned by sequential sonication in DI water containing ~2% Micro-
90 detergent, DI water, acetone, and isopropanol for 10 minutes each. The substrates were ozone-
cleaned for 23 minutes prior to spincoating. Me-4PACz (TCI) was dissolved in DMF at a 
concentration of 50 mg/mL and subsequently diluted to 1 mg/mL in isopropanol. Approximately 
60 μL of the 1 mg/mL Me-4PACz solution was deposited on the substrate and spincoated at 5000 
rpm for 30 s with an acceleration of 800 rpm/s. The film was annealed at 100°C for 10 minutes. 
Next, 100 μL of a solution with the ratio 1:150 Al2O3 nanoparticles (Sigma Aldrich) to isopropanol 
was spincoated at 6000 rpm for 30 s with an acceleration of 800 rpm/s to wash off excess Me-
4PACz and improve wettability. The substrates were annealed at 100°C for 30 s. Finally, 70 μL of 
the perovskite precursor solution were deposited on the substrate and spincoated at 1000 rpm for 
10 s with an acceleration of 200 rpm/s followed by spinning at 5000 rpm for 35 s with an 
acceleration of 800 rpm/s; 10 s before the completion of the final spincoating step, 300 μL of 
anisole was dynamically deposited on the sample. The sample was annealed at 100°C for 45 
minutes. 

3.3.2 trEFM protocol 

trEFM and the required experimental setup have been discussed in detail.17,31 We performed our 
measurements on an Asylum Research MFP3D-BIO mounted on a Nikon inverted optical 
microscope. We used Pt-coated cantilevers (mikroMasch HQ/NSC15/Pt) driven at resonance 
frequency (~300 kHz) for all measurements. We mounted the sample in an inert glovebox 
environment in a sealed cell, then imaged under active flowing nitrogen in this sealed cell. We 
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recorded the cantilever oscillation using a 16-bit A/D digitizer (Dynamic Signals/GaGe Razor 
Express CSE1622), typically at 5 MS/s, and synced to the cantilever oscillation phase (180°) using 
custom trigger electronics (detailed circuit information can be found in our previous reports; 
additional information available upon request).17,31 In an experimental window of 16 ms, we apply 
a bias of +10 V to the cantilever at t = 1 ms, we allow the sample to equilibrate for 4 ms. We 
digitize the cantilever oscillation starting at t = 4.6 ms through t = 8.6 ms, and trigger the laser 
excitation at t = 5 ms (turning off the laser at t = 7 ms). We used a 705 nm (Omicron PhoxXplus 
705-40) continuous wavelength laser at an incident intensity of ~150 mW/cm2 to excite our 
samples; we adjust the intensity using neutral density filters and the electrical power via software 
control. The laser was focused via a bottom objective on an inverted optical microscope and co-
aligned with the cantilever tip. We measured the illumination intensity using the combination of a 
calibrated photodiode and a Pixera CCD camera (150CL-CU). We demodulated the raw cantilever 
deflection data using a Hilbert Transform to obtain the instantaneous frequency (Δω(t)). This code 
is freely available online via the FFTA Python package (https://github.com/GingerLabUW/FFTA).  

3.3.3 Multi-output Neural Network Approach 

We provide the code and example data online on GitHub (xxLINKxx). For the network itself, we 
used the PyTorch framework (v. 2.3.1 with Cuda 11.8). Our simulated training dataset varies the 
cantilever parameters k, Q, and ω according to the distributions in Appendix B Fig. 1. We vary τ1 
between 1 and 10 μs, τ2 between 50 and 500 μs, and A (the coefficient) between 0 and 1 according 
to the distributions shown in Appendix B Fig. 2. During training, each label is normalized between 
0 and 1 to prevent overcorrection during training and back propagation (generally, normalizing the 
labels makes the error gradients more uniform, leading to smoother and more efficient learning).32–

34 For initial training on simulated data, we use 10,000 traces total: 7,000 for training, 1,500 for 
validation, and 1,500 for testing. Results of random seed testing are shown in Appendix B Fig. 15; 
mean average error of trained network and R2 scores comparing CNN-extracted and true 
parameters are consistent across multiple random seeds, supporting the generalizability of the 
approach. 

3.3.4 Voltage Pulse Experiment to Obtain Labeled trEFM Data 

To obtain labeled experimental data for fine tuning, we use a function generator (Agilent 33500B) 
to apply voltage pulses that follow a bi-exponential decay to a conductive substrate and capture 
the cantilever response. The voltage pulse method is time-consuming, where each frequency traces 
takes approximately 1-2 minutes to obtain. We use 500 voltage pulse traces (350 for training, 50 
for validation, and 100 for testing) for fine tuning.35–37 

3.4 Results and Discussion 
3.4.1 The Limitations of the Single-exponential Model 

Equation 1 shows the bi-exponential function, which approximates realistic underlying kinetics in 
various systems with more than a single underlying physical process, such as surface potential 
equilibration in mixed ionic/electronic conductors4 or semiconductors with two populations of 
traps.20,38–41  
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𝑦 = 𝐴𝑒!
!
"# + (1 − 𝐴)𝑒!

!
"$ Equation 1 

Here A is the coefficient that describes the relative contribution of each time constant, τ1 and τ2; A 
is constrained to be between 0 and 1. When A = 0 or 1, the underlying function follows a single-
exponential function. In practice, there will be an additional overall amplitude term to encode the 
strength of the perturbation; however, we ultimately normalize our signals between 0 and 1 to 
avoid convolving the amplitude with the time-dependent kinetics of interest. 

We have discussed the working principles and analytical workflow of trEFM in previous 
publications (additional details are also provided in Methods 2.2).4,17,31 Briefly, we drive an SPM 
cantilever at a known frequency; when we photoexcite a semiconducting sample, we generate 
electronic carriers and, depending on the material, induce ion motion.4,11 The evolution of these 
charged carrier profiles results in a transient equilibration of the surface potential of the material.4 
The change in the surface potential perturbs the electrostatic force gradient between the oscillating 
tip and sample, resulting in a perturbation to the oscillation frequency of the cantilever 
(Δω(t)).17,19,31 Because we are driving the cantilever at a fixed frequency, after the initial 
perturbation to the electrostatic force gradient the cantilever’s instantaneous frequency relaxes 
back to the drive frequency, meaning the transient response we are interested in probing is both 
coupled to and obfuscated by the cantilever physics.  

Fig. 1 shows the experimental response of a real cantilever to a bi-exponential perturbation 
generated with a programmed voltage pulse applied to a conductive substrate (see Methods 2.4). 
The Δω(t) trace shows an initial fast shift to a point of maximum deviation from the drive 
frequency (normalized to 0), and then a slow relaxation back to equilibrium drive frequency 
(normalized to 1). The magnitude of the frequency shift encodes information about the relative 
strength of the perturbation, but not the time-dependent kinetics we are interested in probing.31 
Additionally, the magnitude may be dependent on the state of the cantilever’s tip.19,31 We are 
interested in probing the time-dependent kinetics of the frequency shift, so here we normalize the 
signal. Previous work supports our hypothesis that the initial shift in Δω(t) corresponds to transient 
charge carrier dynamics of interest.4,18 The subsequent relaxation back to the drive frequency is 
primarily governed by the cantilever Q.17–19,31 For bi-exponential perturbations, we calculate the 
<τ> as a weighted average of the time constants using Equation 2. 

< 𝜏 >	= 𝐴 × 𝜏" + (1 − 𝐴) × 𝜏#  Equation 2 

The dotted line in Fig. 1 shows a simulated signal governed by a single-exponential perturbation 
with a time constant of 170.12 μs, which we extracted using our previous feedforward neural 
network;18 this τ markedly underestimates the true <τ> value of 277.85 μs. The simulated signal 
only approximately reconstructs our experimental data, with an R2 score of 0.67, where a score of 
1.0 would indicate perfect signal reconstruction. This degraded performance stands in contrast to 
the performance of the feedforward neural network on truly single-exponential data, extracting a 
τ value of 53.66 μs, compared to a true τ value of 58.81 μs, leading to a reconstruction R2 score of 
0.93.  



 31 

 
Figure 1:  Example trEFM frequency trace governed by an underlying bi-exponential perturbation to the electrostatic 
force gradient with a <τ> of 277.85 μs, collected via the voltage pulse method described in Methods 2.4. The trigger 
for the bi-exponential voltage pulse is at t=0 ms. The Dw(t) trace is normalized such that a value of 1 represents the 
equilibrium drive frequency and a value of 0 represents the maximum shift in Dw(t). The blue dashed line is a simulated 
signal governed by a single-exponential perturbation with a τ value of 170.12 μs, extracted via a feedforward neural 
network from previous work.18 

3.4.2 The Multi-Output Convolutional Neural Network Model 

To regress to parameters that describe a more complex underlying function that follow Equation 
1, we design a more complex neural network and train it on a broader set of simulated training 
data. We then test the trained network’s performance on experimental data. Fig. 2 shows a 
schematic of our CNN architecture; the input includes the Δω(t) trace and the relevant physical 
cantilever parameters, which are easily obtained during the trEFM experiment. We use a PyTorch 
framework with a custom error function (see Appendix B Note 1 and Methods 2.3) and implement 
early stopping to prevent overfitting to our simulated data. We initially split the cantilever 
parameters from the input array containing the Δω(t) trace and we feed the Δω(t) signal into three 
convolutional branches. The convolution operation applies a filter (a kernel) to the signal, which 
helps the network detect and learn patterns in the data such as edges or noise.28,42,43 We direct the 
network to pay attention to patterns of different timescales by changing the size of the kernel, 
where relatively smaller convolutional kernels learn faster patterns, like those in the initial shift in 
cantilever oscillation frequency, and relatively larger kernels learn patterns in the slower features, 
like the cantilever relaxation. In the fast and slow branches, we employ residual block layers to 
improve deep learning efficiency and gradient optimization for small variations in input data.28,34,37 
The weight branch is strictly a convolutional neural network, which we found best approximated 
the relative contributions from fast and slow processes. 
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When we train the network, each branch learns a latent representation of the Δω(t) trace. We 
concatenate the latent representations with the cantilever parameters and input those data into a 
shared features dense layer. In this step, we expect the network learns how the parameters 
contextualize the latent fast, slow, and weight patterns in the data. We direct the output of this 
dense layer into three branches that comprise two dense layers each. These simple feedforward 
branches regress on the contextualized latent representation of the signal and output each 
parameter: τ1, τ2, and A.  

 
Figure 2: Schematic describing the multi-output convolutional neural network architecture, where the change in 
frequency (Δω(t)) is fed into three branches that learn the time-dependent features of the signal; the cantilever 
parameters (k, Q, and ω) are then concatenated with these latent representations of the Δω(t) signal. From the 
contextualized latent representations, three fully connected branches extract the relevant parameters given in Equation 
1. Note that additional dropout regularization and batch normalization layers are not shown here; refer to 
[xxLINKtoGitHubxx] for the full network architecture. 

Our initial training dataset for our new network comprises simulated Δω(t) traces and 
corresponding cantilever parameters. Appendix B Fig. 1 shows the distributions of k, Q, and ω we 
use to simulate our training data. In our simulated training dataset, we vary τ1 between 1 and 10 
μs, τ2 between 50 and 500 μs, and A between 0.0 and 1.0 (Appendix B Fig. 2 shows distributions 
of these parameters used in our simulation). By constraining τ1 to relatively faster times and τ2 to 
slower times, the coefficient, A, represents the relative contributions of a “fast” and a “slow” 
component in the signal. From our previous work, we expect that the initial shift in frequency to 
its maximum deviation from the drive frequency contains the most information regarding the time 
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constants, and that the following frequency relaxation is primarily governed by cantilever physics 
(specifically Q).4,17–19,31 Appendix B Fig. 3 shows how the initial transient response of the 
cantilever oscillation frequency is impacted by τ1, τ2, and A. After training the network, we 
evaluate its performance on simulated data; Appendix B Fig. 4 shows the network’s performance 
on simulated test data. We aim for the network to handle experimental noise sources, such as 
thermal noise, limitations from the photodiode, or jitter in the trigger.44,45 

3.4.3 Testing the Performance of the Trained CNN on Experimental Data 

To ensure the network learns to interpret realistically noisy data, we apply voltage pulses that 
follow single- or bi-exponential decays to a with known time constant parameters to a conductive 
substrate, providing us with a dataset of labeled experimentally obtained signals that captures real 
experimental noise sources. We obtain the cantilever parameters k (N/m), Q (unitless) and ω (kHz) 
during the experiment to include in our new dataset. We do not use solely the voltage pulse data 
to train our network, as collecting sufficient labeled data on multiple cantilevers would take too 
long; rather, we fine tune our CNN model that was already trained on simulated data with a smaller 
dataset of voltage pulse traces.36 We discuss the voltage pulse method experimental details in 
Methods 2.4. Appendix B Fig. 5 shows the parity plots of the test voltage pulse data, confirming 
that fine tuning enabled accurate parameter extraction on experimental data. The mean average 
error for τ1 was 1.01 μs, for τ2 was 35.87 μs, and for A was 0.04 (a mean percent error of 17.6%, 
11.7%, and 8.3% respectively); and the R2 score for each parameter’s parity plot was 0.74, 0.79, 
and 0.97 respectively. Appendix B Note 2 discusses the variations in error metrics for the three 
parameters in detail. 

We believe this level of accuracy should be sufficient for many if not most imaging applications; 
the trained model separates the two time constants and their relative contribution to the underlying 
kinetics of interest. Because we cannot assign precise physical processes to each parameter, we 
use <τ> to summarize our network’s overall performance. Fig. 3a shows a parity plot of <τ> 
extracted from voltage pulse data. The mean average error is 17.1 μs (~11.5% error), with an R2 
value (comparing CNN-extracted <τ> values to true <τ> values) of 0.97. Because trEFM is an 
imaging technique, we construct an artificial image using the labeled experimental test voltage 
pulse signals, where each pixel contains the Δω(t) trace from our voltage pulse dataset governed 
by a single- or bi-exponential underlying function. Appendix B Fig. 6 shows the map of τ1, τ2, and 
A for this artificial image and the CNN-extracted parameter maps. Fig. 3b shows the <τ> map 
according to Equation 2. Fig. 3c shows the CNN-extracted <τ> for our artificial image.  

We demonstrate that the trained multi-output CNN accurately extracts the parameters that describe 
a single- or bi-exponential underlying function; we expect that these parameters also enable us to 
more accurately reconstruct the Δω(t) signal. Given the CNN-extracted parameters, we simulate 
Δω(t) traces and calculate the R2 value to compare the reconstructed signal with the experimental 
input. Appendix B Fig. 7 shows the map of R2 values for our artificial image, with an average R2 
of 0.97, confirming excellent signal reconstruction with the multi-output CNN. This performance 
is a significant improvement over the single-exponential feedforward network18 which produces 
an average reconstruction R2 score of only 0.79 (see Appendix B Fig. 7).  
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Convolutional neural networks are a well-established method for extracting information (or fitting 
parameters) from noisy data.24,28,33,46 We hypothesize that by using a multi-output CNN (that 
assumes bi-exponential underlying kinetics) we can not only extract parameters closer to the 
ground truth but also extract accurate parameters from noisy data. Appendix B Fig. 8 shows the 
single-exponential feedforward network time constant and multi-output CNN <τ> values plotted 
against the signal-to-noise ratio (SNR) and the signal reconstruction R2 score for each approach. 
From this analysis, we see that the multi-output CNN reconstructs the data with an R2 score of 0.83 
at an SNR as low as 5.85, whereas the single-exponential neural network results in a reconstruction 
R2 score of 0.43. The multi-output CNN reconstruction R2 score surpasses 0.9 when the SNR 
surpasses ~7, while the single-exponential neural network reconstruction R2 score approaches 0.8 
at an SNR of 15 (and never surpasses 0.81 even at higher SNR values). These results confirm that 
the multi-output CNN is more robust to noise than our previous feedforward network approach 
down to SNRs of ~7, indicating that the parameters extracted via the multi-output CNN more 
accurately represent the real dynamics of interest in the signal. Appendix B Note 3 discusses the 
resilience of the CNN to Gaussian noise further. 
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Figure 3: (a) Parity plot showing fine-tuned network performance on labeled experimental data; CNN-extracted <tau> 
values plotted against ground truth <tau> values calculated from Equation 2. (b) Artificially constructed ground truth 
image of <τ> values comprising labeled experimental data at each pixel. (c) CNN-extracted <τ> values recovered 
from the underlying experimental data at each pixel in the artificial image. Appendix B Fig. 6 show individual 
parameter maps for ground truth and CNN-extracted τ1, τ2, and A; overall signal reconstruction R2 value is 0.97 (where 
1.0 would indicate perfect signal reconstruction).  

3.4.4 Model Explainability 

Given the success of our network in reconstructing the <τ> from labeled training data, we now 
turn to examining the patterns the model learned. Model explainability is critical to trust and 
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transparency, bias detection, and user understanding of ML methods.33,42,43,47 We previously used 
Shapley Additive exPlanations (SHAP)47 to explore the impact of different features on our 
feedforward network’s output, enabling us to confirm that the single-exponential network 
accurately interpreted the relevant cantilever parameters and learned intuitive patterns in the 
frequency signals.18 Here, we apply SHAP to explore our more complex model and the impact of 
cantilever parameters and different parts of the frequency signal on each parameter output. 

SHAP analysis reveals how every input into the network (e.g. Q for a particular cantilever or the 
Δω(t) value at a given index) indicates the model output should be greater than or less than (or 
equal to) the mean model output.18,47 An input that the model learned corresponds to an output that 
is greater than the mean model output has a positive SHAP value,47 and a negative SHAP value 
corresponds to an output less than the mean model output. If an input at a given index has no effect 
on the resulting model prediction relative to its mean output, the SHAP value will be 0. 

We explore the distributions of SHAP values across the varied cantilever parameters in our 
simulated test dataset to confirm that the trained CNN has learned the appropriate cantilever 
physics. Appendix B Fig. 9 shows the distributions of SHAP values across k, Q, and ω from this 
representative dataset. Importantly, Appendix B Fig. 9e shows that the model learned that signals 
collected with cantilevers that have high Q values typically represent faster underlying dynamics, 
which not only physically intuitive17,19 but also reproduces the results from our previous work.18  

Fig. 4 shows three example Δω(t) traces colored by the SHAP value for the model output 
corresponding to the coefficient A. We see that the largest impact on the predicted coefficient, A, 
(the highest density of positive and negative SHAP values) lies along the initial frequency shift. 
The trace where A=0.1 has the slowest <τ> (per Equation 2) and exhibits the highest density of 
negative SHAP values along its transient frequency shift, indicating the model learned that a slow 
frequency shift results in a lower contribution of fast τ1. In contrast, the trace where A=0.9 has the 
fastest <τ> (the largest contribution of fast τ1) and exhibits a high density of positive SHAP values 
along its initial frequency shift, indicating the model learned that a fast frequency shift results in a 
higher contribution of fast τ1. Appendix B Figs. 10-11 show example traces for the SHAP analysis 
on τ1 and τ2. These results confirm that the initial transient response has the most impact on the 
model output, and that the slow cantilever relaxation has little to no effect on the model’s output 
compared to the mean.  
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Figure 4: (a) Example Δω(t) traces with varied coefficient A values according to Equation 1, colored by SHAP values 
at each index, indicating the directional impact on the trained CNN each index has on the extracted coefficient A. 
Here, at t=0 ms the photoexcitation event is triggered. (b) Zoomed in on region immediately following trigger, showing 
varied densities of positive and negative SHAP values along initial transient frequency shift. 

3.4.5 Signal Reconstruction on Unlabeled Experimental Data 

Having demonstrated our multi-output CNN’s ability to accurately reconstruct our data and 
withstand significant noise in the data and having explored feature importance with SHAP, we now 
apply the model to real, unlabeled experimental data. We performed trEFM on a mixed-cation, 
mixed-halide perovskite thin film device of the architecture and composition: ITO/Me-
4PACz/Cs0.17FA0.83Pb(I0.85Br0.15)3. This composition is a useful, modern photovoltaic material for 
testing our approach on a real system of interest.48 See Methods section for a detailed description 
of sample preparation and trEFM protocol. 

After normalizing the Δω(t) trace at each pixel, we give the datacube to the trained CNN. Fig. 5a 
shows the 2´1 μm region of interest topography map. The sample exhibits 100-200 nm scale 
morphological features, commonly (if simplistically) referred to as “grains.”7,9,12 Given that these 
features cannot be resolved with optical microscopy, the fact that trEFM is a high-spatial resolution 
SPM technique makes it the ideal measurement tool for probing photoinduced dynamics.4 Fig. 5b 
shows the <τ> map (according to Equation 2) we extracted with the multi-output CNN.  We see 
that the grain boundaries exhibit slower surface potential equilibration dynamics than grain 
interiors, a phenomenon we have previously observed in these materials.4,11 Appendix B Fig. 12 
shows the maps of τ1, τ2, and A, as extracted by the trained CNN. Given these parameters, we 
simulated Δω(t) traces for each pixel to evaluate how well the bi-exponential parameters 
reconstructed the experimental data. Appendix B Fig. 13 shows the map of R2 values comparing 
the experimental and simulated data, showing an average R2 score of 0.89. For comparison, we 
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feed the same data into our single-exponential feedforward neural network; Appendix B Fig. 14 
shows the resulting τ map and the signal reconstruction R2 map, with an average R2 value of 0.71. 
These results indicate that the multi-output CNN extracts parameters that better reconstruct real 
experimental data, meaning the <τ> values we obtain with the CNN more accurately represent the 
charge carrier dynamics of interest. 

 
Figure 5: (a) Topography of 2×1 μm region of perovskite partial device (ITO/Me-4PACz/FA0.83Cs0.17Pb(I0.85Br0.15)3), 
which exhibits 100-200 nm scale morphological features. (b) CNN-extracted <τ> values at each pixel. trEFM data 
were collected with a 705 nm laser at 150 mW/cm2 incident intensity. Appendix B Fig. 13 shows map of R2 values 
comparing experimental data with simulated reconstructed signals, with an average R2 value of 0.89. 

3.5 Conclusion 
We present a multi-branched, multi-output CNN trained on simulated data and fine tuned on 
labeled experimental data that efficiently and accurately extracts parameters that describe the 
underlying physical dynamics measured by trEFM. We demonstrate that the trained model extracts 
parameters which accurately reconstruct labeled and unlabeled experimental data. SHAP analysis 
reveals the importance of the initial shift in frequency on the extracted dynamics and confirms that 
the model correctly interpreted the role of cantilever physics on the resulting Δω(t) response. This 
work represents an application of physics-informed ML that offers a more robust and accurate 
analysis of dynamics in SPM signals, specifically of trEFM data, enabling more accurate signal 
reconstruction for interpreting the underlying kinetics of surface potential equilibration. The 
approach is highly generalizable to other underlying functions and techniques. 
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Chapter 4: Sub-Diffraction Imaging of Carrier Dynamics  
in Halide Perovskite Semiconductors: Effects of 
Passivation, Morphology, and Ion Motion 
Adapted from: Breshears, M. D., Pothoof, J., Giridharagopal, R. & Ginger, D. S. Sub-diffraction 
Imaging of Carrier Dynamics in Halide Perovskite Semiconductors: Effects of Passivation, 
Morphology, and Ion Motion. ArXiv (2024). 

4.1 Overview 
We spatially resolve photocarrier dynamics in halide perovskites using time-resolved electrostatic 
force microscopy (trEFM) to map surface potential equilibration during photoexcitation. We 
compare several passivation agents including (3-aminopropyl)trimethoxysilane (APTMS), [3-(2-
aminoethylamino)propyl]trimethoxysilane (AEAPTMS), and phenethylammonium iodide 
(PEAI). We obtain trEFM maps that reflect surface recombination velocity and carrier lifetimes 
and validate them with time-resolved photoluminescence imaging at large scales, while revealing 
high-resolution functional information that cannot be resolved with diffraction-limited imaging. 
We further validate the interpretation of sub-diffraction trEFM through wavelength- and intensity-
dependent measurements, and with drift-diffusion simulations. The results reveal heterogeneity in 
surface potential equilibration times that correlates with perovskite film morphology and nanoscale 
variations in recombination dynamics following surface passivation. These data provide insight 
into the passivation of defects and grain boundaries and reveal there is still potential to further 
improve surface passivation through process control, while extending the utility of trEFM into the 
realm of high-efficiency semiconductors. 

4.2 Introduction 
Halide perovskite semiconductors have numerous applications including solar cells,1,2 light-
emitting diodes,2,3 radiation detectors,4 and even sources of quantum light.5 Their advantages 
include scalable additive manufacturing, large absorption coefficients, bandgap tunability,6 and 
high defect tolerance.2 While perovskites are defect tolerant, they are not defect free.2,7–11 
Passivation strategies to reduce surface recombination velocity (SRV) by a factor of ~100 have 
improved perovskite device efficiencies over the last several years.7,12–17 At the same time, ion 
motion, linked to phase segregation and electrochemical reactions, can be a limiting factor in 
perovskite semiconductor performance and stability.18–26 Probing these effects at the device level 
is useful, but inherently reflects average values given the heterogenous nature of halide perovskite 
thin films,8,9,27–29 and understanding how local film microstructure correlates with both electronic 
and ionic defects could advance materials processing.8,9,28,30–33 

Indeed, microscopy tools that elucidate the relationship between local structure and nonradiative 
recombination have already proven useful for analyzing and improving semiconductor 
performance.8,20,28,30,31,34–37 Time-resolved photoluminescence (trPL) probes electronic carrier 
recombination processes in perovskite materials;38,39 and with confocal microscopy, we can obtain 
spatially resolved trPL maps at the optical diffraction limit. However, current best-in-class 
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perovskites comprise mixed-cation, mixed-halide compositions with grains that are often ~100 nm 
or smaller,40–42 which is far below the optical diffraction limit with visible light. Other techniques, 
such as cathodoluminescence microscopy, can map carrier recombination dynamics on the 
nanoscale using an electron beam but often damage the sample in the process.34,43 The ideal 
microscopy tool for advancing cutting edge perovskites would thus allow for measurement of 
carrier recombination dynamics at nanometer scale resolution without damaging the sample.  

Time-resolved electrostatic force microscopy (trEFM), a scanning probe microscopy technique 
among the family of methods capable of providing fast electronic dynamics,44–49 uses a mechanical 
cantilever to sense dynamic changes in the local electrostatic force gradient between the tip and 
the sample during photoexcitation.31,32,50–52 To date, we have used trEFM to measure systems with 
large exciton binding energies such as organic photovoltaics and layered Ruddlesden-Popper 
perovskites.31,32,45,51–56 In mixed-cation, mixed-halide perovskite systems where photoexcitation 
leads to free carriers, we expect the time-dependent changes measured should readily probe local 
recombination rates rather than be quantum efficiency-limited. 

Here, we compare high-resolution trEFM images with spatially averaged trPL and drift-diffusion 
simulations. We show that trEFM measures the time it takes for surface potential to equilibrate as 
controlled by the evolution of electronic and ionic carrier concentrations during photoexcitation, 
and we probe the effects of chemical passivation on electronic carrier recombination and of local 
defect-mediated ion migration. 

We demonstrate that treatments with different surface passivators, including (3-
aminopropyl)trimethoxysilane (APTMS),14–16 [3-(2-aminoethylamino)propyl]trimethoxysilane 
(AEAPTMS),14 and phenethylammonium iodide (PEAI),57,58 result in slower surface potential 
equilibration times due to reduced surface recombination velocities. We find that the local carrier 
dynamics vary with the perovskite morphology, where grain boundaries exhibit slower 
photoinduced dynamics than grain interiors. Through a combination of wavelength- and intensity-
dependent experiments and drift-diffusion simulations, we show the competing influence of 
electronic carrier recombination and mobile ions on the surface potential equilibration time. We 
attribute the slower surface potential equilibration times following chemical passivation to the 
suppression of SRV; we ascribe the slower surface potential equilibration time observed at grain 
boundaries to locally higher defect densities that mediate slow ion migration and incur increased 
trap-mediated electronic carrier motion. Importantly, we show that surface potential equilibration 
times measured by trEFM correlate directly with minority carrier lifetimes and SRVs as measured 
by trPL. Our results connect the properties measured by trEFM with established optical 
characterization techniques and verify that trEFM can be a predictive tool for evaluating carrier 
recombination dynamics in modern halide perovskites with sub-diffraction-limited resolution, 
while also demonstrating that even common, effective surface passivation schemes can still exhibit 
local heterogeneity. 

4.3 Results and Discussion 
Fig. 1a shows a schematic of the trEFM experiment we use to probe carrier dynamics below the 
diffraction limit.51,52 Here, we photoexcite the sample through the ITO substrate using a laser with 
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a rise time of ~2 ns and record the evolution of the mechanical cantilever dynamics to capture the 
transient electronic response of the sample. Fig. 1b shows the timing diagram of the excitation. 
Following photoexcitation, the carrier populations generated by the illumination will evolve to a 
new equilibrium. The time-dependence of these processes leads to a time-dependent change in the 
surface potential, surface capacitance, and dissipative properties of the sample,44,45,51,52 and these 
shifts lead to transient deviations of the cantilever motion from the steady-state sinusoidal motion 
of a damped, driven harmonic oscillator.59 These transient deviations encode information about 
short time dynamics of the local electronic environment’s approach to a new equilibrium, which 
can be reconstructed via empirical calibration,51 or even simulation and machine learning 
approaches.56,60 Fig. 1c shows a representative cantilever frequency shift over time in response to 
photoexcitation. We obtain this frequency shift by demodulating the cantilever’s oscillation (see 
Methods and Appendix C Note 1). The rapid shift in the cantilever’s frequency following 
photoexcitation captures the transient dynamics of interest; following that, the cantilever relaxes 
to its resonance frequency on timescales governed by the cantilever quality factor, Q. We fit the 
frequency vs. time trace to a product of two exponentials (black dashed line in Fig. 1c), which 
enables us to find the time it takes for the cantilever to reach its maximum frequency deviation. 
We calibrate this time against the simulated response to excitation events with a defined time 
constant to extract a cantilever-independent time constant, τ (see Methods, Appendix C Note 1, 
and Appendix C Fig. 1).51,52 Next, we show that this time constant reflects the surface potential 
equilibration time in halide perovskites. 

The surface potential equilibration time is controlled by the sample’s electronic carrier 
recombination dynamics and illumination conditions. First, we show there is a qualitative 
correlation between trEFM and confocal PL microscopy over large length scales on a partial 
perovskite device stack (or “half-stack)” with the architecture ITO/Me-
4PACz/Cs0.17FA0.83Pb(I0.75Br0.25)3. This perovskite formulation is known to exhibit PL 
heterogeneity on the multi-micron-scale.61 Fig. 1d shows a map of surface potential equilibration 
times in a 17.6×10 µm region-of-interest (ROI) as measured by trEFM, with empirical time 
constants on the microsecond-scale. Appendix C Fig. 2a shows the topography of this ROI. After 
imaging the sample with trEFM, we perform correlated confocal PL microscopy (see Methods). 
Fig. 1e shows the PL intensity map of the ROI. Fig. 1f shows correlated line traces (marked by the 
dashed lines in Fig. 1d,e), where slower surface potential equilibration times measured by trEFM 
correspond to brighter PL. Annotations on Fig. 1f show average minority carrier lifetime values 
collected at the corresponding positions shown in Fig. 1e, confirming that slower surface potential 
equilibration times measured by trEFM not only correlate to brighter PL, but also, qualitatively 
longer minority carrier lifetimes. Appendix C Fig. 2b shows a positive correlation between local 
surface potential equilibration times measured by trEFM and carrier dynamics measured by trPL 
in this image, with a Pearson correlation coefficient of 0.88 (with a p-value of 0.018). 



 47 

 
Fig. 1: trEFM measures photoinduced dynamics that correlate to PL metrics of interest. (a) trEFM schematic, 
where ADC refers to an analog-to-digital converter. (b) Excitation protocol for typical trEFM experiment. (c) Change 
in instantaneous frequency of cantilever after excitation, where the black dashed line shows an empirical fit of the 
product of two exponentials which describe the transient perturbation of interest and the cantilever relaxation (see 
Appendix C Note 1). (d) trEFM map of photoinduced dynamics across a 17.6×10 μm ROI on a sample with the 
formulation Cs0.17FA0.83Pb(I0.75Br0.25)3 collected using 705 nm excitation at an incident intensity of 100 mW/cm2; 
Appendix C Fig. 2a shows the topography of this ROI. (e) Correlated PL map of the same ROI, taken using 60× 
objective, NA=0.7, using a 640 nm laser at a fluence of 105 nJ/cm2. (f) Correlated line traces from the dotted lines 
shown in (d) and (e), where the trEFM line trace was smoothed to reduce pixel-to-pixel noise. Markers on (f) indicate 
positions shown in (e) where time-correlated single photon counting histograms were collected and fit with a stretched 
exponential (see Appendix C Note 2) to extract carrier lifetimes shown in legend (see Appendix C Fig. 2b for additional 
PL lifetimes collected in this ROI and corresponding correlated surface potential equilibration times). 

To further examine this correlation between trEFM equilibration times and electronic carrier 
dynamics, we investigate the effects of three established surface passivation agents: APTMS,14–16 
AEAPTMS,14 and PEAI.57,58 We prepared half-stacks with the architecture glass/ITO/Me-
4PACz/Cs0.22FA0.78Pb(I0.85Br0.15)3. Appendix C Figs. 3-4 show UV-vis absorbance, XRD, PL, and 
trPL characterization for the half-stacks. The samples each exhibit Gaussian-shaped PL spectra 
with a PL maximum at 755 nm, consistent with literature reports for this composition.62 We fit the 
trPL decays using stretched exponential functions38 and summarize the fit parameters in Appendix 
C Table 1. From the half-stack PL data, we extract an 18×, 2×, and 2× improvement in the carrier 
lifetime for APTMS, AEAPTMS, and PEAI treatments respectively. Appendix C Fig. 5 show the 
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average PL quantum yields for each half-stack, which show a 13×, 4×, and 2× improvement for 
APTMS, AEAPTMS, and PEAI respectively. We attribute these enhancements to a reduction in 
nonradiative recombination pathways.7,14–17,63  

Fig. 2a shows the surface potential equilibration times we measured with trEFM on untreated and 
passivated samples plotted against the PL lifetime measured by trPL for those samples. Appendix 
C Fig. 6 show the trEFM maps for these samples and Appendix C Fig. 4 and Appendix C Table 1 
summarize the trPL measurements. We see that the extracted surface potential equilibration time 
scales proportionally to the carrier lifetime as measured on perovskite half-stacks before and after 
passivation. These trends are consistent with our interpretation of trEFM probing the time it takes 
for the surface potential to equilibrate during photoexcitation, largely influenced by the time it 
takes for carriers to reach new equilibrium profiles. As we reduce nonradiative recombination 
pathways via passivation, we observe slower surface potential equilibration times that correspond 
to enhanced minority carrier lifetimes, consistent with general carrier generation and 
recombination kinetics.64 However, consistently, the dynamics measured via trEFM are an order 
of magnitude larger than the average carrier lifetime measured via trPL, indicating that we are not 
measuring the trPL lifetime with trEFM. This difference is due to the nature of each experiment: 
trPL probes carrier population decay after pulsed excitation, while trEFM probes the evolution of 
the carrier population to a new equilibrium distribution in response to a step-function in 
photoexcitation. 

In Fig. 2b, we compare the trEFM time constant with the SRV computed from the trPL data 
following Wang et al.13 (see Appendix C Note 3 for additional information on this calculation). We 
find a strong inverse linear relationship between the dynamics measured by trEFM and the log of 
the SRV with a Pearson correlation coefficient of -0.91 (with a p-value of 0.013), where a value of 
-1.0 would indicate a perfect inverse correlation. These results show that the surface potential 
equilibration time measured by trEFM is predictive of the local SRV, meaning we can use trEFM 
to characterize treatments for the suppression of nonradiative recombination at perovskite surfaces. 

The direct correlation we show between trEFM equilibration times and SRV underpins the 
opportunity to image carrier dynamics below the optical diffraction limit. Figs. 2c,d show the 
topography and surface potential equilibration times measured across a 2×1 μm region of an 
unpassivated perovskite half-stack. We measure surface potential equilibration times that range 
from 3.7 – 5.6 µs, with grain boundaries exhibiting slower dynamics than grain interiors. Figs. 2e,f 
show the topography and surface potential equilibration time images for an APTMS-treated 
sample; APTMS polymerizes on the surface of the sample, changing the observed 
topography.15,18,19 As expected from the above analysis, the equilibration times measured by trEFM 
are indeed significantly (~6×) slower after passivation. Furthermore, we can no longer differentiate 
grain interiors from grain boundaries. However, we still observe heterogeneous equilibration times 
across the ROI, indicating that passivated samples still exhibit local heterogeneity in SRV. We 
show in Appendix C Fig. 7 and Appendix C Table 2 that these results are consistent across different 
regions and samples.  
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Fig. 2: Photoinduced dynamics measured by trEFM correlate to PL lifetime and (inversely) to SRV, revealing 
nanoscale heterogeneity on unpassivated and passivated samples. (a) Average trEFM τ values plotted against 
minority carrier lifetimes measured by trPL and (b) approximated SRV (see Appendix C Note 3 for SRV calculation). 
All trPL measurements were carried out using a pulsed 640 nm laser operated at ~30 nJ/cm2 – enough to generate 
2×1015 cm-3 carriers (1-2 Suns). (c) Topography of untreated half-stack and (d) corresponding trEFM τ map. (e) 
Topography of sample after APTMS-passivation with (f) trEFM τ map. All trEFM experiments here used a 405 nm 
laser with an incident intensity of ~150 mW/cm2 (1.5 Suns) operated in a quasi-steady state regime.  

The data so far support our hypothesis that trEFM dynamics probe carrier equilibration during 
photoexcitation, as dominated by SRV. To further examine this hypothesis, we use the open source 
1D drift-diffusion simulator IonMonger, which enables us to explore the effects of various physical 
parameters, such as mobile ion concentration, excitation wavelength and intensity, and carrier 
recombination rates, on surface potential dynamics.65–67 To reproduce our experimental setup, we 
model a device stack with an inverted, p-i-n architecture and we extract the potential evolution at 
the active layer surface. We find that the simulated surface potential equilibrates on the 
microsecond timescale, dependent on both the electronic carrier concentration and mobile ion 
concentration evolution, consistent with our experimental observations. Appendix C Note 4 
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describes the relationship between electronic and ionic carrier populations and the surface potential 
evolution further.  

Fig. 3a shows the simulated surface potential evolution as a function of SRV ranging from 0.1 to 
1000 cm/s, spanning the range of expected experimental values for untreated and treated 
films,12,13,16,38 and Fig. 3b shows the simulated surface potential equilibration time plotted against 
SRV.  As we decrease SRV, the simulated surface potential takes longer to reach the new steady-
state, in agreement with the experimental trends from trEFM (Fig. 2b). This result is consistent 
with general behavior of rate equations and approach to equilibrium, where carrier generation rate 
is equal to recombination rate: if we decrease the recombination rate by suppressing SRV, then we 
will reach equilibrium more slowly (see Appendix C Note 4). While we are not attempting to 
simulate the full 3D system quantitatively, the excellent qualitative agreement between the 
experimental and simulated timescales further supports our physical interpretation that changes in 
surface potential equilibration times upon passivation (Fig. 2a,b) are primarily due to suppression 
of SRV. Appendix C Figs. 8-9 show the relationship between simulated surface potential 
equilibration time and bulk nonradiative and bimolecular recombination processes. Appendix C 
Table 3 contains complete simulation parameter details.  

We next turn to interpreting the slower trEFM kinetics at the grain boundaries observed in our 
unpassivated samples. So far, we have established that known reductions in nonradiative 
recombination result in slower surface potential equilibration times, clearly showing that trEFM 
dynamics correlate with minority carrier lifetimes and SRVs. However, Fig. 2d shows that defect-
rich grain boundaries in unpassivated samples also exhibit relatively slower equilibration times. In 
our previous work on 2D butylammonium lead iodide (BA2PbI4) perovskite materials, we also 
observed slower trEFM dynamics at grain boundaries, which we proposed are caused by increased 
contributions from slow ionic motion or trap-mediated electronic carrier transport.32 

We now support this hypothesis with additional simulations of ion motion. Fig. 3c shows the 
simulated surface potential evolution as a function of the mobile ion concentration ranging from 
1×1014 cm-3 to 1×1017 cm-3, fixing the ion diffusion coefficient at 1×10-13 cm2s-1 (parameter details 
are available in Appendix C Table 3).68–74 Fig. 3d shows the simulated equilibration times as a 
function of mobile ion concentration, where higher mobile ion concentrations result in relatively 
slower surface potential equilibration times. This observation is supported by Poisson’s Equation: 
as we increase the mobile ion concentration, the contribution of slow ion motion to the surface 
potential dynamics increases, thus lengthening the equilibration times (see Appendix C Note 4 for 
further discussion).67 These results suggest that slower surface potential equilibration times 
measured at grain boundaries indeed result from higher local mobile ion concentrations. 
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Fig. 3: Drift-diffusion simulations reveal influence of SRV and mobile ions on surface potential evolution. (a) 
Simulated surface potential evolutions plotted against time with varied SRV. (b) The average time constants describing 
the simulated surface potential equilibration times with respect to SRV, showing slower equilibration behavior at lower 
SRVs. (c) Simulated surface potential evolutions with varied mobile ion concentrations (N0, cm-3). (d) Average time 
constant that describes the equilibration of the simulated surface potential traces with respect to mobile ion 
concentration, showing slower equilibration behavior at higher mobile ion concentrations. For complete simulation 
parameter details see Appendix C Table 3. 

To better understand the slower dynamics at grain boundaries, we explore the effect of different 
background illuminations intensities on the trEFM dynamics. Background illumination creates a 
population of mobile electronic carriers which can screen charged defects, such as halide vacancies 
or charge traps, masking their influence on observed dynamics. We thus expect background 
illumination bias should have two net effects: (1) the surface potential equilibration times should 
become faster due to overall higher electronic carrier concentrations reducing the marginal 
contribution from slower ionic processes, and (2) the observed contrast between grain boundaries 
and grain interiors should homogenize due to screening of both mobile ions and charge traps.  

Figure 4 presents data consistent with both these expectations. We apply a continuous illumination 
bias to the ROI using an LED with a peak wavelength of 660 nm. While under this constant 
illumination bias, we use the 405 nm laser at 110 mW/cm2 incident intensity to photoexcite the 
sample for trEFM imaging. We vary the illumination bias intensity from 0 mW/cm2 to 100 
mW/cm2. Fig. 4a shows the representative topography of the ROI, with the characteristic nanoscale 
grains. Fig. 4b-e show the surface potential equilibration time maps measured by trEFM according 
to increasing illumination bias intensity (where Fig. 4f returns to 0 mW/cm2). Consistent with our 
hypothesis, Fig. 4 shows that with increasing background illumination intensity, the average 
equilibration time becomes faster, consistent with our hypothesis above. Fig. 4g shows the surface 
potential equilibration times for grain boundaries and interiors plotted against illumination bias 
intensity. We see that with increasing illumination bias, the difference between grain boundaries 
and interiors decreases, again consistent with our hypothesis (see Appendix C Figs. 10-14 for 
detailed analysis and replicated results with 660 nm and 455 nm illumination biases). Overall, 
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these results are consistent with our earlier observations and drift-diffusion simulations in both 
overall equilibration times, and the intensities/photocarrier densities required to mask the grain 
boundary signals. 

 
Fig. 4: Surface potential equilibration with varying background illumination bias intensity. (a) Topography of 
2´1 µm ROI. (b)-(e) Images of surface potential equilibration time constants taken in the same ROI with increasing 
660 nm bias illumination intensity ranging from 0 mW/cm2 to 100 mW/cm2, with a step-edge 405 nm laser at 110 
mW/cm2 used for trEFM excitation. (f) Reproduced trEFM time constant image at 0 mW/cm2 showing return to 
unbiased time constants. (g) Average grain interior and boundary trEFM time constants with respect to background 
illumination bias intensity, error bars show standard deviation of masked pixel selection (Appendix C Fig. 10). 

We stress test our model and interpretation with both intensity-dependent and wavelength-
dependent trPL and trEFM measurements. Appendix C Figs. 15-19 and Table 4 show the detailed 
analysis of these experiments and simulations, which are broadly consistent with our 
interpretation. First, at higher excitation intensities we observe both faster trPL and faster trEFM 
signatures, consistent with higher order recombination processes and a correspondingly faster 
approach to equilibrium. Second, since we are exciting the half-stacks through the ITO with the 
cantilever at the perovskite surface, redder wavelength illumination photoexcites carriers closer to 
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the surface of the film, resulting in a greater contribution from SRV to the surface potential 
equilibration time. 

Putting the experiment and simulation results together, Fig. 5a illustrates the key factors that 
influence the surface potential dynamics: the local mobile ion concentration and SRV. Fig. 5b 
shows simulated surface potential evolutions given parameters that approximate unpassivated and 
passivated grain boundaries and interiors. In the unpassivated regime, slightly higher mobile ion 
concentrations (grain boundaries) result in slightly slower equilibration times. In the passivated 
regime, upon the suppression of SRV and reduction in mobile ion concentration18,19 the 
equilibration times become slower and indistinguishable. These results suggest that the 
heterogeneity we observe in surface potential equilibration times after passivation (Fig. 2f) is 
primarily due to local variations in SRV. This work highlights trEFM’s ability to diagnose 
passivator uniformity and efficiency on the nanoscale. 

  
Fig. 5: Illustration of mobile ions and SRV, which influence surface potential evolution, supported by drift-
diffusion simulations. (a) Illustration describing the effects of SRV and slow ion migration, which are both reduced 
by surface passivation with APTMS. (b) Drift-diffusion simulations of the surface potential where the primary 
difference between the grain interior and grain boundary is the concentration of mobile ions (1×1015 cm-3 and 5×1015 
cm-3 respectively) with a SRV of 100 cm/s; simulated surface potential evolution of passivated grain interiors and 
boundaries have both reduced mobile ion concentrations and suppressed SRV values (5×1014 cm-3 and 1×1015 cm-3 for 
grain interiors and boundaries respectively, with a SRV of 0.1 cm/s). Note that there are two blue, dashed traces 
representing the passivated condition that are indistinguishable. For complete simulation parameters see Appendix C 
Table 3. 
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4.4 Conclusion and Outlook 
We demonstrate that in halide perovskites, trEFM probes local surface potential equilibration time, 
which is influenced by both electronic carrier recombination and mobile ions. We show that 
passivation results in slower equilibration times due to strong suppression of SRV, and we directly 
correlate these equilibration dynamics to SRV obtained from trPL. Importantly, we reveal local 
variations in SRV after surface passivation using trEFM, demonstrating the need to optimize 
passivation treatments. Additionally, we conclude that slower equilibration times observed at grain 
boundaries in unpassivated samples are caused by higher defect concentrations that result in 
increased contributions of slow ion motion to the surface potential dynamics. These advances 
highlight the ability to characterize not only the impact of perovskite nanostructure on local carrier 
dynamics, but also to evaluate the effectiveness of passivation below the optical diffraction limit 
at length scales relevant to modern halide perovskites. We anticipate the use of sub-diffraction-
limited imaging of carrier recombination dynamics to optimize perovskite semiconductor devices 
and passivation treatments down to the nanoscale. 

4.5 Methods 
Materials 

Lead iodide (99.99%, for perovskite precursor) and Me-4PACz (>99.0%) were purchased from 
TCI. Lead bromide (99.999%, ultra dry) and cesium iodide (99.999%) were purchased from Alpha 
Aesar. Formamidinium iodide (>99.99%), phenethylammonium iodide, and methylammonium 
chloride (>99.99%) were purchased from Greatcell Solar Materials. Aluminum oxide 
nanoparticles dissolved at 20 wt% was purchased from Sigma Alrich. All other materials were 
purchased from Sigma Aldrich. 

Sample preparation 

All preparation of perovskite samples was performed in a N2 glovebox. 

A 1.2 M Cs0.17FA0.83Pb(I0.75Br0.25)3 solution was prepared according to previous literature reports61 
by mixing the correct molar ratio of PbI2, PbBr2, FAI, and CsI in a 4:1 solvent ratio of N,N-
Dimethylformamide (DMF) and Dimethyl sulfoxide (DMSO). 1.5 cm2 indium tin oxide (ITO) 
coated glass substrates were cleaned by sequential sonication in DI water containing ~2% Micro-
90 detergent, DI water, acetone, and isopropanol for 10 minutes each. The substrates were ozone-
cleaned for 23 minutes prior to spincoating. Me-4PACz was dissolved in DMF at a concentration 
of 50 mg/mL and subsequently diluted to 1 mg/mL in isopropanol. Approximately 60 μL of the 1 
mg/mL Me-4PACz solution was deposited on the substrate and spincoated at 5000 rpm for 30 s 
with an acceleration of 800 rpm/s. The film was annealed at 100°C for 10 minutes. Next, 100 μL 
of a solution with the ratio 1:150 Al2O3 nanoparticle to isopropanol was spincoated at 6000 rpm 
for 30 s with an acceleration of 800 rpm/s to wash off excess Me-4PACz and improve wettability. 
The substrates were annealed at 100°C for 30 s. Finally, 70 μL of the perovskite precursor solution 
were deposited on the substrate and spincoated at 1000 rpm for 10 s with an acceleration of 200 
rpm/s followed by spinning at 5000 rpm for 35 s with an acceleration of 800 rpm/s; 10 s before 
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the completion of the final spincoating step, 300 μL of anisole was dynamically deposited on the 
sample. The sample was annealed at 100°C for 45 minutes. 

A 1.2 M Cs0.22FA0.78Pb(I0.85Br0.15)3 solution was prepared by mixing the correct molar ratio of PbI2, 
PbBr2, FAI, CsI and a 15 mol% relative to the Pb content equivalent of MACl to improve 
crystallization in a 4:1 solvent ratio of N,N-Dimethylformamide (DMF) and Dimethyl sulfoxide 
(DMSO). Indium tin oxide (ITO) coated glass substrates 1.5 cm2 in size were cleaned by sequential 
sonication in DI water containing ~2% Micro-90 detergent, DI water, acetone, and isopropanol for 
10 minutes each. The substrates were ozone-cleaned for 23 minutes prior to spincoating. Me-
4PACz was first dissolved in DMF at a concentration of 50 mg/mL and was subsequently diluted 
to 1 mg/mL in 2-propanol (IPA). Approximately 60 μL of the 1 mg/mL Me-4PACz solution was 
spincoated on the substrates at 5000 rpms for 30 s with an acceleration of 800 rpm/s and annealed 
at 100 °C for 10 min. Next, 100 μL of IPA was dynamically spincoated on the substrate to wash 
away excess Me-4PACz at 6000 rpm for 30 s with an acceleration of 800 rpm/s and annealed at 
100 °C for 5 min. Following that, Al2O3 nanoparticles suspended in IPA was diluted further with 
IPA by 1:150. Approximately 50 μL of the Al2O3 solution was spincoated at 6000 rpm for 30 s and 
annealed at 100 °C for 50 s to improve the wettability of perovskite on the Me-4PACz layer. The 
perovskite solution was filtered through a 0.2 μm PTFE membrane filter. Approximately 60 μL of 
the perovskite solution was dynamically deposited on top of the substrate and spincoated at 1000 
rpm for 10 s with an acceleration of 200 rpm/s followed by spinning at 5000 rpm for 35 s with an 
acceleration of 800 rpm/s. After 25-30 s of the second step, 330 μL of an anisole antisolvent was 
dynamically deposited on the spinning substrate. The half-stack was then annealed for 30 min at 
100 °C on a hot plate. 

Passivation 

APTMS and AEAPTMS passivation of the perovskite half-stacks was performed at room 
temperature and ambient conditions in a vacuum oven for 4 mins. A volume of 500 μL of the silane 
was placed in a 4 mL vial with the perovskite sample placed face up near the vial. The vial and 
sample were covered with a 500 mL glass jar inside of the vacuum chamber, and the pressure was 
pumped down to -26 inHg relative to the atmospheric pressure, as described in previous work.16 

PEAI passivation was performed in a nitrogen glovebox by first preparing a 0.030 M solution of 
PEAI in IPA. Next, 100 μL of the PEAI solution was dynamically spincoated on the perovskite 
surface at 3000 rpm for 30 s with an acceleration of 800 rpm/s. Following treatment with PEAI, 
the sample was left to rest in the nitrogen glovebox in the dark for ~24 hours prior to making 
measurements.58 

UV-Vis characterization 

UV-Vis absorption spectra of the perovskite control and passivated half-stacks were collected 
using an Agilent 8453 UV-Vis Spectrometer in a wavelength range of 200-1100 nm and an 
integration time of 0.5 s. 

XRD characterization 



 56 

X-ray diffraction measurements of the perovskite control and passivated half-stacks were 
measured using a Bruker D8 Discover with a Pilatus 100 K large-area 2D detector with Cu Kα 
radiation at 50,000 mW. 

Photoluminescence characterization 

trPL was measured using a PicoQuant Fluotime 100 spectrometer and Picoharp 300 TCSPC system 
equipped with a 640 nm pulsed diode laser with a high average power of 30 mW and 90 ps pulse 
width. The repetition rate of the pulsed laser was controlled with an external function generator. 
The laser was pulsed with an excitation intensity of ~ 30 nJ/cm2, in order to capture the decay at a 
carrier density near that of one Sun power. The PL emission was passed through a 700 nm long-
pass filter before reaching the detector. The PL data was fitted using a stretched exponential 
function, additional information of this fitting can be found in the Supporting Information. For this 
measurement, the samples were measured in ambient conditions immediately after removal from 
a nitrogen glovebox. 

Steady-state PL spectra and PLQY values were collected using an integrating sphere spectrometer 
(Hamamatsu Photonics K.K.) and a 532 nm continuous wave laser (CrystalLaser Lc). The 
integration time of the spectrometer was set to 250 ms and 5 measurements were averaged for each 
spectrum. The laser fluences was measured with a Thorlabs beam profiler (BP209-VIS). A 
continuous neutral density filter wheel (Thorlabs) was used to control the laser fluence. The neutral 
density filter wheel was adjusted for all measurements to be made at 100 mW/cm2. 

Confocal photoluminescence characterization 

Confocal PL imaging was performed using a custom scanning confocal microscope built with a 
Nikon TE-2000 inverted microscope fitted with 60x dry objective (Nikon Plan Fluor, NA=0.7). A 
640 nm pulsed diode laser (PDL 800-D P-C-640B, FWHM = 90 ps) was used at a repetition rate 
of 250 kHz, with a resulting fluence of 105 nJ/cm2. The laser was coupled to the microscope via a 
FC/APC single-mode fiber and directed into the objective via a 640 dichroic cube. Sample was 
encapsulated under nitrogen and excited face-on (not through the substrate). The emission was 
filtered through a 700-850 nm bandpass filter (700 LP and 850 SP) and focused on a Single Photon 
Avalanche Diode from Micro Photon Devices. The PL decay was collected using a PicoHarp 300 
time-correlated single photon counting (TCSPC) module. The scanning is done using a piezo nano 
position stage (PI). The data collection and analysis are performed through custom Python-based 
software. 

trEFM characterization 

trEFM and the required experimental setup have been discussed in detail.51,52 Measurements were 
performed on an Asylum Research MFP3D-BIO mounted on a Nikon inverted optical microscope. 
All measurements used Pt-coated cantilevers (mikroMasch HQ/NSC15/Pt) driven at resonance 
frequency (~300 kHz). The sample was mounted in an inert glovebox environment in a sealed cell, 
then imaged under active flowing nitrogen in this sealed cell. The cantilever oscillation was 
recorded using a 16-bit A/D digitizer (Dynamic Signals/GaGe Razor Express CSE1622), typically 
at 5 MS/s, and synced to the cantilever oscillation phase (180°) using custom trigger electronics 
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(detailed circuit information can be found in our previous reports; additional information available 
upon request).51,52 In an experimental window of 16 ms, we apply a bias of +10 V to the cantilever 
at t = 1 ms, the sample is then allowed to equilibrate for 4 ms; the cantilever oscillation is digitized 
starting at t = 4.6 ms through t = 8.6 ms, and laser excitation is triggered at t = 5 ms and turned off 
at t = 7 ms. We used either a 405 nm (Omicron PhoxXplus 405-120) or a 705 nm (Omicron 
PhoxXplus 705-40) continuous wavelength laser at an incident intensity of ~110-150 mW/cm2 to 
excite our samples; we adjust the intensity using neutral density filters and the electrical power via 
software control. The laser was focused via a bottom objective on an inverted optical microscope 
and co-aligned with the cantilever tip. The illumination intensity was measured using the 
combination of a calibrated photodiode and a Pixera CCD camera (150CL-CU). Raw cantilever 
deflection data were used to extract the instantaneous frequency by demodulating the time-
dependent cantilever amplitude using a short-time Fourier transform (STFT) and then using a 
parabolic estimation of the peak frequency (ridge finding) per time segment. This code is freely 
available online via the FFTA Python package (https://github.com/GingerLabUW/FFTA). See 
Appendix C Information Note 1 for a complete description of the required cantilever calibration 
step. Alternatively, we can use a convolutional neural network (CNN) to fit the cantilever 
instantaneous frequency signal (obtained via the Hilbert Transform) to obtain cantilever-
independent time constants to describe the surface potential equilibration.60 Appendix C 
Information Figs. 20-22 show recreations of Figs. 1, 2, and 4 in the main text using the CNN, 
which show the same trends we present using the calibration method.  
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Chapter 5: Opportunities and Outlook 
5.1 Proposal: Correlated trEFM and EBSD to Explore How Local Strain 
Gradients Affect Surface Potential Equilibration Time 
Electron backscattering diffraction (EBSD) is a method that, at very high spatial resolutions, 
resolves crystallographic information that enables evaluation of strain gradients in polycrystalline 
films.1–3 We have previously used EBSD to characterize large-grain methylammonium lead 
triiodide (MAPbI3), finding that larger grains exhibited larger strain gradients, and in turn 
corresponded to decreased photoluminescence (PL) brightness.1 Indeed, Adhyaksa et al. also used 
EBSD to understand structural heterogeneity and the impact on PL for MAPbI3.2 MAPbI2 was 
advantageous for not only its large morphological features, but also its relatively stability under 
the e-beam required for EBSD1,2 Recent mixed-cation, mixed-halide perovskite compositions have 
proven more robust to e-beam damage,4 and understanding how strain gradients may be affected 
by additives, composition engineering, and post-treatment passivation strategies is of great 
importance for not only improving lab-scale device performances but also scaling up devices for 
manufacturing. 

The benefit of large-grain perovskite thin films is the ability to characterize them with optical 
microscopy. Time-resolved photoluminescence (trPL) and confocal PL brightness maps are 
optoelectronic properties that tell us about the quality of the film and relate to the quality of the 
resulting photovoltaic device. While trEFM can resolve nanoscale variations in surface potential 
dynamics (affected by surface recombination velocity and ion motion, among other factors),5 
additional correlation with traditional optical microscopy methods would strengthen our 
understanding of the structure-function relationship. 

Recent work from the David Fenning’s group at University of California, San Diego used a 
combination of additive engineering and alternate processing conditions to synthesize large-grain 
formamidinium lead triiodide (FAPbI3) which exhibited improved stability and performance for 
photovoltaic devices.6,7 I propose, in collaboration with the Fenning group, an investigation of the 
impact of strain gradients on surface potential evolution dynamics and trPL. I expect that regions 
with increased strain gradients (regions with increased compressive strain, in particular8) will 
exhibit dimmer PL and faster PL lifetimes; this is broadly in line with what Jariwala et al. found1 
and what deQuilettes et al. found.9 Additionally, I expect that regions with increased strain 
gradients (like morphological domain or “grain” boundaries) will have faster surface 
recombination velocity due to more defects in the crystal lattice at the surface; as such, we would 
expect that the surface potential equilibration dynamics measured by trEFM would be faster in 
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these regions. However, we have previously observed that even at grain boundaries, where we may 
expect faster surface recombination velocities and thus faster surface potential equilibration, we 
observe slower trEFM dynamics. We attribute this to an increased contribution from slow ion 
motion through defect sites. Obtaining additional structural information would provide insight into 
the threshold of strain-induced defects that enable ion motion. Further investigation with varied 
additives that the Fenning group have explored6,7 may shed light on whether additive chemistry 
affects local strain gradients and the resulting performance metrics of interest. 

Practically, I would propose performing trEFM first, as it is completely non-destructive. 
Importantly, I propose measuring at least two small regions of interest with two excitation 
wavelengths at low intensity (ideally ~100 mW/cm2, depending on the wavelength, to mimic the 
same generated carrier concentration as 1 Sun illumination). General good practice with trEFM 
would also involve checking two additional excitation intensities to ensure that with increased 
intensity we observe faster surface potential equilibration dynamics.5,10,11 After noting the critical 
features in the regions of interest, scratching a box with the SPM probe would then enable further 
characterization on other microscopes. Instead of encapsulating the film (which is typical for 
optical microscopy experiments) I would low the sample into a nitrogen flow cell and collect PL 
brightness and trPL images in the regions of interest. Finally, I would conclude the correlation 
study with EBSD, as EBSD is most likely to damage the film.  

Given this rich dataset, there is ample opportunity to precisely correlate the images and use 
statistical analysis to understand correlations in the data. (For example, I would expect higher 
degrees of strain captured by EBSD would strongly, positively correlate to dimmer PL brightness 
and slower trEFM surface potential dynamics, per my previous hypothesis.) Ultimately, this study 
would inform the structure-function relationship in FAPbI3.  

5.2 Proposal: Exploring Surface Potential Equilibration in New Organic 
Photovoltaics through trEFM and Drift-Diffusion Modeling 
Organic photovoltaics (OPVs) are of great interest for transparent solar cells12–16 and sensors.15,17 
As they are only electronic conductors (as opposed to also conducting ions like lead halide 
perovskites), the underlying dynamics that govern the surface potential equilibration are slightly 
more straightforward. We have previously studied OPV materials with trEFM, finding that they 
exhibited heterogeneity on the nanoscale dependent on blend ratio.12–14,16 To reconcile these 
results, which indicate trEFM captures external quantum efficiency (EQE), with the results from 
our work on highly efficient mixed-cation, mixed-halide perovskites, which indicate trEFM also 
captures “something” correlated to PL lifetimes, we used drift diffusion simulations. As shown in 
Chapter 4, we can use drift-diffusion simulations to understand how surface recombination 
velocity and mobile ions affect surface potential equilibration. These results unify our observations 
on mixed-cation, mixed-halide perovskite thin films. These perovskite compositions, however, 
have much higher EQEs compared to OPVs.18–20 As such, to ensure our interpretation of our results 
on perovskite thin films was correct, we simulated an OPV using IonMonger.21–23 To do so, we 
used the parameters shown in Table 5.1. 

Table 5.1 
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Parameter Value 
Thickness (d) 100 nm 
Bandgap (Εg) 1.9 eV 
Shockley-Read Hall Recombination 
Lifetime (τSRH) 

1e20 s (effectively no SRH recombination) 

Surface Recombination Velocity (SRV) 0 cm/s 
Mobile Ion Density (N0) 0 cm-3 
Absorption Coefficient (ϵ) 2 ϵ0 F/m 
Electronic Carrier Diffusion Coefficient 
(Dn) 

1e-5 cm/s 

 

By using this parameter combination, we can approximate an OPV with IonMonger. A primary 
observation from our previous work on OPVs was that trEFM dynamics (surface potential 
evolution upon excitation) slowed down linearly with increasing open-circuit voltage (related to 
the log of the excitation intensity). This relationship suggested that trEFM captured the external 
quantum efficiency or “charging” efficiency of the OPV.  

To mimic these conditions, I varied the excitation intensity in my drift-diffusion simulations. I 
simulated surface potential illumination under photoexcitation with intensities ranging from 0.05 
mW/cm2 to 1 mW/cm2. When approximating the experimental setup we used to test mixed-cation, 
mixed-halide perovskites, I used an excitation intensity of 100 mW/cm2 (which generated 
electronic carriers at the equivalent of ~1 Sun illumination). Because OPVs exhibit a significantly 
decreased EQE compared to perovskite semiconductors, I used much lower excitation intensities 
when simulating my OPV. Figure 5.1 shows the results of these simulations; 5.1a plots the <τ> of 
the surface potential equilibration against the excitation intensity, and 5.1b shows the surface 
potential equilibration rate (1/<τ>) plotted against the excitation intensity. Figure 5.1c shows the 
surface potential equilibration traces, which clearly show that with increasing excitation intensity 
we observe faster surface potential equilibration.  
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Figure 5.1: (a) Surface potential equilibration time constant plotted against excitation intensity 
with 405 nm excitation; (b) 1/<τ> or surface potential equilibration rate plotted against 405 nm 
excitation intensity, showing linear relationship between equilibration rate and log of excitation 
intensity. (c) Surface potential equilibration traces plotted over time with varied excitation 
intensities. 

Indeed, these results confirmed that IonMonger accurately reproduced our results on OPVs, 
suggesting that in materials with low EQEs (like OPVs) the surface potential equilibration is 
efficiency-limited, capturing charging efficiency directly. In high quantum efficiency systems like 
lead halide perovskites, the surface potential equilibration also captures other dynamic processes, 
like electronic carrier recombination and ion motion. 

Given an OPV material with an experimental EQE, I propose we calculate the carriers generated 
at a given excitation intensity and collect the other relevant parameters (e.g. thickness, bandgap, 
absorption coefficient for each excitation wavelength, etc.) to accurately simulate the system with 
IonMonger. From this, we can predict how the OPV would behave under different illumination 
conditions. Then, we can perform trEFM on a sample and compare the results to our simulations. 
Working with an expert on OPVs is critical so that we might understand potential effects of 
morphology, additives, or preparation methods that affect OPV performance. Overall, this project 
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would be a short, straightforward confirmation of our understanding of trEFM, revisiting a simpler 
semiconductor system and supporting our results with our newfound drift-diffusion 
approximation. 

5.3 Conclusion and Outlook 
Understanding the performance and quality of new semiconductor materials at all scales is 
paramount to developing long-lasting and efficient photovoltaic (and other optoelectronic) 
devices. Indeed, the heterogeneity we observe in properties such as PL, surface potential 
equilibration, surface photovoltage, and more at sub-diffraction-limited lengthscales can forecast 
the stability and efficiency of scaled up devices. Engineering better compositions, additives, and 
post-treatments for defect-tolerant (defect-containing) perovskite thin films will continue to 
require investigation at micrometer- and nanometer-scale spatial resolutions, meaning processing, 
analyzing, and interpreting multidimensional datasets from methods like trEFM, confocal trPL 
microscopy, EBSD, and more may necessitate the savvy and careful application of data science 
and machine learning. “Big Data” is an inviting nail for the hammer of machine learning.  

This thesis focused on trEFM as a method of understanding sub-diffraction-limited surface 
potential equilibration dynamics on perovskite semiconductor materials. Such a multi-dimensional 
method easily leant itself to the application of ML to improve signal-to-noise and more accurately 
reconstruct our data. Overall, this work encompasses the application of trEFM as a method of 
nanoscale characterization on perovskites, but also the improvement on data processing, analysis, 
and reconstruction with machine learning. 
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Appendix A: Supporting Information for Chapter 2 
Note S1 on calibrating the cantilever for extraction of τ from instantaneous frequency data: 

One key shortcoming of the current trEFM method is the discrepancy between the characteristic 
time constant, τ, defining the perturbation and the actual measured quantity, tFP (Figure 1d in the 
text). For example, in the case where the excitation is a single exponential as is common in many 
physical phenomena, the expected change in the resonance frequency would also be a single 
exponential (Figure 1c in the text, green). The change in resonance frequency can be expressed as 
Equation S1:1–3 

𝜔$(𝑡 ≥ 0) ≅ 𝜔$(𝑡 = 0) + ∆𝜔$51 − ℯ!% &⁄ 7  Equation S1 

Where 𝜔$ is the resonance frequency, t is time (s), and τ is the characteristic time constant (s) that 
describes the frequency shift. However, the instantaneous frequency response (Figure 1c, blue) is 
clearly not a single exponential, due to the cantilever’s relaxation to steady state frequency 
competing with the transient perturbation;1 thus, tFP is our metric for charging rate to compensate 
for the fact that the measured cantilever dynamics obfuscate the characteristic time constant, τ. 

The current method to extract τ from the frequency signal is to calibrate each cantilever 
individually to correlate tFP with τ. We do this one of two ways: (1) we apply voltage pulses of 
known τ values spanning the range of interest according to Equation S2 (Figure S1b) to a 
conductive substrate such as gold or ITO and measure the cantilever’s response, demodulate the 
signal, and create a tFP-τ calibration curve (Figure 1d in the text);3 (2) alternatively, we can simulate 
a tFP-τ calibration curve with the appropriate cantilever parameters.  

𝑉(𝑡) 	= 	∆𝑉(1	–	𝑒!% &( ) Equation S2 

Where V is the voltage (V) between the tip and the sample, t is time (s), and τ is the time constant 
(s). The calibration process, though simple, is sensitive to tFP extraction, which is dependent on 
noise among other factors. This problem easily lends itself to a machine learning solution, where 
we can use a neural network (NN) as seen in Figure 1e to map the entire instantaneous frequency 
signal to τ in a cantilever-agnostic way to ensure robust data interpretation for τ extraction. 
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Note S2 on the addition of noise to simulated data: 

Random Gaussian noise was applied at varying levels to the simulated training dataset to ensure 
that the network learned on data that was as realistic as possible. The signal-to-noise ratio (SNR) 
was determined according to the following: 

𝑁𝑜𝑖𝑠𝑒	𝐿𝑒𝑣𝑒𝑙(𝑑𝐵) = 10 × log"$ 𝑉# 	− 	𝑆𝑁𝑅  Equation S3 

Where V2 is the signal power. Then, we can convert the desired noise level back to power and add 
Gaussian noise scaled to that noise level (centered at 0) back to the clean, simulated deflection 
signal. 

 

Note S3 on Shapley Additive exPlanations (SHAP): 

In the paper we used SHAP values to explore which portions of the instantaneous frequency signal 
were most instrumental in the network’s regression and to probe the cantilever agnosticism of the 
network overall. SHAP values are calculated according to Equation S4:4 

𝜙)(𝑓, 𝑥) 	= 	∑
|+,|!(/!|+,|!")

/!+,	⊆	3, [𝑓3(𝑧′) − 𝑓3(𝑧′ 𝑖⁄ )]  Equation S4 

Where 𝜙)(𝑓, 𝑥) is the SHAP value for feature i given the function f and input x, z' is a subset of 
features contained within the simplified input x’ and specifically |z'| is the number of non-zero 
entries in z', and M is the number of features. Critically, fx(z') is the result of the model or function 
given the subset z' including feature i and fx(z'/i) is the result of the model or function given the 
subset z' excluding the feature i. A SHAP value can be likened to the difference between the 
function output including feature i and the function output excluding the feature i, meaning SHAP 
is related to the feature’s partial dependence plot in the context of regression.4,5 

In terms of variables discussed in our case, let us consider an input array x’ (containing k, Q, and 
ω(t)). We want to understand the contribution to the network output of the specific instance of k 
(in terms of Equation S4, k is feature i). SHAP examines many subsets, z’, of the input array x’ 
that contain k. These subsets include or exclude other features in the input array (besides k, feature 
i) to disentangle the contribution of k, feature i, from the contributions of other features contained 
within x’. In our case, M is 100 because there are 100 input features. The first term of Equation S4 
concerns how many ways we can choose the subset z’ from x’ (which contains M features). 
Essentially, it is weighting the marginal contributions calculated for z’ by the inverse of the number 
of ways to pick z’ from x’. The intuition is that smaller subsets, z’, will tell us more about the 
feature we are inspecting. SHAP then calculates the difference of the model output given the input 
with the k instance (feature i) contained within the subset z’ (fx(z')) and without the k instance 
(fx(z'/i)). SHAP sums these subset evaluations to account for the presence or absence of a random 
assortment of features. To create Figure 5, this process was repeated for all 3,000 test input arrays.  
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Figure S1: (a) Diagram depicting the waveforms that govern the tip voltage and light triggers for 
trEFM data collection. (b) Diagram depicting the voltage waveform applied to the tip when 
performing manual calibration as discussed in text. 

 

 

Figure S2: Absorbance of n-butylammonium lead iodide (BAPI) samples measured in study. 
Blue line indicates 455 nm LED used for optical excitation during trEFM experiments. 

 



 73 

 

Figure S3: (a) Example of simulated normalized instantaneous frequency signals with τ values 
from 3 orders of magnitude where the shortest τ value also has the steepest frequency shift 
(therefore the shortest tFP, related discussion in the text); (b) distribution of target τ values for 
simulated dataset; (c) uniform distribution of cantilever spring constants, k (N/m), used to simulate 
the training dataset; and (d) uniform distribution of cantilever Quality factors, Q (unitless), used 
to simulate the training dataset. Varying both k and Q in the simulated dataset ensured the network 
was cantilever-agnostic. Using a log-uniform distribution of τ values ensured the network learned 
the finer details of the data contained within each order of magnitude. 

 

Figure S4: (a) Distribution of the average absolute difference between the network extracted τ 
value and the simulated ground truth τ value, where the absolute difference generally increases as 
the target τ value increases due to increased error in longer time regimes; (b) distribution of average 



 74 

percent error of the network extracted τ value as compared to the simulated ground truth target τ 
value (note that the percent error is significantly higher in the 1 – 10 µs regime because small 
errors in the network τ value account for a larger percent of the target τ value); and (c) distribution 
of the average standard deviation across the target, simulated τ values showing increased standard 
deviations after 100 extractions. Standard deviation is calculated via the quasi-ensembling method 
discussed in the text. The standard deviation increases as the target τ value increases meaning there 
is less certainty in network extracted τ values in the slower time regimes. 

 

 

Figure S5: (a) Image of the absolute difference between the calibrated (ground truth) τ values and 
the network extracted τ values for trEFM data taken on BAPI where the absolute difference 
increases towards the right portion of the image, which is also reflected in (b) the image of the 
percent error of the calibrated (ground truth) τ values vs. the network extracted τ values for the 
same region of trEFM on BAPI; note that the single pixel achieving 200% error skews the color 
scale and that specific pixel also has the highest standard deviation as seen in (c) the image 
containing the standard deviation for each network extracted τ value for Figure 3(d) in the text. 
The standard deviation was calculated using the quasi-ensembling method described in the text. 
(d), (e), and (f) show the absolute difference, percent error, and standard deviation with the color 
scale adjusted for ease of viewing. 
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Comparing light-dependent photocharging data: 

As mentioned in the discussion regarding main text Figure 3g, in photovoltaic samples, we 
expect the charging rate to increase with higher light intensity.1, 2 To validate the results shown 
for the network, we adjust the light intensity from 42.1 W/m2 to 203.6 W/m2 and compare the 
predicted NN outputs. These data are shown for 3 different intensities in Figure. S6-8, and they 
are summarized in Table S1.  

 

Figure S6: (a) Topography of the same BAPI region as shown in Figure 3 of the text; (b) associated 
image of the tFP values from the trEFM data and (c) the calibrated τ values that we treat as ground 
truth; (d) the network extracted τ values averaged over 100 predictions as per the quasi-ensembling 
method; (e) the absolute difference, (f) percent error, and (g) standard deviation images for the 
same region generally demonstrating good agreement between the ground truth and network 
extracted τ values, which can also be seen in (h) where histograms of the calibrated (ground truth) 
and network extracted τ values are overlayed. Figure S4 is based on data collected with a 455 nm 
LED intensity of 42.1 W/m2.  
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Figure S7: (a) Topography of the same BAPI region as shown in Figure 3 of the text; (b) associated 
image of the tFP values from the trEFM data and (c) the calibrated τ values that we treat as ground 
truth; (d) the network extracted τ values averaged over 100 predictions as per the quasi-ensembling 
method; (e) the absolute difference, (f) percent error, and (g) standard deviation images for the 
same region generally demonstrating good agreement between the ground truth and network 
extracted τ values, which can also be seen in (h) where histograms of the calibrated (ground truth) 
and network extracted τ values are overlayed. Figure S4 is based on data collected with a 455 nm 
LED intensity of 160.8 W/m2.  



 77 

 

Figure S8: (a) Topography of the same BAPI region as shown in Figure 3 of the text; (b) associated 
image of the tFP values from the trEFM data and (c) the calibrated τ values that we treat as ground 
truth; (d) the network extracted τ values averaged over 100 predictions as per the quasi-ensembling 
method; (e) the absolute difference, (f) percent error, and (g) standard deviation images for the 
same region generally demonstrating good agreement between the ground truth and network 
extracted τ values, which can also be seen in (h) where histograms of the calibrated (ground truth) 
and network extracted τ values are overlayed. Figure S4 is based on data collected with a 455 nm 
LED intensity of 203.6 W/m2.  

 

Power Intensity 
(W/m2) 

Absolute Difference 
(µs) 

Percent Error Standard 
Deviation (µs) 

Mean Median Mean Median Mean Median 
42.1 2.23 2.25 17.56 18.07 1.79 1.72 
109.9 1.54 1.12 17.80 14.28 1.17 0.99 
160.8 2.11 1.54 20.19 16.19 1.41 1.33 
203.6 2.07 1.60 25.56 20.06 1.12 0.99 

 

Table S1: Summary mean and median absolute differences, percent errors, and standard deviations 
for data shown in Figures S4-S5. 
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Figure S9: Distributions of error metrics for Figure 4 in the text where (a) is the distribution of 
average absolute difference between ground truth τ value fed to ITO substrate per Equation 1 in 
text and network extracted τ value; (b) is the distribution of average percent errors for the same 
data; and (c) is the distribution for the average standard deviations for these calibrated τ values.  
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Appendix B: Supporting Information for Chapter 3 
Appendix B Fig. 1: Distributions of cantilever parameters for simulated training dataset. 

 

(a) Distribution of cantilever spring constant, k (N/m), values used for simulated training data. (b) Distribution 
of cantilever quality factor, Q (unitless), values used for simulated training data. (c) Distribution of resonance 
frequency, ω0 (kHz), values used for simulated training data. 

Appendix B Fig 2: Distributions of bi-exponential parameters used for simulated training datasets.  

 

(a) Distribution of τ1 (μs) values used in simulated training datasets. (b) Distribution of τ2 (μs) values used in 
simulated training datasets. (c) Distribution of coefficient, A, values used in simulated training. Refer to 
Equation 1 in the main text. 

Appendix B Fig 3: Effect of bi-exponential parameters on cantilever frequency signal. 
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(a) Example simulated Δω(t) traces following bi-exponential perturbations triggered at t=0.4 ms, where τ1 and 
τ2 are held constant at 3 μs and 100 μs respectively, and A (coefficient) is varied; refer to Equation 1 in the 
main text. (b) Simulated Δω(t) traces where τ1 and A are held constant at 3 μs and 0.5 respectively, and τ2 is 
varied. (c) and (d) show simulated Δω(t) traces where τ2 and A are held constant and τ1 is varied, showing slight 
variations in initial transient response after trigger at t=0.4 ms. All simulations performed with the FFTA code 
package (available at: https://github.com/rajgiriUW/ffta). 

Appendix B Note 1: On the custom error function used in the multioutput CNN. 

Given that each training label for τ1, τ2, and A (coefficient) is normalized between 0 and 1 to 
prevent exploding or vanishing gradients during training,1,2 the error function used to penalize the 
network during training must reflect the difficulty of learning the patterns that correspond to each 
parameter. For instance, the subtleties of changing τ1 (while holding τ2 and A constant) as shown 
in Appendix B Fig. XX mean penalizing mistakes when predicting τ1 is more important than 
penalizing mistakes when predicting τ2 or A. After sweeping the coefficients for the mean squared 
error (MSE) of each parameter, we found the following combination enabled efficient and accurate 
learning of all three parameters: 

𝑐𝑟𝑖𝑡𝑒𝑟𝑖𝑜𝑛 = 2.5 × 𝑀𝑆𝐸5𝜏",%567 , 𝜏",85797 + 1.75 × 𝑀𝑆𝐸5𝜏#,%567 , 𝜏#,85797
+ 1 ×𝑀𝑆𝐸5𝐴%567 , 𝐴85797 

Where MSE is the mean squared error between the true and predicted parameter. 

Appendix B Fig 4: Parity plots showing trained CNN performance on simulated test dataset. 
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(a) Parity plot showing trained (not fine-tuned) CNN performance on test simulated data when predicting τ1 
(μs). (b) Parity plot showing trained (not fine-tuned) CNN performance on test simulated data when predicting 
τ2 (μs). (c) Parity plot showing trained (not fine-tuned) CNN performance on test simulated data when 
predicting coefficient, A. R2 scores comparing the extracted value versus the true value are on the title of each 
plot. “MAE” stands for the mean average error; for τ1 and τ2 the MAE is in μs, and for A it is unitless. The 
“Scaled MAE” is the MAE divided by the average true value for the given parameter. 

Appendix B Fig 5: Parity plots showing CNN performance on labeled experimental dataset after fine-
tuning. 

 
(a) Parity plot showing fine-tuned CNN performance on test labeled experimental data when predicting τ1 (μs). 
(b) Parity plot showing fine-tuned CNN performance on test labeled experimental data when predicting τ2 (μs). 
(c) Parity plot showing fine-tuned CNN performance on test labeled experimental data when predicting 
coefficient, A. R2 scores comparing the extracted value versus the true value are on the title of each plot. “MAE” 
stands for the mean average error; for τ1 and τ2 the MAE is in μs, and for A it is unitless. The “Scaled MAE” is 
the MAE divided by the average true value for the given parameter. 
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Appendix B Note 2: On the variation in error metrics for each parameter after fine-tuning. 

We hypothesize that the network will extract the coefficient, A, with the most accuracy, because 
the relative contribution between fast and slow components shows a significant effect on the signal 
(Appendix B Fig. 3). We also normalized all labels between 0 and 1 during training to prevent 
exploding gradients,2 but A already ranged between 0 and 1, and as such we expect that the network 
will perform better when extracting this parameter. Not only are the effects of τ1 and τ2 on the 
Δω(t) signal more subtle (Appendix B Fig. 3), but by normalizing the labels corresponding to both 
τ1 and τ2, we expect that the resulting un-normalized error will be slightly larger compared to the 
error for A. The mean average error for τ1 was 1.01 μs, for τ2 was 35.87 μs, and for A was 0.04 (a 
mean percent error of 17.6%, 11.7%, and 8.3% respectively); and the R2 score for each parameter’s 
parity plot was 0.74, 0.79, and 0.97 respectively, as expected.  

Appendix B Fig 6: Artificial image parameter truths and extracted values. 

 

(a), (c), and (e) show the map of each parameter (τ1, τ2, and A) that constructs the artificial image shown in 
main text Figure XX. (b), (d), and (f) show the CNN-extracted parameter. 
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Appendix B Fig 7: Comparison of fine-tuned CNN and single-exponential neural network on artificial 
image. 

 

(a) Artificially constructed <τ> image (see Equation 2 in main text). (b) CNN-extracted <τ> image, showing relatively 
good agreement with (a) by eye. (c) Map of τ values obtained from feeding artificial image (with bi-exponential 
perturbations) into single-exponential feedforward neural network from previous work,3 showing increased noise. (d) 
Map of R2 values comparing the true data used to construct the artificial image compared to Δω(t) traces simulated 
from CNN-extracted parameters, where an R2 value of 1 would indicate perfect signal reconstruction. (e) Map of R2 
values comparing the true data used to construct the artificial image compared to Δω(t) traces simulated from the 
single-exponential fit shown in (c). 

Appendix B Note 3: On adding artificial Gaussian noise to simulated instantaneous frequency signals. 

We collect the cantilever’s raw oscillation and then demodulate it to its instantaneous frequency. 
To accurately mimic this process, we introduce Gaussian noise to a simulated cantilever oscillation 
before demodulating it to obtain the instantaneous frequency. We add the noise according to the 
following instructions: 

1. 𝑃:;<=>?\\\\\\\\\ = 𝑚𝑒𝑎𝑛(𝑍#), where 𝑃:)<=>? is the average power of the signal Z. 
2. We convert that to decibels via: 𝑃:;<=>?,9@\\\\\\\\\\\\ = 10 ∗ log	(𝑃:;<=>?\\\\\\\\\). 
3. We calculate the power of the desired noise level (in decibels) with: 𝑃=A):7,9@ =

𝑃:)<=>?,9@ − 𝑆𝑁𝑅97:)579. 

4. 𝑃=A;:7\\\\\\\ = 10
%&'()*,,-

#. , allows us to calculate the overall power of the noise. 

We generate an array of Gaussian noise centered at 0 with a standard deviation of the square root 
of 𝑃=A;:7\\\\\\\ to add to our clean simulated signal (Z). 

After we demodulate the signal (see main text Methods), we are left with the transform of that 
Gaussian noise, meaning our SNRdesired value does not accurately represent the noise level of the 
signal. To obtain SNRfinal, we do the following: 
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1. 𝑛𝑜𝑖𝑠𝑒 = 𝑍=A):B − 𝑍 gives us the noise by subtracting the clean signal (Z) from the noisy 
signal (Znoisy). 

2. 𝑃:;<=>?\\\\\\\\\ = 𝑚𝑒𝑎𝑛(𝑍#) gives us the power of the signal, just like before. 
3. 𝑃=A;:7\\\\\\\ = 𝑚𝑒𝑎𝑛(𝑛𝑜𝑖𝑠𝑒#) gives us the power of the noise. 
4. To calculate the SNRfinal, we need to compare the powers in decibels. We can obtain that 

ratio according to the following: 𝑆𝑁𝑅C)=>? = 	10 ∗ log aD)/0&12
EEEEEEEEEE

D&'/)*EEEEEEEEE b. 

Appendix B Figs. 8a-c show example simulated Δω(t) traces with artificial Gaussian noise applied 
according to this method. Appendix B Figs. 8d-e show how well the multi-output CNN extracts 
accurate <τ> values from increasing noisy (decreasing SNR) simulated data. (Appendix B Figs. 
8d-e also compare the single-exponential neural network’s performance.) At SNRs of as low as ~7 
the multi-output CNN parameters enable data reconstruction with an R2 score of 0.9, meaning the 
dynamics we extract assuming a bi-exponential perturbation more accurately represent the 
dynamics we are interested in at higher noise levels.  

Appendix B Fig 8: Evaluation of the limits of noise on single-exponential feedforward neural network 
and multi-output convolutional neural network. 

 
(a)-(c) Example simulated Δω(t) traces with varied levels of Gaussian noise added via the process described in 
Appendix B Note 3. (d) Scatter plot showing single-exponential neural network3 and multioutput CNN performance 
on a simulated signal with increasing levels of Gaussian noise. Refer to Appendix B Note 3 for discussion on how 
noise was added to the simulated signal. (e) R2 score comparing how well each network (single-exponential or 
multioutput CNN) reconstructed noisy data according to increasing signal-to-noise ratio, showing that multioutput 
CNN better reconstructs noisy data. 
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Appendix B Fig 9: SHAP analysis exploring the impact of each cantilever parameter. 

 
(a)-(c) SHAP value distributions plotted against cantilever spring constants (k, N/m) showing how varied spring 
constants affect the overall model output for each parameter (τ1, τ2, and A); note how small the SHAP values are, 
indicating that k has little to no effect on the model output. (d)-(f) SHAP value distributions plotted against cantilever 
quality factors (Q, unitless) showing how varied quality factors affect the overall model output for each parameter (τ1, 
τ2, and A); note that the SHAP values themselves are larger in magnitude compared to k, indicating Q does have an 
effect on the model output. This agrees with our previous work and understanding that Q primarily governs the 
cantilever frequency relaxation after the initial perturbation.3–6 (g)-(i) SHAP value distributions plotted against 
cantilever resonance frequency (ω0, kHz) showing how varied resonance frequencies affect the overall model output 
for each parameter (τ1, τ2, and A); from these distributions, we see that the magnitude of SHAP values is relatively 
small compared to the magnitude of the parameter outputs, suggesting that resonance frequency does not significantly 
impact the model’s prediction.  

Appendix B Fig 10: SHAP analysis revealing frequency signal impact on model output for τ1. 
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(a) SHAP analysis revealing initial frequency shift has biggest impact on (highest density of positive/negative 
SHAP values) on model output corresponding to τ1. (b) Zoomed in on trigger region to show small density of 
positive SHAP values that correspond to larger value of τ1. For these examples, τ2 was held at 72.53 μs and A 
was held at 0.9 (a large contribution of τ1). Examples were simulated using the FFTA code package, freely 
available at https://github.com/rajgiriUW/ffta. 

Appendix B Fig 11 SHAP analysis revealing frequency signal impact on model output for τ2. 

 
SHAP analysis revealing initial frequency shift has the biggest impact (highest density of positive/negative 
SHAP values) on model output corresponding to τ2.  

Appendix B Fig 12: Individual parameter maps for experimental data shown in main text Figure 5. 
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(a) Multioutput CNN map of extracted τ1 values (μs) corresponding to trEFM image collected on ITO/Me-
4PACz/Cs0.17FA0.83Pb(I0.85Br0.15)3 described in main text and shown in Figure 5. (b) Multioutput CNN map of 
extracted τ2 values (μs) corresponding to trEFM image described in main text and shown in Figure 6. (c) map 
of extracted coefficient (A) values corresponding to trEFM image described in main text and shown in Figure 
5. 

Appendix B Fig 13: Signal reconstruction R2 map. 

 
Map of R2 values comparing experimental data with signals simulated with multioutput CNN parameters, 
evaluating how well the CNN parameters reconstruct the experimental data.  

Appendix B Fig 14: Single-exponential neural network time constant map and signal reconstruction R2 
map for main text Figure 5. 
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(a) Map of τ values (μs) generated from single-exponential feedforward neural network on experimental trEFM 
image on ITO/Me-4PACz/Cs0.17FA0.83Pb(I0.85Br0.15)3 described in main text and shown in main text Figure 5. (b) 
Map of R2 values comparing experimental data with signals simulated with single-exponential feedforward 
neural network3 parameters, evaluating how well the single-exponential network reconstruct the experimental 
data.  

Appendix B Fig 15: Random seed testing shows approach is generalizable and not reliant on chosen 
seed. 
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(a)-(c) Mean average error of trained network on τ1, τ2, and A respectively with varied random seed initializations, 
showing relatively consistent performance. (d)-(f) R2 scores of CNN-extracted vs. true parameter values for τ1, τ2, and 
A. respectively, showing consistent, fair performance. Note that A is consistently predicted more accurately than each 
τ parameter, which we attribute to the normalization of the parameters during training leading to more accurate and 
consistent performance after un-normalizing. 
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Appendix C: Supporting Information for Chapter 4 
Appendix C Note 1. Cantilever calibration for trEFM time constant extraction. 

The experimental and theoretical background behind trEFM is described in significant detail in 
our previous works1,2 and by Tirmzi, et al.3 Here, we summarize the cantilever calibration 
procedure for the sake of reference.  

During the trEFM experiment, we digitize the deflection or the raw oscillation of the cantilever, 
and then we demodulate it using a Short-Time Fourier Transform (STFT). Many demodulation 
methods work, such as non-stationary Fourier mode decomposition,4 which demonstrates 
improved signal-to-noise extraction but is computationally expensive and slow. Hilbert 
Transforms1,5 are computationally fast, but less robust to the experimental noise we observe. Thus, 
we use STFT to demodulate our data to balance the signal-to-noise we obtain and computation 
time. We then use a product of two exponentials (Equation 1) to empirically fit the change in 
frequency (Δf), including the transient response and cantilever relaxation (shown in main text Fig. 
1c), and extract the time it takes for the cantilever’s frequency to shift to its maximum deviation 
from the drive frequency after the illumination trigger. 

Equation 1. 

Δ𝑓 = 𝐴 × dexp h−
𝑡
𝜏"
i − 1j × d− exp h−

𝑡
𝜏#
ij 

Where A is a coefficient that accounts for the magnitude of the frequency shift, t is time, τ1 
describes the transient decay, and τ2 describes the cantilever relaxation. 

We call the time it takes for the cantilever’s frequency to shift to its maximum deviation from the 
drive frequency the “time-to-first-peak” or tfp. The tfp is cantilever-dependent, meaning physical 
qualities of the cantilever like its spring constant or quality factor affect the frequency response. 
Because the frequency response is cantilever-specific, we must extract the cantilever-independent 
dynamics via a calibration of the frequency response to a time constant that describes the transient 
response of interest (main text Fig. 1c). We collect the relevant cantilever parameters during the 
trEFM experiment, enabling us to use our model6 to simulate a tfp to τ calibration curve (Appendix 
C Fig. 1), which we use to obtain the cantilever-independent equilibration time maps shown in this 
work. 
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Appendix C Fig 1. Example simulated calibration curve for extraction of cantilever-independent 
τ values. 

 

Figure shows characteristic time constant, τ, plotted against time-to-first peak, tfp, obtained from 
simulation; this calibration curve is used to map experimentally obtained tfp values to cantilever-
independent τ values that describe the external force perturbation to the cantilever’s oscillation 
(refer to Appendix C Note 1). We use our publicly available FFTA Python package to generate this 
calibration curve.6  
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Appendix C Fig 2. Topography of large-scale ROI to correlate trEFM with confocal PL 
microscopy. 

 

(a) Topography of large-scale ROI shown in main text Fig. 1d-e. (b) trEFM surface potential 
equilibration time constants plotted against trPL lifetimes in correlated regions. trPL lifetimes were 
collected with using 60× objective, NA=0.7, using a 640 nm laser at a fluence of 105 nJ/cm2.  
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Appendix C Note 2. Fitting trPL decays with stretch exponential. 

We fit the measured trPL decays using a stretched exponential function as described in Equation 
2 below. The stretched exponential function uses both a characteristic lifetime (τC) and a β-factor 
which describe the time to reach 1/e of the initial signal and the degree of heterogeneity in emitting 
states, respectively; a β-factor closer to 1 means emission is more homogenous, and the stretched 
exponential function collapses into a mono-exponential function.7 

Equation 2. 

𝑦 = exp h−
𝑡
𝜏F
i
G

 

From the τC and β-factor, we calculated the average trPL lifetimes as shown in Equation 3; this 
takes into account the amount of heterogeneity that exists in halide perovskite emission.7 

Equation 3. 

< 𝜏 >	=
𝜏F
β Γ h

1
βi 
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Appendix C Fig 3. UV-vis absorbance and XRD spectra to characterize perovskite half-stack 
samples and passivations. 

 

(a) UV-vis absorbance of half-stack samples including the unpassivated control and APTMS-, 
AEAPTMS-, and PEAI-passivated samples showing negligible change in overall absorbance after 
passivation. UV-vis characterization protocol described in main text Methods. (b) XRD spectra of 
half-stack samples including the unpassivated control and APTMS-, AEAPTMS-, and PEAI-
passivated samples showing negligible change in perovskite diffraction peaks and presence of 
PEAI salt peak at 4.6°.8 
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Appendix C Fig 4. PL spectra and trPL decays of perovskite half-stacks before and after surface 
passivation treatments. 

 

(a)-(c) PL spectra of control and passivated half-stack samples for APTMS, AEAPTMS, and PEAI 
passivation respectively. (d)-(f) trPL decays for control and passivated half-stack samples for 
APTMS, AEAPTMS, and PEAI passivation respectively. 

Appendix C Table 1. Stretched exponential fitting parameters for Glass/ITO/Me-
4PACz/Cs0.22FA0.78Pb(I0.85Br0.15)3 half-stack samples before and after passivation with AEAPTMS 
and PEAI. 

Sample τC (ns) β-factor 
Control 598 0.64 

AEPTMS 684 0.46 
Control 814 0.75 
PEAI 1335 0.60 
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Appendix C Fig 5. Photoluminescence quantum yields (PLQY) for control and passivated 
samples. 

 

Figure shows PLQY enhancement after passivation with each passivator. The bar represents the 
average of 3 different samples and the error bars are the standard deviation.  
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Appendix C Fig 6. trEFM measurements of AEAPTMS and PEAI treatment. 

 

(a) Representative topography and trEFM time constant image of control and (b) AEAPTMS 
treated half-stack samples. (c) Associated histogram that shows slower surface potential 
equilibration times after treatment. (d) Representative topography and trEFM time constant 
image of control and (e) PEAI treated samples. (f) Associated histogram that also displays slower 
surface potential equilibration times after treatment. 
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Appendix C Note 3. Approximation of surface recombination velocity (SRV) from trPL effective 
lifetimes. 

We approximate the SRV at the surface of the perovskite from the trPL measurements using 
Equation 4. Here, τsurf, W, and D describe the carrier lifetime at the surface, the perovskite 
thickness (500 nm), and electronic carrier diffusion coefficient (assumed to be 0.75 cm2/s). We can 
determine τsurf from the effective carrier lifetime (τeff) and the bulk carrier lifetime (τbulk) as shown 
in Equation 5. We take the average trPL lifetimes as the τeff and assume the τbulk to be 8000 ns and 
the surface recombination velocity at the perovskite/substrate interface to be negligible, as 
previous reported.9,10 

Equation 4. 

𝑆𝑅𝑉 =
𝑊

𝜏:65C − a
4
𝐷b a

𝑊
𝜋 b

# 

Equation 5. 

𝜏:65C = q
1
𝜏7CC

−
1

𝜏H6?I
r
!"
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Appendix C Fig 7. Histograms of the trEFM surface potential equilibration times measured in 
three ROIs of a control and APTMS-treated Cs0.22FA0.78Pb(I0.85Br0.15)3 half-stack sample. 

 

(a) Density normalized histograms showing the trEFM time constants measured across three 
unique ROIs in a Glass/ITO/Me-4PACz/Cs0.22FA0.78Pb(I0.85Br0.15)3 half-stack before and after 
APTMS treatment. The control and APTMS ROIs are also unique from one another. 

Appendix C Table 2. Average values of the trEFM surface potential equilibration times measured 
in three separate Cs0.22FA0.78Pb(I0.85Br0.15)3 half-stack samples before and after APTMS 
passivation. 

Sample Control <τ> (µs) APTMS <τ> (µs) 
1 10.5 35.0 
2 5.4 14.2 
3 5.5 35.5 
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Appendix C Note 4: On surface potential equilibration in perovskite systems as modeled by drift 
diffusion simulations. 

We assume that the surface potential in our simulations is dominated by electronic carrier dynamics 
because we observe equilibration of the surface potential on the scale of microseconds, while ion 
migration is typically on the minute timescale (see Equation 6).11,12 

Equation 6. 

𝜏)A= =
𝑏
𝐷J
t
𝑉K𝜀L
𝑞𝑁w$

 

Where τion is the time constant that describes mobile ions migrating to the Debye layers in 
perovskite thin films, b is the sample thickness, DI is the ion diffusion coefficient, VT is the built 
in voltage, εA is the dielectric constant of the absorber, q is the elementary charge, and 𝑁w$ is the 
mean cation vacancy density (cation vacancies are assumed to be relatively stationary compared 
to anion vacancies, and cation vacancy density is assumed to be equal to mean anion vacancy 
density, so 𝑁w$ represents mobile ion concentration).11–13  Given the parameters in Appendix C 
Table 3, ion motion occurs on the scale of several minutes. Because the electric potential in the 
sample is calculated according to Poisson’s Equation (9

$M
9%$

= N
O3
5𝑁w$ − 𝑃 + 𝑛	 − 𝑝7, where ϕ is 

potential, P is mobile anion vacancy, n is electron concentration, and p is hole concentration), we 
can use electronic carrier dynamics to explain the surface potential equilibration timescale. That 
said, if we increase the concentration of mobile ions (increase 𝑁w$, because 𝑁w$= P), we will observe 
slower surface potential equilibration dynamics due to the proportionally larger contribution from 
extremely slow ion motion. 

We propose that the carrier equilibrium condition can be described by the following set of 
equations: 

Equation 7. 

𝐺 = 𝑅 = 	−
𝑑𝑛
𝑑𝑡  

Where G is carrier generation rate, R is carrier recombination rate, n is electronic carrier 
concentration, and t is time. We describe recombination with the following equation: 

Equation 8. 

𝑅 =
1

𝜏PQR
[(𝑛$ +	∆𝑛)] + 𝛽[(𝑛$ + Δ𝑛)(𝑝$ + Δ𝑝)]	 

Where τSRH is the nonradiative recombination carrier lifetime, n0 and p0 are the electron and hole 
concentrations in the dark, Δn and Δp are the change in electron and hole concentrations, and β is 
the bimolecular recombination rate constant. Here, we assume that there is no Auger-Meitner 
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recombination.7,11 At the surface, there is an additional recombination term to account for surface 
recombination velocity, which we describe with the following: 

Equation 9. 

𝑅:65C>S7 = 𝑆𝑅𝑉 × Δ𝑛 

Where SRV is the surface recombination velocity at the perovskite/surface interface. Given our 
electronic carrier equilibrium condition described in Equation 7 (G = R), carrier concentrations 
in a sample with a higher SRV term will reach equilibrium at earlier times than a sample with 
lower SRV. 

We fit the surface potential evolution with a tri-exponential function to extract an average time 
constant to describe the rise time, though we note that this time constant is a phenomenological 
representation of surface potential equilibration dynamics and the trends should be interpreted as 
qualitative rather than quantitative in capturing the trEFM experiment. 

  



 104 

Appendix C Fig 8. Effects of the nonradiative recombination rate constant on the surface potential 
equilibration time. 

 

(a) Boxplot showing <τ> values calculated from tri-exponential fits of simulated surface potential 
traces with 405 nm, 1 mW/cm2 excitation, showing slight increase in surface potential equilibration 
time with increasing Shockley Read Hall carrier lifetime (τSRH); at low fluences, increasing 
nonradiative recombination lifetime leads to slower equilibration times, which is also shown in (b) 
example surface potential evolutions and (c) <τ> fits for those examples; however, at higher 
excitation intensities like 100 mW/cm2, τSRH shows little to no effect on the surface potential 
equilibration time, as seen in (d) and (e). Because τSRH primarily affects bulk carrier dynamics, we 
expect that the surface recombination velocity dominates the carrier dynamics at the surface of the 
absorber. For full simulation details, see Appendix C Table 3, where the primary parameters swept 
for (b)-(e) are τSRH (s) and illumination intensity (scalar), and all other parameters are held 
constant. Boxplot mid-line is the median, box edges are the first and third quartiles of the data, and 
the whiskers show the range of the data. 
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Appendix C Fig 9. Effects of the bimolecular recombination rate constant on the surface potential 
equilibration time. 

 

(a) Boxplot showing <τ> values calculated from a tri-exponential fit of simulated surface potential 
versus bimolecular rate constants, where simulated excitation was 405 nm at 100 mW/cm2, similar 
to experimental conditions described in text; (b) example surface potential traces with varied 
bimolecular rate constants for 100 mW/cm2 405 nm excitation with all other parameters held 
constant. For full simulation details, see Appendix C Table 3. We recognize that bimolecular 
recombination rate may be affected by surface passivation,14 but these simulations show that the 
bimolecular rate constant has a relatively minor effect on the surface potential evolution. Boxplot 
mid-line is the median, box edges are the first and third quartiles of the data, and the whiskers 
show the range of the data. 
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Appendix C Table 3. IonMonger simulation parameters used to simulate perovskite surface 
potential evolution. 

Parameter Value(s) Reference 
Thickness 500 nm N/A 
Bandgap 1.7 eV 11 
Absorption coefficient (α) 405 nm: 2.42085×107 m-1 

705 nm: 2.5807×106 m-1 
7 

Photon flux (Fph) 405 nm: 2.05×1021 m-2s-1 
705 nm: 3.55×1021 m-2s-1 

N/A 

Illumination Intensity 
(scalar) 

0.01 – 10 (scalar of 1 used for 
all 100 mW/cm2 simulations) 

N/A 

Dielectric constant (εA) 24.1×ε0 Fm-1 11,15,16 
Mobile ion concentration 
(N0) 

1×1013 - 1×1017 cm-3  17–23 

Ion diffusion coefficient (DI) 1×10-13 cm2s-1 16–23 
Carrier diffusion coefficient 
(D) 

7.5×10-3 – 7.5×10-1 cm2s-1 7,16,24,25 

Nonradiative recombination 
lifetime (τSRH) 

5×10-8 - 5×10-5 s 7,24 

Bimolecular recombination 
rate constant (β) 

1×10-11 - 1×10-9 cm3s-1 7,11,15 

Auger-Meitner 
recombination rate 

1×10-28 cm6s-1 7,15 

Surface recombination 
velocity (SRV) 

1×10-1 - 1×103 cm s-1 7,9–11,15,26 
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Appendix C Fig 10. Binary mask used to separate grain interiors and boundaries. 

 

(a) Representative topography of illumination bias region of interest shown in Fig. 4 of the main 
text; (b) binary mask calculated from topography representing grain boundaries (red) and grain 
interiors (blue); and (c) binary mask overlaid on topography. 
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Appendix C Fig 11. Binary mask used to separate grain interiors and boundaries for second region 
of interest. 

 

(a) Representative topography of illumination bias second region of interest (see Appendix C Fig. 
12); (b) binary mask calculated from topography representing grain boundaries (red) and grain 
interiors (blue); and (c) binary mask overlaid on topography. 
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Appendix C Fig 12. Illumination bias data for second region of interest (same illumination 
conditions as main text Fig. 4). 

 

(a) Representative topography of second ROI, showing nanoscale morphology; (b)-(e) trEFM 
surface potential equilibration time images of the same ROI with increasing 660 nm bias 
illumination intensity ranging from 0 mW/cm2 to 100 mW/cm2, where a fast 405 nm laser at 110 
mW/cm2 was used for trEFM excitation; (f) reproduced trEFM surface potential equilibration time 
image at 0 mW/cm2 showing return to unbiased time constants; (g) average grain interior and 
boundary trEFM surface potential equilibration times with respect to illumination bias intensity, 
error bars show standard deviation of masked pixel selection. Appendix C Fig. 11 shows binary 
mask used to extract grain boundary and interior data. Mean grain interior trEFM surface potential 
equilibration times decrease 22.1% at 100 mW/cm2 with respect to unbiased image, and mean 
grain boundary trEFM time constants decrease 27.0%.  
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Appendix C Fig 13. Binary mask used to separate grain interiors and boundaries for third region 
of interest. 

 

(a) Representative topography of illumination bias third region of interest where sample was 
biased with variable intensity 455 nm light and excited with the fast 405 nm laser (see Appendix 
C Fig. 14); (b) binary mask calculated from topography representing grain boundaries (red) and 
grain interiors (blue); and (c) binary mask overlaid on topography 
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Appendix C Fig 14. Illumination bias data for third region of interest. 

 

(a) Representative topography of third ROI, showing nanoscale morphology; (b)-(e) trEFM 
surface potential equilibration time images of the same ROI with increasing 455 nm bias 
illumination intensity ranging from 0 mW/cm2 to 100 mW/cm2, where a fast 405 nm laser at 110 
mW/cm2 was used for trEFM excitation; (f) reproduced trEFM surface potential equilibration time 
image at 0 mW/cm2 showing return to unbiased surface potential equilibration times; (g) average 
grain interior and boundary trEFM surface potential equilibration times with respect to background 
illumination bias intensity, error bars show standard deviation of masked pixel selection. Appendix 
C Fig. 13 show the mask used for grain boundary and interior analysis. Mean grain interior trEFM 
surface potential equilibration times decrease 17.6% at 100 mW/cm2 with respect to unbiased 
image, and mean grain boundary trEFM surface potential equilibration times decrease 31.2%. 
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Appendix C Fig 15. Excitation intensity dependent trPL lifetimes. 

 

(a) Representative measured trPL decays for a Cs0.22FA0.78Pb(I0.85Br0.15)3 half-stacks before and 
(b) after APTMS passivation with varied excitation fluences. Stretched exponential fits are shown 
with the dashed lines. (c) Average trPL lifetime measured as a function of the excitation intensity 
of a 640 nm laser for a set of Cs0.22FA0.78Pb(I0.85Br0.15)3 half-stacks before and after passivation. 
The average value is calculated from measurements made on three separate samples and the error 
bars represent the standard deviation of those three samples. See Appendix C Table 4 for fitting 
parameters. We expect carrier lifetimes to decrease at higher excitation fluences because of the 
increased contribution of higher order recombination rates.  
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Appendix C Fig 16. Excitation intensity dependent trEFM measurements. 

 

(a) Representative topography of a Cs0.22FA0.78Pb(I0.85Br0.15)3 half-stack showing nano-scale 
grains; (b) trEFM surface potential equilibration time map from 100 mW/cm2 excitation with 405 
nm laser showing slower dynamics at grain boundaries, as expected (see main text Fig. 2d); (c) 
topography of the same region of interest; (d) trEFM surface potential equilibration time map from 
image taken with 1100 mW/cm2 405 nm excitation, showing no observed contrast at grain 
boundaries and faster dynamics overall; and (e) histogram of these two trEFM surface potential 
equilibration time images validating our observation of faster (and lower contrast) surface potential 
equilibration dynamics captured with higher excitation intensity; at higher excitation intensity, 
higher order recombination dynamics have a higher contribution to overall electronic carrier 
recombination, meaning the sample reaches its equilibrium condition at earlier times. These results 
are consistent with the trend we observed in intensity dependent carrier lifetimes measured by trPL 
in Appendix C Fig. 15. 

  



 114 

Appendix C Fig 17. IonMonger excitation intensity simulations. 

 

(a) Boxplot showing <τ> values calculated from tri-exponential fits of simulated surface potential 
dynamics plotted against excitation intensity with 405 nm excitation, showing faster dynamics 
when absorber is excited with higher intensity light; (b) shows example surface potential traces 
with varied excitation intensities, demonstrating faster dynamics with higher excitation intensity 
and validating our experimental observations using trEFM in Appendix C Fig. 16. For full 
simulation details, see Appendix C Table 3, where primary parameter swept was Illumination 
Intensity (scalar).  
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Appendix C Fig 18. Wavelength dependent trEFM measurements. 

 

(a) Representative trEFM surface potential equilibration time images for 
Cs0.22FA0.78Pb(I0.85Br0.15)3 control half-stacks excited with 405 nm and (b) 705 nm fast lasers. (c) 
Representative trEFM surface potential equilibration time images for APTMS-treated half-stacks 
excited with 405nm and (d) 705 nm fast lasers. All images were collected with an incident intensity 
of ~150 mW/cm2. Note that (a) and (b) share a color bar and (c) and (d) share a color bar to show 
the difference observed with different wavelengths. (e) Histogram representations of all images 
where 405 nm excitation, 705 nm excitation, and APTMS-treatment correspond to blue, red, and 
hashed appearance, respectively. Excitation with 705 nm light yields faster surface potential 
equilibration times compared to excitation with 405 nm light. We hypothesize since we are exciting 
the sample through the substrate and measuring the perovskite surface with trEFM, excitation with 
longer wavelengths results in an increased generation of carriers near the perovskite surface due 
to a deeper penetration depth, which increases the contribution of SRV to the surface potential 
equilibration. 
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Appendix C Fig 19. IonMonger wavelength dependence simulations. 

 

(a) <τ> values calculated from a tri-exponential fit to simulated surface potential evolution, plotted 
against variable mobile ion concentrations for 405 nm and 705 nm excitation, showing 705 nm 
excitation consistently results in faster surface equilibration dynamics; and (b) showing that at 
varied surface recombination velocities, 705 nm excitation still results in faster equilibration 
dynamics than 405 nm excitation. This validates our experimental observations and rationale 
shown in Appendix C Fig. 18. For full simulation details, see Appendix C Table 3, where the 
primary parameters swept were mobile ion concentration and surface recombination velocity, with 
all other parameters held constant. 
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Appendix C Table 4. Excitation fluence dependent stretched exponential fitting parameters for 
Glass/ITO/Me-4PACz/Cs0.22FA0.78Pb(I0.85Br0.15)3 half-stack samples before and after passivation 
with APTMS. Representative for Appendix C Fig 15a,b. 

Sample, Fluence (photons/cm2) τC (ns) β-factor 
Control, 9.85e11 92 0.72 
Control, 4.92e11 118 0.69 
Control, 2.46e11 209 0.72 
Control, 9.85e10 390 0.65 
Control, 4.92e10 566 0.54 
APTMS, 9.85e11 504 0.52 
APTMS, 4.92e11 853 0.54 
APTMS, 2.46e11 1261 0.54 
APTMS, 9.85e10 1929 0.57 
APTMS, 4.92e10 2483 0.57 

 

Appendix C Figure 20. Recreation of Figure 1 (main text) using convolutional neural network 
processing workflow. 

 

(a) Average trEFM <τ> values (error bars are standard deviation) 17.6×10 μm region of interest 
collected using 705 nm excitation at an incident intensity of 100 mW/cm2; black dotted line 
corresponds to the line trace shown in (c). (b) Correlated PL map of the same ROI, taken using 
60× objective, NA=0.7, using a 640 nm laser at a fluence of 105 nJ/cm2. (c) Correlated line traces 
from the dotted lines shown in (a) and (b), where the trEFM line trace was smoothed to reduce 
pixel-to-pixel noise. Markers on (c) indicate positions shown in (b) where time-correlated single 
photon counting histograms were collected and fit with a stretched exponential (see Appendix C 
Note 2) to extract carrier lifetimes shown in legend.  All <τ> values were obtained by fitting the 
instantaneous frequency signals at each pixel using a cantilever-independent convolutional neural 
network as shown in Breshears, et al. (2025).27 All trends are preserved. We attribute the slight 
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variation in exact <τ> values to the convolutional neural network’s ability to fit slower processes 
that manifest later in the signal. 

Appendix C Figure 21. Recreation of Figure 2 (main text) using convolutional neural network 
processing workflow. 

 

(a) Average trEFM <τ> values (error bars are standard deviation) for control and passivated 
samples plotted against the PL lifetime as presented in Figure 2 of the main text. (b) Average trEFM 
<τ> values (error bars are standard deviation) for control and passivated samples plotted against 
the calculated SRV (see Appendix C Note 3). (c) Topography of unpassivated, control sample 
showing nanoscale grains, and (d) corresponding trEFM <τ> map. (e) Topography of APTMS-
passivated sample and (f) corresponding trEFM <τ> map. All <τ> values were obtained by fitting 
the instantaneous frequency signals at each pixel using a cantilever-independent convolutional 
neural network as shown in Breshears, et al. (2025).27 All trends are preserved. We attribute the 
slight variation in exact <τ> values to the convolutional neural network’s ability to fit slower 
processes that manifest later in the signal. 

 

  



 119 

Appendix C Figure 22. Recreation of Figure 4 (main text) using convolutional neural network 
processing workflow. 

 

(a) Topography of an unpassivated sample in a 2x1 μm region showing nanoscale grains. (b)-(e) 
Corresponding trEFM <τ> maps (surface potential equilibration time constants) with additional 
illumination bias (as described in the main text) with illumination bias intensities ranging from 0 
mW/cm2 to 100 mW/cm2, with a step-edge 405 nm laser at 110 mW/cm2 used for trEFM excitation. 
(f) Reproduced trEFM <τ> image at 0 mW/cm2 showing return to unbiased time constants and 
contrast. (g) Average grain interior and boundary trEFM <τ> values with respect to background 
illumination bias intensity, error bars show standard deviation of masked pixel selection (Appendix 
C Fig. 10). All <τ> values were obtained by fitting the instantaneous frequency signals at each 
pixel using a cantilever-independent convolutional neural network as shown in Breshears, et al. 
(2025).27 All trends are preserved. We attribute the slight variation in exact <τ> values to the 
convolutional neural network’s ability to fit slower processes that manifest later in the signal. 
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