Machine learning aided parameter analysis in Perovskite X-ray Detector
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ABSTRACT: Many factors in perovskite X-ray detectors, such as crystal lattice and
carrier dynamics, determine the final device performance (e.g., sensitivity and detection
limit). However, the relationship between these factors remains unknown due to the

complexity of the material. In this study, we employ machine learning to reveal the
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relationship between 15 intrinsic properties of halide perovskite materials and their
device performance. We construct a database of X-ray detectors for the training of
machine learning. The results show that the band gap is mainly influenced by the atomic
number of the B-site metal, and the lattice length parameter b has the greatest impact
on the carrier mobility-lifetime product (ut). An X-ray detector (m-F-PEA),Pbls were
generated in the experiment and it further verified the accuracy of our ML models. We
suggest further study on random forest regression for X-ray detector applications.
KEY WORDS:

X-ray detector, machine learning, lattice parameters, carrier dynamics, dark current.

1. Introduction

X-ray detectors play a vital role in various fields such as nuclear physics and
technology, medical diagnostics, non-destructive testing, security inspections,
astronomical observations, and high-energy physics research®. Halide perovskites have
emerged as a promising candidate for X-ray detection due to their exceptional
photoelectric properties, including a large atomic number for high absorption
coefficient, a large carrier mobility-lifetime product (ut) for efficient charge collection,
and adjustable band gaps leading to low leakage currents® 3. The performance
evaluation of X-ray detectors relies heavily on parameters such as sensitivity, detection
limit, and dark current*. For applications like medical imaging, maintaining exceptional
sensitivity and a low detection limit is crucial to minimize radiation exposure.
Additionally, these detectors must exhibit dark current densities below 1 nA cm™ to
uphold high detection quantum efficiency and dynamic range.® Researchers have
concentrated on material design, particularly focusing on A-site cations®®3, B-site
ions!#1® and X-site anions regulation? 2,

Utilizing three-dimensional (3D) perovskite materials has enabled X-ray detectors
to achieve outstanding performance metrics??, although challenges with dark current
density persist. Modifying the A-site cations and exploring lower-dimensional
structures have shown promise in reducing dark currents®. While low-dimensional
perovskites exhibit high resistivity and lower dark currents, they may face limitations

in carrier transport that impact X-ray responsiveness compared to 3D detectors?,



Researchers have been striving to enhance the performance and stability of perovskite
detectors through various methods, including material synthesis, crystal optimization,
and novel fabrication techniques. Despite efforts to improve sensitivity and reduce dark
current density, achieving high sensitivity, low detection limits, and minimal dark
currents below 1 nA cm™2 remains a significant engineering hurdle due to the inherent
properties of perovskite materials and technological complexities. In addition, the key
parameter affecting dark current remains unknown, due to the complexity of parameter
analysis. There are many parameters involved, such as atomic number, lattice constant,
trap density (Trap), bandgap (Eg), time-resolved photoluminescence (TRPL), resistivity
(RT), and carrier mobility-lifetime product (ut) etc.

Machine learning (ML) technology has recently shown promising advancements
in the realm of new energy materials design and analysis, particularly in optimizing
solar cells, predicting band gaps, designing compositions, and screening lead-free
alternatives®?8, ML's ability to extract information from complex datasets
autonomously can aid in identifying patterns and optimizing key parameters for
improved detector performance by linking material properties to detector
characteristics affected by multiple factors. Integrating ML methodologies could offer
a novel approach to addressing these complex systems and predicting X-ray detector
performance.

To this end, this study integrates ML into predicting X-ray detector performance.
The workflow is as follows. Initially, feature parameters (Za, Zs, Zx, Ziol, a, b, ¢, a, B,
Y, Eg, ut, TRPL, Trap, RT, detection limit, and sensitivity) are derived from existing
literature. During this process, missing values are estimated using comparable values
from other literature sources. Subsequently, the suggested characteristic parameters are
normalized to ensure scale uniformity and enhance convergence speed. Furthermore,
five ML algorithms, namely multivariable linear regression (MLR), random forest
regression (RFR), eXtreme Gradient Boosting (XGBoost), support vector regression
(SVR), and symbolic regression based on genetic programming (GPSR) are then
employed to determine the weights of the characteristic parameters that influence Eg,

ut, sensitivity, and detection limit. Ultimately, a novel X-ray detector device is



fabricated to validate the model's accuracy in real-world applications.
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Figure 1. The workflow of this study. Firstly, relevant research papers are retrieved.
Material data is extracted, and a database is generated. The database was used to train
five machine learning models. The prediction results are further verified by experiments.

The main contributions of this study are summarized as following. First, a database
of perovskite X-ray detector was created, containing 137 data samples and 23 features.
The database is publicly open-source and can be further used by other researchers.
Secondly, five different ML algorithms were applied to analyze the relationship
between four target features (i.e., bandgap, carrier mobility-lifetime product, sensitivity,
and detection limit) and other parameters (Figure 2), showing the applicability of ML
into perovskite X-ray detector. Our new experimental material for X-ray detectors
further verified the prediction accuracy of ML in the real-world settings. Finally, the
analysis of different ML models reveals that the atomic number of B-site elements has
the most profound impact on the Eg while lattice length b affects put mostly among other

features. The data and codes are available at https://github.com/hed115599/ML X-

ray Detector.
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Figure 2. Four target features (bandgap, carrier mobility-lifetime product, sensitivity,

and detection limit) and its dependent features to be analyzed.

2. Results and discussion
2.1. Database

The database is constructed from 136 relevant research papers and 1 real-world
experiment conducted in this study. Each data sample contains 23 features, and the
details are summarized in Table 1. During the data collection process, missing values
(e.g., those not mentioned in the literature) are estimated using comparable values from
other literature sources. To mitigate errors introduced by human factors, a diminished
weight was applied to data samples containing estimated values when using the data
(details provided in the Supplementary Information).

Table 1. Summary of the database.

Feature Abbreviation Mean Max Min
Perovskite NA NA NA NA
Molecular Structure NA NA NA NA
Atomic number of A site VN 109.3 1678.0 18.0
Atomic number of B site ZB 181.2 209.0 18.0
Atomic number of X site Zx 105.0 127.0 35.5

Total atomic number Ziotal 1054.0 6443.0 210.5




lattice lengths/a(A)
lattice lengths/b(A)
lattice lengths/c(A)
lattice angle/a®
lattice angle/B°
lattice angle/y°
Band gap (eV)
(em2V™)
(em?V-1s)
Resistivity(({2 cm)
Trap density(cm™3)
TRPL(ns)
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X-ray energy(KeV)
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2.2. Machine learning prediction

To demonstrate the machine learning prediction, the Predicted vs. Actual Plot with

training and test R? (RFR as an example) is shown in Figure 3. The x-axis represents

the true values while the y-axis represents the predicted values output by the ML model.

A closer alignment of points to the diagonal indicates a stronger correspondence

between the model's predicted values and the actual values, reflecting the model's

predictive accuracy. The training R? and test R? of the RFR model for Eq (Figure 3a)

are 0.97 and 0.80, respectively. The scatter points locate closely to the diagonal. These

demonstrate that the RFR model fits and predicts Eq well. However, for ur, sensitivity,

and detection limit, both the training R? and test R? are relatively low, and the Predicted

vs. Actual Plot shows errors (Figure 3b-3d). Other ML models also show similar results



(Figure S2-S5). Considering the low training R? and the substantial learning capabilities

of these models, the current feature set may not adequately capture the essential

predictors required for forecasting the target objectives. Additionally, the database used

in this study was extracted from various literature sources. This aggregation of data

from different experimental settings and instrumentation may introduce variability and

errors that could further contribute to the observed low predictive accuracy. Further

investigations into feature selection, as well as the exploration of additional features,

may be necessary to enhance the model's predictive accuracy and these remain to be

our future work.
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Figure 3. Predicted vs. Actual Plot of RFR for (a) Eg, (b) ut, (c) sensitivity, and (d)

detection limit.

To further test the validity of our trained ML models in the real-world instead of

only in literature, an experimental verification was conducted. It is noteworthy that 70%

of the database is comprised of lead-based perovskite materials. Consequently, we have



opted to employ a low-dimensional lead-based perovskite material for experimental

validation.
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Figure 4. (a) Packing view along b-axis of (m-F-PEA),Pbl4, red represents hydrogen bonding
between organic and inorganic layers, and cyan represents the existence of van der Waals forces
between organic ions, (b) Ball-and-stick model of lead iodine octahedron. (¢) In-plane (Pb-I-Pb) and
(d) out-of-plane distortion (quantitatively expressed as the residual angle of the angle formed by the
Pb-1 bond in the stacking direction and the layer plane) of (m-F-PEA),Pbls. (¢) Absorption spectra,
(f) band structure, (g) PL spectra and (h) the corresponding PL lifetime for the (m-F-PEA),Pbla.
The block-shaped orange-yellow single crystals (m-F-PEA),Pbl4 (i.e., 20x 5% 0.7
mm?) were grown through temperature cooling crystallization in a heated HI solution
containing chemically reactive m-FPEA and PbO (Figure S7a). The results obtained
from the scanning electron microscope (SEM) indicate that the surface of the single
crystal is exceptionally smooth (Figure S7b), whereas the cross-sectional image (Figure
S7c) reveals a periodic layered morphology. The results of the thermogravimetric
analysis (TGA) and corresponding first derivative results indicated that the mass loss
of (m-F-PEA),Pbls was as low as 1% at a temperature of up to 240°C (Figure S8a,b),
which surpasses many hybrid perovskite counterparts, such as (PEA):Pbls (215°C,
PEA= phenethylammonium)'®, DABCO-NHiCl (208.9°C, DABCO =N-N'-
diazabicyclo[2.2.2]octonium)*’. The simulated patterns align closely with the powder
X-ray diffraction (XRD) patterns of (m-F-PEA),Pbl4 (Figure S8c). The periodic XRD
peaks observed in the (m-F-PEA),Pbl4 SCs confirm the presence of a layered crystal

structure and its growth along the (002) crystal face orientation (Figure S8d). The



precise crystal structure of (m-F-PEA),Pbls was determined by single crystal X-ray
diffraction, as shown in Figure 4, and detailed crystallographic data are provided in
Table S2. The crystallographic analysis reveals that the crystal structure of (m-F-
PEA),Pbly4 is a typical Ruddlesden—Popper (RP) phase, adopting the C2/c space group
(a=66.489(4) A, b=12.2142(6) A, c=12.2131(8) A). The inorganic layers are separated
by two large organic cations, with van der Waals forces acting between the organic
layers. The organic layers are primarily connected to the inorganic layers through
hydrogen bonding (Figure 4a).

The electronic structure of perovskites is primarily determined by the Pbls
octahedron that make up the inorganic layer. Consequently, any distortion in the
octahedra would affect their optoelectronic properties, such as the absorption/emission
of excitons.*® Octahedral distortion can be quantitatively evaluated using the distortion

index (D) and the bond angle variance (c%):

1 |Li_lav|
D=ZXi=—= (1)
(6;—90)2
ot = g 0 @

The variables L; and Lay represent the individual and average Pb—I bond length,
respectively, while 0; denotes the individual I-Pb—I angle. The presence of smaller ¢
(1.25 deg?) and D (0.01) values in (m-F-PEA),Pbls indicates a narrower fluorescent
emission spectrum (Figure 4b).* The band gap is acknowledged to be influenced by
the Pb—I-Pb bond angles, whereby smaller angles contribute to a reduced overlap
between the Pb 6s and I 5p orbitals, consequently yielding a higher band gap.*’ The
compounds (m-F-PEA),Pbls (151.1°) and (o-F-PEA),Pbly (150.9°)*! exhibit
comparable Pb-I-Pb bond angles, resulting in a nearly identical band gap (2.29 eV)
(Figure 4c and Figure 4e). The band gap (2.10 eV) obtained from density functional
theory (DFT) calculations is in close agreement with the experimental results (Figure
4f). Furthermore, the smaller out-of-plane distortion of single-layer perovskites (1.39°)
results in narrow-spectrum fluorescence with small Stokes shifts (Figure 4d and Figure
4g).

For semiconductor detectors, the trap density and the bulk resistivity of the



semiconductor material significantly affect the sensitivity and detection limit of the
detector. This is particularly important for X-ray detectors that operate under high
electric fields. A low trap density is advantageous for improving the sensitivity of the
detector, while a high bulk resistivity is beneficial for enhancing the signal-to-noise
ratio of the detector and consequently reducing the detection limit. We initially
employed an impedance analyzer to test the capacitance-frequency curve of the (m-F-
PEA),Pbls SC devices in the frequency range of 0.4 to 1 MHz, in a dark environment,
for the purpose of calculating the relative dielectric constant (€) of the single crystal
(Figure S9a). € of the single crystal was then calculated to be 6.0 = 0.4 (Figure S9b).
Subsequently, the I-V curve of the (m-F-PEA),Pbl4 SC under dark conditions was
analyzed using the Keysight B2912A precision source meter, and evaluated based on
the SCLC model (Figure S9c). The defect density of (m-F-PEA),Pbls SC is 6.4 x 10'°

3, comparable to that of previously reported 3D** and 2D’ metal halide SCs and

cm’
significantly lower than traditional semiconductor materials such as Si** and CdTe**.
Additionally, the carrier mobility (9.76x102 cm?V-!'s™!) of (m-F-PEA),Pbls SC was
obtained by analyzing the "child" segment of the dark I-V curve. As shown in Figure
S9d, the (m-F-PEA),Pbls SC demonstrates a significant bulk resistivity of 3.78 x 10!
Q cm, which serves to effectively suppress leakage current and mitigate the impact of
noise current.

In order to investigate the X-ray detection capabilities of (m-F-PEA),Pbly, the X-
ray absorption coefficients for perovskite and conventional semiconductor materials in
the photon energy range of 10keV to 1.1MeV were calculated using the NIST X-COM
database.* The absorption coefficient of (m-F-PEA),Pbl, is significantly higher than
silicon across the entire energy spectrum of the display, rivaling a-Se and other similar
2D perovskite materials (Figure S10a). On this basis, we further calculate the thickness
required for different materials to fully absorb a fixed energy of X-rays. As shown in
Figure S10b, it can be observed that a single crystal of (m-F-PEA)2Pbls with a thickness
of 0.7 mm can absorb 94% of the peak energy of X-rays at 40 keV. Furthermore, based
on the modified Hecht equation, the current-voltage (I-V) curve of the (m-F-PEA)>Pbl4

SC device under X-ray irradiation was fitted, yielding a mobility-lifetime (ut) product



of 1.81x10* cm? V™!, which is comparable to that of 3D MAPbBr; (2.6x10™* cm? V1)#*
and significantly higher than that of a-Se (107 cm? V1)* (Figure S11a). Moreover,
there are significant variations in the dark I-V and illumination I-V, demonstrating the

favorable response of the (m-F-PEA),Pbl4 SC device to X-rays (Figure S11b).
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Figure 5. (a) Sensitivity fitting of the (m-F-PEA),Pbls SC detector under different bias voltage. (b)
Signal to noise ratio (SNR) of the (m-F-PEA),Pbl4 SC detector under different dose rates at 100 V
bias. (¢) Dark current drift and radiation stability (under continuous X-ray irradiation for more than
12 hours) measurement of the (m-F-PEA),Pbls SC detector. (d) (m-F-PEA),Pbl4 SC detector switch
stability test and 7 local magnification images.

Through the utilization of the exceptional charge transfer properties within the
plane of two-dimensional perovskites, a coplanar detector was fabricated based on the
(m-F-PEA),Pbls SC, and its X-ray detection performance was evaluated using
sensitivity and detection limit. Figure S12a shows the on/off photocurrent response
curve of the (m-F-PEA),Pbls SC X-ray detector at bias voltages from 10 V to 100 V

and at X-ray doses from 2.7 uGy s’ to 22.7 pGy s’'. The sensitivity at different bias



voltages was calculated from the photocurrent on/off response curves as shown in
Figure 5a, and reached 1033.7 uC Gyair'! cm™ at a bias voltage of 100 V. The sensitivity
of this value is higher than that of a 2D perovskite (PEA)>Pbls SC X-ray detector (848
1C Gyair! em)!?, and 51.7 times higher than the sensitivity of the current commercially
available a-Se X-ray detector used for X-ray imaging under high electric field (10000
V mm™) (20 uC Gyair! cm?).*’Moreover, the response current of the (m-F-PEA),Pbl4
SC detector at low X-ray dose rates was tested for the calculation of the detection limit
(Figure S12b). As illustrated in Figure 5b, we calculated and fitted the X-ray dose rate
versus detector signal-to-noise ratio (SNR) and extended the fit line to an SNR of 3 (as
defined by the International Union of Pure and Applied Chemistry*®) to determine the
detection limit of 1.41 uGy s™! for the (m-F-PEA),Pbls SC detector, which is nearly 4
times lower than the dose rate used in conventional medical diagnostics (5.5 pGy s).%
The lower detection limit can significantly reduce the radiation dose received by
patients during routine X-ray examinations, thereby greatly reducing the risk of X-ray
exposure.

The stability and repeatability of detectors in different environments are crucial
indicators for evaluating their usability in practical applications. Initially, under the
continuous application of an electric field of 200 V mm™!, we conducted a dark current
test on (m-F-PEA),Pbls SC devices for nearly 4 hours (Figure 5c¢). The dark current
drift of the 2D (m-F-PEA),Pbls SC detector is 9.59 x10® nA cm™ s V!, which is
significantly lower by five orders of magnitude compared to the dark current drift of
the 3D MAPbI; SC detector (2.0 X107 nA cm™ s! V1).5° This remarkable improvement
is attributed to the extremely low ion migration of the 2D (m-F-PEA):Pbls SC.
Furthermore, the (m-F-PEA),Pbls SC detector can operate for more than 12 hours under
high doses and continuous X-ray irradiation, with no significant decrease in X-ray
response current, indicating that indicating is intrinsically structurally stable under X-
ray irradiation (Figure 5c¢). We also conducted tests on the stability of the (m-F-
PEA),Pbls SC X-ray detector when exposed to air at room temperature (Figure S13a).

The results indicate that the response current of the detector remains comparable to the

initial response value, even under different high doses (96.2-790.2 uGy s') after 60



days (Figure S13b). Finally, after 1254 response cycles at 20 seconds interval, the
response current and dark current of the (m-F-PEA),Pbls SC detector remained 97.5%
and 99.45% of the initial value, respectively (Figure 5d). During a testing period of over
25000s , the on-off response of seven magnified sections remained consistent, further
indicating the device has excellent on-off stability. The response time of detectors has
been investigated due to the rapid response of X-rays, which can reduce the radiation
dose received by patients in medical diagnosis. The rise time (from 10% to 90%) of the
(m-F-PEA)>Pbl4 SC detector for pulsed X-ray is measured to be 16.8 ms, while the fall
time (from 90% to 10%) is determined to be 29.1 ms (Figure S14). Combining good X-
ray detection properties with excellent stability, (m-F-PEA),Pbl4 SC hold promise for
high-quality X-ray imaging.

The experimental result above is visualized in Figure 3 (red dot). The RFR model
predicted a bandgap value as 2.23 eV, which is closest to the experimental value (2.29
eV), followed by XGBoost (2.42 eV), GPSR (2.09 eV), SVR (2.56 eV), and MLR (1.98
eV) (Figure 3a and Figure S6a). Compared to the DFT calculation result (2.1 eV), the
prediction by machine learning models is more accurate. Despite the low fitting
accuracy of pt and detection limit, the RFR model still predicted these targets with
considerable accuracy (Figure 3b and 3d). For sensitivity, there is a slight error between

the experimental value and the predicted value (Figure 3c).

2.3. Machine learning analysis

To determine which feature has the most significant impact on the target, we
ranked the feature importance (calculated using permutation importance) within each
ML model (Figure 6). The ranking reveals that the Zg has most significant effect on Eq
with a highest feature importance among other features. This finding is consistent with
the high Pearson correlation coefficient (-0.85) between Eq and Zg (Figure 6a). The B-
sites occupying the perovskites in the collected database are dominated by the elements
Pb, Bi and small organic molecules (NH4", N2H4"). Perovskites incorporating small
organic molecules at the B-site are classified as molecular perovskites?. The organic

constituents of these molecular perovskites play a significant role in determining the



band gap. Typically, organic molecules exhibit a wide band, and the weak interaction
between organic macromolecules and halogens leads to a relatively large energy
discrepancy (i.e., band gap) between the valence and conduction bands!# 2%,

The GPSR model can provide a formula for predicting bandgaps that

E, =log(Zpg X Z,) + \/Z_B (3)
where Zg and Zx represent the atomic numbers of the B-site and X-site atoms in
organic-inorganic hybrid halide perovskites. The formula also indicates the high
relationship between Zg and E4. According to formula 1, the bandgap of perovskites is
related to the B and X site atoms but not to the A atom, aligning with the fact that A-

site ions do not directly contribute to the band structure in actual perovskites®”.
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Figure 6. The Pearson correlation heatmap (a) and feature importance ranking for Eg (b), pt (c),
sensitivity (d), and detection limit (e).

Despite the low test R? for ut, most of ML models weight more on lattice length
b in prediction of ut (Figure 6¢). Among the five ML models, RFR has demonstrated
a remarkable ability to predict the properties of perovskite X-ray detectors with high
accuracy (Table S1). This robust performance can be attributed to several inherent
characteristics of the RFR algorithm and the specific nature of perovskite materials and
their properties. Firstly, perovskite materials exhibit complex and non-linear
relationships between their structural parameters. RFR is particularly adept at capturing
these non-linear interactions without the need for explicit model specification, unlike
linear regression models. This capability allows RFR to model the nuanced impacts of

compositional and structural variations in perovskites more effectively. Secondly, our



datasets may contain outliers or missing values due to experimental challenges and
variability in synthesis conditions. RFR is capable of handling such datasets effectively,
as the random forest algorithm is less sensitive to outliers and can handle missing data
by using surrogate splits or ignoring missing values during the node splitting in trees.
Therefore, given these strengths, we suggest further utilization and investigation of

RFR for researchers and developers in the field of X-ray detector.

CONCLUSION
In this work, we collected a database for perovskite X-ray detectors and demonstrated

that ML techniques can be applied to analyze parameters in perovskite X-ray detectors.

Five ML regression models were trained to analyze the main factors affecting Eq, pur,

sensitivity, and detection limit. The RFR model has identified the intrinsic parameter
Zg of a given perovskite material to have the greatest impact on the Eg, while lattice
length b affects ut mostly among the features. . The obtained result aligns with its
corresponding physical significance, revealing the applicability of the ML model. Our
ultimately prepared (m-F-PEA),Pbls single-crystal X-ray detectors futher verified the
accuracy of ML models in real-world applications.. We suggest further studies on

RFR for X-ray detector applications.
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