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ABSTRACT  

Disclosing the full potential of functional nanomaterials requires the optimization of synthethic 

protocols and an effective size screening tool, aiming at efficiently triggering their size-dependent 

properties. Here we demonstrate the successful combination of a wide-angle X-ray total scattering 

approach with a deep learning classifier for directly sizing quantum dots in both colloidal and dry 

states. This work offers a compelling alternative to the lengthy process of deriving sizing curves 

from transmission electron microscopy coupled with spectroscopic measurements, especially in 

the ultra-small size regime, where traditional empirical functions exhibit larger discrepancies. 

The core of our algorithm is an all-convolutional neural network trained on Debye scattering 

equation X-ray simulations, incorporating atomistic models to capture structural and 

morphological features, and augmented with physics-informed perturbations to account for 

different predictable experimental conditions. The model performances are evaluated using both 
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wide-angle X-ray total scattering simulations and experimental datasets collected on lead sulfide 

quantum dots, resulting in size classification accuracies surpassing 97%. With the developed deep 

learning size classifier, we overcome the need for calibration curves for quantum dots sizing and 

thanks to the unified modeling approach at the basis of the total scattering method implemented, 

we include simultaneously structural and microstructural aspects in the classification process,  

This algorithm can be complemented by incorporating input information from other experimental 

observations (e.g. small angle X-ray scattering data) and can be easily extended to other classes of 

nanocrystals, providing the nanoscience community with a powerful and broad tool to accelerate 

the development of novel functional (nano)materials.  

 

INTRODUCTION  

The development of fast and reliable sizing methods for colloidal quantum dots (QDs) is of 

paramount importance to fully exploit their size-tunable optoelectronic properties.1–4 In this regard, 

there is a general consensus on the use of the so-called “sizing curves”, which plays a crucial role 

in optimizing synthetic protocols and investigating size-dependent properties.5 Typically, these 

sizing curves are empirical polynomials6–9 or inverse size-dependent terms added to the bulk 

bandgap,5,10–13 mostly describing the trend of photophysical properties with size. They establish 

phenomenological relations between the average sizes of QDs, usually determined by transmission 

electron microscopy (TEM), and their absorption band edge energy, whose values are determined 

by the quantum confinement effect, which is particularly relevant for the size regimes investigated 

in syntheses and applications.1 However, TEM has important critical issues, mainly related to 

inadequate statistics5 and underestimation of ultrasmall sizes, due to their low contrast with respect 

to the background signal.14 Furthermore, TEM experiments are performed under vacuum and on 
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dry QDs, whereas the corresponding spectroscopic data are collected on colloidal samples; this 

effect alone can potentially modify the sample by undesired ligand desorption and its size estimate 

if self-assembly phenomena trigger size-selection mechanisms.15 Due to these intrinsic limitations 

of electron microscopy, small angle X-ray scattering (SAXS) has recently emerged as an 

alternative or complementary tool to define calibration curves for QDs sizing.12–14 SAXS allows 

overcoming some of the TEM drawbacks, such as limitations in sample representativeness, and 

collecting data directly on colloidal suspensions. However, SAXS methods are not very routinary 

when it comes to data analysis, primarily due to the impact of QDs aggregation or self-assembly 

on SAXS data and to their sensitivity to (monodisperse) nanocrystals faceting, the reconstruction 

of which requires a precise description of fine morphological features of the sample.16,17 

Additionally, SAXS lacks crystal structure-morphology information, which is highly relevant for 

anisotropic-shaped nanocrystals.18  

Despite their broad applicability to many QD categories, recent articles have drawn attention to 

significant discrepancies among empirical sizing expressions derived from different datasets for 

the same class of materials.5,12,14 These differences have been attributed to either inaccurate size 

determination from TEM (related to the poor electron scattering contrast between small particles 

and the underlying carbon support), or to unresolved band edge transitions (causing large errors in 

the first excitonic peak determination), and ultimately resulting in incomparable size estimation 

among different laboratories.14  

A recent attempt to overcome the need for empirical calibration curves and to provide a 

physically meaningful tool for QDs sizing has been reported by Hens and coworkers.12 They 

provide a semiempirical expression to describe quantum size effects for a large number of 

semiconductor nanocrystals based on the band gap of the bulk material, with a single fit parameter, 
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employing a correction for the impact of nonparabolic energy bands on the QDs band gap. 

However, this approach, which considers quantum confinement as the sole origin of band gap 

tuning in QDs, has some limitations when structural aspects (e.g. lattice expansion/contraction, 

structural defects, octahedral rotations, etc.) play a role.19–22  

Over the past decades, total scattering methods, in particular those based on the Debye Scattering 

Equation (DSE) and operating in reciprocal space, have been established as essential tools for 

characterizing the structure, microstructure and morphology of nanocrystals,15,23,24 including 

ultrasmall QDs.16,17,25 Although wide-angle scattering-based techniques are primarily sensitive to 

the atomic-scale structures of materials, reciprocal space total scattering methods provide robust 

information on multiple length scales, in particular if nanocrystalline materials are considered.26 

For anisotropic particles, these methods enable coherent domain sizing along different 

crystallographic directions, allowing structure-morphology relationships as well.18  These goals 

are achieved by combining a data-collection strategy favoring high-angular resolution in Q-space27 

(where Q= 4π sinθ/λ is the magnitude of the scattering vector), a strict data-reduction protocol and 

a unified structural and morphological modeling approach, starting from atomistic models and 

allowing the DSE to account for both Bragg and diffuse scatterings on equal footing.28 This is 

particularly relevant for ultrasmall and/or defective QDs for which the peak broadening and diffuse 

scattering induced by size effects cannot be easily separated from those arising from structural 

defects. In such cases, a comprehensive modeling approach that incorporates all these features into 

atomistic models becomes necessary to extract quantitative and accurate structural and 

microstructural information.17   

Nevertheless, constructing reliable and customized atomistic models, to be optimized against 

the experimental data to extract structural and microstructural parameters, remains a highly 
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challenging task and often poses a bottleneck for wide-angle scattering-based methods.29–31  To 

overcome this limitation, several semi-automated “mining” approaches have been recently 

developed, within the framework of real-space total scattering methods.29,32–37  Inspired by these 

studies, we tackle the challenge of developing reliable, efficient, and user-friendly methods for 

QDs sizing, using a combination of reciprocal space wide-angle X-ray scattering methods based 

on the DSE and an all-convolutional neural network (all-CNN) that provides physically 

interpretable results. 

In this work, we develop and apply this novel tool to lead-chalcogenide binary QDs, which 

serves as a benchmark system. Indeed they have been extensively characterized within the DSE 

approach, which has provided a well-established knowledge about their structural and 

morphological features.16,25 Moreover, a notable aspect of these materials is the absence of planar 

defects, a high density of which typically challenges the determination of nanocrystal sizes by 

using wide-angle scattering methods.17,21,23 The proposed supervised deep learning (DL) approach 

enables direct sizing of colloidal QDs within 3-5 seconds on a standard personal computer, without 

the use of calibration curves, and employing wide-angle X-ray scattering data, easily accessible 

via synchrotron and even laboratory measurements, as sole input information. The simulated data 

used to train the all-CNN are modified with physics-informed data augmentation, through the 

implementation of experimental artifacts that perturb the synthetic X-ray scattering patterns. 

Importantly, our algorithm does not require any prior information on the material or strict 

requirements on the collected Q-range, and datasets of both colloidal and dry samples can be used, 

without significant loss of accuracy even down to a minimum Qmax∼4 Å-1. Therefore, the presented 

automated tool can be readily used for real-time sizing of PbS QDs via wide-angle X-ray patterns, 

even from diluted colloidal suspensions, within the limitations of the Q-range and signal-to-noise 
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ratio typically encountered in in-situ and in-operando diffraction experiments or from fast data 

acquisition using a conventional laboratory diffractometer. Additionally, it can serve as a rapid 

screening tool for the optimization of synthetic protocols. Furthermore, the proposed method can 

be easily extended to other classes of nanocrystals, allowing non-experts in crystallography and 

X-ray diffraction (XRD) to use the proposed automated workflow to generate the required DSE 

pattern libraries used to train the all-CNN classifier. 

 

RESULTS AND DISCUSSION 

Debye Scattering Equation (DSE) simulations for training and testing datasets.  In this 

work, similar to other DL-based methods, we treated the X-ray scattering dataset as a holistic 

profile, analogous to an image. To train and test our model we first created a library of synthetic 

wide-angle X-ray total scattering  (WAXTS) patterns computed by the DSE, following a bottom-

up strategy, as illustrated in Figure 1a (1. DSE simulations) and detailed in the Methods.38  The 

use of simulated data, for the model training is motivated by practical considerations: as 

demonstrated elsewhere in a similar case of study,31 the accuracy of the DL model is highly 

dependent on the size of the training set, and reaching a plateau requires a substantial amount of 

data. At this stage, an initial set of 1292 DSE simulations was created, by considering instrumental 

conditions that are rather standard for QDs studies at the Material Science beamline of the Swiss 

Light Source (0.5° – 84° 2θ range, step 0.0036°, wavelength = 0.56 Å) and a combination of 

structural and microstructural parameters of lead sulfide (PbS) QDs, as follows: i) for each size, 

19 isotropic lattice deformation were included (from -0.25% to +0.51% of the PbS bulk lattice 

parameter 5.934(1) Å,39 with a step of 0.04%), to account for size/ligands induced strain effects;16 

ii) average diameters of PbS QDs from 2.0 to 10.0 nm (in steps of 0.5 nm), covering 17 classes, 
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each of them combined with four different measures of size dispersion, in the form of standard 

deviations of a lognormal size distribution function (relative size dispersions of 5, 10, 15, 20%, 

considering the range of interest for QDs applications). Figure 1b showcases the effect of different 

lattice strains (-0.25% and +0.51% vs the bulk value, see Methods) and relative size dispersions 

(5% and 20%) on the DSE simulations of 3.0 nm and 8.0 nm PbS QDs.  

Physics-informed DSE datasets augmentation. Typically, QDs are stored as colloidal 

suspensions of an organic solvent, and the WAXTS experiments can be performed either in 

capillaries filled with colloids or in dry conditions, by drop-casting or spin-coating the colloidal 

suspension on a flat substrate, or by letting them dry in open capillaries by solvent evaporation. 

To bridge the gap between simulated patterns and real datasets, a physics-based data augmentation 

was implemented (2. Data Augmentation in Figure 1a). This augmentation was obtained by 

combining each of the 1292 DSE simulations with i) experimental WAXTS signals of two solvents 

(hexane and toluene), properly rescaled to the PbS QDs trace to account for variations in the 

concentration of nanocrystals in the solvent. Four different QDs concentrations (7%, 20%, 44%, 

100% in w/w% - where 100% indicates the dry condition) were treated. The corresponding DSE 

simulations are shown in Figure 1b; ii) four noise levels, chosen to represent the average 

signal/noise ratios (SNR) of 14, 24, 46, and 122 (Figure 1b), according to a Poisson distribution.27 

By applying this augmentation method, 41344 WAXTS patterns were generated, resulting in an 

expanded dataset that encompasses a wide range of experimental conditions.  

Before feeding the DSE patterns into the developed all-CNN, a data standardization step was 

implemented, corresponding to point 3. Data Standardization in Figure 1a, with the aim of 

ensuring a constant number of equispaced points, and a standardized integral area underlying the 

simulations. This pre-processing stage is aimed at obtaining uniformly scaled input datasets for 
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both the training and the testing workflows shown in Figure 1. The data standardization is applied 

to all input datasets, including simulated X-ray patterns and experimental data, and involves the 

following operations: i) the x-scale of the X-ray patterns is converted from 2θ to Q, being  

𝑄 = 4𝜋 sinθ 𝜆⁄  independent from the wavelength used for the experiments or simulations. This 

conversion is particularly convenient when dealing with synchrotron data, which can be collected 

with a wide range of different photon energies. ii)  A specific Q-range (1.0 Å-1 ≤ Q ≤ 15.0 Å-1) is 

selected from the input data. This approach eliminates the need for manual intervention to specify 

a range of the input vector for the DL model. If the Q-range of the input data falls outside the 

default choice of 1.0 Å-1 ≤ Q ≤ 15.0 Å-1, it is automatically adjusted: if longer, it is cut to fit the 

default range, if shorter, missing intensities are padded with zero values. Therefore, the pre-

selected Q values allow a multitude of different experimental ranges to be accommodated. iii) The 

input pattern is sampled, through a spline interpolation, to have a final number of 5004 equispaced 

points in the selected Q-range (1.0 Å-1 ≤ Q ≤ 15.0Å-1), with a Q-step of 0.0028 Å-1 (~ 0.016° in 2θ 

degrees). This step is particularly convenient when dealing with synchrotron data which are 

collected with high angular resolution and stored as several thousands of data points.  iv) Each 

calculated pattern is rescaled to have the same integral area, in order to deal with comparable 

signals, which may significantly vary depending on the experimental conditions.   

According to this strategy, a 1D vector with dimensions 5004×1×1 is generated from each DSE 

simulation (intensities only) of the database; these vectors are all collected in a comprehensive 

matrix used as input for the all-CNN.  

The architecture of the final all-CNN classifier, inspired by that reported in ref. 31, consists of an 

input layer, followed by five convolutional layers, a Global Average Pooling Layer (GAP), and an 

output layer, as detailed in the Methods and in the Supplementary Information (Supplementary 

https://doi.org/10.26434/chemrxiv-2023-127s9 ORCID: https://orcid.org/0000-0002-6001-9040 Content not peer-reviewed by ChemRxiv. License: CC BY-NC-ND 4.0

https://doi.org/10.26434/chemrxiv-2023-127s9
https://orcid.org/0000-0002-6001-9040
https://creativecommons.org/licenses/by-nc-nd/4.0/


 9 

Text and Figure S1).  The final model presented in this work was trained on (randomly picked) 

80% of the total DSE simulations, and the remaining 20% of the dataset was used for testing.  

We initially trained and tested the all-CNN using a single solvent (either hexane or toluene), 

whereas we evaluated the overall performances on a combined dataset, consisting of simulations 

with both solvents added. The outcomes revealed a poor performance of the algorithm under the 

aforementioned conditions, with accuracies as low as 60% (details are given in Tables S1). This 

result suggests a crucial influence of the type of solvent in accurately determining the size of 

particles in suspension, as highlighted in Figure S2. Therefore, we built the final expanded dataset 

by incorporating DSE traces that combine PbS QDs simulations with both toluene and hexane 

traces (41344 patterns). These are indeed the solvents commonly used for storage of colloidal 

suspensions of nanosized oleate-capped II-VI and IV-VI semiconductors. 

To assess the robustness of the developed DL model across experimental conditions that were 

not accounted for during training, additional datasets were built for testing (Robustness tests in 

Figure 1a). In this regard, a portion of the DSE simulations  generated at point 2 in Figure 1a (27% 

of the physics-augmented database), is randomly picked-up and coupled with variations in Qmax 

values (5 reduced ranges, down to 2.50 Å-1) and Q-step (20 subgroups), down to 0.056 Å-1 

(corresponding to 251 points only in the DSE pattern);  moreover, an extra subset is generated by 

encoding new solvent contributions (corresponding to 11 new QDs concentrations, down to 2 

w/w%).   

 

 

 

https://doi.org/10.26434/chemrxiv-2023-127s9 ORCID: https://orcid.org/0000-0002-6001-9040 Content not peer-reviewed by ChemRxiv. License: CC BY-NC-ND 4.0

https://doi.org/10.26434/chemrxiv-2023-127s9
https://orcid.org/0000-0002-6001-9040
https://creativecommons.org/licenses/by-nc-nd/4.0/


 10 

 

 

Figure 1. (a) Schematics of the pipeline for the generation and standardization of the DSE X-

ray pattern simulations to feed the all-CNN classifier. The standard workflow for training and 

testing the algorithm using DSE simulations is represented by blue arrows, while the red arrows 

show the path followed for additional testing (Robustness test) using newly created datasets.  

(b) DSE X-ray simulations of PbS QDs of average diameters of 3.0 nm (bottom line) and 8.0 

nm (top line) generated with: relative lattice strain of +0.51% (red trace), 0.25% (blue trace) 

and 0% (green trace). The strain is computed as (a-aB)/aB×100 (aB=5.934(1) Å). Residual traces 

at the bottom correspond to -0.25%–0% and +0.51%–0% pattern differences; relative size 

dispersions of 5% (blue trace) and 20% (red trace). The size dispersions of the population of 

spherical nanocrystals, modeled as standard deviations of lognormal size distribution functions, 

are shown in the insets as histograms along with the number fraction of each cluster in the 

population; QDs concentrations in toluene (w/w = 7%-magenta, 20%-green, 44%-blue, 100%-

red traces) used for training the all-CNN; SNR equal to 14 (red trace) and 122 (blue trace), which 

follows a Poisson distribution around the simulated values.27  
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All-Convolutional Neural Network (all-CNN) as QDs size classifier. The all-CNN was 

trained and tested on the augmented dataset, containing 41344 simulated patterns, achieving 

accuracies exceeding 97%.  

The confusion matrices of this run (Figure S3), resulting from the fivefold cross-validation (as 

detailed in the Methods and Supplementary Text), were evaluated to visualize and summarize the 

performance of the model, together with the histograms reporting the error distribution throughout 

the 17 classes (Figure 2a) and for the QDs concentrations (in w/w%) used for training/testing the 

model (Figure 2b). 

The size prediction accuracy (computed as the ratio of correct size classifications to the total 

number of predictions) decreases toward larger QD sizes, as shown in the confusion matrices of 

Figure S3. This result is further clarified by the analysis of the labels incorrectly assigned during 

testing, as illustrated in Figure 2 and Figure S4, which provide a physical interpretation of the 

results obtained from the DL model. The number of errors of the all-CNN classifier rises with 

increasing PbS diameter (Figure 2a), rather than being concentrated at the smaller sizes, for which 

the more significant peak broadening and solvent contribution (especially in highly diluted 

conditions) smears out the main diffraction peak features (Figure 2c). In contrast, for the larger 

sizes, the Bragg peaks are quite sharp and well-defined, but more similar among adjacent classes 

(Figure 2c). An important implication of these results is the ability of the developed DL classifier 

to discriminate ultrasmall sizes (above reasonable dilution/SNR), typically one of the most 

challenging tasks at the nanoscale.14  

To further analyze the effect of colloids dilution on QDs size classification, we evaluate the DL 

model by sorting the classified traces in the four QDs concentrations used for data augmentation 
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(w/w = 7%, 20%, 44%, 100%), each concentration encompassing all sizes (Figure 2b and Figure 

S4).   

 

 

Figure 2. Error distribution among the different size classes (a) and as a function of colloid 

dilution (b) cumulative for all sizes.  Errors are calculated as the fraction of misclassifications 

during the testing phase with respect to the total number of predictions. This analysis provides 

insights into how the misclassifications are distributed across the 17 size classes (a) and colloid 

dilutions (b). (c) DSE simulations of PbS QDs with different average sizes, highlighting a 

progressive increase in the similarity of spectral features as the average diameter increases from 

small to large QDs; the Clark distance metric  (dCl, very efficiently discriminating changes due 

to size effects)40 is computed between representative peaks shown in panel c (1.5 Å-1 ≤ Q ≤ 2.5 

Å-1) as  √∑ [|(𝐼𝑖
𝑠𝑚𝑎𝑙𝑙 − 𝐼𝑖

𝑙𝑎𝑟𝑔𝑒
)| (𝐼𝑖

𝑠𝑚𝑎𝑙𝑙 + 𝐼𝑖
𝑙𝑎𝑟𝑔𝑒

)⁄ ]
2

𝑁
𝑖,=1  , Ii being the intensity at Qi for the two adjacent 

sizes. The smaller the dCl distance, the more similar the signals. The same trend is obtained by 

comparing the simulated full patterns (1.0 Å-1 ≤ Q ≤ 15.0 Å-1).  

 

Very promising results are gained for the dry condition (w/w = 100%) for which no errors are 

found in size predictions. For the other concentrations, the number of misclassified elements 

positively correlates with the colloid dilution. This is quite an encouraging result, considering that 
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the QDs colloidal suspensions can be easily drop-casted or spin-coated on a flat substrate, allowing 

the measurements to be performed in dry conditions using the typical lab XRD instrument in 

Bragg-Brentano geometry. 

Evaluating the robustness of the size classifier. We assessed the performance of the developed 

model in predicting the size of QDs while dealing with experimental artifacts different from those 

accounted for in the training set. To perform these robustness tests on the formerly trained model,  

we created additional datasets by varying the Qmax, Q-step, and QDs concentrations independently, 

within limits that were considered experimentally reasonable.  

The developed model was fed with the new DSE simulations without retraining, and the 

accuracy in the classification of the PbS QDs size, defined as the ratio of correct size classifications 

to the total number of predictions,  was computed as a function of the experimental parameters 

explored.  

Firstly, we considered the robustness against the variation of the Q-range of the pattern 

simulations, here adjusted as variable Qmax depending on the experimental setup. Data collected 

either with laboratory instruments (typical Qmax ∼ 7 Å-1) or at synchrotron facilities with tunable 

Qmax (typically up to 12-15 Å-1 in high-angular resolution configurations41) are therefore 

considered.  To this aim, we explored reduced ranges of that originally used for training the model 

(Qmin = 1.0 Å-1 and Qmax  = 15.0 Å-1), by selecting four representative values in between. Figure 3a 

displays different values of Qmax each exemplified by color-coded vertical dashed lines, with the 

corresponding accuracy, in terms of model prediction, reported in Figure 3b. 

In contrast to what is observed with real space total scattering methods,37 applying Qmax 

truncation to reciprocal space data does not lead to irreparable signal distortions across the entire 

data range, instead, it results in a limited subset of information, contingent upon the explored range. 
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Figure 3. Robustness tests. Q-range modification: (a) simulated DSE X-ray pattern of 3.0 nm 

PbS colloidal QDs in toluene, the dashed vertical lines represent the Qmax cut considered to 

estimate the robustness of the trained model. (b) Accuracy for size classification of PbS colloidal 

QDs, at different Qmax and the same Qmin = 1.0 Å-1. The colors of the markers correspond to the 

dotted vertical lines in panel (a), indicating the associated Qmax. Datasets coarsening: (c) 

simulated DSE X-ray patterns (y-offset for clarity) of representative 8.5 nm PbS colloidal QDs 

in toluene, and data coarsening from bottom (yellow trace 5004 points, Q-step = 0.0028 Å-1) to 

top (dark red trace 251 points, Q-step = 0.056 Å-1). A reduced Q-range is shown in the figure 

for the sake of clarity. (d) Accuracy for size classification of PbS colloidal QDs (x-axis in 

logscale)  upon data coarsening (different Q-steps)  at two representative Q-ranges: top  

1.0 Å-1 ≤ Q ≤ 5.0Å-1 (typical XRD lab. conditions, green markers); bottom: 1.0 Å-1 ≤ Q ≤ 15.0Å-

1 (typical synchrotron wide-angle X-ray scattering setup). QDs dilution: (e) simulated DSE 

patterns of 3.0 nm PbS colloidal QDs in toluene, characterized by different colloids 

concentrations, from w/w = 100% (black trace) down to w/w = 2% (red trace). A reduced Q-

range is shown in the figure for the sake of clarity.  (f) Accuracy for size classification of PbS 

colloidal QDs, considering the different colloid concentrations indicated on the x-axis. The 

colors of the markers correspond to the DSE simulations shown in panel (e).  
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Figure 3b shows that the accuracy of our model classifications remains consistently above 97% 

until a remarkably low Qmax value of 4.4 Å-1 is reached, a result that is particularly relevant 

considering limited experimental conditions, such as those accessible for example during in-

situ/in-operando experiments. Below this threshold, a significant decay in the model’s 

performance is observed, with the accuracy dropping to 47% at Qmax = 2.5 Å-1, emphasizing the 

critical role of the low-Q data in accomplishing the targeted task. Indeed Qmin variation (tested at 

Qmin = 1.7 Å-1 and Qmax = 15.0 Å-1, not shown in Figure 3 for the sake of clarity) produces 

significant effects even if low-Q Bragg peaks are included in the simulations causing a substantial 

drop in the performances of the model down to 41% (Figure S5).  

The error distribution analysis for the selected Q-ranges is reported in Figure S5, showing a 

higher accumulation of misclassifications at larger QDs sizes down to Qmax = 4.4 Å-1. The drops 

in accuracy observed for the Q-ranges 1.0 - 2.5  Å-1 and 1.7-15.0 Å-1 are accompanied by a general 

increase in the number of errors across all classes, indicating that the limitations imposed by these 

specific Q-ranges have a significant impact on the accuracy of the size classifier.  

To further evaluate the tradeoff between accuracy and XRD data collection times, we 

investigated the impact of dataset coarsening on QDs sizing using the trained model (Figure 3c-d 

and S6). In Figure 3c we report representative DSE simulations of 8.5 nm colloidal QDs (10% of 

relative size dispersion) with increased Q-step from the bottom to the top. 

Data coarsening was achieved by downsampling the original physics-augmented data used for 

training from 5004 points (Q-step = 0.0028 Å-1) down to 251 points (5% of the original number of 

points, Q-step = 0.056 Å-1),  while preserving the Q-range.  The accuracy in the size prediction 

was found to gradually decrease as the input data was coarsened, which corresponds to a decrease 

in both the number of observations and angular resolution. Remarkably, accuracies higher than 
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90% were preserved even when reducing the data points down to 25% of the original quantity in 

the range 1.0 Å-1 ≤ Q ≤ 15.0 Å-1 (Figure 3b bottom, 1251 points, Q-step = 0.011 Å-1), and when 

data coarsening is applied to the reduced 1.0 Å-1 ≤ Q ≤ 5.0 Å-1 range for dried PbS QDs (Figure 3b 

top, green markers), corresponding to an angular resolution of ∼0.2° with a Cu(Kα) X-ray source 

and mimicking the conditions of a typical XRD laboratory experiment. The latter result is of prime 

relevance in view of a massive application of this size classifier to XRD laboratory data, well 

matching the conditions of this robustness test.  

The corresponding error analysis (Figure S6) indicates a more pronounced error accumulation 

at PbS sizes larger than 5 nm, while increasing the 2θ/Q-step of the input data. This observation 

can be attributed to the limited number of points in the coarsened dataset, which results in the 

smearing of the input information, more effective in the presence of sharper Bragg peaks, as it is 

for larger QDs sizes.  

Reducing PbS QDs concentrations in the hexane/toluene colloidal suspensions, simulated by the 

decreasing of the scales ratio of PbS/solvent data in Figure 3e, has a significant impact on the 

prediction performance, due to the smearing of the information content of the XRD traces, at 

constant Q-range (1.0 Å-1 ≤ Q ≤ 15.0 Å-1) and number of points (5004). Interestingly, similar to 

the Q-range truncation effect, the developed model preserves its ability to predict QDs size with 

an accuracy exceeding 90% across a wide range of concentrations (Figure 3f), including values 

different from those used in the training set. It remains accurate down to concentrations as low as 

w/w = 6 %, which is close to the minimum value employed in the training set (w/w =7 %). A larger 

number of errors starts to accumulate towards smaller sizes when colloid concentrations lower 

than 6% are reached (Figure S7). This result is because the size features encoded in the Bragg 
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peaks width and shape become particularly blurred at low PbS/solvent ratios, as highlighted in 

Figure 3e for 3 nm QDs size, thus increasing the uncertainty in size prediction for smaller QDs.  

QDs sizing from experimental wide-angle X-ray total scattering (WAXTS) data. To validate 

the applicability of the developed size classifier to real cases, we applied it to QDs direct sizing by 

using experimental scattering data as sole input information.  

Experimental synchrotron data of PbS QDs in the 3-7 nm size range were collected as colloidal 

suspensions in hexane or toluene as described in the Methods (Figure 4a), and an accurate DSE-

based modeling was performed to extract detailed structural and microstructural information, as 

reported elsewhere.16,25  Additional laboratory XRD data have been collected in flat plate sample 

geometry, upon drop-casting of as-synthesized QDs and after a few months of aging. Figure 4b 

showcases a selection of these datasets. It is worth noting the much more restricted accessible Q-

range than in synchrotron data, and that the peak intensities ratio of laboratory XRD data may 

differ significantly from those obtained in colloidal suspensions shown in Figure 4a. This 

discrepancy is attributed to preferred orientation effects (texture) that occur when faceted QDs are 

deposited and dried on a flat substrate.20 Our previous studies have shown that PbS QDs exhibit 

preferential alignment on {110} facets in fresh samples and {111}-{100} upon aging,16 due to a 

progressive morphological evolution from a rhombic dodecahedral to a cuboctahedral shape. This 

less-than-perfect spherical morphology of QDs has important consequences when collecting XRD 

data from flat samples, resulting in altered peak intensity ratios, and partially hampering a thorough 

data analysis. This case further highlights the need for a modeless tool that can effectively extract 

size information from such type of data.  

At this aim, we tested the size classifier developed in this work, on both texture-free synchrotron 

and textured laboratory data, without additional training (Figure 4c and Table S2-S3). 
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Very small deviations between the predicted and the reference average sizes (determined 

through DSE data fittings) are found. These discrepancies are estimated on average at 0.11 nm for 

synchrotron (Table S2) and 0.38 nm for laboratory XRD data (Table S3), both consistently less 

than 0.50 nm, that is the step size employed during the model training, representing indeed the 

limiting factor in the prediction performance. It is worth mentioning that employing a finer step 

size could potentially exceed the resolution of our method in the present case of study, particularly 

when coupled with the narrow-size dispersions typically exhibited by colloidal QDs, prepared with 

tailored syntheses. This limitation arises from the size discretization limit of the atomistic model 

construction database, which is defined by the diameter of the sphere having a volume equivalent 

to a single PbS primitive unit cell (0.46 nm, as detailed in the Methods).  

The slightly worse performance of the size classifier when dealing with laboratory XRD data 

can be mostly attributed to the preferred orientation effects, which partially alter the intensity 

distributions “seen” by the model. Nevertheless, the method still exhibits very good accuracy even 

under these varied conditions. The accurate prediction of QD size dealing with both synchrotron 

and laboratory experimental data is highlighted in Figure 4c in which the reference DSE sizes vs. 

the all-CNN classifier predictions are reported, showing a very good linear correlation at y∼x. 

Figure 4d  illustrates the relationship between the 1st excitonic peak energy and the diameter of 

PbS QDs using various empirical sizing curves, from TEM/SAXS (Tisdale and coworkers, red 

dashed line),42 SAXS (Hens and coworkers, purple dashed line),14 and WAXS  (Ozin and 

coworkers, blue dashed line)43, some of them sourced from ref. 5. 
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Figure 4.  (a) WAXTS synchrotron data of PbS colloidal QDs in toluene (magenta trace) with 

different average diameters (as estimated by DSE data modeling reported in ref. 16).  

(b) Laboratory XRD data of PbS QDs deposited and dried on a monocrystalline silicon zero-

background plate. (c) A comparison between DSE-estimated (DDSE) and all-CNN-predicted 

(DCNN) PbS colloidal QDs average diameters, showing an almost perfect linear correlation with 

y ∼ x. (d) PbS empirical sizing curves (purple, red, and blue dotted lines),14,42,43 and the 

semiempirical equation by Hens and coworkers reported in ref. 12 (grey solid line), showing the 

relationship between the first excitonic peak energy and the QDs diameter. The green squares 

represent the PbS reference diameters (D) determined through data fitting with the DSE (x-error 

bars are the e.s.d.’s of the associated lognormal size distribution functions, measuring the size 

dispersions), while the blue circles are the size predictions obtained with the DL size classifier 

developed in this work. 

 

The grey solid line in Figure 4d represents the generalized semiempirical sizing function recently 

proposed by Hens and coworkers,12 which incorporates a correction for nonparabolic energy bands 

on the QDs band gap. This sizing curve for PbS QDs has been reproduced by using 45 nm as Bohr 
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diameter, 17.4 for the (high frequency) dielectric constant, and 0.42 eV as optical band gap, as 

reported in ref. 12.  Reference sizes (green squares),16,25 as well as predictions generated by our 

all-CNN classifier (blue circles) are also displayed. As noted in ref. 5, the empirical sizing curves 

for PbS exhibit the largest discrepancies at smaller QD sizes, likely stemming from the strong 

confinement regime in which lead chalcogenides reside. For this reason, PbS QDs demonstrate a 

more pronounced dependence of the band gap on their size compared to other binary IV-VI QDs,5 

emphasizing the potential for sizing errors and highlighting the need for robust methods for 

accurately determining the ultrasmall sizes of PbS QDs. On the other hand, our experimental 

results, derived from DSE data modeling and the all-CNN classifier presented in this work, nicely 

match the semiempirical sizing function derived by Hens and coworkers12 which takes into account 

precise physico-chemical considerations.12 We further highlight the excellent match with the 

empirical curve by Ozin and coworkers from XRD data and conventional size analysis based on 

the approximated Scherrer equation, suggesting that peak broadening in PbS QDs originates 

mainly from finite-size effects, and it is not affected by structural defects.  

 

CONCLUSIONS  

In this work, we have developed a novel DL model that enables fast, accurate, and fully 

automated sizing of QDs by using wide-angle X-ray scattering data as sole input information, and 

without the need for calibration curves, paving the way for alternative AI-based methods for 

nanocrystals characterization.  

We have addressed several experimental challenges by implementing a physically meaningful 

data augmentation, which enhances the flexibility of the model to handle extreme conditions 
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encountered in experiments, such as low QDs concentrations and SNR for colloidal suspensions, 

resulting from rapid data collection or limited material availability. 

We have shown that the proposed approach exhibits excellent performance (accuracy exceeding 

90%) even under untrained experimental conditions such as a very limited Q-range of the input 

data (Qmax ∼4 Å-1), coarsening of the dataset (down to a Q-step of ~ 0.01 Å-1), and reduced 

colloidal QDs concentrations (w/w  > 6%). This suggests that reasonably high accuracies can be 

maintained with significantly reduced XRD data collection times and/or angular resolutions, 

particularly for smaller QDs.  

The validity of our approach, which combines an all-CNN classifier with reciprocal space X-ray 

scattering methods, is strongly supported by the excellent agreement observed between our size 

classifications and those obtained by accurate DSE data modeling and validated by TEM 

analysis.20 Moreover, our PbS QDs size predictions align perfectly with the generalized 

semiempirical sizing function recently proposed by Hens and coworkers12 which includes a 

correction for non-parabolic bands on the QDs band gap. 

We would like to emphasize that the methodology proposed here is intended as a simplified and 

reliable tool for conducting fast-size screening for QDs, particularly in situations requiring a fast 

response (e.g. during the optimization of synthetic methods); additionally, our model can be easily 

integrated into high-throughput experimental workflows, including in-situ/in-operando 

experiments, even by non-experts in crystallography and XRD. Moreover, this pioneering 

integration of reciprocal space X-ray total scattering and DL, which allows direct sizing of QDs 

both in colloidal and dry states, addresses some of the limitations of traditional methods based on 

empirical calibration curves, which are inherently limited in their general applicability and often 

hampered by the different experimental conditions required for TEM (dry samples) and optical 

https://doi.org/10.26434/chemrxiv-2023-127s9 ORCID: https://orcid.org/0000-0002-6001-9040 Content not peer-reviewed by ChemRxiv. License: CC BY-NC-ND 4.0

https://doi.org/10.26434/chemrxiv-2023-127s9
https://orcid.org/0000-0002-6001-9040
https://creativecommons.org/licenses/by-nc-nd/4.0/


 22 

spectroscopy (colloidal QDs). By combining the detailed multiscale information, from atomic-to-

the nanometer length scales, accessible through the DSE-based approach with the performance 

predicting capabilities of DL, we intend to promote a new perspective in functional (nano)material 

characterization.    

The approach proposed here can be extended to predict structural and microstructural properties 

of different classes of QDs and nanocrystals from XRD and total scattering data, provided that 

appropriate training is performed. The training process can be easily facilitated using the 

comprehensive set of tools developed in this study, which complements the fast DSE computation 

from atomistic models of nanocrystals, already available through the distributed Debussy Suite of 

programs (https://debyeusersystem.github.io).38   

Further developments in this field, e.g. addressing the sizing of nanocrystals characterized by 

anisotropic morphologies (for which the different growth directions are not accessible by TEM 

characterization) or other atomic precise information (like lattice strains), and complementing the 

scattering information with other experimental and computational methods, are envisaged in the 

near future.  
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METHODS 

Debye Scattering Equation (DSE) simulations from atomistic models of PbS QDs.  

The DSE provides the average differential cross-section (or the powder diffraction pattern) of a 

randomly oriented powder from the distribution of interatomic distances between atomic pairs, 

without any assumption of periodicity and order:28,44 

𝐼(𝑄) = ∑ 𝑓𝑗(𝑄)2𝑜𝑗 + 2 ∑ 𝑓𝑗(𝑄)𝑓𝑖(𝑄)𝑇𝑗(𝑄)𝑇𝑖(𝑄)𝑜𝑗𝑜𝑖

sin (𝑄𝑑𝑖𝑗)

(𝑄𝑑𝑖𝑗)

𝑁

𝑗>𝑖

𝑁

𝑗=1

 

where Q = 4πsinθ/λ is the magnitude of the scattering vector, λ is the radiation wavelength, fi is 

the atomic form factor of element i, dij is the interatomic distance between atoms i and j, N is the 

total number of atoms and T and o are the thermal atomic displacement parameter and the site 

occupancy factor associated to each atomic species, respectively. The first summation in the above 

equation includes the contributions of zero distances between one atom and itself and the second 

term (the interference term) the non-zero interatomic distances dij = | ri - rj |.  

The DSE-based simulations in the present work were performed using the DebUsSy Suite of 

programs,38 relying on a two-step approach.  

In the first step, starting from the structural information encoded in the Crystallographic 

Information File for the bulk material,39 we generated atomistic models PbS QDs of spherical 

shape and increasing size. To create each cluster of the database, we generated a lattice of nodes 

and dressed it with a rhombohedral unit cell, that is the primitive unit cell corresponding to the 

face-centered cubic structure reported for the bulk material (cell edge of the primitive cell a = 

4.196 Å vs ak = 5.934(1) Å in the fcc structure).39  This choice is motivated by the advantage of 

reducing the step size between adjacent clusters in the population, thus ensuring an increased 
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resolution in terms of size retrieval.16 Accordingly, the final monovariate population of spherical 

PbS QDs contains 45 clusters in the size range 0.46 nm – 20.87 nm with a constant step of 0.46 

nm, which corresponds to the diameter of a sphere of volume equivalent to one PbS primitive unit 

cell.  

 Gaussian sampled interatomic distances45 and related pseudo-multiplicities are calculated from 

the atomistic models of PbS QDs and encoded in suitable databases.  

The DSE equation is computed in the second step by using the structural and microstructural 

information detailed in the main text and fed by the sets of sampled interatomic distances 

calculated in the first step.   

All- Convolutional Neural Network (all-CNN) architecture. The architecture of the all-CNN 

developed in this work is detailed in the Supplementary Information (Supplementary Text and 

Figure S1). Briefly, it consists of an input layer (1D input vector with dimensions 5004×1×1), 

followed by five convolutional layers, each with 32 kernels, and strides/kernel sizes of 10, 5, 4, 3, 

and 2 units respectively. After the final convolutional layer, a flattening step is performed by using 

a Global Average Pooling Layer (GAP), which replaces conventional fully connected layers. The 

use of a GAP offers advantages in terms of reinforcing the direct correspondence between feature 

maps and classes thereby promoting a more physically interpretable classification. Additionally, 

it helps mitigate the risk of overfitting.46 The final output layer of the model consists of 17 nodes, 

representing the 17 classes of QDs sizes for classification.  

This all-CNN was trained on 80% of the 41344 total simulated data, and the remaining 20% of 

the dataset was used for testing. Fivefold cross-validation was performed during training, to check 

whether different parts of the dataset could lead to different performances. The whole 

training/testing process of the network is performed in 10 minutes on a GPU-enabled (NVIDIA 
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GeForce RTX 3060) personal computer and in about 35 minutes on a multi-core processor (64 

CPUs).  

Wide-Angle X-ray Total Scattering (WAXTS) data collection and reduction. To evaluate 

the performance of the developed deep learning (DL) model in predicting the average sizes of PbS 

quantum dots (QDs), we used experimental datasets from a series of synchrotron WAXTS 

experiments. These experiments were conducted directly on colloidal suspensions of fourteen PbS 

QDs samples ranging from 3 to 8 nm in size, dispersed in hexane or toluene, inside borosilicate 

glass capillaries of 0.7-0.8 mm in diameter. The data collection was performed at the X04SA-MS 

Powder diffraction beamline of the Swiss Light Source (SLS, PSI),47 using a position-sensitive 

single-photon counting 1D-detector (MYTHEN-II).48 Two different beam energies of 25 KeV and 

22 KeV were used, and the corresponding operational wavelengths were precisely determined by 

measuring a silicon powder standard (NIST 640d, a0 = 0.543123(8) nm at 22.5 °C) under the same 

experimental conditions. All datasets were collected in the 0.5-120° 2θ-range with a step of 

0.0036°. Independent scattering curves were obtained for air and empty capillaries, as well as 

empty and sample-loaded direct beam transmissions. These additional measurements were 

necessary to perform angle-dependent absorption corrections and subtract any extra-sample 

scattering contributions. Inelastic Compton scattering is added in the DSE simulations as an 

additional component.  

X-ray powder diffraction (XRD) measurements. Laboratory XRD data were collected and 

analyzed as described in ref. 16 on dried samples. A droplet of each colloidal sample was deposited 

on the surface of a silicon monocrystal zero-background plate with the aid of a micropipette and 

dried in air within minutes. The XRD diffractograms were collected using Cu-Kα radiation 

(λ=1.5418 Å) on a Bruker AXS D8 Advance Diffractometer equipped with a Lynxeye detector 
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operating at 40 kV and 40 mA. Occasionally, data were also collected on a Rigaku Miniflex 

diffractometer equipped with a DTEX detector operating at 30 kV and 10 mA. No significant 

differences were observed between the two instrumental setups, as contributions of the 

instrumental broadening to peak shapes and widths were negligible in both cases. The measured 

angular ranges for all datasets are characterized by a 2θmin= 20° and a 2θmax ranging between 80° 

and 120°, with a common 2θ-step of 0.02°. 
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