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Abstract 

Scientific instruments for material characterization have recently been improved to yield big 

data. For instance, scanning transmission electron microscopy (STEM) allows us to acquire 

many diffraction patterns from a scanning area, which is referred to as four-dimensional 

(4D) STEM. Here we study a combination of 4D-STEM and a statistical technique called 

non-negative matrix factorization (NMF) to deduce sparse diffraction patterns from a 

4D-STEM data consisting of 10,000 diffraction patterns. Titanium oxide nanosheets are 

analyzed using this combined technique, and we discriminate the two diffraction patterns 

from pristine TiO2 and reduced Ti2O3 areas, where the latter is due to topotactic reduction 

induced by electron irradiation. The combination of NMF and 4D-STEM is expected to 

become a standard characterization technique for a wide range materials. 
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1. Introduction 

 Scientific instruments for material characterization have recently been improved to yield 

big data [1–6]. For instance, advanced scanning transmission electron microscopy (STEM) allows us 

to acquire many diffraction patterns by varying the incident probe position, and this technique is 

called diffraction imaging, spatially resolved diffractometry or four-dimensional (4D) STEM [7–9]. 

A diffraction pattern obtained by electron microscopy is rich in crystallographic information (e.g., 

space group, crystal structure, strain, various ranges of atomic ordering), although conventional 

electron microscopy (e.g., selected area diffraction) cannot fully utilize the crystallographic 

information. Four-dimensional STEM enables crystallographic analyses to be performed with high 

spatial resolution of nanometer order. Since the data obtained by 4D-STEM is large in comparison 

with that obtained by conventional electron microscopy, statistical techniques are indispensable for 

deducing useful information.  

 There are various statistical techniques, and one of the standard techniques used in electron 

microscopy is principal component analysis (PCA). Principal component analysis has been 

successfully applied to two-dimensional (2D) spectroscopic analysis, i.e., spectrum imaging, using 

electron energy-loss spectroscopy or energy-dispersive X-ray spectroscopy with STEM [10], 

particularly for denoising. Because the components (i.e., spectra) resolved by primitive PCA include 

negative values, the components cannot be simply interpreted as spectra. Recently non-negative 

matrix factorization (NMF) based on alternating least-square multivariate curve resolution 

(ALS-MCR) has been demonstrated for spectrum-imaging data [11,12]. The resolved components 

and their spatial distributions have positive values, suggesting actual application for spectrum 

imaging. It has, however, been pointed out that there are two technical difficulties in NMF 

application [12]. First, in contrast to PCA, the number of components needs to be assumed in 

advance. Second, there is the possibility of convergence to a local minimum that is different from the 

global minimum of interest. Although both PCA and NMF can be applied to 4D-STEM data with 

appropriate data transformation procedures, there have been few applications of PCA [3] and no 

reports of NMF application to 4D-STEM so far. 
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 In this study we apply NMF to 4D-STEM experimental data acquired from titanium oxide 

nanosheets overlapping each other. A titanium oxide nanosheet is an ideal specimen with 

homogeneous thickness and a known crystal structure that has been studied by STEM [13] and TEM 

[14,15]. The two above-mentioned difficulties of NMF are experimentally investigated in this study. 

The resolved components (i.e., diffraction patterns) and spatial distributions of the nanosheets show 

consistent results with the results of previous experiments [13–15], in which the pristine and 

topotactically reduced domains are included. In this paper, we demonstrate the validity of NMF to 

the big data obtained using 4D-STEM. 

 

2. Methodological background 

 In the present study, 4D-STEM data is analyzed on the basis of linear combination model, 

and the analysis consists of a 4D data transformation and NMF procedure. In this section we outline 

the methodological background.  

 An experimental data is expressed as a linear combination of essential components 

(diffraction patterns) and their weights. In other words, many experimental diffraction patterns are 

resolved using sparse diffraction patterns and their distributions. To perform the ALS-MCR 

procedure for NMF, the experimental data X, essential diffraction patterns S and their spatial 

distribution C should be matrices, and the following equations must hold: 

  (1) 

 (2) 

Equation (2) is used to estimate a matrix S, and a matrix C can be calculated using the estimated 

matrix S as  

 (3) 

The ALS-MCR procedure for NMF is described in detail later. 

 Four-dimensional STEM yields 4D experimental data i(x,y,u,v), where (x,y) is the incident 

probe position and (u,v) is the pixel of a diffraction pattern, as shown in Fig. 1a. An experimental 

4D-STEM data i(x,y,u,v) should be transformed to a 2D matrix X for matrix calculations, and the 
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flow of the transformation is shown in Figs. 1b-1d. First, each diffraction pattern, which is the 2D 

data of m×n pixels, is transformed to a one column × (m×n) row vector, and the 4D data i(x,y,u,v) 

becomes the 3D data i(x,y,nuv). Then the 3D data is transformed to the 2D data i(nxy, nuv). X becomes 

a matrix with (m×n)=nuv rows and (M×N)=nxy columns, where M and N are the numbers of probe 

positions along the x and y directions, respectively. We consider , where  is the set 

of non-negative real numbers. If the number of essential components is k, matrices S and C are 

 and . In general, k is much smaller than nuv and nxy, resulting in thin 

matrices S and C. As mentioned above, the number of components k must be assumed in advance for 

NMF. 

 

Fig. 1. Schematic diagram of data transformation from 4D to 2D matrix X. (a) Schematic of 4D 

STEM. (b) Data transformation of diffraction pattern to a one-dimensional (1D) diffraction datum. 

(c) Schematic of 3D data consisting of a 1D diffraction datum. (d) 2D matrix transformed from 

4D-STEM data.   

 

 We adopt an NMF scheme that has been demonstrated for spectrum imaging [12]. The 

NMF procedure of our study consists of the following nine steps: 

1) The number k of essential components is assumed. 

2) A matrix C is generated that consists of non-negative uniform-random numbers from zero to 
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one.   

3) A matrix S is calculated using Eq. (2), . 

4) Negative values in the matrix S are set to zero, and each column vector of S is normalized. 

5) A matrix C is calculated using Eq. (3), . 

6) Negative values of the matrix C are set to zero. 

7) The mean square error (MSE) of the current estimation is calculated as 

, then its convergence is judged by comparison 

with the previous MSE. In the case of an enough lower MSE than the previous one, the 

iteration resumes from step 3). If not MSE, the iteration is stopped. 

8) To survey the global minimum, the NMF procedure from step 2) to step 7) are performed 

multiple times (e.g., twenty in this study) and the minimum MSE and their matrices S and C 

are finally determined. 

9) Because the number k of essential components is unknown, we perform the same NMF 

procedure from step 1) to step 8) for different values of k (e.g., from two to fifteen in this 

study). 

With increasing k, the minimum MSE must decrease, because a larger number of components will be 

advantageous for reproducing experimental data. It should be noted that we can estimate a plausible 

value of k from the k dependence of the minimum MSE. 

 

3. Method 

3.1. Specimen preparation 

 Titanium oxide nanosheets were obtained from a single crystal of K0.8Ti1.73Li0.27O4 layered 

oxide by soft-chemical exfoliation [16]. K+ and Li+ ions of the layered oxide were removed, and a 

colloidal suspension comprising negatively charged Ti0.87O2 sheets surrounded by 

tetrabutylammonium (TBA) was formed. The colloidal suspension was added dropwise to a holey 

carbon film on a Cu grid, then was subjected to ultraviolet (UV) light irradiation in air before the 

STEM experiments. The UV light irradiation removed TBA ions via a photocatalytic reaction. 
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Because the thickness of the titanium oxide nanosheets is only one Ti atom or two O atoms, 

diffraction patterns can be analyzed on the basis of the kinematical approximation. The diffraction 

patterns from randomly overlapping nanosheets are considered to be a linear combination of 

individual diffraction patterns. Electron microscope observations of titanium oxide nanosheets have 

been reported elsewhere [13–15,17]. The crystal structures and kinematical diffraction calculations 

of the nanosheets are given in the Supplementary Note 1. A high-resolution STEM image of the 

nanosheet is shown in Supplementary Note 4. 

 

3.2. 4D-STEM experiment 

 An aberration-corrected scanning transmission electron microscope (Thermo Fisher 

Scientific, Titan cubed) was used at an acceleration voltage of 80 kV. The convergence semiangle  

was 1 mrad. The diffraction limit and the defocus of the objective lens regulate the incident probe 

shape, and the probe size was roughly estimated to be 3 nm from , where  is the wavelength 

(4.2 pm) of an electron at 80 kV [18]. Four-dimensional STEM data was acquired from an area of 

500 nm × 500 nm at 100 × 100 probe positions. Diffraction patterns (128 × 128 pixels) were 

acquired using a CCD camera (Gatan, Inc., UltraScan) of a post-column energy filter (Gatan, Inc., 

Quantum ERS) with an exposure time of 0.05 s, and the total acquisition time was about 12 min. 

During the exposure for acquiring a diffraction pattern the incident probe was scanned over 16×16 

sub-positions within each probe position (5 nm × 5 nm) to avoid discrete sampling from the 

specimen. The 4D-STEM data size was 640 MB. 

 

3.3. PCA and NMF analyses 

 We devised a few programs coded in DigitalMicrograph (Gatan Inc.) script for the data 

transformation and NMF calculation. A PCA calculation was carried out using a commercial package 

(HREM Research Inc. MSA plug-in for DigitalMicrograph). Since the direct beam spot in each 

diffraction pattern was stronger than the other diffraction spots, the direct spots of the 4D-STEM 

data were masked before NMF and PCA calculations. Non-negative matrix factorization results for a 
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different number of components (k=11) are given in the Supplementary Note 3. The NMF 

calculation was performed using a standard personal computer. The number of NMF iterations 

required for convergence was less than 100 and the calculation time was less than 20 min.  

Examples of the convergence are given in the Supplementary Note 5. 

 

4. Results 

4.1. Experimental result of 4D-STEM 

 The 4D-STEM experimental data is shown in Fig. 2. Figure 2a shows an annular dark-field 

(ADF) image simultaneously acquired in the 4D-STEM experiment. The white dots with number in 

Fig. 2a indicate the corresponding probe positions of the diffraction patterns shown in Figs. 2b. 

Several domains of the observed area show brighter ADF contrast, suggesting the overlap of a few 

layers at positions 3, 4 and 5. The upper row of Fig.2b shows diffraction patterns extracted from the 

4D-STEM data and the lower row shows virtual dark field (VDF) images created selecting 

diffraction spots indicated by yellow arrow heads in upper row's diffraction pattern. All the 

diffraction patterns show streaks from the center, which are due to so-called smearing of the 

charge-coupled device (CCD) camera. The two diffraction patterns taken on the same nanosheet 

(probe position 1 and 2 in Fig. 2a) show similar diffraction spots except for some extra spots as 

indicated by arrows in Fig.2b-1. These extra spots have already been identified [13], and one of the 

authors reported that a titanium oxide nanosheet showed a topotactic transformation; a pristine 

Ti0.87O2 nanosheet was partly reduced to a Ti2O3 structure during TEM observation without changing 

its nanosheet features [14,15]. Our previous analysis elucidated that the Ti2O3 structure showed extra 

reflection spots, corresponding to the forbidden reflections of the Ti0.87O2 structure (see the 

Supplementary Information and our previous work [14]). Although the VDF images can be used to 

visualize each layer, it is difficult to estimate the diffraction pattern of each layer without 

overlapping. Furthermore, in case that Ti2O3 and Ti0.87O2 coexist, their distribution could not be 

determined. In the present study, we try to discriminate these structures and to determine distribution 

using NMF and 4D-STEM. 
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Fig. 2. (a) ADF image and diffraction patterns (upper row of (b)) extracted from 4D-STEM data. The 

white dots labelled (1-5) in (a) show the incident probe positions corresponding to the diffraction 

patterns (1-5). Lower row of (b) shows virtual dark field images created by selecting two diffraction 

spots indicated by yellow arrows of each diffraction pattern. 

 

4.2. PCA and NMF for 4D-STEM 

 We first apply PCA to the 4D-STEM data as shown in Fig. 3. A scree plot, which indicates 

the logarithmic eigenvalue of each component, is often used to estimate the number of essential 

components. Although the number of components could be estimated (about twenty according to Fig. 

3a), it appears to be larger than the number of nanosheets in the observed area. Figure 3b shows the 

principal components and their distributions, whose component indices are shown by the numbers 

(1-8) in Figs. 3a and 3b. Red and blue colors of the components and distributions represent positive 

and negative values, respectively. The first component appears to be an averaged diffraction pattern 

of the entire the observed area, and the component and the distribution have positive values. By 

contrast, other components and distributions include negative values, and are difficult to interpret as 

diffraction patterns or spatial distributions. Overlapping diffraction patterns are not resolved. 

Consequently, diffraction information and the number of components could not be estimated based 

on the PCA. It should also suggest that the PCA is not effective for noise reduction.    
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Fig. 3. Principal component analysis result for 4D-STEM data. (a) Scree plot, which shows 

logarithmic eigenvalues as a function of the index of the component. (b) Principal components (left) 

and their spatial distributions (right), whose component indices are given as numbers. Red and blue 

colors correspond to positive and negative values, respectively. 

 

 Next, we apply NMF to the same 4D-STEM data. Since the number of components k is 

unknown, we perform NMF with the number k varied from two to fifteen. To survey the global 

minimum, we repeat the NMF procedure twenty times at each k value, and calculate the MSE, 

. Figure 4a shows the variation of MSEs as a function of the number of components k. 

The minimum MSE at each k decreases with increasing k, although the scattered points (indicated by 

gray rectangles in Fig. 4a) represent convergences to various local minima. Also note that the 

averaged MSE and the minimum MSE diverge with increasing k. This suggests that the probability 

of convergence to a local minimum increases with increasing number of components. The minimum 

MSE at each k appears to be close to saturation at k of around ten. This graph can be practically used 

to estimate the number of components similarly to a scree plot in PCA. The MSE of NMF 

instantaneously decays in comparison with the scree plot of PCA (Fig. 3a), suggesting that the 

validity of NMF procedure. We will discuss the number of components in the Discussion section. 

 Although the number of components is still arbitrary in Fig. 4a, here we see the NMF 

result for k=7 for instance. Figure 4b shows the components and their distributions that exhibit the 

minimum MSE for k=7 as indicated by an arrow in Fig. 4a. The seven components and their 

distributions are in descending order of the integrated intensity of each distribution. As a result of the 
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NMF procedure, all the components and distributions have non-negative values, although positive 

values are not a sufficient condition to be able to interpret each component as a diffraction pattern. 

The first component corresponds to the background in the diffraction patterns and its distribution 

covers almost all the observed area. A small amount of contamination on the surface, quantum noise, 

dark currents and the smearing of the CCD camera are possible sources of this component. This 

suggests that NMF can be used to deduce a spatially independent background and noise. The second 

component corresponds to the diffraction patterns of a pristine Ti0.87O2 nanosheet without topotactic 

reduction. Note that the observed spots of the all resolved component can be interpreted as an 

ordinary diffraction pattern (see Supplementary Information). The sixth component is similar to the 

second but it has extra spots corresponding to the diffraction pattern of Ti2O3 nanosheets.  

 

 

Fig. 4. Non-negative matrix factorization result for 4D-STEM data. (a) Mean square error as a 

function of number of components. Gray squares denote the frequency of the convergences, as 

shown by the inset brightness bar. The blue solid line and red broken line respectively indicate the 

minimum and averaged MSEs for each number of components. (b) Components (left) and their 

spatial distributions (right) of the minimum MSE in the case of k=7, as shown by the arrow in Fig. 

4a. 

 

 Non-negative matrix factorization successfully resolves the overlapping patterns of 

Ti0.87O2 and Ti2O3. The third, fourth, fifth and seventh components represent other individual 
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nanosheets. The third and fifth components do not correspond to a single-layer diffraction pattern; 

the components are considered to correspond to folded areas because their domains exhibit higher 

ADF contrast as shown in Fig. 1a. Other NMF results for a different number of components are 

given in the Supplementary Note 3. 

 

5. Discussion 

 As shown in Fig.4, NMF successfully factorizes sparse diffraction patterns from big data 

obtained using 4D-STEM. Here, we directly compare the NMF results with PCA results from the 

viewpoint of sparse modeling. Figure 5 shows the MSEs in PCA and NMF analyses as functions of 

the number of components. Here we can quantitatively compare the validity of sparse modeling by 

PCA and NMF. The PCA analysis has higher MSEs up to k=9, indicating that NMF is suitable for 

finding a small number of essential components for 4D-STEM. The MSE of PCA becomes smaller 

than the minimum MSE of NMF for k>9. This suggests that the negative components effectively 

reduce the MSE in PCA. This number of components (k=9) is considered to be the critical number 

required to factorize the present experimental result using non-negative components. We think that 

the quantitative difference of MSEs between PCA and NMF may provide a clue when estimating an 

unknown number of components.  
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Fig. 5. Mean square errors in PCA and NMF analyses for various numbers/indices of components. 

 

 Lastly, we elucidate the NMF results at different number of components (k=7 and 11, see 

Fig. S3 of Supplementary Note 3). It is found that there are similar distributions estimated for k=7 

and 11. The NMF results for large number of components (k=11) resolve variation of bending of 

nanosheet. Although the number of components could not be conclusively determined by using the 

MSE plot, the plateau in the MSE could be a guideline to estimate the number of components in 

NMF.  

  

6. Summary 

 To mine useful crystallographic information from big data obtained using 4D-STEM, we 

have applied PCA and NMF. PCA is often applied for denoising in spectrum imaging; however, a 

resolved component cannot be interpreted as a diffraction pattern. We have applied NMF to 

4D-STEM, which successfully resolves the components that can be interpreted as diffraction 

patterns. Two diffraction patterns of Ti0.87O2 and Ti2O3 nanosheets, in which many diffraction spots 

overlap, are successfully factorized. The k dependence of the minimum MSE has been used to 

estimate the number of components and to survey the global minimum of interest. A quantitative 

comparison of MSEs between NMF and PCA elucidates the validity of NMF and is informative for 

estimating the number of essential components. The combination of NMF and 4D-STEM is expected 

to a standard characterization technique for a wide range of materials.    
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Supplementary note 1: Crystal structures and diffraction patterns of titanium oxide 

nanosheets 

 The crystal structures of titanium oxide nanosheets are shown in Supplementary Fig. 1. 

Although an actual titanium oxide nanosheet includes titanium vacancies[1], we consider an ideal 

structure without vacancies for the diffraction calculation[2]. A pristine TiO2 nanosheet 

(Supplementary Fig. S1a) consists of TiO6 octahedrons with adjacent octahedrons having shared 

edges. A pristine TiO2 nanosheet is topotactically reduced by electron irradiation to a Ti2O3 

nanosheet, in which TiO6 octahedrons share faces (Supplementary Fig. S1b). The variation in these 

crystal structures is known as Magneli phase. Half of the octahedrons of the Ti2O3 nanosheet 

structure are highly distorted and half of the titanium atoms (Ti(1) in Supplementary Fig. S1b) are 

slightly shifted along the a axis.  

 Owing to this crystallographic modification, the forbidden diffraction spots of a pristine 

TiO2 structure become observable. Supplementary Figs. S1c and S1d are respectively the diffraction 

patterns of TiO2 and Ti2O3 structures obtained by kinematical calculations. The forbidden diffraction 

spots, such as 100, 001 and 201, become evident in the Ti2O3 diffraction pattern as shown by arrows 

in Supplementary Fig. S1d.  

.  

Supplementary Fig. S1  Crystal structures and diffraction patterns of TiO2 and Ti2O3 

nanosheets. a, b Crystal structures of TiO2 and Ti2O3 nanosheets. c, d Kinematical diffraction 

patterns of TiO2 and Ti2O3 nanosheets.
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Supplementary note 2: Comparison between deduced components and kinematical 

diffraction calculations 

 Here we compare the components deduced by non-negative matrix factorization (NMF) 

(Fig. 4b) with the kinematical diffraction calculations (Supplementary Fig. S1). Supplementary Figs 

S2a and S2b show the two deduced components in the case of k=7 (see Fig. 4). The components are 

rotated to fit the direction of the a axis in the kinematical calculations. The second (Supplementary 

Fig. S2a) and sixth components(Supplementary Figs. S2a and S2b) are similar to the TiO2 and Ti2O3 

diffraction patterns, respectively.   

 

 

Supplementary Fig. S2  Comparison between deduced components and kinematical 

diffraction calculations. a The upper figure is the second component in Fig. 4b. The lower figure 

shows the kinematical calculation of the TiO2 nanosheet. b The upper figure is the sixth 

component in Fig. 4b. The lower figure shows the kinematical calculation of the Ti2O3 nanosheet. 
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Supplementary note 3: Examples of non-negative matrix factorization (NMF) with 

different number of components 

 In the main text and Fig. 4 we gave the result of NMF in the case of k=7, where k is the 

number of components. Here we show NMF results for k=11. As described in the main text, NMF 

was performed twenty times with different starting values for each number of components, and we 

selected the result with the minimum mean square error (MSE) from the twenty trials. 

Supplementary Fig. S3a shows the NMF result whose MSE is the minimum of twenty calculations 

for k=11. The components (left) and their distributions (right) are in descending order of the 

integrated intensity of the distributions. We compare this NMF result for k=11 (Supplementary Fig. 

S3a) with that for k=7 (Fig. 4b). The first components of both NMF results have very similar 

diffraction patterns and distributions. The fifth, sixth, eighth and tenth components in Supplementary 

Fig. S3a (k=11) correspond to the fourth, fifth, third and seventh components in Fig. 4b (k=7), 

respectively. The other (second, third, fourth, seventh, ninth, eleventh) components in 

Supplementary Fig. S3a correspond to the second and sixth components in Fig. 4b. The distributions 

of the components (second, third, fourth, seventh) of Supplementary Fig. S3a show a gradation, 

suggesting the bending of the nanosheet.  

 

 Supplementary Fig. S3  Non-negative matrix factorization results obtained for k=11. 

Results with the a minimum MSE and b largest MSE among twenty calculations for k=11. The 

inset numbers are the display range of each distribution. 

 

 As mentioned in the main text, the twenty trials have a variety of MSEs, representing 

conversions to local minima. Supplementary Fig. S3b shows an example with a large MSE. It is 
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clear that the NMF does not successfully factorize the diffraction patterns. For instance, the eighth, 

ninth and eleventh distributions in Supplementary Fig. S3b have intensities on plural domains, and 

their deduced components are not simple diffraction patterns.   
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Supplementary note 4: High-resolution annular dark-field (ADF) image of titanium 

oxide nanosheet 

 In our previous reports we analyzed the microstructure and topotactic reduction of titanium 

oxide nanosheets using electron diffraction and high-resolution TEM imaging[1,2]. We also 

observed the atomic structure using annular dark-field (ADF) imaging[3]. Here we show an ADF 

image of a titanium oxide nanosheet that includes both pristine and reduced titanium oxide domains. 

Supplementary Fig. S4 shows an ADF image of a titanium oxide nanosheet observed using an 

aberration-corrected STEM instrument (Thermo Fisher Scientific, Titan3) at 80 kV. A liquid-nitrogen 

cooling holder (Gatan, Inc., UHRTR3500) was used at −180 °C to reduce the contamination and 

irradiation damage of the specimen. The ADF contrast was quantified as the scattering 

probability[4,5], and bright dots of the image correspond to titanium atoms. The inset in the upper 

left (the rectangle with a broken line) shows the multislice simulation (HREM Research Inc., 

xHREM) result for a pristine titanium oxide nanosheet with titanium vacancies. The rectangular area 

on the right corresponds to a reduced area, i.e., this ADF image shows the different atomic 

arrangements of titanium.  

 

 

Supplementary Fig. S4  ADF image of titanium oxide nanosheet observed using 

aberration-corrected STEM. 
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Supplementary note 5: Examples of convergence in NMF procedure 

 Non-negative matrix factorization requires iterative calculations to find the minimum MSE. 

The iteration time required for convergence depends on the number randomly generated in the initial 

step (see step 3 in the main text) of the iteration. Supplementary Fig. S5 shows examples of 

convergence, in which the MSEs are plotted on both logarithmic (left) and linear (right) intensity 

scales as a function of the iteration number; the two examples for the cases of k = 7 and 10 are 

shown as squares and circles, respectively. The typical calculation time required for convergence is 

less than 20 min using a desktop personal computer and a custom script of DigitalMicrograph (Gatan, 

Inc.), although it could be reduced by preparing DLL files for DigitalMicrograph. Thus, the 

calculation time for NMF is practical. 

 

 

Supplementary Fig. S5  Examples of convergence in NMF procedure. Mean square errors are 

plotted on both logarithmic (left) and linear (right) scales as a function of the number of iterations. 

The two examples of k = 7 and 10 are shown as squares and circles, respectively.  
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Supplementary note 6: DigitalMicrograph script for NMF procedure 

 We prepared a few DigitalMicrograph scripts for this study. DigitalMicrgraph software can be 

downloaded through the website of the manufacturer (Gatan, Inc.)[6]. The NMF algorithm that 

consists of nine steps in this study was fully described in the main text. The core steps for NMF can 

be written using DigitalMicrograph functions as follows:  
// step 2 

 C = UniformRandom() 

// step 3 

 CT=MatrixTranspose(C) 

 CCT = MatrixMultiply(C, CT)  

 ICCT = MatrixInverse(CCT)   

 XCT = MatrixMultiply(X, CT)  

 S = MatrixMultiply(XCT, ICCT)  

// step 4 

 S = tert(S<0, 0, S)    

// step 5 

 ST=MatrixTranspose(S) 

 STS = MatrixMultiply(ST,S)  

 ISTS = MatrixInverse(STS)   

 STX = MatrixMultiply(ST, X) 

 C = MatrixMultiply(ISTS, STX)  

// step 6 

 C = tert(C<0, 0, C) 

// step 7 

 MSE = MeanSquare(X - MatrixMutiply(S, C)) 
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The Non-negative matrix factorization (NMF) is applied to analyze 4D-STEM 

data. 

 

NMF can resolve 4D-STEM data to diffraction patterns and corresponding 

distributions. 

 

We demonstrated the present method to 4D-STEM data from titanium oxide 

nanosheets. 
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