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Abstract

:

No characterization method is available to quickly perform quality inspection of 2D materials produced on an industrial scale. This hinders the adoption of 2D materials for product manufacturing in many industries. Here, we report an artificial-intelligence-assisted Raman analysis to quickly probe the quality of centimeter-large graphene samples in a non-destructive manner. Chemical vapor deposition of graphene is devised in this work such that two types of samples were obtained: layer-plus-islands and layer-by-layer graphene films, at centimeter scales. Using these samples, we implemented and integrated an unsupervised learning algorithm with an automated Raman spectroscopy to precisely cluster 20,250 and 18,000 Raman spectra collected from layer-plus-islands and layer-by-layer graphene films, respectively, into five and two clusters. Each cluster represents graphene patches with different layer numbers and stacking orders. For instance, the two clusters detected in layer-by-layer graphene films represent monolayer and bilayer graphene based on their Raman fingerprints. Our intelligent Raman analysis is fully automated, with no human operation involved, is highly reliable (99.95% accuracy), and can be generalized to other 2D materials, paving the way towards industrialization of 2D materials for various applications in the future.
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1. Introduction


Graphene and related two-dimensional (2D) materials are a family of exciting materials, which are as small as one to three atoms in vertical direction, but extremely large in horizontal space [1,2,3,4,5]. These systems have attracted significant attention for nanoelectronics and optoelectronics [6,7,8,9,10], non-von Neumann architecture computing [11,12], hybrid flexible and stretchable electronics [13,14,15], and many other applications. As a consequence of their extremely high market value, 2D materials are very attractive to many industries. For example, Samsung and Huawei have adopted graphene for displays and batteries, respectively. Nevertheless, most industries are still hesitant to adopt 2D materials in their products, due to the lack of reliable characterization methods to accurately probe the quality of industrial-scale 2D materials. For this reason, the development of methods that can rapidly inspect large-area 2D materials that allow manufacturers to determine their suitability for product manufacturing, become tremendously important. To address this research gap, a rapid, intelligent characterization method to analyze the quality of centimeter-scale 2D material films would be highly beneficial.



In recent years, artificial intelligence (AI) tools such as machine-learning paradigms have been proposed to improve the yield of nanomaterials characterization methods [16,17]. For 2D material research, it has been reported that machine learning algorithms integrated with optical microscopy can be used to quantify thickness, impurities, and stacking order in mechanically exfoliated graphene and transition metal chalcogenides [18], and even automatically locate them [19]. Machine learning algorithms have also been used to identify atomic species and defects in transitioning metal chalcogenides by processing high-resolution scanning transmission electron microscopy images [20]. Combining atomic force microscopy topography and friction force microscopy characterization data, Cellini and coworkers constructed an AI clustering tool to identify domains in epitaxial and exfoliated graphene films [21].



Here, we report an AI tool to quantify the defects in chemical vapor deposition (CVD) graphene films, by classifying the Raman spectroscopy data. Among many graphene synthesis routes, CVD is chosen in this work due to its high-quality, low-cost, and scalability to mass production for industrial applications [22,23,24]. Furthermore, among many characterization methods, Raman analysis is chosen in this work because it is a popular, versatile, high-throughput, very low invasive, and non-destructive methodology for the characterization of graphene [25,26,27,28]. Probing graphene quality by Raman spectroscopy is now a straightforward and automated process, applicable at both laboratory and mass-production scales, which involves simple sample preparation, a laser-based microscopy, and ambient operation. Raman spectroscopy has been widely used to probe graphene and understand its layer number and stacking order [27,29], defect level [30,31], and the strain-doping relationship [32,33]. Image processing algorithms integrated with Raman spectra calibration have also been demonstrated to automatically identify the thickness of mechanically exfoliated graphene from their high-resolution optical images [34]. An algorithm that can detect the thickness of mechanically exfoliated graphene based on its Raman spectra has also been reported [35]. Furthermore, a combination of carbon-isotope-labeling and Raman imaging can be used to visualize the time evolution of graphene domain growth [36].




2. Materials and Methods


A Cu foil purchased from Alfa Aesar (#46365) with 25 μm thickness and 99.8% purity was used as the growth substrate to obtain the centimeter-scale graphene samples employed in this work. Prior to growth, a 10 × 2 cm2 Cu substrate was first cleaned by sonicating in a nickel etchant to remove surface contaminations. We refer to this substrate as “bare Cu”. In order to study graphene samples with different quality, we performed an additional oxidative pre-treatment on another 10 × 2 cm2 Cu substrate, which is named as “treated Cu”. Specifically, the substrate was annealed in ambient atmosphere at 130 °C for 3 h, after the Ni etchant treatment.



After pretreatments, both Cu substrates were folded into a pocket structure, similar to previous work [37], and loaded separately into a low-pressure chemical vapor deposition (LPCVD) system. The temperature of the LPCVD system was then ramped up to 1050 °C in 30 min (50 mTorr). In the next 30 min, the LPCVD system was maintained at 1050 °C. Then, 50 sccm of H2 gas was introduced into the system, and 1 min later, 1 sccm of CH4 was added to activate the graphene deposition. The system was maintained under the same conditions for one hour.



It should be noted that graphene with a different thickness was synthesized at the exterior side of the Cu pocket, using the LPCVD approach described above. In order to transfer the exterior graphene from the 10 × 2 cm2 growth substrate to a destination substrate for characterization, the Cu pocket was carefully cut, with extra care given to its exterior side.



All graphene samples investigated in this work were transferred on Si/SiO2 substrates with the help of polymethylmethacrylate (PMMA) support layers. A 300 nm thick layer of PMMA 950 A5 (Microchem Inc., Westborough, MA, USA) was first spun-coated on the graphene/Cu sample, followed by one hour of 80 °C oven baking. To remove the Cu growth substrate, the sample was then floated on top of Cu etchant for half an hour, after which the sample was rinsed with deionized water at least thrice. For these steps of sample rinsing, a flat scoop (i.e., Si wafer or glass slide) was used to ship the sample from one beaker of deionized water to another, and an external force (i.e., tweezers) was required to drive the sample from the liquid surface to the flat scoop, until the sample was free of Cu etchant residues. Finally, the destination substrate (i.e., Si/SiO2 substrate) was used to fish the graphene film. In order to expedite sample drying, the sample was initially blown dry with nitrogen flow, followed by 8 h of oven baking at 80 °C. To remove the sacrificial PMMA support layer, the sample was then soaked in acetone for 6 h, rinsed with isopropyl alcohol, and finally blown dry with nitrogen. A schematic representation of the LPCVD of graphene on the two different types of Cu substrates, and optical images of the respective graphene samples transferred on SiO2/Si substrates, are shown in Figure 1.



A 532 nm excitation laser (Ulm, Germany) with a 100 × objective lens (WITec Alpha 300 micro-Raman imaging system) and a laser spot size of ∼320 nm was used for the acquisition of all Raman spectra and maps reported in this work. The acquisition time per spectra was set to 500 milliseconds and the laser power measured at the sample was always kept below 80 µW.



For the artificial intelligence analysis, we applied k-means clustering to separate unlabeled data samples into k groups with squared Euclidean distance as a dissimilarity measure between two data points. A similar algorithm was shown to be effective in clustering Raman spectra data to understand the strain-doping relationship in epitaxially grown graphene [38]. In our k-means algorithm, all data points were clustered based on similarity. In other words, dissimilarity was minimized within each cluster, whereas differences between clusters were maximized. Specifically, the dissimilarity between a data point and a cluster center is the distance from the data point to the cluster center. Therefore, the dissimilarity within a cluster will be the sum over the distances between data points in that cluster and the cluster center. The summation of all cluster dissimilarities is called global dissimilarity, which can be calculated by iterating over each cluster, each data point within the cluster, and each feature of the data point:


     ∑   k = 1  K    ∑   n :  X n  ∈  S k      ∑   d = 1  D     (   x  n , d   −  μ  k , d      )   2    



(1)




where k is the number of clusters, K is the total number of clusters, n is the number of data points, d is the number of features, D is the total number of features, xn,d is a new data point, and     μ  k , d        is the mean of the cluster. Since the cluster centers of Raman data are not known in advance, we initialized them with a set of values randomly picked from the existing data points. Subsequently, two steps were performed alternately: (i) assign each data point to the cluster with the closest cluster center, and (ii) update the cluster center to be the mean of all the data points in its cluster. The iteration of these two steps was continued until a convergence point was found. It is worth noting that the k-means function from the Scikit-learn package [39] was used in this work.




3. Results and Discussion


Using the same growth recipe, random growth of tri-layer graphene (3LG) islands, as well as inevitable nucleation of thicker layers, were observed on the bare Cu substrate, while only monolayer graphene (1LG) and bilayer graphene (2LG) regions were observed on the treated Cu (see Figure 1 and Figure 2A). Indeed, the treated Cu case is an idealistic situation where layer-by-layer, Frank-van der Merwe growth mode was achieved, and islands of thicker graphene impurities were suppressed.



With the help of microscopy analysis, a statistical method was developed to quantify the multilayer impurities in both graphene samples. For such analysis, we randomly acquired 10 microscopy images, with sizes of at most 40 × 40 µm2, from graphene samples grown on both bare and treated Cu, which were then transferred onto separate Si/SiO2 substrates. Each image was converted into grayscale, and the corresponding pixel counts (5,002,624 pixels for each image) were plotted. In Figure 2B, the histograms from typical graphene samples grown on bare and treated Cu substrates were plotted, which respectively show four peaks (1LG, 2LG, 3LG and 4LG), and two peaks (1LG and 2LG). In order to systematically label graphene regions with different layer numbers, we assigned a range of gray levels to each histogram peak, and converted the corresponding pixels into red (Figure 2C). Upon layer labeling in each microscopy image, we estimated the occurrence probability of 1LG, 2LG, and multilayer graphene (MLG), the latter representing 3LG, 4LG, and above, by extracting the ratio of pixel counts (Figure 2D). The occurrence probability of 2LG is less than half (46.20 ± 14.22%) for graphene samples grown with “bare Cu”, while that of “treated Cu” is close to 100% (99.32 ± 0.34%).



Figure 3 shows Raman analysis for both types of graphene samples whose respective optical images are displayed in Figure 3A and Figure 3D. Figure 3B plots the Raman spectra of graphene grown on treated Cu, taken from four typical spots. Spot 1 exhibits the typical 1LG Raman signatures: the positions of G and 2D bands (    ω G     and     ω  2 D     ) are located at 1582 and 2670 cm−1, respectively; the intensity ratio of 2D to G band (I2D/IG) is ~2; and the 2D full width at half maximum (    Γ  2 D     ) is 34 cm−1. On the other hand, spots 2, 3, and 4 exhibit almost identical Raman spectra:     ω G     = 1580 cm−1,     ω  2 D      = 2680 cm−1, I2D/IG = 1, and     Γ  2 D      = 58 cm−1. These features all can be identified as quasi-AB-stacked 2LG; that is, twisting angles between two graphene layers are very small (θ = 0 to 5°) [40,41]. In Figure 3C, we collected a total of 18,000 Raman spectra across a selected area of 30 × 24 µm2, which consisted of two 2LG domains that merged and were encompassed by 1LG region. We found the I2D/IG ratio to be constant at ~1.0 over the two merging domains of 2LG, suggesting that both 2LG domains are quasi-AB-stacked 2LG with similar stacking orders.



As for the graphene sample grown on bare Cu, Raman spectra taken from the four spots indicated in Figure 3D all had different     ω G    ,     ω  2 D     , I2D/IG, and     Γ  2 D      (Figure 3E). Based on the Raman spectra characteristics, spots 1 and 4 were found to be 1LG and 3LG, respectively, while spots 2 and 3 were found to be 2LG regions since they had the same optical contrast under optical microscope, and their optical contrast is intermediate between that of 1LG and that of 3LG (see Figure 3D). Spot 2 is quasi-AB-stacked 2LG with a small-twisting-angle (I2D/IG = 0.77 and     Γ  2 D      = 62 cm−1), whereas spot 3 is a larger-twisting-angle 2LG (I2D/IG = 2.3 and     Γ  2 D      = 37 cm−1). Indeed, the variation of twisting angles in the graphene sample grown on bare Cu is large, unlike those of the treated Cu. In Figure 3F, we collected a total of 20,250 Raman spectra from a typical graphene sample grown on bare Cu, over an area that consists of 1LG, 2LG, and 3LG, and MLG. Surprisingly, the 2LG region that appeared to be uniform under an optical microscope shows at least two distinct divisions in the Raman map of I2D/IG (Figure 3F), indicating that the 2LG region was made of at least two domains with very different stacking orders (i.e., twisting angles).



Although Raman mapping is a useful tool for researchers to effectively estimate the quality of a graphene sample [25,26,27,28,29,30,31,32,33], it is not an efficient methodology for industrial manufacturers who need the quality inspection of a centimeter-scale graphene film to be completed within a minute for high-throughput mass production. For example, it took more than an hour for an experienced graphene researcher to collect sufficient Raman spectra and plot the intensity map shown in Figure 3F, which is only across an area as small as 30 × 27 µm2. The steps involved: (1) fine-tuning parameters in Raman spectroscopy, (2) analyzing each Raman spectrum with mathematical software to extract useful information, and finally (3) plotting multiple data maps to visualize the pattern of Raman data throughout the spectra collected region and interpreting them. To optimize the image resolution of a Raman map, graphene experts are required to operate the Raman spectroscopy because there are many technical details involved. For example, locations of all Raman spectra must be close enough to avoid pixelation because each spot represents an image pixel. Furthermore, parameter tunings in Step 1 must be repeated multiple times to make sure the intensity values of collected Raman spectra are large enough for mathematical calculations in Step 2 later. Experts are also needed to extract and interpret useful information from the Raman spectra. A critical challenge that experts faced in constructing a larger, millimeter-scale Raman map is the significant change of Raman intensity that inevitably happens whenever there is a small vibration or ambient noise.



Instead of Raman mapping, we demonstrated that the same groups of collected Raman spectra can be analyzed using an artificial intelligence (AI) tool. To use the AI tool in analyzing Raman data, end users only have to load Raman spectra collected from graphene samples as inputs, and the analysis of Raman data will run automatically. For demonstration purposes, we loaded the 18,000 Raman spectra collected for Figure 3C to an AI tool equipped with a simple and fast unsupervised learning approach, based on the k-means algorithm, which measures dissimilarity between two data points using square Euclidean distance. In the proposed artificial-intelligence-assisted Raman data classification, only three parameters (namely,     ω G    ,     ω  2 D     , and     Γ  2 D     ) were extracted from each Raman spectrum, and they were selected as clustering features (Figure 4A). The developed k-means algorithm clustered all 18,000 Raman spectra into two classes (Figure 4B), without the need of complicated software analysis. By reading the mean value (      ω G   ¯    ,       ω  2 D    ¯    ,       Γ  2 D    ¯    ) of each class, we identified Class I and II as the Raman data attributed to 1LG and quasi-AB-stacked 2LG, respectively. The same k-means algorithm was also used to cluster the more complicated layer-plus-island graphene film. As can be seen in Figure 5, the k-means algorithm is able to classify all 20,250 Raman spectra collected for Figure 3F into five classes. By reading the mean value (      ω G   ¯    ,       ω  2 D    ¯    ,       Γ  2 D    ¯    ) of each cluster, we identified Class I to V as the Raman data attributed to 1LG, quasi-AB-stacked 2LG, larger-twisting-angle 2LG, 3LG, and MLG, respectively. By manually comparing the assigned class number of each Raman spectra with the Raman mapping results, we found that the accuracy of our AI-integrated Raman analysis results are at least 99.95%, much higher than that of conventional algorithms with only 90% satisfactory results [35]. This difference can be attributed to the fact that our algorithm is not based on the fitting of the 2D band as it is in the study by Caridad et al. [35]. It is simple to distinguish monolayer graphene by fitting the 2D band with one Lorentzian peak, but the situation becomes complicated for the case of multilayers, since the electronic structure and the phonon scattering processes are more complex, affecting the peak shape which becomes less symmetric and making an exact fit with multiple components a challenging task [42,43]. For this reason, a straightforward approach that tackles this issue is needed, especially since a more basic and automatable classification of graphene quality, and our AI-integrated Raman analysis, has addressed this issue.



We note that our AI-assisted Raman analysis is essentially suitable for industrial purposes because the required expertise and machine supervision are very minimal. First, our AI-assisted Raman analysis does not rely on image resolution. Therefore, repeated fine-tuning of Raman spectroscopy parameters is not required, and locations of the collected Raman spectra are flexible. Our analysis results are also straightforward where each Raman data was labeled with a class number. Instead of complicated software that requires intensive trainings, end users can easily understand the class number by obtaining the mean value of all data in the same class and comparing the mean value (      ω G   ¯    ,       ω  2 D    ¯    ,       Γ  2 D    ¯    ) to the reported values [40,41]. Although only three parameters are considered, our analysis is capable of recognizing graphene with a thickness of one to five layers and a rough estimation of their twisting angles. Remarkably, our method is immune to the change in Raman intensity. The only requirement for our AI-assisted Raman analysis to work is the collection of Raman spectra across a graphene sample where their signal intensity changes do not matter.




4. Conclusions


A robust, unsupervised, nondestructive, AI-algorithm-enabled intelligent Raman analysis method is reported, which allows end-users to quickly probe the quality (i.e., stacking orders and layer numbers) of a centimeter-scale graphene sample. The algorithm needs only three Raman parameters (namely,     ω G    ,     ω  2 D     , and     Γ  2 D     ) and in principle can be extended to other 2D materials for which Raman analysis is a convenient method for investigating layer numbers (e.g., GeS, SnS, MoS2, and other ones). Furthermore, our AI-assisted quality inspection method is not limited to Raman analysis, and should be applicable to analysis output by other characterization tools, such as scanning electron microscopy, photoluminescence, scanning probe microcopy, etc. [17]. This study can be considered a first step to further improve the analytical performance of Raman spectra classification based on AI-algorithms. The next investigations will look into the development of improved artificial intelligence tools, providing more advanced algorithms to further enhance the analytical performance of spectra classification.
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Figure 1. Schematics showing the low-pressure chemical vapor deposition (LPCVD) process for graphene growth on bare and treated Cu substrates. Insets: Optical images of the produced graphene samples transferred on separate SiO2/Si substrates, grown using the two different types of Cu substrates as indicated. 1LG, 2LG, and 3LG represent monolayer, bilayer, and tri-layer graphene, respectively. 
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Figure 2. Optical microscopy analysis of graphene samples: (A) Typical optical images of graphene samples grown on bare (left panel) and treated (right panel) Cu, then transferred onto SiO2/Si substrates; (B) Pixel counts as a function of gray values for two microscopy images of typical graphene samples grown on bare (left panel) and treated Cu (right panel) substrates; (C) Statistical labeling for each layer of graphene; (D) Occurrence probability for different graphene layers, statistically identified using the method shown in (B,C), from 20 typical optical images taken from both types of graphene samples (10 each). Multilayer graphene (MLG) represents 3LG, 4LG, and above. 
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Figure 3. Raman analysis of graphene samples: (A,D) Optical images of graphene samples grown on treated and bare Cu, respectively; (B,E) the corresponding Raman spectra taken at different positions as indicated; (C,F) the corresponding Raman maps of I2D/IG ratios. Laser spot size was about 500 nm, and the mapping step size was 200 nm. All scale bars are 5 μm. 
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Figure 4. AI-algorithm-enabled Raman analysis of a typical graphene sample grown on treated Cu, where layer-by-layer graphene growth occurs. (A) The three parameters extracted from each Raman spectrum (i.e.,     ω G    ,     ω  2 D     , and     Γ  2 D     ) were selected as clustering features. (B) The corresponding Raman data after k-means algorithm classification. A total of 18,000 Raman spectra were clustered into two classes only. By reading the mean value (      ω G   ¯    ,       ω  2 D    ¯    ,       Γ  2 D    ¯    ) of each class, we identified Class I and II as the Raman data attributed to 1LG and quasi-AB-stacked 2LG, respectively. 
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