Simultaneous characterization of operando multi-material distribution via high-contrast correlative tomographic microscopy 
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High-contrast tomographic microscopy of evolving multi-material systems, such as electrochemical devices, offers a unique and often exclusive perspective into inner workings of these complex systems. Here, we characterize the operando spatiotemporal distribution of six interacting fuel cell components simultaneously in high contrast using a combination of dual-modality neutron and X-ray tomography (NeXT) and advanced image processing, achieving the highest reported pairwise contrast between these materials (average and median pairwise contrast-to-noise ratio of 9.5). Signal and contrast enhancements of up to 48 times and 10 times, respectively, are achieved when adopting the proposed methodology over single-modality imaging with conventional image processing. These drastic contrast enhancements reveal subtle variation in operando microstructural morphology of the catalyst coated membrane and liquid water distribution with respect to flow-field land-channel patterns in fuel cells. Such high-contrast NeXT imaging sets the stage for the establishment of a new gold-standard for operando tomographic characterization of electrochemical devices.
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Contributions (INTERNAL ONLY)
Multiple interacting fuel cell components are characterized simultaneously in high contrast using operando dual-modality neutron and X-ray tomography
Specifically, six fuel cell components are resolved simultaneously with high contrast (average and median pairwise contrast-to-noise ratio (CNR) > 9); highest-reported contrast for these operando fuel cell-relevant materials.
Importantly, metal interfaces and liquid water within bulk material and at interfaces are resolved simultaneously and independently (high correlative signal-to-noise ratio of > 6.6)
Decoupled characterization
Comprehensive analysis of contrast between materials reveals significant contrast enhancements when pairing dual-modality imaging with advanced image processing.
A unique combination of image processing methods, such as iterative reconstruction and metal artifact reduction are applied to reduce noise in NeXT images 
Iterative reconstruction enhances signal to noise ratio compared to non-iterative filtered back-projection by 430 % and 73 % for X-ray and neutron images, respectively
Metal (or streak) artifacts in X-ray images are corrected using linear interpolation (metal artifact reduction-linear interpolation, MAR-LI) to yield a 52 % reduction in artifacts.
Improved material contrast reveals subtle micro-structural deformations in the CCM with respect to land-channel patterns
Images are more noise-tolerant to truly push operando imaging
Significance: High-contrast multi-material operando tomography enables us to non-destructively analyze complex physiochemical processes within fuel cells in unprecedented detail for accurate prediction, modeling, and optimization of next-generation devices. Methodology presented here is generalizable to applications in a broad range of fields such as earth science, material science, and energy devices (such as electrolyzers and batteries), and to techniques such as X-ray, neutron, and electron tomography. The high-contrast imaging offered by NeXT paired with advanced processing sets up the stage for the establishment of a new gold-standard for operando tomographic characterization of electrochemical devices.
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[bookmark: _Hlk108087500]Introduction
Tomographic microscopy1,2 is a powerful non-destructive technique to evaluate material properties and distributions with applications in porous media3, energy4–6, earth science7, life science8,9, material science10, archeology11,12 and other diverse fields.  In the context of electrochemical energy devices, such as fuel cells, batteries, and electrolyzers, advancements in tomographic microscopy, especially using X-rays13–15 or neutrons5, have enabled detailed 4-dimensional (4-D with 3 spatial dimensions and time) characterization of various cell components during electrochemical operation. Such operando imaging serves as a foundational platform to characterize and optimize mechanical, morphological, and transport properties of various materials, including membranes, porous layers such as gas diffusion layer (GDL), and flow fields16,17. 

Neutron and X-ray imaging each have unique advantages and limitations for operando imaging and most studies so far focus on the use of one imaging modality at a time. X-rays interact with electrons and the sensitivity or attenuation of X-rays generally increases with atomic number. In contrast, neutrons interact with atomic nuclei with no direct relationship between the atomic number and material attenuation, and materials such as hydrogen, lithium, and iridium have a high opacity with neutrons (for a detailed comparison of attenuation coefficients for neutrons and X-rays, readers are referred to work by Kaestner et al.18). In the context of operando polymer electrolyte membrane (PEM) fuel cell imaging, neutrons are particularly suited for high-contrast water detection due to high sensitivity of neutrons to hydrogen. Accurately characterizing liquid water distribution is crucial for PEM fuel cell development since liquid water management plays a key role in governing cell efficiency and durability, especially for high-performance fuel cells19,20. X-ray imaging is highly sensitive to metal and metal-containing interfaces and is thus suited to track morphological evolution of interfaces such as the catalyst layer-PEM interface. X-rays imaging also typically benefits from higher spatial and temporal resolutions, whereby sub-second and sub-micron tomography have been recently developed and leveraged to study dynamic conditions. For instance, liquid water distribution may be resolved in working fuel cells to pinpoint pathways and mechanisms for water transport at varying commercially relevant operating conditions14. X-ray tomography has also been used to track morphological characteristics of a full membrane electrode assembly (MEA) during degradation to reveal that degradation mechanisms in the membrane are strongly influenced by cell-scale heterogeneity of flow-field lands and channels. Recently, advancements in the traditionally-slower neutron tomography have made fast tomography (40 s scans) and dynamic imaging possible with cold neutron imaging5, opening the possibility for high-contrast detection of water in dynamic and realistic conditions; though, further development is needed to enhance both temporal and spatial resolutions together. 

Combining X-ray and neutron images has a promising potential to leverage the advantages of both techniques and reveal unique insights into the working of electrochemical devices and other multi-material systems. In some recent studies, authors have correlated separately measured neutron and X-ray images of operando devices such as batteries and fuel cells. For instance, X. Peng et al.6 use operando neutron imaging and X-ray computed tomography (CT) to spatially and temporally locate liquid water distributions within alkaline membrane fuel cells. Operando insights enable them to recommend a new electrode design that exhibits high performance and durability through efficient water management. In another study, Ziesche and co-workers4 correlated non-simultaneous 4-D X-ray and neutron tomographs to identify mechanical degradation and lithium-ion transport mechanisms, respectively in commercial lithium-batteries using a virtual unrolling technique. These studies show the promise of combining separately obtained neutron and X-ray images to reveal more insights than each single-modality image. However, electrochemical devices operate with complex and heterogenous physicochemical phenomena that are better suited for accurate characterization using simultaneous rather than separate application of X-ray and neutron modalities. 

Simultaneous neutron and X-ray tomography (NeXT) harnesses the true potential of both imaging modalities with stark compounding benefits, especially when used to track multiple interacting materials21–23. For instance, in-situ NeXT has shed light on hydro-mechanical response of porous materials such as rocks (Callovo Oxfordian claystone), whereby high opacity of hydrogen to neutrons is combined with high material density contrast and high spatio-temporal resolution of X-rays24. Other studies have utilized the high-contrast obtained via NeXT imaging to identify multiple phases within composite materials such as battery electrodes25, concrete26,27, and archaeological artifacts12. However, the application of simultaneous NeXT has not been extended to comprehensive and quantitative studies of operando processes. A practical bottleneck when considering operando imaging is the typical requirement of low number of projections or low exposure times to facilitate fast scans, which leads to noisy reconstructed volumes using conventional image processing algorithms. Low noise and correspondingly high contrast and signal quality is desired in reconstructed images to detect and distinguish various materials of interest. For example, H. Xu et al.28 demonstrated that the detectability of liquid water was nearly 100 % and above 90 % in X-ray images with high contrast-to-noise ratio (CNR) of 6.6 (with no additional denoising) and 2.2 (with mild denoising), respectively. Advanced image processing methods, such as iterative reconstruction29–31 and artifact reduction techniques32–34, offer a promising solution to overcome noise limitations in tomographic operando scans and facilitate quantitative analysis5,28,35. However, there is a significant opportunity and need to combine the advancements in recent image processing tools with high-contrast imaging methods such as NeXT to push the boundaries and capabilities of multi-material operando imaging, especially in the context of electrochemical devices.  

In this study, we combine dual-modality tomography with advanced image processing to obtain high material-contrast between six interacting materials that are relevant for operando fuel cells, representing the highest quantified contrast between these materials. A unique combination of image processing tools, including iterative reconstruction and metal artifact reduction, are employed on NeXT images to obtain contrast enhancements of up to 714 %. Using such pronounced contrast enhancements, we reveal subtle microstructural deformation in the catalyst coated membrane (CCM) with respect to flow-field land-channel patterns. In addition, high-contrast characterization of liquid water distribution decoupled from the catalyst layer measurements enables accurate contextualization of measured liquid water in the evolving interfaces and bulk materials. Accurate characterization of morphological and hydration characteristics in operando fuel cell materials using such high-contrast imaging is essential to advance modeling, optimization, and accurate prediction of performance and durability of next-generation fuel cells. Detailed methodology and findings presented here are intended for seamless transfer and applicability to other diverse operando and non-operando applications.

Results
Simultaneous dual-modality imaging. A custom fuel cell is operated and imaged using dual-modality simultaneous X-ray and neutron tomography (NeXT) (Fig. 1); details of the fuel cell and imaging setup are described in “Methods” section). A key advantage of dual modality imaging is enhanced contrast between materials. In the context of fuel cells, neutrons are highly attenuated by hydrogen atoms; hence neutron imaging is used to accurately locate and quantify operando liquid water distribution. X-rays are sensitive to metals; hence simultaneous X-ray imaging is used to track metal-containing components such as aluminum flow-fields and interfaces such as the interface of a Pt-containing catalyst layer and the membrane. In addition, metals such as Pt are almost transparent to neutrons while water has low opacity in X-rays. As a result, simultaneous NeXT allows us to decouple the characterization of liquid water and interfacial locations for high contrast independent characterization without the interference between the material signals. This feature is of importance in operando imaging since unavoidable interfacial movement such as membrane swelling typically impedes the characterization of crucial interfacial properties in single-modality imaging. For instance, the complexity of resolving liquid water at catalyst layer-GDL interface using single-modality X-ray imaging is challenging when the operando movement of the membrane is involved35,36. 
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[bookmark: _Ref107376704]Fig. 1 Operando fuel cell setup for simultaneous neutron and X-ray tomography (NeXT). Neutron and X-ray beams are oriented orthogonal to each other. The fuel cell is rotated 360 ° and 701 equally spaced projections are collected. Image processing enhances quality of 3-D reconstructions of X-ray (thermal colourmap) and neutron (blue) images, such that multiple interacting materials are visualized simultaneously in high contrast. Sample materials highlighted include liquid water droplets within channels visualized using neutron imaging and metal components (aluminum flow-fields and stainless steel bolts) visualized using X-ray imaging.  Axes for the 3-D volumes are shown at bottom left corner. For length scale, each flow-field land or channel seen in the X-ray image is 0.5 mm wide.

Image processing enhances material contrast. Image processing is employed to further enhance contrast between materials and enable detailed material characterization (image processing routine highlighted in Fig. 2 and detailed in “Methods” section). In general, 2-D projection images obtained using neutron and X-ray tomography are processed and converted into sinograms. Sinograms contain normalized projection data that is re-arranged such that a 2-D sinogram for each detector row position (z-position in Fig. 2) contains detector column positions (x-position in Fig. 2) on the horizontal axis and projection angles on the vertical axis (sample X-ray sinogram is shown in Fig. 2). The sinograms are then reconstructed into 3-D volumes. In each of these stages, noise reduction techniques are used to enhance material detectability and contrast. The specific settings and details used for each image processing step are detailed in “Methods” section and in Table 1. Here, we qualitatively and quantitatively present our findings of enhanced material contrast using two main image processing techniques: iterative reconstruction and metal artifact reduction.
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[bookmark: _Ref107843039]Fig. 2 Image processing sequence used on neutron (blue lines) and X-ray (brown lines) images. 2-D projection images are obtained as an average of 3 projection images (with a spatial median filter of 3 px by 3 px). 2-D projection images are converted into sinograms, which are then reconstructed into 3-D volumes. Sample X-ray projection image, sinogram, and 3-D reconstruction are shown with respect to spatial axes (x, y, z) and number of projections (nproj). The image processing steps detailed in this study are shown with solid boxes, while additional steps used for phase segmentation and correlative quantification are shown in dashed boxes. Settings used for each image processing step is detailed in Table 1. 

An algebraic iterative reconstruction method, simultaneous iterative reconstruction technique (SIRT), is successful in suppressing noise to produce higher quality reconstructed volumes compared to non-iterative reconstruction (FBP). We chose this reconstruction technique, SIRT, due to its noise-tolerance and robustness, especially when dealing with low number of projections and noisy projection images (for details of SIRT and FBP, see “Methods” section). Our study provides a novel application of this established reconstruction technique to dual-modality images of operando fuel cells to highlight the potential of such methods in accurately characterizing complex and heterogenous mechanisms within electrochemical devices. The enhancement in contrast and reconstruction quality is significant when evaluating the catalyst layer region in X-ray images (Fig. 3). Quantitatively, SNR and CNR values of the catalyst region (calculated using in gray dotted boxes shown in Fig. 3a) are enhanced by 331 % (2.9 to 12.5) and 430 % (3.0 to 15.8), respectively, when using SIRT instead of FBP. Higher SNR and CNR are manifested as clearly defined and distinguishable features. Enhanced contrast of the catalyst layer enables us to precisely locate and characterize the 4-D morphology of the catalyst coated membrane (CCM) and thereby of the adjacent GDLs. 

In essence, using SIRT reconstructions, subtle microstructural deformations of the membrane corresponding to land-channel patterns are detected, whereby the catalyst coated membrane is seen to bend into channel regions (shown using green arrows in Fig. 3f, but not visible in Fig. 3e). This membrane deformation manifests as alternating peaks/valleys representing catalyst signal/background (gray values of 0.07 and 0.05, respectively) in the land/channel regions when analyzing a straight-line profile of gray values (Fig. 3f). Land-channel imprints are also observed in the cross-sectional slice (top) in SIRT reconstructions (Fig. 3b). On the contrary, the magnitude of noise in gray values in FBP reconstructions are on the order of catalyst peaks and render the catalyst layer almost indistinguishable from background (Fig. 3a,c,e). The identification of such microscale heterogeneity in CCM morphology enables accurate characterization of mechanical and hydration properties of membranes and water saturation in GDLs, which have significant implications in predicting fuel cell performance and durability19,20,36. 
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[bookmark: _Ref108099075]Fig. 3 Comparison of conventional non-iterative reconstruction (FBP) and proposed iterative reconstruction (SIRT) methods for X-ray images. Cross-sectional slice of top (a, b) and side (c, d) views showing catalyst layer which is coated on the membrane. Gray dashed boxes in a) for the catalyst and background regions are used to calculate SNR and CNR. Iterative reconstruction enhanced SNR and CNR for the catalyst layer by 331 % and 430 %, respectively when compared with conventional FBP reconstruction. High SNR and CNR reveal subtle microstructural deformation of the membrane aligned with land and channels, visible in zoomed-in side profiles in f) SIRT reconstructions (indicated with green arrows), but not in e) FBP reconstructions. Gray value profiles of sample line segment (black dashed line in a) -b) and e) – f)) for e) FBP and f) SIRT reconstructions. The gray value profiles quantitatively highlight enhanced contrast and distinguishability of catalyst layer from background due to iterative reconstruction. Low catalyst signal is observed under the channels in f) due to membrane curvature (highlighted using green arrows) that leads to catalyst layer misalignment with the straight black dotted line of reference. Colorbar (bottom right) in b) is scaled to highlight catalyst layer. Black scale bar (bottom right) in d) is 1 mm in length. Spatial axes are shown on bottom left in a) – d).

In neutron images, water droplets in the flow field channels and the under-land regions of the GDL are clearly distinguishable (Fig. 4). Quantitatively, SNR and CNR improve by 60 % (6.2 to 9.9) and 73 % (7.8 to 13.5), respectively when the reconstruction method is changed from non-iterative FBP to iterative SIRT. The distinguishability of liquid water from the background is also evaluated using a gray value profile of a line segment (shown in dashed black line in Fig. 4). The gray value profile for SIRT exhibits a smoother profile (indicating less noise) and more distinguishable intensity regions for liquid water within the channels and in the GDL under the lands (shown in Fig. 4b,d), when compared to conventional FBP. Enhancements in contrast/signal quality, corresponding to higher CNR/SNR values, signify a more pronounced distinction between a signal of interest and the background/noise, and enables more accurate distinguishability/detection for quantitative analysis of materials.
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[bookmark: _Ref108098972]Fig. 4 Comparison of conventional non-iterative reconstruction (FBP) and proposed iterative reconstruction (SIRT) methods for neutron images. Cross-sectional slice of top (a, b) and side (c, d) views showing water droplets within the flow field channels and water in the GDL under the lands. Land and channel regions are demarked using gray dashed lines in e) and f). Liquid water droplets within channels (average of 5 instances) and background (gray dotted box indicated in c)) are used to calculate SNR and CNR. Iterative reconstruction enhanced SNR and CNR for the liquid water by 60 % and 73 %, respectively when compared with conventional FBP reconstruction. Gray value profiles of line segment (black dashed line in a) -d)) for e) FBP and f) SIRT reconstructions, which quantitatively highlight enhanced contrast and distinguishability of liquid water from background. Colorbar (bottom right) in b) is scaled to highlight liquid water. Black scale bar (bottom right) in d) is 1 mm in length. Spatial axes are shown on bottom left in a) – d). 

Highly attenuating materials, such as metals (stainless steel bolts in this study), tend to produce streak artifacts in reconstructed X-ray images due to underlying effects such as beam hardening, scattering, noise, and photon starvation37. For this study, we use a simple artifact correction technique, called metal artifact reduction-linear interpolation (MAR-LI; details in “Methods” section). MAR-LI is effective at removing streak artifacts due to the highly attenuating stainless steel bolts (Fig. 5). Before MAR-LI, streak artifacts are clearly visible in the cross-sectional X-ray image of the PEM region, whereby darker (higher gray value) and lighter (lower gray value) bands or “streaks” are observed stemming from the edges of the bolts (indicated with black arrows in Fig. 5a). The streaks also show up as peaks and valleys distinct from the background PEM in the gray value profiles (Fig. 5c). In comparison, after MAR-LI, the PEM region, especially the central region of interest, seems unaffected by such streaks (Fig. 5b) with a relatively uniform gray value profile devoid of spikes due to metal streaks (Fig. 5a). Quantitatively, we observe a reduction in streak artifacts by up to 52 % of the average background value (reduction from 56 % to merely 3 % before and after MAR-LI, respectively). Though more sophisticated streak removal algorithms are available and may be suitable for more complex images32,33,38, a simpler method based on linear interpolation is adopted here due to its effectiveness on our dataset.

Techniques such as MAR-LI allow us to preserve the high contrast of strongly attenuating materials such as metals without suffering from the drawback of streak artifacts in 3-D reconstruction, and effectively increase the range of detectable and quantifiable materials in 3-D imaging. To avoid streak artifacts altogether, highly attenuating materials such as metal bolts may be removed from the design of the cell (as in some previous works13,14), which is a viable and convenient option for some systems like custom fuel cells. However, in some other systems such as batteries, metal is an integral component of the cell17, in which case correction techniques like MAR-LI would be highly valuable for accurate quantification, especially during operando imaging. In this study, we highlight the benefits of processing tools such as MAR-LI to extend the applicability of proposed high-contrast imaging to a broader range of devices and systems.


[bookmark: _Ref109036391]Fig. 5 Metal artifact reduction-linear interpolation (MAR-LI). a) Streak artifacts from stainless steel bolts in X-ray imaging (indicated using black arrows) in a cross-section image of the PEM region. b) Metal artifacts corrected using linear interpolation of sinograms at regions affected by highly attenuating metal bolt, using a technique called metal artifact reduction-linear interpolation (MAR-LI)32. c) Average gray value profile along the x-direction in boxed region indicated in a) and b). Average and standard deviation of gray values at each x-position is shown using solid lines and shaded regions, respectively. Black scale bar (bottom right) in b) is 1 mm in length. Using MAR-LI, streaks (shown in black arrows) are successfully reduced reduce by up to 52 %. Spatial axes are shown on bottom left in a) and b).

Towards correlative and quantitative NeXT. The benefits of advanced image processing are compounded when both neutron and X-ray modalities are combined and correlated (sample correlated 3-D image shown in Fig. 6a). Between X-ray and neutron images, the imaging modality with higher signal/contrast quality (higher SNR/CNR) for a given material/material pair is chosen as the dominant modality and used to detect/distinguish the material; e.g. neutron imaging is used to detect liquid water since SNR/CNR values (with respect to void) for water are 9.9/13.5 and 2.9/3.9 for neutron and X-ray imaging, respectively. For quantitative analysis, a pairwise contrast matrix is constructed to evaluate the contrast and distinguishability between six materials of interest: catalyst layer (CL), water droplets, aluminum flow field (Al), polymer electrolyte membrane (PEM), stainless steel bolt (SS bolt), and void space. Using dual-modality NeXT imaging and advanced image processing, six distinct materials of interest are distinguished with mean and median CNR of 9.5 (Fig. 6b). Correlative SNR for all materials except background void space was greater than 6.6 (Table 2 in Supporting Information). Overall, with advanced image processing alone, correlative CNR and SNR are enhanced by up to 714 % (Fig. 7 in Supporting Information ) and 588 % (Table 2 in Supporting Information). The proposed high-contrast imaging method provides even greater benefits when compared to the less-dominant mode of single-modality imaging with conventional image processing, whereby CNR and SNR values are 2 to 48 times and 2 to 10 times higher, respectively (Fig. 6b). Such drastic improvements in CNR and SNR values push the frontier for simultaneous characterization of multiple materials with high accuracy and quantitative potential.

A key advantage of dual-modality simultaneous NeXT imaging is the capability of characterizing interacting materials simultaneously and independently, without interference of material signals. An effective method to decouple the characterization of interacting materials, such as liquid water and catalyst layer, is to exclusively use an imaging modality as the dominant mode to characterize a material. A prerequisite for such decoupling is high signal (SNR) and contrast (CNR) for materials in the dominant modality, but high transparency (low SNR and CNR with void) in the unused modality. In this study, liquid water is characterized using neutrons with high SNR of 9.9, while the catalyst layer is characterized using X-rays with an SNR of 12.5. Considering the unused imaging modality, liquid water has a low SNR/CNR with void of 2.9/3.9 in X-rays, while the catalyst layer has an SNR/CNR with void of 1.9/2.3  in neutrons, making the materials nearly transparent in the unused imaging modality. Though post-processing methods such as image subtraction may be utilized to effectively increase contrast and detection accuracy of low-opacity materials such as liquid water in X-ray images [refs], high transparency of materials in the unused modality offers low signal interference with the other high-opacity materials in that modality, facilitating nearly independent characterization of certain materials. Independent characterization of liquid water and catalyst layers is important in accurately quantifying interfacial, morphological, and hydration properties in operating fuel cells6,36. For this study, all the materials of interest (except void space) had high SNRs of greater than 6.6 in the dominant imaging modality and low SNRs of less than 2.9 (except SS bolt with SNR of 5.1) in the unused imaging modality. 


[bookmark: _Ref111712116]Fig. 6 Correlative dual-modality operando image and correlative contrast matrix. a) Correlative 3-D image of neutron and X-rays shown with cut-outs for clarity. Dual-modality imaging and advanced image processing enables visualization of multiple interacting materials, such as liquid water and metal interfaces and components, with high contrast. b) Correlative contrast matrix of six materials within the fuel cell: catalyst layer (CL), water droplets, aluminum flow field (Al), polymer electrolyte membrane (PEM), stainless steel bolt (SS bolt), and void space. Contrast-to-noise (CNR) is shown in green colour scale and enhancement in CNR due to advanced image processing and dual-modality imaging is presented in purple colour scale. Between neutrons and X-rays, the imaging modality with higher CNR is chosen to detect the material of interest and shown in the matrix (lower triangle with green colour scale). When neutron is the dominant modality used for material detection, values are shown in bold dark gray in the matrix. The proposed high-contrast imaging method provides significant enhancements in material contrast compared to single-modality imaging with conventional image processing (shown in upper triangle with purple colour scale). For length scale, each flow-field land or channel seen in the X-ray image is 0.5 mm wide.


Discussion
Using dual-modality imaging and advanced imaging processing, we visualize and resolve six interacting fuel cell components simultaneously during operation in high contrast. Importantly, catalyst layer and liquid water are distinguished independently and simultaneously using X-rays (SNR of 12.5) and neutrons (SNR of 9.9), respectively with a pairwise CNR value of 9.7. We find that image processing is key to enhancing contrast, whereby CNR and SNR enhancements of up to 714 % and 588 % are observed. More specifically, iterative reconstruction enhances CNR/SNR by 430 %/331 % and 73 %/60 % for characterization of catalyst layer via X-rays and liquid water droplets via neutrons. Metals artifact reduction with linear interpolation (MAR-LI) successfully corrects for streak artifacts from highly attenuating stainless steel bolts, while still preserving the bolt in the images (52 % reduction in artifacts). A unique analysis of correlative signal and contrast matrix reveals tremendous benefits of applying dual modality imaging with proposed image processing, with contrast and signal enhancements of up to 48 times and 10 times, respectively compared to single-modality imaging with conventional processing. Enhancements in material contrast reveals subtle microstructural deformation of the CCM and heterogeneity in liquid water accumulation with respect to land-channel patterns. Furthermore, decoupled characterization of liquid water and metal interfaces enables accurate contextualization of liquid water in evolving components and interfaces of the fuel cell and is of significant importance to understanding and optimizing fuel cell performance and durability. 
Though we demonstrate high contrast for multi-material characterization using NeXT, NeXT is ripe for even further development and advancements. Leveraging innovations in cold neutron imaging5, high-quality desktop X-ray systems1,10,39,40, and operando-specific image processing5,28,29,35, high-contrast NeXT imaging is poised to realize even higher fidelity and more dynamic scans than those presented here. Furthermore, in this study, separate analysis of X-ray and neutron histograms is sufficient to provide necessary contrast for material distinguishability. The two histograms may be combined into a bivariate histogram to further enhance distinguishability using bivariate phase segmentation21,23,26. In addition, transient materials in operando processes may be quantified accurately using image subtraction. For instance, the appearance or accumulation of liquid water may be quantified by subtracting an operational image with a dry reference image13,14. With this work, we intend to extend the capabilities and spur innovation in high-contrast multi-material and correlative characterization in static, dynamic, and operando applications. Furthermore, detailed description of methods presented here is intended for transferable application to diverse fields, including, but not limited to, material science, earth science, porous media, and electrochemical energy devices, such as batteries and electrolyzers.  

Methods 
Fuel Cell Hardware and Setup. We use a custom fuel cell designed for simultaneous neutron and X-ray imaging41. The fuel cell has an active area of 0.36 cm2 and serpentine flow fields (6061 aluminum coated with 1.27 µm each of nickel and gold) with 0.5 mm wide lands and channels and 0.4 mm deep channels. The membrane electrode assembly contains a commercial catalyst coated Nafion 117 membrane (Ion Power, USA) with symmetric platinum loading of 0.3 mg cm-2 and commercial gas diffusion layers (GDLs), SGL 25 BC (Sigracet® GmbH, Germany) at the anode and cathode. The thick 177.8 µm membrane is chosen to facilitate a detailed investigation of membrane hydration and morphological characteristics in operando fuel cells. The compression of GDLs is maintained using 152 μm-thick polytetrafluoroethylene (PTFE) sheets. Hydrogen and air are flowed at the anode and cathode, respectively at an inlet relative humidity (RH) of 100 %, flow rates of 0.2 L/min, and back pressure of 100 kPa. High flow rates are used to prevent water slugs within the cathode channels. For this study, we focus our analysis on one testing condition to establish a robust methodology for material characterization: constant current density condition at 0.6 A/cm2 (measured cell temperature of 29 °C) with humidified hydrogen and air flowing at the anode and cathode. 

Operando Neutron and X-ray Tomography (NeXT) Setup. Operando neutron and X-ray tomography is conducted at the BT-2 beamline at the NIST Center for Neutron Research (NCNR) (schematically shown in Fig. 1). Neutrons are obtained from the NIST facility and X-rays are obtained from Oxford Instruments UltraBright 90 keV microfocus X-ray tube21. The X-ray was set to 70 keV at 40 W. For both neutron and X-ray imaging, lens-coupled cameras are used with a GadOx (gadolinium oxysulfide doped with terbium, Gd2O2S:Tb) scintillators. Andor NEO scientific complementary metal oxide semiconductor (sCMOS) cameras are paired with each detector. To prevent interference between the neutron and X-ray signals, lead and Li-doped poly shielding are used for the neutron and X-ray detectors, respectively, and the X-ray beam is masked using a tungsten shield. The voxel sizes achieved using the setup were 8.94 μm/px and 8.45 μm/px for neutron and X-ray imaging, respectively. The fuel cell is rotated 360 ° during operation to collect 701 equally spaced 2-dimensional (2-D) averaged projection images for both neutron and X-ray imaging. Each averaged projection image is obtained by averaging 3 projection images at an exposure time of 5 s (total scan time of around 4 hours). Imaging is conducted during constant current steps at steady state (after 15 minutes since the start of each current step). 

Noise reduction in 2-D Projection Images and Sinogram Generation. To prepare obtained 2-D projection images for reconstruction and quantitative analysis, the projection images are denoised using custom GUI-supported code from NIST 21,42 and Fiji43. Each projection image is an average of 3 images with a spatial median filter of 3 px by 3 px. For neutron images, image deconvolution is applied to deblur projection images21. Both neutron and X-ray images are processed using a line filter (wavelet ring filter) to suppress ring artifacts in reconstructed volumes. An additional denoising step is applied to neutron images to remove artifacts with unrealistically high gray values. The projection images are then rotated to align the axis of rotation with the vertical axis, log-normalized by the intensity of background, and cropped to the region of interest. Dark-field and flat-field corrections are performed to account for camera noise and non-uniform distribution of incoming beam, respectively. The prepared projection images are converted to sinograms. Details of image settings are found in Table 1, while the procedure is schematically shown in Fig. 2. For additional details, readers are referred to paper by LaManna et al.21.

3-D Reconstruction. The sinograms are reconstructed into 3-D volumes using two methods: a) conventional filtered back-projection (FBP) using Octopus44 and b) simultaneous iterative reconstruction technique (SIRT) using open-source ASTRA toolbox30,45. FBP is an analytical reconstruction technique in which the projection signals from all angular steps are back-projected onto the 3-D volume. The signal is filtered in the Fourier space to enhance high frequencies and thereby deblur and sharpen the edges in 3-D space. Mathematical details of FBP, including Fourier slice theorem, may be found in textbook by Banhart46. FBP is a fast and convenient reconstruction technique but relies on a high number of projection angles and high quality 2-D projections for accurate reconstruction. In many practical applications, such as operando scans, when the number of projection angles or the quality of individual 2-D projections is low, FBP is susceptible to noise and yields low-quality reconstructions.

Iterative reconstruction techniques are more noise-tolerant and robust when dealing with a limited number of projections or noisy projection images29,30 and are better suited for operando imaging. For this study, we use an algebraic iterative reconstruction algorithm known as the simultaneous iterative reconstruction technique (SIRT)30,35. A key advantage of SIRT over FBP is that a feedback loop is used to iteratively correct the calculated reconstructed 3-D volume by comparing actual measurements of 2-D projections to calculated projections. In general, the algebraic problem of 3-D reconstruction requires us to solve for an unknown 3-D reconstructed volume, v using a series of measured 2-D projections, p with a set of equations Wv=p, where W is a projection matrix that captures how 3-D volume geometry maps onto the 2-D projection geometry30. In SIRT, an initial reconstruction is assumed, typically as a 3-D volume with a uniform pixel value of 0. At each iteration, the 3-D reconstructed volume is virtually projected on the projection space (called forward projection) to obtain re-projections with the same angular spacing as the original measured 2-D projections. The difference between the re-projections and measured projections is back-projected into 3-D space and used to update the reconstructed volume for the next iteration. With each iteration, the SIRT algorithm attempts to reduce the deviation between the measured projection images and the calculated re-projected images to enable a more accurate mapping of measured 2-D projections onto the calculated 3-D space. This feedback mechanism helps reduce noise in the reconstructed volume with each iteration, capturing a key advantage of SIRT over non-iterative methods such as FBP. Mathematically, the algorithm updates the reconstructed volume at each iteration, vk+1 using the volume at the previous iteration, vk, the measured 2-D projections, p and the projection matrix, W, using the equation 
,									   (1)

where C and R are diagonal matrices containing inverse column and row sums of W, respectively30. For more details on SIRT and the mathematics of reconstruction, readers are referred to Aarle et al.30,45 and Banhart46. Following reconstruction, the positive gray values in each 3-D image is normalized to a range between 0 and 1 to facilitate comparative analysis. Comparison of results of the two reconstruction techniques are presented in the Results section.

Streak Artifact Reduction to Preserve Highly Attenuating Materials. Streak artifacts from stainless steel bolts are corrected for using a simple technique called metal artifact reduction-linear interpolation (MAR-LI). The sinograms are first reconstructed using SIRT and thresholded to segment the metal bolts in 3-D. This segmented metal image is then forward projected to create a sinogram of only the metal, called a metal trace. The metal trace is subtracted from the original sinogram, and gaps in the sinogram are filled using linear interpolation. This corrected sinogram is then reconstructed to obtain a 3-D reconstruction without the presence of the metal and correspondingly with lower streak artifacts. Finally, the metal bolts are added back to the 3-D image using the segmented metal mask instead of the pre-reconstruction to incorporate the metal bolts without streak artifacts from reconstruction. For this study, we use an open-source implementation of MAR-LI in MATLAB32. 

Volume Registration of Neutron and X-Ray Images in 3-D. To correlate information obtained from neutron and X-ray imaging, 3-D multi-modal volume registration is conducted, whereby the X-ray images are scaled and transformed to align with the neutron images. A preliminary registration is conducted manually in Fiji43  to coarsely align the two volumes. Fine volume registration, including translation, rotation, and scaling in 3-D, is conducted using a custom MATLAB code from NIST21. The transformation matrix required for fine registration is found using 3-D volumes that are down-sampled by a factor of 53 (each dimension by a factor of 5) to save memory and enhance registration quality through blurring. The transformation matrix is applied to the pre-down-sampled X-ray images to obtained registered volumes. 

[bookmark: _Ref108094913]Table 1. Image processing settings for neutron and X-ray images.
	Image processing operation
	Image processing settings
	Software/ toolbox used

	
	Neutron images
	X-ray images
	

	Image deconvolution
	Point spread function: GadOx 85 mm PK 12; 3 px by 3 px median filter
	N/A
	NIST code21

	Line noise filtering 
	Wavelet ring filter with filter size: 3 (small), 83 (large); sigma: 1.5
	NIST code21

	Denoising (remove bright outliers)
	Radius: 2 px; Threshold: 25
	N/A
	Fiji43

	Crop, tilt correction, normalization
	Subtract averaged darkfield image; correct for averaged flatfield image; Rotate MEA plane to horizontal; crop region of interest (MEA and flow fields); normalize intensity with respect to open beam
	NIST code21

	Sinogram generation
	Calculate axis of rotation using central cell feature; Ring removal (Vo stripe filter) with signal to noise ratio: 3, stripe median filter: 3 (small), 55 (large)
	NIST code21

	Metal artifact reduction
	N/A
	Metal bolts segmented in 3-D volume to obtain metal trace that was subtracted from original sinogram; Linear interpolation used to fill subtracted sinogram regions
	MAR-LI (MATLAB)32

	General reconstruction settings
	701 equally spaced projections in 360 °; source-to-detector distance: 6000 mm; source-to-object distance: 5960 mm; rotation: clockwise; detector pixel size: 0.009 mm
	701 equally spaced projections in 360 °; source-to-detector distance: 610 mm; source-to-object distance: 305 mm; rotation: counterclockwise; detector pixel size: 0.0169 mm
	Octopus44/ ASTRA toolbox (MATLAB)30,45 

	Non-iterative reconstruction (FBP)
	Filtered back-projection with automated detection of center of rotation (fine adjustment) and beam center 
	Octopus44

	Iterative reconstruction (SIRT)
	ASTRA function used: ‘SIRT3D_CUDA’ with 150 iterations
	Self-calibrated cone-beam in sinograms [ref V. Patel 2008]; ASTRA function used: ‘SIRT3D_CUDA’ with 150 iterations
	ASTRA toolbox (MATLAB)30,45

	Volume registration
	Multi-modal volume registration with affine transformation (scale, rotate, and translate) with maximum iterations of 10000; downsized by 53 for to calculate transformations
	NIST code21



Quantitative analysis of signal and contrast. The quality of 3-D volumes is quantitatively assessed using signal-to-noise ratio (SNR) and contrast-to-noise ratio (CNR). SNR and CNR are calculated for specific materials of interest, e.g., liquid water droplets or catalyst layer. We identify a region within the 3-D image that contains the material of interest exclusively and use the region to calculate mean and standard deviation in gray values (GV) for the material, labelled  and , respectively. CNR and SNR are calculated as
,											   (1)
.									   (2)
where subscripts A and B are used to denote two materials of interest for which the CNR is calculated. High SNR is an indication of high quality of signal gray value with respect to noise. High CNR between materials indicates high contrast and discernability between materials in 3-D volume and is desirable for quantitative analysis. 


Data availability
The datasets generated during and/or analyzed during the current study are available from the corresponding author on reasonable request.

Code availability
The code supporting this study is available from the corresponding author on reasonable request.
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[bookmark: _Ref112316586]Table 2. Signal-to-noise ratio (SNR) and enhancements in SNR due to dual modality imaging and advanced image processing. High enhancements in SNR are observed when comparing proposed high-contrast imaging method with single-modality imaging with conventional processing. When the dominant or unused modality is neutron imaging, the value for SNR is shown using bold font.
	Material
	Signal-to-noise ratio (SNR)
	SNR enhancements due to

	
	Advanced processing
	Conventional processing
	Dual modality only
	Advanced processing only
	Dual modality and processing

	
	Dominant modality
	Unused modality
	Dominant modality
	Unused modality
	
	
	

	CL
	12.5
	1.9
	2.9
	1.2
	561 %
	331 %
	901 %

	Water
	9.9
	2.9
	6.2
	1.6
	244 %
	60 %
	527 %

	Al
	6.6
	0.8
	2.1
	0.8
	690 %
	209 %
	764 %

	PEM
	13.9
	2.9
	2.0
	1.2
	374 %
	588 %
	1034 %

	SS bolt
	7.6
	5.1
	5.8
	2.8
	48 %
	32 %
	170 %




[bookmark: _Ref112316643]Fig. 7 Correlative contrast matrix. Correlative contrast matrix of six materials within the fuel cell: catalyst layer (CL), water droplets, aluminum flow field (Al), polymer electrolyte membrane (PEM), stainless steel bolt (SS bolt), and void space. Contrast-to-noise (CNR) is shown in green colour scale and enhancement in CNR due to advanced image processing is presented in purple colour scale. Between neutrons and X-rays, the imaging modality with higher CNR is chosen to detect the material of interest and shown in the matrix (lower triangle with green colour scale). When neutron is the dominant modality used for material detection, values are shown in bold dark gray in the matrix. Advanced image processing provides significant enhancements in material contrast (shown in upper triangle with purple colour scale).
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