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SI-1 Image segmentation methods
Threshold-based segmentation remains one of the most commonly used techniques in image processing. In this study, we adopt several classical methods, including Binary Thresholding Segmentation, Otsu Thresholding Segmentation, and K-means Clustering Segmentation.
Binary Thresholding Segmentation is the simplest among them. It works by setting a fixed threshold and comparing each pixel's intensity to this value. Based on the comparison, pixels are assigned to either the target or background region [1]. However, this method struggles when the contrast between the target and background is low. In particular, when grayscale values of different structures overlap, as is often the case in catalyst layer images, it becomes difficult to distinguish between pore structures and solid catalyst particles. This often leads to poor segmentation results and reduces both the accuracy and reliability of the analysis [2].
Otsu's thresholding segmentation is an advanced method that automatically determines the optimal threshold by minimizing intra-class variance across all possible values. This makes it well-suited for bimodal images, where the pixel intensity histogram has two distinct peaks. However, this method is computationally intensive, time-consuming, and performs poorly in scenes where the target and background have subtle colour differences[3].
K-means clustering segmentation is a widely used technique based on clustering, which groups image pixels into k clusters by minimizing the squared distance between pixels and their assigned cluster centers. This method is fast and efficient; however, it is sensitive to the initial selection of cluster centers and prone to local optima. Poor initialization may hinder convergence to an optimal solution[4].
Unlike traditional methods, deep learning-based semantic segmentation automatically learns image features, resulting in higher accuracy and improved adaptability. This approach involves feature extraction, upsampling of feature maps, and pixel-wise classification, enabling precise segmentation of target regions. Since its introduction in 2015, UNet [5] has become a widely used model for medical and microscopic image segmentation. Its symmetric encoder-decoder structure, combined with skip connections, integrates high-level semantics with low-level spatial details, enabling precise target localization and classification. In 2017, a CNN-based model known as PSPNet (Pyramid Scene Parsing Network) was introduced, featuring a pyramid pooling module designed for capturing global context and fusing multi-scale features. This architecture has demonstrated strong performance in complex scene segmentation and pixel-level prediction tasks. The DeepLab series, proposed by Chen et al. [6], enhances segmentation accuracy through deep CNNs, parallel convolutions at varying rates, and atrous spatial pyramid pooling (ASPP) for rich semantic extraction. Its added decoder further improves precision, making DeepLab generally superior to UNet in segmentation performance. These deep learning models have been successfully applied to microstructural analysis, including porous rocks, PEMFC catalyst layers, SOFC electrodes, and lithium-ion battery cathodes.
With the success of Transformer models in natural language processing (NLP), researchers have adapted them for image segmentation. Vision Transformer (ViT) and its derivatives have gained popularity, with Segformer standing out for its strong accuracy. Segformer follows an encoder-decoder architecture, leveraging a multi-layer Transformer to capture multi-scale features, while its lightweight MLP-based decoder reduces computational costs. Compared to other ViT models, Segformer achieves higher efficiency and a wider receptive field, significantly improving segmentation performance.
Another notable model is FastSCNN, which is designed for efficiency. It features a dual-branch structure within an encoder-decoder framework and includes a "Learning to Downsample" module. This module processes low-level features across multiple branches in parallel, boosting speed without sacrificing accuracy [7]. FastSCNN is particularly well-suited for real-time applications, such as autonomous driving.
In this study, FastSCNN is used for rapid analysis of large image datasets. It supports real-time monitoring and evaluation of catalyst layer microstructures. On the other hand, Segformer, with its high accuracy, is employed to extract detailed pore structure information. Together, these models provide reliable and efficient tools for characterizing CO2RR catalyst layers, offering strong potential for future applications.

SI-2 Image segmentation valuation
During model evaluation, the "Background" (pore region) and "Ag" (catalyst region) are denoted by subscript 0 and 1, respectively. The notion  indicates the number of pixels belonging to class i that are predicted as class j, where . For example,  refers to pore pixels incorrectly classified as silver.
The average accuracy (aAcc) evaluates the model’s overall segmentation performance by calculating the proportion of correctly classified pixels across the entire image, as shown in Eq. (SI2-1).

Precision and Recall are used to assess the classification performance for each class individually. Precision measures the proportion of correctly identified pixels among those predicted as a certain class, while Recall measures the proportion of actual class pixels that are correctly predicted. 
The Precisions for pores and Ag are shown in Eqs. (SI2-2) and (SI2-3).


The Recalls for pores and Ag are shown in Eqs. (SI2-4) and (SI2-5).


The F-score is the harmonic mean of Precision and Recall, providing a balanced measure of segmentation performance. F-scores for pores and Ag are shown in Eqs. (SI2-6) and (SI2-7).


[bookmark: _Hlk190186221]Semantic segmentation, as a deep learning-based method, is evaluated using both traditional metrics and additional indicators for more comprehensive assessment. The dataset is divided into a training set and a test set. The training set is used to train the model, while the test set is used to evaluate its generalization performance. For the training set, in addition to the aAcc (SI2-1), the binary cross-entropy loss function (Loss) is used as the core optimization objective to guide the model's learning, as shown in Eq. (SI2-8), where y represents the ground truth, and  represents the predicted segmentation result. 

For the test set, several metrics are used to comprehensively evaluate segmentation performance. In addition to aAcc, the mean F1-score (mFscore) is introduced. This metric averages the F-scores of all categories, as shown in Eq. (SI2-9).

To further assess segmentation quality, two metrics in semantic segmentation, the Intersection over Union (IoU) and Mean Intersection over Union (mIoU), are used to evaluate segmentation accuracy. IoU measures the ratio of the overlap between predicted and actual segments for each class, while mIoU is the average of IoU across all classes. The IoUs for pores and Ag are shown in Eqs. (SI2-10) and (SI2-11), and the overall mIoU is shown in Eq. (SI2-12).



Based on the segmentation results, this study further extracted the geometric features of the local pore structure in the catalyst layer and calculated key parameters such as porosity and pore size distribution. The pore size is usually represented by the equivalent diameter as a geometric feature. Since the pore structure in the catalyst layer has an irregular shape, an equivalent circle with the same area can be used to represent the pore size feature. As shown in Eq. (SI2-13), where A is the pore area and d is the equivalent diameter.

The equivalent diameters of local pores are sorted and normalized to produce the cumulative distribution function (CDF) of pore sizes, as shown in Eq. (SI2-14). Note  as the equivalent diameter for the first  of the pore area, with the maximum equivalent diameter at n = 100 denoted as , and the average equivalent diameter at n = 50 denoted as .  represents the cumulative pore area with an equivalent diameter less than , and  represents the CDF.

Assuming the catalyst layer structure is a homogeneous 3D structure, the local porosity can be approximated using areal porosity, as shown in Eq. (SI2-15), where ε is the porosity,  is the total image area, and A is the total area occupied by pores in the image.


SI-3 Local pore model construction
The gas in the flow field is typically described by the Brinkman equations [8], shown in Eqs. (SI3-1) to (SI3-3).



In these equations, p is the pressure, μ is the dynamic viscosity, I is the identity matrix, ε and κ are the porosity and permeability of the porous medium, F denotes forces caused by gravity and other volumetric effects, and Qm is the mass source term.
The transport of multiple gas components and their concentration gradients is described by the Maxwell–Stefan equations [9]. These are shown in equations as follows:





In these expressions, the subscript i denotes the i-th gas species, ρ is the average density of the gas mixture;  is the mass fraction of species i,  is its gas flux.  denotes the mole fraction of species i, while  is the binary diffusion coefficient between gas species i and k.  and  are the molar mass of species i and the overall mixture, respectively. is the gas diffusion coefficient of species i in medium m, and u is the velocity of the gas mixture.
The term  in Eq. (SI3-4) is linked to electrochemical reactions and Faraday's law. The corresponding equations are shown in Eqs. (SI3-9) to (SI3-12).




In this simulation, the catalyst layer is divided into three regions: pores, ionomers, and silver catalyst particles. These distinct domains help define the local structure and guide the meshing process. The mesh ensures the simulation of mass transport processes with both speed and accuracy. Based on experimental observations and relevant literature, the model incorporates realistic physical parameters. Appropriate transport models and boundary conditions are also defined to reflect the actual operating conditions. 
The simulation treats the model as a local pore model. The left and right boundaries of the computational domain are assigned as the gas inlet and outlet, respectively. These boundaries apply flux-based conditions and permeable constraints to simulate real gas flow. The top and bottom boundaries are set to no-flux, maintaining computational stability and physical relevance.
Specific boundary conditions and key parameters are provided in Table S3-1. The morphology of silver particles is highly irregular and often includes micro-pores. To reflect this, the model assigns a very small diffusion coefficient to the silver region. This approach simulates CO2 diffusion inside these micro-pores more realistically. By carefully setting diffusion coefficients and other parameters, the model captures key transport behavior within the silver domain. The final model represents a local catalyst layer segment with a domain size of . 
Additionally, in electrochemical systems, CO2 reduction typically occurs near the ion-exchange membrane interface. The modeled region falls entirely within this reaction zone. Therefore, it is reasonable to assume that all silver catalysts in the model participate in the reduction reaction.

Table SI3-1. Parameters used in the local pore model.
	Parameter
	Value and Unit

	Operating pressure
	0.1 MPa

	Operating temperature
	293.15 K

	CO2 diffusion coefficient in pore structure [10]
	1.91×10-9 m2/s

	CO2 diffusion coefficient in Nafion [11]
	1.22×10-10 m2/s

	CO2 diffusion coefficient in Ag
	1.0×10-13 m2/s

	CO2-CO diffusion coefficient [12]
	0.152 cm2/s

	Reduction reaction current density [12]
	100 mA/cm2

	CO2 partial pressure at inlet
	1 Pa

	CO2 partial pressure at outlet
	0 Pa

	Initial mole fraction of CO in the mixture
	0.1



SI-4 Semantic segmentation comparison
In this study, five representative semantic segmentation models, Segformer, DeepLabV3plus, PSPNet, UNet, and FastSCNN, were used to segment scanning electron microscopy (SEM) images of catalyst layers with an ionomer/carbon(I/C) ratio of 0.4. A specialized quantitative analysis and systematic evaluation were employed to assess the ability of these models to capture the microstructural features of the catalyst layer. 
Fig.SI4-1(a) and Fig.SI4-1(b) illustrate the training performance of each model, showing the loss function (Loss) and average accuracy (aAcc) curves. Segformer achieved the lowest and most stable Loss, along with the highest aAcc, indicating strong convergence and training stability. DeepLabV3plus and PSPNet also exhibited smooth training curves, with slightly lower but still high aAcc values. Notably, DeepLabV3plus showed minimal Loss fluctuation, suggesting consistent training. In contrast, UNet achieved lower aAcc, reflecting modest segmentation performance. FastSCNN converged rapidly but had the highest Loss and lowest aAcc, indicating reduced segmentation accuracy.

[image: ]
Fig.SI4-1 Evaluation results on the training set of different semantic models: (a) Loss (b) aAcc.

Fig.SI4-2 presents the visual segmentation results on the test set. The first column shows the original SEM images, while the next five columns display segmentation outputs from Segformer, DeepLabV3plus, PSPNet, UNet, and FastSCNN. All models successfully identified large pore and catalyst regions, as indicated by the prominent black and yellow areas. However, Segformer produced the most accurate and balanced segmentation, with minimal misclassification. DeepLabV3plus and PSPNet also performed well, closely matching Segformer's results. In contrast, UNet exhibited more red regions, indicating frequent misclassification of catalyst solids as pores, likely due to weaker boundary detection. FastSCNN, on the other hand, showed more blue regions, suggesting a tendency to misclassify pores as catalyst solids, possibly due to its limited ability to capture fine structural details.

[image: ]
Fig.SI4-2 Visualization of the segmentation results on the test set.

Table SI4-1 provides the quantitative evaluation results, including training time, mIoU, aAcc, and mFscore for each model. Segformer delivered the highest segmentation accuracy across all metrics: mIoU, aAcc, and mFscore. However, it also required the longest training time (232 minutes), indicating a higher computational cost. This makes Segformer more suitable for tasks where high precision is essential and computational resources are available. DeepLabV3plus and PSPNet showed slightly lower accuracy, with small differences in mIoU (0.3%–0.4%), aAcc (0.17%–0.20%), and mFscore (0.20%–0.26%) compared to Segformer. Nevertheless, their training times are considerably shorter, demonstrating a good balance between accuracy and efficiency. These models are better suited for scenarios with limited training time but still high accuracy requirements. FastSCNN completed training in only 47 minutes, the shortest among all models. However, its segmentation accuracy was the lowest. This model is better suited for rapid prototyping or resource-constrained environments. UNet outperformed FastSCNN in accuracy. Its mIoU, aAcc, and mFscore were higher by 1.76%, 0.99%, and 1.05%, respectively. However, its training time was nearly double that of FastSCNN, making it more suitable for tasks requiring higher accuracy but not real-time iterative updates. Comparing the segmentation accuracy and training time of these models reveals each model’s distinct advantages and applicability.

Table SI4-1 Training time and evaluation metrics
	Model
	Training Time（min）
	mIoU（%）
	aAcc（%）
	mFscore（%）

	Segformer
	232
	86.65
	92.93
	92.87

	DeepLabV3plus
	104
	86.35
	92.76
	92.67

	PSPNet
	98
	86.25
	92.70
	92.61

	UNet
	96
	84.85
	91.93
	91.80

	FastSCNN
	47
	83.09
	90.94
	90.75


* Bold text in the table indicates the best performance for each metric.

To further evaluate the performance of semantic segmentation models across different structures, a comparative analysis was conducted on the segmentation of catalyst solids and pore structures, as shown in Fig.SI4-3. Overall, all models demonstrated higher accuracy in segmenting pores than solid catalyst regions, with consistently better IoU, accuracy, and F-score metrics for pores. For the Ag catalyst region, Segformer (92.56%), DeepLabV3plus (91.85%), and PSPNet (91.79%) achieved the highest classification accuracy, highlighting their strong capability in identifying solid catalyst domains. UNet performed reliably in catalyst segmentation but exhibited bias in pore identification, often overestimating pore areas and misclassifying catalyst boundaries as pores. This corresponds to the increased red regions observed in Fig.SI4-2. These findings suggest that while UNet is sensitive to pore detection, its limited boundary resolution may hinder solid-phase segmentation, making it more suitable for structures with uncertain or diffuse boundaries.
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Fig. SI4-3 Segmentation metrics of Ag solids and pores on the test set: (a) Ag solids (b) Pores.

SI-5 Image segmentation valuation
Table SI5-1 presents a comparison between segmentation results from different image analysis methods and experimental data. The evaluation focuses on two key pore parameters: porosity and average equivalent diameter. Conventional segmentation techniques show large deviations from experimental results. For example, the relative error in average equivalent diameter can reach up to 60%, indicating that traditional methods struggle to capture microstructural details accurately. In contrast, semantic segmentation models deliver more accurate and reliable results. Among them, DeepLabV3plus performs best. It estimates a porosity of 39.10% and an average equivalent diameter of 22.05 nm, with relative errors of only 0.93% and 4.56%, respectively. Other semantic models also produce results that are reasonably close to the experimental data. For instance: Segformer yields an average equivalent diameter of 24.69 nm, with a relative error of 6.90%. UNet estimates 24.17 nm, with a relative error of 4.65%. PSPNet, although generally accurate, records a lower value of 19.08 nm, resulting in a higher relative error of 17.39%. FastSCNN performs the worst among semantic models, with a value of 26.21 nm and a relative error of 13.46%.
A deeper analysis explains why DeepLabV3plus outperforms others. This model uses atrous convolution, which enlarges the receptive field without losing resolution. It can detect both fine local details and broad global features, which is especially helpful for segmenting complex microstructures. This capability is critical when analyzing silver-based catalyst layers, where pore sizes vary widely—from micropores to mesopores and macropores. DeepLabV3plus also includes an ASPP module, which enables effective multi-scale feature fusion. This helps the model better identify subtle pores and complex boundaries in the catalyst structure. By contrast, Segformer, while delivering higher overall segmentation accuracy, relies mainly on global context extraction through its Transformer-based architecture. This approach works well for large-scale targets. However, it may miss fine-grained features, making it less effective for detecting micropores and mesopores in complex materials.

Table SI5‑1 Pore parameters from different segmentation methods.
	Method
	Porosity（%）
	Relative Error of Porosity（%）
	Average Equivalent Diameter（nm）
	Relative Error of Equivalent Diameter（%）

	Binary Thresholding
	25.84 ± 1.45
	33.30
	9.14 ± 0.82
	60.43

	Otsu Thresholding
	29.97 ± 1.12
	22.64
	8.82 ± 0.91
	61.82

	K-means clustering
	31.27 ± 1.06
	19.28
	7.64 ± 0.88
	66.93

	Segformer
	39.23 ± 0.48
	1.27
	24.69 ± 1.12
	6.90

	DeepLabV3plus
	39.10 ± 0.35
	0.93
	22.05 ± 0.76
	4.56

	PSPNet
	39.45 ± 0.61
	1.82
	19.08 ± 0.89
	17.39

	UNet
	40.63 ± 0.92
	4.89
	24.17 ± 1.05
	4.65

	FastSCNN
	41.89 ± 1.04
	8.13
	26.21 ± 1.38
	13.46

	MIP result
	38.74
	-
	23.10
	-



To select the most suitable model for characterizing CO2RR catalyst layer microstructures, this study evaluates models across six key dimensions: (i) Segmentation Accuracy: Measured by mIoU and aAcc on the test set. Higher values indicate better segmentation. (ii) Model Simplicity: Based on the number of parameters (Params) required during training. Fewer parameters imply simpler architecture. (iii) Resource Consumption: Evaluated by training memory usage and inference memory usage. Inference efficiency is often reflected by frames per second (FPS)—higher FPS generally implies lower memory demand[13]. (iv) Time Efficiency: Considers both training time (Table SI4-1) and inference speed (Fig.SI5-1). A model with shorter training time and higher FPS is deemed more time-efficient. (v) Learning Efficiency: Determined by the model's training convergence rate and loss fluctuations. A faster and more stable training process indicates higher efficiency. (vi) Agreement with MIP Experimental Results: Compares predicted pore parameters with MIP results. A smaller difference indicates better experimental consistency.

[image: ]
Fig. SI5-1 Comparison of different semantic models: mIoU vs FPS vs Params.
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