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Abstract

:

In this study, we investigate the use of artificial neural networks as a potentially efficient method to determine the rate capability of electrodes for lithium-ion batteries with different porosities. The performance of a lithium-ion battery is, to a large extent, determined by the microstructure (i.e., layer thickness and porosity) of its electrodes. Tailoring the microstructure to a specific application is a crucial process in battery development. However, unravelling the complex correlations between microstructure and rate performance using either experiments or simulations is time-consuming and costly. Our approach provides a swift method for predicting the rate capability of battery electrodes by using machine learning on microstructural images of electrode cross-sections. We train multiple models in order to predict the specific capacity based on the batteries’ microstructure and investigate the decisive parts of the microstructure through the use of explainable artificial intelligence (XAI) methods. Our study shows that even comparably small neural network architectures are capable of providing state-of-the-art prediction results. In addition to this, our XAI studies demonstrate that the models are using understandable human features while ignoring present artefacts.
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1. Introduction


Since their introduction into the market in 1991 [1], lithium-ion batteries have become one of the most important devices for electrochemical energy storage. They are widespread in many fields of application, from consumer electronics and power tools to large-scale stationary storage solutions for wind and solar energy and electric vehicles [2,3]. Lithium-ion batteries comprise thin electrodes (anode and cathode) that, in turn, consist of a metal foil current collector with a porous active mass coating. The active mass contains active material particles capable of storing and releasing lithium ions [4]. In addition to the chemical composition and crystal structure of the active materials used [5], the battery performance is, to a great extent, influenced by the rather complex microstructure of the active mass coating, i.e., the coating thickness, particle size distribution, porosity, and tortuosity, as well as the carbon binder domain distribution [6,7,8,9,10,11,12,13,14,15,16,17].



The influence of microstructural parameters on electrode performance has been investigated experimentally [7,8,12,14,18,19,20,21,22,23] and computationally [24,25,26,27,28,29,30,31,32]. Many studies focus on porosity and electrode thickness, as these two microstructural features are relatively easy to assess and highly relevant in terms of both electrode manufacturing and electrode performance. For example, Zheng et al. [7] and Kang et al. [19] experimentally examined the effects of calendaring on porosity, thickness and the resulting electrochemical characteristics of LiNi1/3Co1/3Mn1/3O2 (NCM111) cathodes. Zheng et al. [12] used electrodes with varying coating thickness and constant porosity, while Heubner et al. [14] provided a study that considered both porosity and electrode thickness. Chen et al. [13] used a combination of experiments and simulation with 1D/2D multi-physics finite model to assess the influence of porosity in an NCM cathode. The influence of electrode thickness on the rate performance of NCM cathodes was studied by Danner et al. [32] using a detailed 3D microstructural resolved simulation based on synchrotron X-ray radiation tomographies. To summarise these studies, the microstructure–performance correlations of electrodes are complex. However, as a general conclusion, it can be stated that thin electrodes with high porosities result in electrodes with a higher power density but lower energy density.



From the perspective of modelling and simulation, a variety of models are available, such as pseudo-2D models [29,30,31,33] or more complex 3D models [26,32,34,35,36], to study microstructure–performance correlations. However, in addition to computing capacities, these approaches require reliable input parameters such as lithium diffusion coefficients in active materials, electronic conductivity, or even 3D microstructural data of the electrodes [37,38], which, in turn, require sophisticated experiments [39]. In addition, such experiments are subject to certain uncertainties, which consequently also apply to the data. However, experimental studies, as described above, require a lot of time and cannot consider all parameter variations within the design of the experiment.



Modern machine learning algorithms have proven to be able to reveal complex input-output relations to solve difficult tasks. Algorithms outside the field of deep learning are able to extract and select relevant features from the given data and model them to solve a task. Those capabilities, together with the increasing availability of large quantities of high-quality data, enabled a wide range of applications [40] and made data-driven methods, especially machine learning, one of the fastest-growing topics in materials research. The applications of machine learning and deep learning in materials research include material analysis [41,42], material design [43], and process optimization [44].



Thus, machine learning-based models could provide a fast and robust tool for analysing electrode microstructures and predicting the electrochemical performance of an electrode. The use of ML in battery development and manufacturing is a relatively new approach [45,46,47]. The publications mainly consider the AI-assisted development and optimisation of active materials [48,49], or process and quality monitoring in electrode manufacturing [50,51,52], also using Data Mining [53]. Machine learning has already been used to extract features from electrode microstructures based on X-ray tomography data [54].



In our study, we applied an image regression model based on convolutional neural networks (CNNs). The advantage of this approach is that no conventional microstructural features, such as porosity, layer thickness, and particle size, are extracted by the model or need to be given to the model by the user. Instead, the model learns directly from the images using granular features without knowing the microstructural components and their actual function within the electrode [55,56]. In doing so, we also avoided pushing the model in a certain direction. Using explainable AI, we were able to observe if the model will be able to identify microstructural features which are physically sensible and are known to affect the rate performance, or if the model might predict microstructure–performance correlations that have not yet been discovered. To our knowledge, the use of 2D microstructural data of electrodes to directly predict electrode performance without feature segmentation and quantification has not yet been reported.



In this study, we present a novel approach and the feasibility of modern machine learning techniques as a powerful, fast, and cost-effective tool to predict the performance parameters of electrodes for lithium-ion batteries based on light microscopy images of 2D cross-sections. The proposed methods show a high potential as they are capable of assessing the performance and quality of electrodes with relatively easy-to-implement methods in the early stages of development and production.




2. Materials and Method


2.1. Sample Preparation, Electrochemical Tests and Image Data Acquisition


Figure 1 illustrates the methodical approach and process we followed in this study. Electrodes were prepared and densified with different uniaxial loads to simulate the calendaring process during electrode manufacturing. From these electrodes, cross-sectional images were acquired and Swagelok-type cells were prepared for electrochemical testing. The image data and data from the electrochemical rate tests were then used to train a machine learning model and predict the capacities for different electrode microstructures and C-rates.



The electrodes and electrochemical data we used in this study are presented in our previous work [8], which also includes a detailed description of the electrode manufacturing process and the methods used for electrochemical characterisation. The electrodes that were investigated consist of 92 wt% LiNi1/3Co1/3Mn1/3O2 (NCM111) as the active cathode active material, 4 wt% PvdF as the binder, and 4 wt% conductive additives coated on a 15 µm thick aluminium foil as the current collector. The coating was made by dissolving the components in N-Methyl-2-pyrrolidone (NMP) and coating the slurries with the aluminium current collector using the doctor blade method. After evaporating the solvent at room temperature, the active mass loading of the electrode sheet was 15.4 mg cm−2, corresponding to a theoretical areal capacity of 2.46 mAh cm−2. From the coated sheet, Ø10 mm electrodes were cut and compressed with a universal testing machine (RSA 100; Schenk), with uniaxial loads gradually increasing from 0 MPa to 750 Mpa, resulting in irreversible mechanical densification of the electrodes with porosities between 50% (uncompressed) and 20% (750 MPa). Table 1 shows the compression loads and the resulting porosities. Porosities are given as a reference and as an identifier for the samples.



The porosities of the electrodes ε were calculated using the bulk density of the active mass coating ρAM and the skeletal density ρS of the solid components. The first was determined by measuring the mass and thickness of the densified electrodes with a laboratory scale (AX324; Ohaus Europe GmbH, Nänikon, Switzerland) and a micrometre gauge (MarCator 1086R; Mahr GmbH, Göttingen, Germany). The mass of the current collector was subtracted. Skeletal density was calculated with the weight fraction w and the density ρ of the components (NCM = active material, PvdF = binder, CA = carbon additive). Component densities were measured with a He-pycnometer (AccuPyc 1330; Micromeritics GmbH, Unterschleißheim, Germany).
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With these electrodes, three Swagelok half cells were built for each densification step. As described in [8], the cells consist of the Ø10 mm cathode as the working electrode versus a Ø11 mm lithium counter-electrode. A glass fibre separator (GF/C; Whatman, diameter: 12 mm; thickness: 0.26 mm) was used and the electrolyte was 1 mol LiPF6 in 3:7 EC/EMC (300 μL per test cell). Rate tests were carried out using a CTS-Lab battery test system (BaSyTec GmbH, Asselfingen, Germany) in a climate chamber (T-40/200/Li; CTS) at 20 °C. The test protocol is shown in Table 2 and consists of a constant current (CC) charge of up to 4.3 V followed by a constant voltage (CV) step until the current drops below the cut-off current. Discharging was carried out in constant current mode until the voltage reaches 2.6 V. The C-rates were applied sequentially, with two C/10 check-up cycles between each two test cycles. The applied current is expressed as the C-rate, and the current relative to the electrode capacity is 2C, referring to a current ‘emptying’ the electrode in half an hour.



For microstructural investigations, three additional electrodes from the same batch and densification, which were used to build the coin cells, were cut in half and embedded in epoxy resin. Cross-sections were prepared from the electrodes using materialographic sample preparation, as described in [57]. Image acquisition was performed using a ZEISS AxioPlan2 reflective light optical microscope in bright field illumination mode with Epiplan Neofluar 50×/0.80 HD DIC objective and an AxioCamHR3 digital camera (Carl Zeiss Microscopy GmbH, Oberkochen, Germany). For each electrode, up to three areas of approximately 120 µm × 775 µm were acquired with a scaling factor of 0.123 µm/pixel using the MosaiX feature of the microscope. This resulted in a total of three images per densification, each with a size of approximately 975 × 6300 pixels.




2.2. Dataset


The large images were then sliced into smaller ones. Sections with significant preparation artefacts were discarded to form the final dataset, consisting of a total of 314 cross-section light microscopy images showing microstructures of five different porosities (20%, 25%, 30%, 35%, 50%). Each image has a width of about 680 pixels and a height between 400 and 900 pixels, depending on the porosity. Examples of the cross-section images for the different porosities are shown in Figure 2.



Upon closer examination, each image shows the aluminium current collector foil (bottom) and the active mass coating consisting of the NCM111 cathode active material particles and the electrode porosity, which is filled by the epoxy resin (Figure 3). Between the active material particles, conductive additives are visible as small flaky objects with a length of a few micrometres. The binder is hardly visible as a grainy area within the pores and cannot be distinguished easily. In addition to the active mass coating containing the electrochemical active materials and the current collector responsible for transferring the electrons to the terminals of the battery, the images also show areas of epoxy resin. This resin is needed for preparation purposes only. It is not part of the actual electrode and therefore is not relevant to the microstructure.



For each electrode image, there is a set of corresponding values for the discharge capacities from the electrochemical rate tests for C-rates of 0.2C, 1C, 2C, 3C and 5C. The capacity values were extracted from the discharge curves (Figure 4 left). The capacities were converted into values for the specific capacity of the active material in ampere hours per kilogram NCM (Ah kg−1) within the electrode and the capacity density of the active mass coating (including active material, binder, additives and porosity) in ampere hours per litre (Ah L−1). The rate dependency of the different electrode porosities is shown in Figure 4 (right), where the specific capacities are plotted against the C-rate in logarithmic representation. The higher the C-rate and the lower the porosity, the lower the specific capacity [8,22,23].




2.3. Data Preparation


The goal of this work is to predict the capacity from the raw images. To avoid interference with this goal, only a few pre-processing steps related to the shape and size of the images were applied. In addition to the active mass coating and the current collector, the original images also contain areas with epoxy resin, which is a preparation aid and does not carry any relevant information. The same is true for the current collector. Although it is a key component of the electrode that is also affected by the compression of the electrode [58], for the investigated cell, the limiting component in terms of rate capability is the porous active mass coating [7]. Consequently, the active mass coating containing the active material particles was chosen as the region of interest for the study. To prevent unwanted influences or proxies related to the other parts of the images, the images were cropped so that only the active mass coating was visible. To crop the image and retain the maximal area of active material, the collector was located, and the images were straightened via slight rotations until the collector was horizontal. From the straightened images, the maximum rectangular area between the current collector and the electrode surface was selected as the final image. Since the dataset contains batteries calendared with different pressures, the thickness of the active material of these batteries is also different. The images were captured using the same zoom parameters; therefore, the size of the active material also differs from image to image. There are several approaches to handling images of different sizes. Fully convolutional networks, for example, can handle images natively [59], while most approaches use different techniques to unify the size of the images. To avoid being limited in the choice of the model structure, the images need to be adapted to have a unique size. We unified the image size by cropping the centre of the images to a universal size of 224 by 672 pixels (Figure 5). The size was chosen to fully utilise the area of the smallest available sample of active material while maintaining a ratio that is further divisible.




2.4. Data Augmentation


Data augmentation is the process of altering existing data points. This process enlarges the available dataset by creating synthetic data samples and has proven to be a powerful tool to prevent overfitting and improve a model’s ability to generalize [60]. The selection of augmentation methods that match the given use case is a crucial step to prevent unwanted behaviours or even a falsification of the results. The images in the dataset were captured with fixed zoom and lighting parameters, so we want to take advantage of techniques that do not interfere with these. Shifting and rotation were selected as augmentation techniques. Both of these techniques do not interfere with the given parameters, while they also do not change the spatial properties by stretching the images. To keep the image at a uniform size, a filling technique is required. The images were filled by mirroring the existing image on the emerging edges.




2.5. Model Design


A key task in the development of machine learning, especially deep learning solutions, is the selection of a model architecture that matches the given use case. Since the model must predict the capacity from the microstructure images, a structure that is suitable for regression on image data is necessary. Artificial neural networks (ANN) outperform traditional machine learning techniques in computer vision and regression [61,62].



The dataset contains measurements for a limited number of C-rates, which is why a multi-output model is suitable for this use case. Traditional CNN-based image classification and regression models feature two distinct model parts [55]. The first part is called the feature extractor, which uses convolutional layers to extract and learn granular features from the sole images without knowing the microstructural components and their function [55,56]. The second part of the model mostly uses dense layers to predict the output from the granular features [55]. Many different designs of feature-extracting CNNs are available, depending on the desired use case and the available data [51]. For our model, we opted for a more traditional approach using a structure of multiple blocks of convolutional and pooling layers. Each block consists of two convolution layers, with the same number and size of filters, followed by a single maximum pooling layer. This architecture has proven to be effective in models such as VGG [63]. Our model consists of three blocks with an increasing number of filters from 32 to 96 (Figure 6). Each convolutional layer uses the same 3 × 3 filter size, resulting in an effective receptive field of 5 × 5 for each of the blocks while simultaneously keeping the number of parameters low [63]. Each of the convolutional layers uses the rectified linear unit (relu) activation function. The relu activation, if old and simple, is still a widely used activation function for hidden layers in state-of-the-art CNNs, due to its fast learning behaviour and good generalisation [64]. For regularisation and overfitting prevention, each layer uses L2 norm regularization and a batch normalization layer [65,66]. The first two blocks of convolutional layers are followed by a max pooling layer with a size and stride of 2, and the third block is followed by a global average pooling layer, resulting in a dense layer representing the 128 features. The feed-forward regression part of the model consists of a total of five layers. Four of the dense layers are hidden layers with a size of 64, followed by the output layer with a size of 5. Each of the four hidden layers uses the leaky relu activation function, which is a variant of the previously mentioned relu activation and allows for a small negative gradient [67,68]. The leaky relu allows us to trace negative gradients back to the convolutional layers when creating regression activation maps for model explainability later on [67,68,69]. Between each of the dense layers, we used a batch norm layer, as well as the L2 norm, for regularisation and a dropout layer for overfitting prevention [70]. The output layer has the size of five, one neuron per available C-rate, and uses a linear activation function to achieve the regression functionality. Our model has a total size of about 250,000 trainable parameters, about 230,000 from the feature extraction, as well as about 20,000 from the feed-forward regressor. The low number of parameters and the shallow structure of the model reduce the risk of overfitting and the necessary computing capability and training time.




2.6. Training


We trained two models, one for capacity by weight and one for capacity by volume, using the structure mentioned in the previous chapter. Both models were trained using the lookahead optimizer, with Rectified Adam (RAdam) as the inner optimizer. Lookahead in an optimizer that uses two sets of weights: an inner set called the “fast weights” as well an outer set, the “slow weights”. The inner weights are updated by an inner optimizer, while the outer weights are updated after a given number of inner updates based on the direction of the final inner weights. The lookahead optimiser causes the model to converge faster and is insensitive to suboptimal hyperparameters of the inner optimizer, reducing the time needed for hyperparameter optimisation [71]. The inner optimiser is a variation of the famous Adam optimizer. RAdam introduces a term to rectify the variance in the adaptive learning rate, as well as a warm-up period. Both adaptations help prevent the model from converging towards suboptimal minima due to the large variance in training data in the early stages of model training with adaptive learning rates [72]. We used the standard configuration of the optimiser, with a sync period of 6 and a slow step size of 0.5. Both optimisers use the mean absolute percentage error (MAPE) as their loss function [73]. MAPE has the advantage of being insensible to the scale of its output because it is the percentual difference between the measured and the predicted value. This characteristic is particularly important in our application because each of our five outputs has a different range of possible values. To prevent the model from overoptimizing for a specific output due to a higher loss resulting from the different ranges, the loss function must account for this problem. MAPE enables the model to achieve similar results over all outputs. The model was trained for a maximum of 5000 steps, from which ten percent was used as a warm-up proportion. The learning rate increases from 1 × 10−5 to 1 × 10−3 during the warm-up before decreasing back to 1 × 10−5. The lookahead optimiser was used in its default configuration, with a synchronisation period of 6 and a step size of 0.5. The dataset was split to use 80 percent of the data for training and 10 percent each for testing and validation. The batch size was set to 38, resulting in six steps per epoch. The effective number of epochs was regulated by an early stopping function with parameter recovery and a maximum period of 100 epochs. In total, the model took 1.5 h to be trained and <1 s for the capacity prediction of one image, which is in the range of fast-calculating P2D models [74].




2.7. Explainability


The explainability of model-driven decisions is one of the most present topics in the research and development of machine learning applications [75]. In research areas, including material science, where machine learning is a growing topic, explainable artificial intelligence has the potential to support researchers with their work [47,76,77,78]. A key capability of machine learning models is their ability to detect and extract underlying features and relations in data to solve a given task. Neural networks are, by definition, black-box models and rely on special techniques or additional tools to become explainable [79]. To gain a better understanding of our models’ decision-making process, we use Gradient-weighted Regression Activation Maps (Grad-RAM), as well as guided backpropagation, to create heatmaps for each of our predictions. Gradient-weighted Regression Activation Maps are a derivative of Grad-CAM Heatmaps. While Grad-CAM eliminates negative gradients to show a positive influence on a certain class, Grad-RAM utilises positive and negative gradients to look at the influence in both directions. Therefore, Grad-CAM heatmaps only show active regions relevant to a given class; Grad-RAM heatmaps can show regions with a positive and negative influence on the final prediction [80]. A different approach to receiving region-specific influences is occlusion experiments. In these experiments, parts of the input image are replaced with a mask of unified colour. The masked images are then fed into the model to obtain a prediction. The prediction is compared to the prediction of the original image. The difference in the value of both images is the influence of this specific region. When repeating this by sliding the mask over the image, the influence of each part of the image can be retrieved. As it is necessary to calculate one forward pass through the model for each of the masked images, this method can be very resource-intensive when choosing a small mask size. For our experiments, we selected a mask size of 7 by 7 pixels, which we shifted with a stride of 7 over the image, similar to a filter in a convolution layer. As a unified colour, we selected the combination of the mean values of all three colour channels over all images present in the dataset. This resulted in 3072 regions of influence. We arranged the values of influence of these regions in a 32 by 96 grid and coloured them based on the strength and direction of influence. This resulted in a heatmap indicating each region’s influence on the final prediction. For each of our images, we calculated a Grad-RAM heatmap from the last convolutional layer, a guided backpropagation heatmap, as well as an occlusion heatmap.





3. Results and Discussion


3.1. Model Evaluation and Metrics


For the evaluation of our models, we used a five-fold cross-validation in combination with dedicated validation and test datasets. K-fold cross-validation is a technique to validate the generalisation performance of a model by dividing the dataset into K similar-sized chucks. Each of the K chunks is used as a validation and test set once while the rest of the k-2 chunks are used for training [81]. From the results of all K models, an average error can be calculated. The variance of the error rates is an indicator of model stability. Our model for capacity per volume achieved an average test MAPE of 1.58 across the test sets of all five folds, resulting in an MAE of 4.36 Ah L−1. With mean values of 1.46 MAPE and 1.81 MAPE the results of the training- and validation data sets show no signs of biases in any of the sets. The test MAPE of the five single models ranged between 1.17 and 2.14, indicating the good generalization capability and stability of the model. Across the five outputs, the MAPE ranged from 1.02 to 1.95 showing a similar performance for all C-rates (see Figure 7). From the perspective of porosity, we can see an error deviation between 0.85 and 3.36 MAPE, indicating that a slightly worse performance was achieved on highly compressed samples. Looking at the possible combinations of C-rate and porosity, we can see the models perform best for low-compressed samples across all C-rates, with a decreasing performance with increases in compression and C-rate. The error ranges from 0.6 for the best to 6.3% for the worst combination. For capacity by weight, we can see a similar performance using the same images and model structure. Our overall test error across all five folds is 1.30 MAPE or 1.21 Ah kg−1, respectively, with an error range between 0.68 and 1.84 for the individual models (see Figure 7). The mean values for the training dataset with 1.06 MAPE and the validation set with 1.16 again show no biases in the distribution of the datasets. The similar performance indicates the model’s ability to extract the relevant features from the plain images and its ability to adapt its regression part to the new targets. The second set of models also shows the same error distribution across the C-rate and porosity band. We can again observe better results with lower compressed samples and lower C-rates. Both approaches achieved similar R2 values of 0.95 vs. 0.96, indicating a high share of explained variance with both models.



In addition to statistical numbers, we can assess the practical feasibility of the model by plotting the measured values and predicted values as C-rate plots, with capacity density and specific capacity plotted against the C-rate in a logarithmic representation (Figure 8). Despite a small offset for low C-rates and 20% porosity, the curves for the measured and predicted values are almost perfectly overlapping and the measured values are within the very small standard deviation of the model. Both the experimental data and the prediction of the machine learning model confirm that electrodes with higher densification possess a higher energy density at low C-rates but are outperformed by electrodes with a lower densification at higher C-rates.




3.2. Model Explainability


With our final model structure, we conducted five experiments in addition to our original model to improve the interpretability of our model. We compared and evaluated the use of different regularises in combination with adversarial training. We trained our model with L2 regularization without adversarial noise, with a small portion of the noise (up to 1% of mean pixel value of the dataset), as well as with strong adversarial noise (up to 3% of the mean pixel value of the dataset). Adversarial noise has been proven to improve a model’s interpretability as it forces the model to resist the adversarial perturbation and learn more robust features [82,83]. The process was repeated for the use of L1-Regularization, as L1-Regularization tends to shrink the coefficient of less important features to zero, leaving only the most relevant features [84], which may improve the explainability of our heatmaps. Our models were trained using the same model structure, parameters, and data split. While all models still achieved an acceptable performance, there is still a noticeable performance-to-explainability trade-off. The model performance ranges from an MAP of 2.23 Ah L−1 (our best original model) to an MAE of 4.47 Ah L−1 for the worst model. From the evaluation of our heatmaps, we can see that all the models use only the relevant features present in the image. The features that are used are consistent over all five outputs, but the region of focus and the respecting influence on the prediction changes. From the Grad-RAM heatmaps, we can see that the L1 regularizer produces a checkered pattern in the regions of interest. With increasing adversarial training, this pattern transforms into a flat pattern. The model trained with an L2 regularizer produces a flat pattern that worsens and transforms into a spotted pattern with increasing adversarial training. When directly comparing the L1 and L2 heatmaps, the L1 heatmaps are more interpretable, as the number of features, and therefore hotspots, is reduced. The focus is more precisely on certain features, such as broken grains, additives, and the narrow areas between grains. The L2 heatmaps, on the other hand, are more precise over large areas, such as porosity and the grain itself, which are only detected as relevant features on the samples with high porosity. Especially with a small portion of adversarial noise, the L1 model produces larger structures in between grains and on cracked particles. Adding more adversarial noise worsened the performance as well as the interpretability. From our guided backpropagation heatmaps, we can see for all models that the heatmaps cover the whole image and the original structure is clearly visible, indicating that our model does cover all the important regions of interest. The most present features are the edges between the grey area of the grain and the darker area of the porosity, indicating that the surface area of the material is important for the model. The occlusion heatmaps have a low resolution due to the number of forward passes through the network that are necessary for higher resolutions. Even with this low resolution, the original structure is clearly visible, and the relevant features are distinguishable from each other. We can clearly distinguish porosity, narrow areas of porosity, additives, complete grains and cracked grains. These features are weighted higher or lower depending on the porosity group of the sample and the C-rate. Another important key aspect of this analysis was to rule out the use of proxy features by our model. Proxy features are features in the dataset that are not relevant to the use case and are only present by coincidence or due to the data collection process. If these features correlate with the target variables of the dataset, a model can use these proxies to predict the target instead of learning the intended features. In our use case, possible proxies are mostly the results of the sample production and preparation process. Known proxies that are present in the dataset include missing particles shown by dark voids as well as scratches on the surface. From the Grad-RAM, as well as the occlusion heatmaps, we can see that all our models ignore the presence of these features, or at least weigh them very low for the final result (Figure 9). Therefore, we can say that our model uses only the relevant features of the cathode active mass to determine the capacity of the given sample.





4. Conclusions


In this methodical study, we investigated the feasibility of using artificial neural networks as a simple method to estimate the specific capacity of cathodes for lithium-ion batteries based on their microstructure. Comparably small models were trained on light microscopy images of cross-section areas of the cathode’s active mass. The models achieved a state-of-the-art performance with error rates of only 1.30% and 1.58% MAPE. Expect for the highly densified electrodes and small C-rates, the predicted and measured values match almost perfectly. With a training time of about 1.5 h and a prediction time of less than one second for each image (i.e., for one electrode), the model also provides a comparably fast method for predicting rate-dependent cathode capacities out of microstructures without any feature extraction and—in contrast to physics-based models—without the input of material properties.



In addition to the investigation of the prediction capabilities, this study also includes an exploration of the relevant features learned by the model. Multiple techniques from the field of explainable artificial intelligence were applied to determine which features are relevant to the prediction of the capacity and how the model utilizes them. The heat maps that were generated show that the models learned to detect known, physical, sensible, and relevant features, such as grain surfaces, different levels of porosity, additives, and cracks, while simultaneously ignoring sample preparation artefacts. To gain a deeper understanding of the influence of the detected features on the prediction, further research is necessary. However, the models mark only image regions as relevant if they actually belong to the most important microstructural features of the electrode. This indicates that the models make predictions based on the human-understandable parts of the image and do not use correlating proxies.



Our study serves as proof of concept that artificial neural networks and convolutional neural networks provide a particularly suitable and comparably fast method for battery performance prediction. Our models are currently limited to the specific cathodes on which they were trained. Transferral to other electrode compositions, mass loadings, and cathode active material chemistries is possible. However, the inclusion of features that are not derivable from the sole microstructure, as well as a more diverse and comprehensive dataset, is necessary. Further research will also include a combination of different types of information, such as chemical composition and production process parameters.
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Figure 1. Methodical workflow showing electrode preparation, resulting sample range, data acquisition (images, electrochemical data), and machine learning using convolutional neural networks. 
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Figure 2. (a–e) Electrode cross-sections showing the microstructural evolution of the electrodes upon compaction from 50% to 20% porosity. (f–h) Details of the microstructure for 50%, 30%, and 20% porosity. 
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Figure 3. Unprocessed image with current collector and active mass coating, including active material particles, electrode porosity, and conductive additives mounted in epoxy resin. 
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Figure 4. Left: Discharge curves for 0.2C, 2C and 5C showing the effect of C-rate and porosity on the available discharge capacity. Right: Rate-dependent capacities for 20%, 25%, 30%, 35%, and 50% porosity. 
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Figure 5. Fully processed image of the active material with a unified size of 224 by 672 pixels. 
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Figure 6. Model structure of the feature extractor with three convolutional and pooling blocks (yellow/red), as well as the five dense layers of the regression model (purple). 
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Figure 7. Scatter plot of the predicted over measured specific capacity in ampere hours per litre (left) and ampere hours per kilogramme (right) of the test set, with the ideal prediction represented as a dotted line. 
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Figure 8. Comparison of the measured and predicted rate capacities of cathodes with different porosities. (Note that the values for measured and predicted capacities mostly overlap). 
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Figure 9. Comparison of different heatmaps with indication of relevant components as well as the direction influence, where applicable. From top to bottom: original sample, GradRAM, Guided Backpropagation, Occlusion Heatmap with positive (red) and negative (blue) influence. 
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Table 1. Compression loads and resulting calculated porosities for the electrodes used in this study, together with the labelled porosities used to identify the samples.
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	Compression Load (MPa)
	Calculated Porosity (%)
	Labelled Porosity (%)





	0
	49.5
	50



	100
	34.6
	35



	200
	30.0
	30



	300
	25.4
	25



	750
	19.6
	20










 





Table 2. Cycling protocol applied for rate tests of cathode half cells [8].
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Step

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9






	
C-rate (CC)

	
C/20

	
C/10

	
C/5

	
C/2

	
1C

	
2C

	
3C

	
5C

	
C/5




	
Cut-off current in CV step

	
C/30

	
C/20

	
C/20

	
C/10

	
C/5

	
C/5

	
C/5

	
C/5

	
C/20




	
Cycle count

	
2

	
2

	
2

	
2

	
2

	
2

	
2

	
2

	
2




	
Cut-off voltage (charge)

	
4.3 V




	
Cut-off voltage (discharge)

	
2.6 V
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