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Abstract
Functional  oxide  films  offer  precise  control  over  diverse  properties  through  tunable
physical characteristics and interface effects, with their functionality primarily determined
by  morphology.  However,  conventional  methods  are  incapable  of  obtaining  large-scale
morphological data and face significant challenges in data identification and classification,
which  fundamentally  limit  the  rapid  assessment  of  thin  film  properties  and  functional
screening.  Herein,  we establish a comprehensive morphological  database of  oxide films
utilizing  high-throughput  experimental  methods  and  develop  a  machine  learning
framework for automated identification and classification of atomic force microscopy data.
Using  gradient-thickness  SrRuO3  films  as  a  representative  example,  this  framework

achieves  enhanced  performance  through  hyperparameter  optimization  and  strategic
adjustments, ultimately reaching a classification accuracy of 86.67% in independent tests,
demonstrating  its  effectiveness  in  morphology  analysis  of  functional  oxide  films.
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Furthermore, this approach shows significant potential for automated microstructure analysis of complex oxides and
is expected to accelerate research on structure-property correlations in functional oxide films.

INTRODUCTION
Functional oxide films have emerged as a critical class of materials in advanced technology sectors due to

their highly tunable physical properties, compatibility with conventional semiconductor processes, and

distinctive interface-mediated phenomena
[1-5]

. These characteristics collectively facilitate enhanced and

frequently novel nanoscale functionalities, such as ferroelectric switching
[6-10]

, piezoelectric responses
[11,12]

,

multiferroic behavior
[13,14]

, and cross-coupling effects
[15]

, thereby establishing functional oxide films as

indispensable components across modern microelectronics, optoelectronics, energy conversion systems, and

information storage technologies
[ 1 6 ]

. The quality and performance orientation of fi lms can be

comprehensively evaluated through a suite of optical and electrical characterization techniques such as

atomic force microscopy (AFM)
[17]

, X-ray diffraction (XRD)
[18]

, and reciprocal space mapping (RSM)
[19]

.

Among these, film morphology represents one of the most fundamental and intuitive types of data, critically

influencing crystallographic quality and functional stability
[20]

. Thus, establishing dynamic relationships

among processing conditions, morphology, and functional properties is essential for rapidly guiding

experiments and screening desired performance. However, current research still relies heavily on iterative

trial-and-error methods based on individually fabricated samples
[ 2 1 ]

. This approach is not only

time-consuming and labor-intensive but also prone to experimental variability, particularly for complex

functional oxides highly sensitive to processing parameters
[21]

. Moreover, optimization derived from limited

sample sizes and compositional ranges may lead to missed opportunities for discovering novel physical

phenomena or achieving optimal functional properties at specific components
[22]

.

In recent years, the multidisciplinary Materials Genome Initiative (MGI) has attracted broad attention for its

ability to accelerate the materials development cycle and substantially reduce associated time and costs

through integrated computational materials design and performance prediction
[23-26]

. Central to this effort is

the continuous improvement of high-throughput experimentation (HTE) and high-throughput

characterization (HTC) techniques, which constitute essential components of the MGI framework
[27,28]

. HTE

combines thin-film deposition with fast-moving masks, enabling highly efficient parallel or sequential

experimentation on individual processing parameters
[22,29]

. This methodology has been successfully employed

to design and fabricate high-throughput (HT) films with precisely controlled thickness
[29,30]

, composition
[22]

,

and structural gradients
[31]

. To accelerate the structural characterization of HT samples, HTC techniques have

emerged
[28]

. These methods leverage database screening and rapid feedback mechanisms to significantly

shorten the structure-property analysis and research cycle
[28]

. Novel HTC approaches have been developed

based on AFM
[32,33]

, combinatorial XRD
[34,35]

, and second harmonic generation (SHG)
[28,36]

. The integration of

HTE and HTC holds significant potential for rapidly constructing extensive databases of functional oxide

films and accelerating performance screening, feedback, and optimization processes. However, these

methods primarily focus on broad parameter exploration rather than targeted structural and property

modulation, which fundamentally limits their capacity for deterministic materials design
[37]

. To address these

challenges, we propose integrating a machine learning (ML)-based artificial intelligence framework with

MGI to further accelerate the establishment of reliable structure-property relationships. Based on

composition-gradient samples prepared through HTE, microstructural data and property data are

systematically collected via HTC to construct standardized databases. The ML framework is then employed

to automatically extract microstructural features and transform them into quantifiable feature vectors, while

feature engineering techniques are used to identify critical material descriptors. Furthermore, supervised
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learning algorithms are applied to establish nonlinear mapping models that connect material descriptors and

structural features to target properties. This approach enables more effective prediction of performance for

novel compositions or structures, facilitates the establishment of more robust structure-property

relationships, and achieves accurate prediction and optimized design of material properties
[38-42]

, thereby

significantly accelerating the development cycle of novel functional oxide thin films. It is noteworthy that

different functional oxide materials possess distinct material characteristics and functional properties.

Therefore, ML approaches should be appropriately adjusted and refined according to these specific material

features to significantly enhance the learning capability of the framework. Such tailored optimization is

expected to further improve the reliability of structure-property relationships across different oxide material

systems.

In this study, SrRuO
3
 (SRO) thin films were selected as a representative model system for functional oxides

due to their high electrical conductivity, structural stability, and excellent process compatibility. Based on

thickness-gradient SRO films fabricated via HTE, we developed an automated AFM image recognition and

classification framework integrating preprocessing algorithms and ML. Through hyperparameter

optimization and strategic tuning, the model achieved a classification accuracy of 86.67% in independent

tests, successfully establishing correlations between deposition parameters and film morphology, thereby

enabling predictive modeling for functional oxide thin films.

MATERIALS AND METHODS
Fabrication of high-throughput SRO thin films

Gradient-thickness SRO films were deposited using high-throughput pulsed laser deposition (RP-HT-102,

Shenzhen Arrayed Materials Co., Ltd., China) with a 248 nm KrF excimer laser. A 10 × 10 gradient thickness

array comprising 100 regions was fabricated, wherein the number of laser pulses varied from 100 to 10,000.

The substrate temperature and oxygen pressure were maintained at 690 °C and 100 mTorr, respectively.

Characterization of structural properties

Topographical analyses were conducted using AFM (Cypher ES, Asylum Research) with a conductive probe

(e.g., ZDYF2022-EC450, Institute of Semiconductors, Chinese Academy of Sciences).

RESULTS AND DISCUSSION
Our integrated experimental framework is illustrated in Figure 1A. Based on high-throughput pulsed laser

deposition system (HT-PLD), we utilized a movable mask within the system to fabricate continuously

varying gradient-thickness SRO films with a 10 × 10 array on an SrTiO
3
 (STO) substrate by systematically

varying the number of deposition pulses (from 100 to 10,000 shots). Full-area optical microscopy images

revealed no significant chromatic aberration across the visible spectrum for SRO films with different

thicknesses, demonstrating the relative stability of their optical properties against thickness variations. To

further investigate the microstructural evolution, we characterized the surface morphology of

gradient-thickness SRO films using AFM, as shown in Figure 1B. Distinct morphological differences were

observed, which can be broadly categorized into four types: atomically smooth morphologies, particle

morphologies, anisotropic stripe morphologies, and terraced step-like morphologies. The detailed

correspondence between the number of deposition pulses and surface morphology is systematically

documented in Supplementary Table 1. This well-defined relationship established a reliable foundation for

the ML framework to develop accurate mappings from deposition parameters to surface morphology. We

further developed an automated image processing workflow based on Python to minimize non-structural

interference in the morphological data. This method primarily incorporates an adaptive edge detection

algorithm, which effectively eliminates scale bars and color legends to a certain extent. The preprocessed

AFM images [Figure 1C] provide a reliable foundation for ML-driven morphological classification. To
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Figure 1. Preparation, characterization, and data processing of gradient-thickness SRO films. (A) Schematic diagram of the preparation and
characterization process for gradient-thickness SRO films; (B) Original AFM surface morphology of gradient-thickness SRO films; (C and
D) Morphologies after (C) automatic preprocessing and (D) processing with different data augmentation strategies (RT-GeomAug,
DBC-Aug, and OS-Aug). SRO: SrRuO3; AFM: atomic force microscopy; RT-GeomAug: real-time geometric augmentation; DBC-Aug:
dynamic balance cropping augmentation; OS-Aug: over-sampling augmentation.

address the challenges of limited dataset size and class imbalance in morphological images of SRO films, we

implemented three complementary data augmentation strategies, including real-time geometric

augmentation (RT-GeomAug, random rotations within ± 180° combined with horizontal/vertical flipping

applied to raw morphology images), dynamic balance cropping augmentation (DBC-Aug; modulates

category-specific cropping frequency to equalize sample distribution) and over-sampling augmentation

(OS-Aug; repeated sampling cycles until all classes reached equivalent maximum counts). These synergistic

approaches were systematically optimized to identify the most effective data processing pipeline for our

specific dataset, with the enhanced morphological features clearly demonstrated in Figure 1D.

Based on the preprocessed AFM images, we systematically trained and evaluated different ML models

following the workflow shown in Figure 2A. The input AFM images first underwent standardized resizing

and normalization procedures to ensure dimensional consistency and data accuracy, wherein the dataset was

partitioned into training, validation, and test sets at a ratio of 7:1.5:1.5 [Supplementary Table 2]. Notably, the

ratio was determined through multiple rounds of computational adjustment and validation; excessively high

or low proportions of training samples may compromise evaluation reliability or lead to underfitting.

Furthermore, under the three different data augmentation strategies, the sizes of the validation and test sets

were kept consistent to ensure the reliability of evaluation results. The number of samples in the training,

validation, and test sets under each augmentation strategy is detailed in Supplementary Tables 3-5. The

sample size used in this study was determined based on the thickness-gradient SRO oxide system. For

functionally or structurally more complex oxide systems, the framework requires larger and more diverse

datasets incorporating different characterization techniques, along with corresponding adjustments and

improvements tailored to specific material systems. The preprocessed images were then classified through

convolutional neural network (CNN), support vector machine (SVM), and k-nearest neighbor (KNN)

models. Notably, while the CNN model could directly process and classify the preprocessed images, both

SVM and KNN models required feature extraction through a ResNet-18 architecture to generate

128-dimensional feature vectors as input representations. To ensure a valid comparative evaluation, identical

                                                                            

https://file.oaecenter.com/published/pdf/541323c4448a3c19a16551b1ee7980ea/1777449502/jmi5076-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/541323c4448a3c19a16551b1ee7980ea/1777449502/jmi5076-SupplementaryMaterials.pdf


Chen et al. J. Mater. Inf. 2026, 6, 28 Page 5 of 11

Figure 2. ML model architecture design and optimization strategies. (A) Schematic workflow of the computational framework for training
and evaluating various ML models; (B) Performance comparison of different classification models under three data augmentation
strategies; (C) Evaluation of classification accuracy and loss function trends across ResNet architectures with varying depths and
multi-level feature freezing strategies. ML: Machine learning; CNN: convolutional neural network; SVM: support vector machine; KNN:
k-nearest neighbor; RT-GeomAug: real-time geometric augmentation; DBC-Aug: dynamic balance cropping augmentation; OS-Aug:
over-sampling augmentation.

training-validation-test splits were maintained across all models, and consistent evaluation metrics were

applied throughout. We compared the accuracy of the ML models under different data augmentation

strategies, as shown in Figure 2B. The plot clearly demonstrates that the CNN model achieved higher

accuracy than both SVM and KNN models on both the training and validation sets across all augmentation

strategies. Specifically, the validation accuracy of the CNN model reached 83.30%, 88.30%, and 86.70% under

the RT-GeomAug, DBC-Aug, and OS-Aug strategies, respectively. Consequently, the CNN model with the

DBC-Aug strategy was selected for subsequent validation. To further improve performance, ResNet

architectures were incorporated into the CNN model to optimize both architectural configurations and

feature freezing strategies [Figure 2C]. First, CNN models with ResNet architectures of varying depths were

evaluated, and the ResNet-50 configuration delivered the best performance with 90.00% accuracy. Building

on this ResNet-50 architecture, different feature freezing strategies were then tested. Comparative analysis

revealed that the “Less” freezing strategy outperformed both the “More” and “Original” approaches. Through

the systematic implementation of these two optimization strategies, a final CNN model was developed that

combines the DBC-Aug data augmentation strategy with a ResNet-50 architecture employing the “Less”

feature freezing approach. This optimized configuration achieved peak classification accuracy,

demonstrating superior performance in comparative analyses. Based on these results, this model

configuration was adopted as the primary ML framework for all subsequent morphology image recognition

and classification tasks, serving as the benchmark solution for the AFM image analysis pipeline.

The workflow for SRO morphological classification is illustrated in Figure 3A. Our approach employs a CNN

classification model based on the ResNet-50 architecture, using three-channel grayscale images as input

throughout the process. The network retains the first four convolutional blocks of ResNet-50, while

optimizing the freezing strategy and feature transfer mechanism within the framework, specifically by

unfreezing the model parameters from layers 2 to 4. This architecture stems from an analysis of hierarchical
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Figure 3. Architectural implementation and classification performance analysis of the gradient-thickness SRO morphology classification
model. (A) CNN architecture for SRO morphology classification; (B and C) Accuracy curves and loss function trends for the (B) training
set and (C) validation set under different weight decay hyperparameters; (D and E) Comparison of accuracy and loss function trends for
the (D) training set and (E) validation set between the default and optimized parameter configurations. SRO: SrRuO3; CNN: convolutional
neural network.

features in material images, preserving the shallow general feature extraction capabilities inherited from

ImageNet pretraining while enabling the network to learn material-specific texture patterns. Moreover, the

original fully connected layers are replaced with an adaptive structure. The reconstructed classification head

incorporates predefined parameters: a dimensionality reduction strategy decreases feature channels from

2,048 to 512, followed by batch normalization. The initial dropout rate is set to 0.3 and further optimized in

subsequent experiments to mitigate overfitting risks. Residual connections are retained, with improved

feature fusion methods. In addition, a squeeze-and-excitation attention mechanism is integrated into the

convolutional module, replacing global average pooling with adaptive average pooling. To enhance the

performance of the CNN model in SRO morphological classification, we systematically optimized key

hyperparameters, including the learning rate, batch size, number of training epochs, optimization algorithm,

dropout rate, patience, and weight decay. Specifically, the learning rate was set to 5 × 10
-4
, the batch size to 16,

the number of training epochs to 30, and the dropout rate to 0.3. The Adam optimizer was used, early

stopping patience was set to 3, and weight decay was initially set to 0. To guide parameter selection more

effectively, we designed a composite scoring function that simultaneously evaluates validation accuracy,

classification balance, and overfitting severity, with respective weights of 50%, 30%, and 20%. This approach

significantly improves parameter selection accuracy compared to single-metric evaluation. The formula for

this scoring function is as follows
[43]

:

Weight decay, a hyperparameter that controls the intensity of L2 regularization, induces model underfitting

when set excessively high, while overly small values fail to effectively constrain weight growth. Therefore,

three weight decay values (0, 1 × 10
-3

, and 1 × 10
-4

) were evaluated to optimize model accuracy. The

corresponding composite scores were 0.6246, 0.6341, and 0.6348, respectively. The accuracy and loss curves

for both the training and validation sets under different weight decay settings are shown in Figure 3B and C.
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When the weight decay was set to 0, the validation accuracy stabilized around 77.50%, with the minimum

validation loss remaining near 0.5269. Notably, a 10.00% gap between training and validation accuracy was

observed, indicating insufficient feature learning due to the lack of regularization, as evidenced by training

stagnation and validation loss saturation. When the weight decay was increased to 1 × 10
-4

, the model

achieved the highest validation accuracy (80.00%) and the lowest validation loss (0.4202). This result suggests

that a small but non-zero weight decay effectively mitigates overfitting while enhancing generalization. By

comparing the composite scores and curve characteristics, a weight decay of 1 × 10
-4

 was selected as the

optimal parameter configuration, achieving a balance between model performance and robustness.

Additionally, different learning rates (5 × 10
-4

, 5 × 10
-5

, and 1 × 10
-5

), batch sizes (8, 16, and 32), and

optimizers (Adam, AdamW, and AMSGrad) were systematically evaluated to further refine the performance

of the CNN model. The corresponding accuracy and loss curves are presented in Supplementary Figures 1-3.

Through a comprehensive grid search analysis considering both quantitative scoring and convergence

patterns, the optimal parameter configuration was identified as follows: a learning rate of 5 × 10
-4
, batch size

of 8, AMSGrad optimizer, and weight decay of 1 × 10
-4

. To validate the effectiveness of this optimization

approach, comparative evaluations were conducted on the SRO morphological image dataset using both the

baseline model (with default parameters) and the optimized model. The results, shown in Figures 3D and E,

demonstrate that the optimized model achieves significantly higher accuracy and lower loss values compared

to its baseline counterpart. This improvement confirms that the parameter optimization strategy effectively

enhances learning capability and generalization performance.

The morphological classification results of the CNN model on the independent test set are illustrated in

Figure 4A. The predictions demonstrate high agreement with the ground truth labels for most samples, with

output confidence values exceeding 0.86, thereby confirming the model’s strong discriminative capability

and reliable decision making for typical specimens. However, a low-confidence case (0.57) was observed in

the test set, which resulted from surface contaminants or particle adhesion during AFM characterization.

These contaminants caused significant topographical interference during probe scanning, ultimately

producing AFM images with substantially compromised clarity. To address these inevitable artifacts that

may cause low-confidence predictions, we exclusively selected AFM morphological images with confidence

scores exceeding 0.80 for the independent test set used in subsequent classification accuracy evaluation,

thereby ensuring the reliability of the final classification accuracy. The comprehensive prediction analysis via

the confusion matrix (CM) across the entire test set (n = 60) yielded an overall accuracy of 86.67% (52/60),

demonstrating the model’s robust global classification proficiency, as shown in Figure 4B. Notably, the

stripes morphology class dominates the correct predictions, contributing 51.92% of the total accurate

classifications. For the particles class (n = 12), balanced recall and precision rates of 75.00% (9/12) are

achieved, with 16.67% (2/12) misclassified as stripes and 8.33% (1/12) as smooth. The smooth class (n = 8)

exhibits perfect recall (100.00%, 8/8) yet suboptimal precision (72.73%, 8/11), suggesting a tendency toward

overprediction. Strikingly, the stripes class (n = 31) achieves superior performance with 87.10% recall (27/31)

and 93.10% precision (27/29), highlighting its effectiveness in identifying the majority class. Nevertheless,

some misclassifications persist: 9.68% (3/31) are erroneously assigned to particles, while 3.23% (1/31) are

mislabeled as smooth. Intriguingly, the stripes-to-particles misclassification rate (9.68%) markedly exceeds

the reciprocal particles-to-stripes error (16.67%). The step-like morphology (n = 9) shows the best

performance, attaining near-perfect metrics with 88.89% recall (8/9) and 100.00% precision (8/8), with only

one instance misclassified as smooth. The receiver operating characteristic (ROC) curves of the model are

presented in Figure 4C, with area under the curve (AUC) values for the four morphological categories as

follows: smooth (AUC = 0.98), step-like (AUC = 0.98), particles (AUC = 0.89), and stripes (AUC = 0.92).

These results corroborate the CM analysis, where the elevated AUC values for the smooth and step-like

classes indicate the model’s capability to maintain high true positive rates (TPR ≥ 0.9) while achieving low

false positive rates (FPR ≤ 0.05). Collectively, the integrated evidence from both CM and ROC metrics
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Figure 4. Systematic performance evaluation of the SRO morphological classification model. (A) Visualization of representative
classification results from the independent test set; (B) Multiclass CM for classification accuracy assessment; (C) ROC curves with
corresponding AUC values across four morphological categories. SRO: SrRuO3; CM: confusion matrix; ROC: receiver operating
characteristic; AUC: area under the curve; TPR: true positive rates; FPR: false positive rates.

confirms that the proposed CNN model demonstrates high-precision classification across all morphological

types.

CONCLUSIONS
In summary, this study presents an ML framework for the quantitative analysis of morphological features in

AFM images of SRO thin films. Systematic optimization, based on a comparative analysis of ResNet

architectures and layer freezing strategies, coupled with grid search hyperparameter tuning, yielded an

optimal CNN configuration. The implemented architecture achieved 86.67% classification accuracy on an

independent test set when categorizing AFM morphological features, including step-like or stripes

morphologies. The proposed CNN model demonstrates high accuracy in AFM image classification, as

evidenced by experimental validation. This deep learning approach significantly reduces the time and labor

costs associated with AFM image quality analysis and shows potential for extension to other material

characterization applications.
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