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Abstract 

Image recognition, classification, and analysis of large sets of high-resolution molecular 

images are time-consuming and labor-intensive, even for human experts, owing to a lack 

of standardized approaches. In recent years, machine learning has emerged as a powerful 

tool for automating image data analysis in materials science. In this work, we developed 

a computer vision program for efficient object detection and instance segmentation, 

offering a fast alternative to manual molecular image analysis. By integrating YOLOv9 

with an incremental learning strategy and hyperparameter optimization, the system 

enables accurate detection, classification, and segmentation of molecular species across 

diverse STM datasets. Our results demonstrate robust performance and minimal 

forgetting rates across multiple molecular categories, enabling scalable and updatable 
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surface image analysis workflows. We anticipate that computer vision methods will see 

increasing applications in the image data analysis within the field of on-surface chemistry. 

 

Keywords: YOLOv9 object detection, instance segmentation, incremental learning, 

surface chemistry 

 

INTRODUCTION 

In recent years, the rise of artificial intelligence (AI) technologies and advances in 

materials science have brought about profound transformations in traditional materials 

design, synthesis and characterization[1-5]. Scanning tunneling microscopy (STM), a vital 

technique for investigating surface structures and adsorbates, has become widely 

employed in fields such as catalysis, molecular self-assembly, on-surface synthesis, and 

nanomaterials preparation[6-12], primarily due to its ability to provide atomic level 

resolution[13-18]. However, the high-resolution images obtained from STM measurements 

typically exhibit considerable complexity and contain rich microscopic information. 

Consequently, the analysis and interpretation of such images heavily depend on human 

experts' experience and subjective judgment. This reliance not only reduces research 

efficiency but also restricts the broader adoption and application of the cutting-edge 

technology. 

 

To overcome the critical dependence on prior knowledges of human experts in high-

resolution image analysis, artificial intelligence techniques have increasingly been 

introduced[19-28]. Recent studies have demonstrated that deep learning and computer 

vision algorithms can effectively automate the recognition and analysis of STM images, 

such as automatic detection and repair of imaging artifacts, classification of similar 

molecules, molecular counting, and automated length measurements of polymer chains. 

These studies highlight the significant potential of integrating AI and STM technology 

to improve analytical accuracy and reduce manual intervention. 

 

Nevertheless, current researches remain largely limited to isolated applications tailored 
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to specific scenarios, typically focusing only on achieving a single functionality or 

particular target. Specifically, most existing studies employ small-scale, customized 

datasets for training and testing, lacking systematic data preparation and a general 

framework for predictive modeling and result analysis. Therefore, systematically 

integrating the entire AI pipeline, which includes data acquisition and preprocessing, 

model training, automated prediction and multi-scale data analysis, is one of the key 

challenges for achieving efficient, automated, and intelligent STM-based research. 

 

In this work, we have developed a comprehensive framework that integrates different 

aspects of the machine learning workflow, including image data annotation, dataset 

creation, model training, inference, and data analysis. Based on the YOLOv9 model, a 

state-of-the-art approach that combines both object detection and instance segmentation 

capabilities, our program provides a one-stop solution for annotating image data, 

generating high-quality datasets, and training advanced models. Additionally, the 

program includes tools for data analysis based on prediction results, providing insights 

that can guide decision-making and further refine model performance. A key feature of 

the program is its support for incremental learning, allowing models to be updated and 

improved continuously as new data becomes available. This approach avoids for 

complete retraining from scratch and ensures that the models remain accurate and up to 

date.  

 

MATERIALS AND METHODS` 

Data preparation and annotation 

To develop a robust model for molecular image analysis, we first curated a dataset of 

molecular images containing various molecular assemblies. The images were pre-

processed to standardize resolution and contrast, ensuring uniformity across the dataset. 

We utilized an annotation tool to manually label molecular structures, providing 

bounding boxes and segmentation masks for training the object detection and instance 

segmentation models. Each molecular species was assigned a unique class ID, and the 

dataset was divided into training, validation, and test sets following an 80:10:10 split. All 

STM images used in this study were obtained from our group’s experiments on molecular 
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self-assembly. To enhance dataset diversity, 2-3 original high-resolution STM images 

were augmented using operations such as rotation, flipping, cropping, and contrast 

adjustment, resulting in approximately 500 images in total. These augmentations 

preserve the intrinsic physical and structural characteristics of the molecular features 

while improving the robustness of model training. This dataset was then used for object 

detection labeling, where molecular positions were annotated using bounding boxes to 

form the complete training and validation sets. 

 

Model selection and architecture 

Our program is built on YOLOv9, the latest iteration in the YOLO (You Only Look Once) 

family, known for its efficient object detection and segmentation capabilities. Two model 

configurations were implemented: 1. Object detection which identifies molecular species 

using bounding boxes. 2. Instance segmentation which provides pixel-wise segmentation 

for precise molecular boundary identification. 

 

Model training and evaluation 

The YOLOv9 model was trained using a stochastic gradient descent (SGD) optimizer 

with momentum and weight decay applied for regularization. The model was trained for 

100 epochs with an adaptive learning rate schedule. We used the following performance 

metrics for evaluation: F1 Score, which balances precision and recall for classification 

accuracy; mAP@0.95, which assessing detection accuracy across different confidence 

thresholds; forgetting rate, which measures the model’s ability to retain knowledge of 

previously learned molecular categories. The incremental learning strategy was validated 

by training the model in multiple stages and measuring the degradation in performance 

across molecular categories. 

 

The programming language is based on Python. We use PyTorch as the deep learning 

framework. GPU hardware is based on NVIDIA 3070Ti with 8GB VRAM. Training time 

is approximately 20 min per full training cycle. 

 

RESULTS AND DISCUSSION 

Our framework consists of four main components: data annotation, dataset generation, 

model training/prediction, and data processing. In the training section, users can choose 
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between two models: object detection or instance segmentation, and both of them are 

based on the YOLOv9 model. The overall framework architecture is illustrated in Figure 

1. 

 

 

Figure 1. Workflow of the computer vision program for molecular image analysis. 

 

The process begins with the “Data Labeling” stage, where the data is annotated to provide 

ground truth for model training. Following this, the system checks whether the labeled 

data corresponds to a new category. If a new category is detected, the system performs 

the “Load Class ID from Index Table” step to assign a unique identifier to the new 

category, which is then used in the “Dataset Generation” step. The generated dataset 

serves as the foundation for model training, ensuring that all relevant categories are 

included. Additionally, when generating the dataset, users can enable the incremental 

learning feature to create a more generalized dataset. In the incremental learning phase, 

the model is updated with newly added data without the complete retraining from scratch, 

significantly enhancing its adaptability, especially as new types of species and patterns 

are discovered from the experimental image data. 

 

After dataset creation, the “Train & Detect” step utilizes the YOLOv9 model to perform 

both object detection and instance segmentation, identifying key features in the image 

data. YOLOv9, the latest version of the “You Only Look Once” family of models[29], 

combines advanced detection algorithms with high efficiency, enabling accurate and fast 

object detection even for complex datasets. It is improved upon its predecessors by 

Ac
ce

pt
ed

 A
rti

cle



 

 

incorporating more robust backbone networks, enhanced anchor-free mechanisms, and 

dynamic label assignment strategies, which makes it particularly suitable for detecting 

small-scale molecular features in high-resolution images. Once the detection is 

completed, the results are processed by the “Data Processing” module which extracts 

valuable insights such as the identified classes and the average area of detected instances. 

These insights are crucial for understanding surface nanostructures, molecular self-

assembly, and the distribution of reactants and products. The seamless integration of 

incremental learning ensures that the model evolves continuously as new data becomes 

available, maintaining accuracy of the model as experimental conditions change as well 

as allowing researchers to adapt their analysis to emerging surface phenomena. This 

combination of YOLOv9’s advanced detection capabilities and incremental learning 

provides a powerful framework for analyzing molecular systems. 

 

During the training process of this program, we found that hyperparameters have a 

significant impact on the model’s performance. Improper hyperparameter configurations 

can drastically reduce training efficiency, potentially wasting several hours without 

yielding satisfactory results. In contrast, an appropriate combination of hyperparameters 

can accelerate convergence, improve model stability, and significantly enhance the 

overall performance. This effect becomes particularly evident in deep learning tasks 

where training is computationally expensive, as a poorly tuned learning rate or batch size 

can either cause divergence or lead to excessively slow convergence. Similarly, 

suboptimal values of augmentation or regularization parameters may result in 

underfitting or overfitting, making the training process inefficient and unstable. To 

address this challenge, it is crucial to adopt a systematic and automated hyperparameter 

optimization strategy that goes beyond manual trial-and-error. Given the large number of 

hyperparameters, manually adjusting each value is extremely time-consuming and 

practically impossible. Therefore, we employed a Bayesian optimization algorithm to 

search for the optimal combination of hyperparameters. Compared with conventional 

methods such as grid search and random search, Bayesian optimization can find near-
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optimal solutions with fewer iterations, especially in high-dimensional hyperparameter 

spaces. It builds a surrogate model (e.g., Gaussian Process) to predict the behavior of the 

objective function and leverages an acquisition function (such as Expected Improvement, 

Probability of Improvement, or Upper Confidence Bound) to balance exploration of 

unknown regions and exploitation of promising areas, thereby avoiding inefficient or 

blind searches. Unlike grid search, which exhaustively evaluates every point in a 

predefined parameter grid, or random search, which samples configurations uniformly at 

random, Bayesian optimization intelligently selects the next point to evaluate based on 

prior knowledge from past observations. This makes it particularly efficient when each 

model evaluation is computationally expensive, as is the case in our training pipeline 

where a single training run can take several hours.  

 

The surrogate model we utilized, Gaussian Process (GP), offers a probabilistic 

interpretation of the function being optimized. GP provides not only predictions of the 

mean performance for any hyperparameter configuration but also an estimate of 

uncertainty, which allows the acquisition function to determine whether to explore new 

regions or exploit areas that are already known to yield good results. The Expected 

Improvement (EI) criterion, in particular, evaluates the expected gain over the current 

best-known performance, guiding the search towards configurations that have the highest 

probability of improving the model metric (mAP@0.95 in our case). This dynamic 

balance between exploration and exploitation is the key to achieving both efficiency and 

accuracy in the hyperparameter search process. Furthermore, Bayesian optimization is 

well-suited for non-convex, noisy, and expensive objective functions, which are common 

in deep learning scenarios. The objective landscape of neural networks often contains 

many local minima and plateaus, making random or uniform search strategies highly 

inefficient. By contrast, Bayesian optimization builds a smooth approximation of the 

objective surface and can better navigate these complex landscapes. In our experiments, 

we observed that Bayesian optimization was able to identify optimal hyperparameter 

configurations within 30 iterations, while random search with the same number of trials 

failed to achieve a comparable performance. Therefore, we employed a Bayesian 
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optimization algorithm to search for the optimal combination of hyperparameters. 

 

 

Figure 2. Hyperparameter optimization and its impact on model performance. (a) Model 

performance (mAP@0.95) over 30 iterations by Bayesian optimization, where each 

iteration represents a new set of hyperparameters; (b) The Pearson correlation heatmap 

showing the correlations among top 5 hyperparameters and mAP@0.95. Darker color 

indicates stronger correlations, providing valuable insights into which hyperparameter 

should be prioritized for further optimization; (c) The relationships between Ir0 (top 

panel), warmup epochs (bottom panel), and mAP@0.95, with Pearson correlation 

coefficients and p-values displayed on top of the panels. These values help to identify 

which hyperparameters most strongly influence the model performance. 

We constructed a search space from the selected hyperparameters and performed 30 

iterations of Bayesian optimization. The selected hyperparameters[30] were chosen based 

on their relevance to model performance and training stability. From Figure 2a, we 

observed that the optimal configuration was achieved at the 13th iteration, where 

mAP@0.95 reached its maximum value. The heatmap in Figure 2b further illustrates the 

correlations among key hyperparameters, revealing that the initial learning rate (lr0) 

shows a strong negative correlation with performance, while warmup epochs exhibit a 

moderate positive correlation. These observations suggest that proper balance among 

learning rate, regularization, and warmup duration is crucial for optimizing training 
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stability and generalization. Detailed mathematical formulations and correlation analyses 

have been moved to the Supplementary Information (Section S4). In Figure 2c, two most 

influential hyperparameters were selected based on their Pearson correlation coefficients 

with the model performance metric. The scatter plots illustrate the relationships between 

each selected hyperparameter (e.g., initial learning rate Ir0, warmup epochs) and 

mAP@0.95. Each point represents a result from a training session, where the x-axis 

shows the hyperparameter value and the y-axis shows the corresponding mAP@0.95 

score. In these plots, by fitting a polynomial regression curve, we can visually observe 

the trends between each hyperparameter and the model performance. For example, it is 

clear to see that the initial learning rate shows a significant negative correlation until lr0 

~ 0.03 with the model performance, meaning that increasing the learning rate leads to a 

decrease in mAP@0.95. This trend is clearly demonstrated in both the scatter plot and 

the regression curve, where the shape of the curve is closely related to the distribution of 

the data. 

 

In our program, we have specifically incorporated the feature of incremental learning, 

and among the various incremental learning methods, we selected the most stable and 

convenient replay mechanism[31]. The principle of the replay mechanism is to save a 

portion of historical data during the model training process and periodically retrain the 

model with both the historical data and new data in subsequent training sessions. This 

approach allows the model to retain memory of the old data while learning new 

information, thus preventing it from forgetting previously learned knowledge. 
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Figure 3. Illustration of the replay mechanism in incremental learning. The top row 

(Weight) represents the weight adjustments with more data being included. The second 

row (Model) illustrates the model training steps. The third row (Dataset) shows the 

dataset replay strategy, where historical data is incorporated into the training process. 

The bottom row (Realtime) presents the change in the number of instances from each 

category (M1 to M6) that participate in the training as a result of applying the replay 

strategy.  

From Figure 3, we can see the replay mechanism selects a small batch of historical data 

and combines it with the current training data for the model training. This not only helps 

the model continuously adapt to new data but also ensures the stability of the model, as 

it “reviews” previous data during training. This helps to avoid overfitting to the current 

samples while maintaining learning from past knowledge. In this way, the model can 

gradually enhance its generalization ability and robustness during the incremental 

learning process, leading to more effective knowledge updates and applications. 

 

The advantage of the replay mechanism is that it allows the model to be continuously 

updated and optimized as new data becomes available, without the need for complete 

retraining from scratch. This greatly improves training efficiency and the flexibility of 

data handling. Specifically for atomic-scale STM image analysis, the replay mechanism 
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offers distinct advantages over other incremental learning strategies such as knowledge 

distillation. STM images contain highly detailed pixel-level information - fine variations 

in local contrast, adsorption geometry, and tip-induced electronic effects that are 

physically meaningful and critical for molecular recognition. Distillation-based methods, 

which transfer feature distributions between teacher and student models, often compress 

or smooth out these subtle spatial and intensity variations, leading to a partial loss of 

nanoscale structural information. In contrast, replay revisits a small portion of real 

historical STM data during training, directly preserving the original pixel intensity 

distribution and spatial correlations. This approach enables the model to maintain 

sensitivity to atomic-scale morphological and electronic features while learning new 

molecular systems, effectively mitigating catastrophic forgetting. As a result, the replay 

strategy not only aligns with the physical nature of STM imaging but also achieves 

superior stability and accuracy in nanoscale feature recognition. 

 

 

Figure 4. Model performance and forgetting rate across training steps. (a) The 

performances of the model over five training steps, represented by F1 scores and 

mAP@0.95 for different categories (M1 to M5). Each line corresponds to the F1 score 

or mAP@0.95 of a specific category; (b) The forgetting rates for each category (M1 to 

M5) as a percentage, with category M4 exhibiting the highest forgetting rate (2.31%) 

compared to the other categories. 

As shown in Figures 4 and 5a, we selected five molecular categories (M1 to M5) to 

evaluate the performance of the model under the replay mechanism strategy. The model 

underwent five rounds of training after continuously updating with new categories of 
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molecular image data, during which we observed the changes in F1 scores and 

mAP@0.95 scores for each category as training progressed. F1 score and mAP@0.95 

were chosen as the primary evaluation metrics due to their complementary nature: F1 

score reflects the classification accuracy by balancing precision and recall, making it 

ideal for evaluating the model’s ability to distinguish among molecular categories, while 

mAP@0.95 focuses on the spatial precision of bounding boxes, providing insights into 

the model’s localization accuracy. By combining these metrics, we gained a 

comprehensive understanding of the model’s performance in both classification and 

recognition tasks. Based on the changes in these metrics, we calculated the forgetting 

rate for each category to measure the model’s ability to retain knowledge as new training 

data was introduced. 

 

𝐹𝑜𝑟𝑔𝑒𝑡𝑡𝑖𝑛𝑔 𝑅𝑎𝑡𝑒 =
𝑃𝑖𝑛𝑖𝑡𝑖𝑎𝑙 − 𝑃𝑓𝑖𝑛𝑎𝑙

𝑃𝑖𝑛𝑖𝑡𝑖𝑎𝑙
 

 

Where 𝑃𝑖𝑛𝑖𝑡𝑖𝑎𝑙 represents the model's performance on a specific category or task before 

incremental training (e.g., F1 score). 𝑃𝑓𝑖𝑛𝑎𝑙 represents the model's performance on the 

same category or task after the training is completed. 

 

From Figure 4b, we can clearly see that the forgetting rates for all categories have been 

reduced to very low levels, with all rates below 2.5%, demonstrating the effectiveness of 

the replay mechanism in mitigating catastrophic forgetting and maintaining the model 

performance across multiple categories. This demonstrates the impact of training on the 

model's ability to retain learned knowledge, with the forgetting rate indicating the loss of 

performance on previously learned categories. 
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Figure 5. STM molecular images and prediction results. (a) Chemical structures of six 

molecular categories (M1 to M6); (b) STM images and the prediction results obtained 

using the well-trained models. The inferred molecules are highlighted by markers with 

corresponding colors. Blue squares denote molecule M1, orange squares denote molecule 

M2, green squares denote molecule M3, grey squares denote molecule M4, cyan squares 

denote molecule M5, purple squares denote molecule M6. 

Through Figure 5, we can more intuitively access the effectiveness of incremental 

learning approach. This result is based on the model after five rounds of incremental 

learning, where the weight file integrates the learned representations of six molecular 

categories (M1 to M6). Figure 5a displays six representative molecular categories (M1-

M6), each corresponding to a specific precursor or coordination unit used in STM studies 

of on-surface molecular self-assembly, i.e., M1: 2,4,6-tri(pyridin-4-yl)-1,3,5-triazine; 

M2: 4,4’-(5’-(4-(pyridin-4-yl)phenyl)-[1,1’:3’,1’’-terphenyl]-4,4’’-diyl)dipyridine; M3: 

4,4’-di(pyridin-4-yl)-1,1’-biphenyl; M4: hexakis[4-(4’-pyridyl)phenyl]benzene; M5: 

4,4’-(1,3-phenylene)bis-pyridine; and M6: 3,3’,5,5’-tetra(pyridin-4-yl)-1,1’-biphenyl. 
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Using the trained weights, a single prediction was performed, and the results in Figure 

5b show a clear and accurate identification of the corresponding molecular structures. 

The predicted patterns align well with the corresponding molecular structures in Figure 

5a, demonstrating that the model effectively captures and retains the features of all six 

categories without significant degradation in performance. To further quantify this, the 

overall performance metrics indicate a precision of 0.959, recall of 0.931, mAP@0.5 of 

0.976, and mAP@0.5:0.95 of 0.792, confirming the model’s robustness across classes. 

Specifically, the per-class mAP@0.5:0.95 values for M1 through M6 are 0.698, 0.728, 

0.685, 0.794, 0.904, and 0.945, respectively. These results highlight the model’s strong 

generalization ability and its capability to maintain high accuracy and localization 

precision across diverse molecular categories, even after multiple stages of incremental 

updates. 

 

This highlights the strength of the incremental learning strategy, as it enables the model 

to continuously learn new molecular categories while retaining knowledge of previously 

learned categories. The predictions indicate that the model can handle the complexity of 

molecular assemblies, accurately detect and classify molecules, thus illustrating its 

robustness and generalization capability after incremental learning. The clear patterns 

and accurate bounding boxes in the predictions reflect the model’s ability to integrate 

diverse molecular features, making it a powerful tool for analyzing high-resolution 

molecular images of complex molecular arrangements. 

 

Batch effects arising from different STM imaging environments, such as variations in 

tunneling current stability, tip geometry, or detector sensitivity, may introduce 

distributional bias in the image data. To minimize this effect, our dataset includes STM 

images collected under diverse experimental conditions on Au(111), Ag(111), and 

Cu(111) substrates. By incrementally introducing data from these different imaging 

environments while replaying earlier samples, the model continuously calibrates itself 
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across multiple acquisition domains, thereby reducing the risk of model bias. In addition 

to the experiments discussed above, we further evaluated the model’s performance on 

images of the same molecular species acquired on three different substrates, namely 

Au(111), Ag(111), and Cu(111) [Figure 6]. The results show that the incremental learning 

strategy not only allows the model to continuously adapt to new data but also exhibits 

strong generalization across diverse imaging conditions. Despite variations in surface 

structures, noise, and contrast levels among different substrates, the model successfully 

identified the target molecule with no noticeable degradation in detection accuracy. This 

outcome indicates that the replay mechanism effectively preserves the essential features 

of the learned molecule, enabling robust recognition across heterogeneous datasets. The 

ability to adapt to different substrates highlights the strong transferability and 

generalization power of the incremental learning framework. In scanning tunneling 

microscopy (STM) imaging, the type of substrate plays a critical role in determining the 

overall image characteristics. For example, Au(111), Ag(111), and Cu(111) surfaces 

differ in their lattice constants and electronic structures, which leads to significant 

variations in background textures, contrast levels, and noise patterns in the resulting 

images. Conventional deep learning detection models are often sensitive to these 

differences; when trained exclusively on data from one substrate, their performance 

usually drops significantly when tested on another[32]. To overcome this issue, we 

adopted the aforementioned incremental learning strategy combined with a replay 

mechanism. 

 

In our experiments, we progressively introduced STM images of the target molecule 

obtained on Au(111), Ag(111), and Cu(111). At the initial stage, the model was trained 

solely on Au(111) data and achieved high detection accuracy. We then incrementally 

incorporated images from Ag(111) and Cu(111) substrates while simultaneously 

replaying Au(111) images to reinforce the retention of its previously acquired knowledge. 

This strategy ensured that the model maintained strong recognition performance for 

Au(111) molecules while adapting to the unique imaging characteristics of Ag(111) and 

Cu(111). The final evaluation results demonstrated that the model maintained 
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consistently high accuracy across all three substrates (with only minor variations in 

mAP@0.5), thereby validating the effectiveness of the incremental learning approach. 

 

 

Figure 6. Performance of the incremental learning framework on the sample molecule 

on multiple metal substrates. (a) Visualization of molecular detection results for 4,4’-

di(pyridin-4-yl)-1,1’-biphenyl on STM images acquired from Au(111), Ag(111), and 

Cu(111) surfaces, respectively. All STM images span 20 nm × 20 nm. Bounding boxes 

highlight the successfully identified molecules. In the model, yellow and orange 

represent gold (Au) and copper (Cu) atoms, respectively; (b) Quantitative performance 

comparison across substrates using mAP@0.5, showing the model’s ability to maintain 

high detection accuracy (0.81, 0.95, and 0.99) under varying imaging conditions. 

As shown in Figure 6, the model demonstrates robust molecular recognition even when 

the substrate type changes, which typically introduces differences in background texture, 

surface electronic structures, and imaging noise. Despite these challenges, the 

incremental learning approach enables the model to retain the discriminative features of 

the molecule while adapting to variations caused by different substrates. This robustness 

is largely attributed to the fact that our incremental training does not simply overwrite 

previously learned weights with new data, but instead uses a balanced training approach 

where data from both old and new substrates are sampled in each training epoch, with 
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old datasets comprising 10% of the training data. This allows the model to maintain an 

equilibrium between previously learned features and new information, resulting in stable 

recognition performance under diverse imaging conditions. 

 

Our experiments confirmed that even when Cu(111) images presented higher noise levels 

and lower contrast, the model was still able to accurately detect and classify the molecule 

based on its essential structural features. Furthermore, variations in substrate properties 

not only affect image noise and contrast but can also influence the self-assembly behavior 

of molecules on the surface. For instance, 4,4'-di(pyridin-4-yl)-1,1'-biphenyl molecules 

may exhibit slightly different arrangements on Au(111), Ag(111), and Cu(111) due to 

differences in adsorption energy and intermolecular interactions, which affect the 

molecular packing density and orientation[33,34]. By incorporating data from multiple 

substrates, the incremental learning model learns to recognize key molecular structures 

and features regardless of such variations. 

 

Lastly, we note an additional advantage of the incremental learning framework is its 

improved training efficiency. Traditional approaches would require training a separate 

model for each substrate, which is computationally costly and time-consuming. In 

contrast, our incremental approach dynamically updates the same model parameters, 

achieving “train-once, adapt-to-many” capability. The replay mechanism also reinforces 

the retention of key features learned in earlier stages, ensuring that the model does not 

forget older datasets while adapting to new conditions. This not only reduces the 

computational overhead but also streamlines the entire training pipeline. These results 

emphasize the transferability of the learned representations and confirm that the model 

can accurately detect and classify the molecule across heterogeneous environments 

without significant performance loss. 

 

CONCLUSIONS 

In this study, we developed a comprehensive YOLOv9-based program for object 

detection and instance segmentation of molecular STM images, especially addressing the 
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challenges posed by manual molecular image analysis in surface nanostructures. The 

program integrates several advanced features, including data labeling, dataset creation, 

model training, detection, and analysis, with a strong focus on supporting incremental 

learning. The inclusion of the replay mechanism for incremental learning has been 

proved highly effective in mitigating catastrophic forgetting, allowing the model to retain 

previously learned information while adapted to new data. By replaying a small portion 

of the old dataset, the system reduced the rate of forgetting while maintaining efficiency. 

Additionally, Bayesian optimization was employed to fine-tune hyperparameters, further 

enhancing the model’s performance. The results demonstrate that our approach provides 

a scalable, efficient, and robust solution for the analysis of high-resolution molecular 

STM images, enabling researchers to accurately interpret complex surface reactions 

exceeding the limitations of manual analysis. Overall, the integration of machine learning 

techniques, including incremental learning and hyperparameter optimization, offers 

promising improvements in the accuracy, consistency, and scalability of molecular image 

analysis, paving the way for further innovations in the field of surface chemistry.  
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