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Abstract. Age-related macular degeneration (AMD) is a leading cause of irre-

versible vision loss in individuals over 50 years of age. Nanosecond retinorepar-

ative laser therapy (2RT) is an innovative treatment for early and intermediate 

forms of AMD. However, the efficacy and safety of this method critically depend 

on proper patient selection, which requires accurate identification of a number of 

biomarkers – indications and contraindications – on optical coherence tomogra-

phy (OCT). This paper presents an automated decision support system for physi-

cians designed to determine indications for 2RT treatment. The system includes 

sequential processing of OCT images: segmentation of retinal layers and soft 

drusen using a modified Attention U-Net convolutional neural network (0.92 ac-

curacy), an algorithm for detecting reticular pseudodrusen based on the classifi-

cation of regions of interest (SVM model, 0.72 accuracy), and detection and clas-

sification of atrophy (Random Forest model, 0.88 accuracy). Additionally, cal-

culation of the geometric parameters of soft drusen and drusenoid detachments 

has been implemented. A graphical interface has been developed that allows for 

the loading of OCT scan series, visualization of results, and tools for manual 

analysis. The proposed system reduces the workload of the diagnostician, im-

proves the reproducibility of assessments, and expedites the selection of patients 

for 2RT therapy. 
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1 Introduction 

Age-related macular degeneration is one of the leading causes of blindness worldwide, 

especially among people over 50 years of age [1, 2]. A novel treatment for early and 

intermediate forms of AMD is the nanosecond laser 2RT (Nano Second Retinal Ther-

apy), which stimulates reparative processes in the retina [3]. 2RT's mechanism of action 

involves selectively targeting the retinal pigment epithelium with nanosecond laser 
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pulses, triggering a cascade of reparative processes: activation of growth factors, reduc-

tion of drusenous load, and restoration of the barrier function of the pigment epithelium 

[4, 5]. Unlike macropulse lasers, 2RT does not cause thermal damage to the neurosen-

sory network, as confirmed by histological studies [6, 7]. 

However, the efficacy and safety of this method critically depend on proper patient 

selection: therapy is indicated for soft drusen or drusenoid detachments less than 1000 

µm wide, but is contraindicated in the presence of reticular pseudodrusen (RPD) or 

atrophy of the outer retinal layers [8, 9]. The therapy includes specific circumstances 

and abnormalities associated with specific types of changes observed on optical coher-

ence tomography. 

 Fig. 1a shows an example of soft drusen indicated for 2RT treatment (in the absence 

of other abnormalities). Fig. 1b shows RPD one of the main abnormalities. Another 

contraindication is atrophy of the retinal pigment epithelium and retinal layers (Fig. 1c) 

[10]. 

a)  b)   

c)  

Fig. 1. Biomarkers of age-related macular degeneration on optical coherence tomography im-

ages. (a) Soft drusen, which are an indication for 2RT laser therapy. (b) Reticular pseudodrusen, 

which are a contraindication to treatment. (c) Atrophy of the retinal pigment epithelium and outer 

retinal layers, also classified as a contraindication. 

Differentiation of these structures on OCT is difficult due to the small size of retic-

ular drusen, low contrast and variety of atrophy types [11, 12]. Diagnostic errors lead 

to unjustified refusal of treatment or to therapy in the presence of contraindications, 

which accelerates disease progression [13, 14]. In this regard, the development of an 

automatic system capable of analyzing OCT images and forming a conclusion on the 

possibility of 2RT laser therapy is relevant [15, 16]. Such a system can be based on a 

strict diagnostic algorithm regulating the sequence of biomarker detection, the scheme 

of which is shown in Fig. 2. To solve image segmentation problems in such systems, 

convolutional neural network architectures such as U-Net [17] and Attention U-Net 



[18] are used, and the support vector machine [19] and random forest [20] are used for 

classification. 

 

Fig. 2. Algorithm for determining indications for 2RT laser treatment based on OCT data 

The hypothetical system must strictly follow the algorithm shown in Fig. 2. The first 

step involves preprocessing and segmenting the OCT image to identify retinal layers 

and soft drusen. Then, the presence of contraindications is sequentially checked: RPD 

are detected first. If they are detected, the system issues a "Contraindicated" verdict 

without further analysis. If no RPD is present, the algorithm proceeds to a search for 

atrophy. If any type of atrophy is detected (complete, outer layers, or lower layers), a 

contraindication is also issued. Only in the absence of both contraindications does the 

system evaluate the indications: the presence of soft drusen and measurement of the 

drusenoid detachment width. If the width does not exceed 1000 µm, a "Indicated" ver-

dict is issued; otherwise, a "Contraindicated" verdict is issued. This strict sequence 

eliminates the possibility of erroneous prescription of 2RT therapy in the presence of 

any absolute contraindication. 

2 Structure and components of the automatic system 

The developed system is a sequential OCT image processing technology. A retinal B-

scan is input. The output is a visualized report with highlighted biomarkers and a textual 

summary regarding the feasibility of 2RT. The overall system flowchart is shown in 

Fig. 3. 
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Fig. 3. Flowchart of the technology for automatic determination of indications for 2RT laser 

treatment 

The system includes the following sequential stages: pre-processing of the original 

OCT image, segmentation of layers and soft drusen using the Attention U-Net neural 

network, searching for RPD based on the classification of areas of interest (SVM), de-

tection and classification of atrophy (Random Forest), calculation of the geometric pa-

rameters of soft drusen, and the formation of the final conclusion. 

 



2.1 Data preprocessing 

All source OCT images obtained from four types of scanners (HUVITZ, Optopol, 

Optovue, Heidelberg) are median filtered (3x3 kernel), normalized, and resized to a 

standard size of 256x256 pixels. To improve the generalization ability of the models, 

augmentation (rotations) is applied. To increase the diversity of the training set and 

improve the generalization ability of the model, data augmentation was performed, spe-

cifically image rotation (Fig. 4). 

 

Fig. 4. Augmented data: original image and its corresponding mask 

2.2 Segmentation of retinal layers and soft drusen 

The first key step of the technology is semantic segmentation, which identifies pigment 

epithelium, the ellipsoid zone of photoreceptors, the external limiting membrane, and 

soft drusen. A comparative experiment evaluated the U-Net, Attention U-Net, and U-

Net++ architectures. The Attention U-Net model demonstrated the best results, achiev-

ing 0.91 accuracy on the validation set and 0.92 on the test set. The average IoU (Inter-

section over Union) across all classes was 0.83. 

 The quality of soft drusen segmentation proved particularly high (F1 score of 0.90 

on the test data). This model formed the basis for all subsequent algorithms. Fig. 5 

below shows a comparison of the predicted and true masks from the test set. 
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Fig. 5. Predicted and true mask from the test sample 

2.3 Detection of reticular pseudodrusen 

The second stage of the technology is the detection of RPD. Since RPDs are small and 

have low contrast, directly adding a separate class to the segmentation network yielded 

unsatisfactory results (recognition accuracy of approximately 0.35). Therefore, a two-

stage algorithm was developed. First, the pigment epithelium zone is identified using 

the trained Attention U-Net model. Along the lower boundary of this layer, 64x64 pixel 

windows are formed (Fig. 6), each of which is classified as the presence or absence of 

RPDs. Features are extracted from each window: intensity histogram, HOG descriptors, 

Haralick texture features, and local binary patterns (LBP). After feature selection, clas-

sification is performed using a support vector machine (SVM). In a cross-validation 

experiment with five classifiers, SVM demonstrated maximum accuracy of 0.72 on the 

test set. The system combines adjacent positive windows into rectangular regions, vis-

ually indicating the location of RPDs. 



 Fig. 6. Construction of masks along the pigment epithelium 

2.4 Detection and classification of atrophy 

The third stage of the technology is the identification of atrophy as a strict contraindi-

cation to 2RT. The algorithm analyzes the contours of segmented layers. If a gap is 

detected in any layer (pigment epithelium, ellipsoid zone, or external limiting mem-

brane) – that is, two separate contours instead of one – the gap area is localized and 

cropped from the original image. To improve the information content, a classification 

into three types was introduced: complete atrophy of the pigment epithelium and outer 

layers; atrophy of the outer layers with a preserved pigment layer; atrophy of the lower 

layers with preservation of the upper layers. The Random Forest ensemble method is 

used for classification. Due to the limited number of training samples for rare classes, 

augmentation was applied. Random Forest outperformed other models (quadratic dis-

criminant analysis, KNN, logistic regression), achieving an overall accuracy of 0.88 on 

the test set. The result of the algorithm is displayed as a rectangular area around the 

atrophy zone with a text label of the type (Full, Up, Down) and the measured width, as 

shown in Fig. 7. 

 

Fig. 7. An example of using the search and classification algorithm for atrophy 

2.5 Calculation of parameters of soft drusen and drusenoid detachment 

The fourth stage of the technology is the quantitative assessment of soft drusen. One of 

the main indications for 2RT is the presence of soft drusen or drusenoid detachment, 

but the detachment width should not exceed 1000 µm. The algorithm separates the ob-

jects identified by the U-Net into single soft drusen (one peak on the horizontal pixel 
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density plot) and confluent drusenoid detachments (two or more peaks). For each ob-

ject, the area, width, and height are calculated and converted to microns (based on im-

age calibration). If the threshold of 1000 µm is exceeded, the system identifies a con-

traindication. 

3 Software implementation and user interface 

The developed technology for automatically determining indications for 2RT laser 

treatment is implemented as a Python software tool. The PyQt5 module was used to 

create the graphical interface, OpenCV and NumPy libraries were used for image 

manipulation, and TensorFlow/Keras and joblib were used for the neural network and 

classifiers. All computations are performed on the central processor. 

 

Fig. 8. Graphical interface of the system 

The graphical interface (Fig. 8) allows the user to upload a single or a series of OCT 

images, set the zoom level, and launch automatic analysis. After processing, the system 

displays the original image and the resulting image with overlaid color masks: retinal 

layers, soft drusen, and rectangular areas around RPD and atrophic zones are high-

lighted. For each area of atrophy, its type is indicated (complete, atrophy of the outer 

layers, or atrophy of the lower layers). All identified indications and contraindications 

are displayed in the text panel. 

4 Conclusion 

In this study, we developed and implemented a system for automatically determining 

indications for 2RT laser treatment for age-related macular degeneration based on OCT 

image analysis. The relevance of this study is due to the high prevalence of AMD, one 



of the leading causes of blindness worldwide, as well as the complexity and labor-in-

tensive nature of diagnostic testing for contraindications to nanosecond retinal repara-

tive therapy. 

 The technology developed for the system includes several sequential steps: prepro-

cessing of the original OCT images; segmentation of retinal layers (pigment epithelium, 

ellipsoid zone of photoreceptors, external limiting membrane) and soft drusen using a 

convolutional neural network; detection of reticular pseudodrusen based on the classi-

fication of zones of interest; detection and classification of atrophic changes; and cal-

culation of the geometric parameters of soft drusen and drusenoid detachment. 

 In a comparative experiment, the Attention U-Net architecture demonstrated the 

best results with an accuracy of 0.92 on the test set. An SVM model with an accuracy 

of 0.72 was selected for detecting RPD. A Random Forest model with an accuracy of 

0.88 was selected for classifying atrophy into three types (complete atrophy, atrophy of 

the outer layers, and atrophy of the lower layers). An algorithm for calculating the 

width, height, and area of soft drusen was implemented, with a 1000 μm threshold for 

drusenoid detachment. 

 For practical use, a graphical user interface has been created that allows users to 

upload OCT image series, perform automatic analysis, view results with visualization 

of selected structures, and use tools for detailed image examination. 

 The developed system will reduce the workload of diagnosticians, minimize the risk 

of errors in identifying contraindications, accelerate the process of selecting patients 

for nanosecond retinoreparative therapy, and thereby improve the effectiveness of treat-

ment for age-related macular degeneration. 
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