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Abstract. The aim of this work is to identify drusen subtypes on OCT images 
for the diagnosis of age-related macular degeneration. In this paper we 
propose a technology of drusen extraction on OCT-images and their 
classification. The relevance of the problem is determined by a large number 
of age-related macular degeneration diseases, which can be diagnosed with 
the help of timely detection of drusen, as well as the possibility to speed up the 
time of work of a specialist. The method is based on the segmentation of 
drusen on the original images and their classification on the reflexivity 
features. The conducted study allowed achieving a classification accuracy of 
98%. © 2024 Journal of Biomedical Photonics & Engineering. 
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1 Introduction 

Age-related macular degeneration (AMD) is a 

progressive disease characterized by damage to the 

macular zone (central retinal zone) due to developing 

pathological processes in the retinal pigment 

epithelium [1]. According to the results of meta-analysis 

of population studies (129,664 people), there are 

currently about 64 million patients with AMD in the 

world, AMD is the cause of blindness in 2.1 million 

people out of 32.4 million blind people worldwide, the 

projected number of patients with AMD by 2040 will be 

288 million people. The incidence of AMD in the 

Russian Federation is more than 150 cases per 10,000 

population [2, 3]. As the aging of the population becomes 

more and more noticeable every year, age-related 

diseases, including AMD, become more widespread. 

Based on this information, it is clear that the diagnosis of 

AMD is of great importance, especially in the context of 

the increasing number of elderly people and the projected 

increase in AMD cases. 

It is very important to detect AMD in its early stages, 

when symptoms are not yet so pronounced. The main 

diagnostic features of early and intermediate stages of 

AMD according to the original AREDS classification 

include druse [4]. Druse is an extracellular deposit, the 

main components of which are lipids, proteins, and 

minerals [5].  

 

 
(a)                                      (b) 

Fig. 1 Optical coherence tomography images: a) for a 

healthy patient, b) a patient with AMD (white arrows 

indicate drusen). 

Spectral optical coherence tomography (OCT) allows 

visualization of drusen, estimation of their area, volume 

and substructure based on optical features. Fig. 1 shows 

optical coherence tomography images of the ocular 

fundus for a healthy patient and a patient with AMD. 

In Ref. [6], the authors examined the structural and 

compositional heterogeneity of drusen in an attempt to 

predict the progression of AMD by identifying a number 

of patterns in their heterogeneity. Cross-sectional and 

longitudinal associations were made between 

compositional patterns and stages of AMD (druse 

volume, geographic atrophy (late stage of AMD), and 

pre-atrophic changes). 

This study divided druse into 4 subgroups based on 

their reflectivity: H-subtype (highly reflective core), 

L-subtype (low-reflective core), C-subtype (conical 

débris), S-subtype (with separation into hypo- and 
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hyperreflective areas), and simple subtype (with 

homogeneous internal reflectivity and less than 1000 μm 

in size). The authors showed that drusen structure is a 

biomarker of age-related macular degeneration 

progression. The study showed that drusen structure is an 

important indicator of age-related macular degeneration 

progression. The L- and C-subtypes of drusen are high-

risk biomarkers for the development of severe AMD with 

geographic atrophy. These drusen subtypes can change 

over time, transitioning into each other. Therefore, 

accurate identification of drusen subtypes is important 

for the diagnosis and prognosis of AMD, as well as for 

patient monitoring. 

However, the proposed method for evaluating the 

optical features of drusen substructure on spectral 

domain OCT (SD-OCT) images is performed visually, 

requires the participation of several specialists, and may 

include an arbitration board to resolve disagreements. 

This method is labor-intensive, time-consuming, and 

does not always provide high objectivity, which limits its 

widespread use in clinical practice. 

In Refs. [7, 8], the authors also investigated druse 

heterogeneity, considering their shape: conical, 

semicircular, sawtooth-shaped slight elevations of the 

pigment layer, then reflectivity: low-reflective, medium-

reflective, and high-reflective objects, as well as their 

heterogeneity: homogeneous, nonhomogeneous with a 

highly reflective core, nonhomogeneous without a core, 

and the presence or absence of hyperreflectivity over the 

druse (see Fig. 2). The authors also concluded that such 

characteristics of druse heterogeneity may correlate with 

the risk of AMD progression. 

 
(a) (b) (c) (d) (e) 

Fig. 2 Druse patterns: (a) conical low-reflective 

nonhomogeneous with a nucleus; (b) semicircular 

medium-reflective homogeneous; (c) semicircular 

medium-reflective nonhomogeneous with a nucleus; 

(d) semicircular medium-reflective nonhomogeneous with 

a nucleus and overlying hyperreflectivity; (e) sawtooth-

shaped elevations of the pigment layer [7]. 

In the framework of this work, we propose a 

technology aimed at creating an objective method for 

determining drusen subtypes on OCT images for the 

diagnosis and monitoring of AMD based on the method 

of retinal pigment layer extraction, recognition and 

localization of drusen, and assessment of their 

reflectivity. Further studies are related to the evaluation 

of the morphological component of drusen 

(determination of various features of the forms) [9]. 

The aim of our research is to improve the accuracy 

and informativeness of diagnosis and monitoring of 

patients with early and intermediate stages of AMD, to 

reduce the labor intensity of diagnosis and the duration 

of patient examination. 

2 Materials and Methods 

2.1 Technology of Retinal Pigment Layer 

Extraction and Druse Recognition 

Before determining the heterogeneity of the patterns of 

druse structures, it is necessary to localize them, namely, 

to isolate the pigment layer on OCT images, and then to 

segment the druse. The methods applied to the problem 

of layer extraction on OCT images are divided into three 

directions: a) thresholding and morphological 

operations [10]; b) graph theory; c) deep learning. Mixed 

algorithms are also possible, for example, incorporating 

both graph theory and neural networks. In Ref. [10], the 

authors applied additional noise filtering based on 

bilateral filter and additional steps such as false positive 

druse removal and druse smoothing (Gaussian filter for 

smoothing segmented drusen in 3D image) to improve 

the accuracy of segmented drusen. In Ref. [11], 

thresholding and morphological operations were also 

applied for druse extraction in OCT images. A low-pass 

filter was used to remove speckle noise, then a layer of 

nerve fibers was pre-selected using an upper-pass filter to 

reduce the anomalies in segmented drusen, just as in the 

previous work [9]). 

The second approach for segmentation of retinal 

layers is based on graph theory. A graph model is 

introduced, where each pixel plays the role of a vertex of 

this graph with edges connecting this vertex with eight 

neighboring ones. With this OCT representation, the 

routes crossing the entire image width, i.e., the potential 

retinal layers, can be viewed as sets of connected edges. 

After assigning weights to the edges, the Dijkstra 

algorithm is applied to determine the shortest 

path [12, 13]. 

The third approach in retinal layer extraction is to use 

convolutional neural networks [14−19]. The U-Net 

convolutional neural network has achieved good results 

in biomedical image segmentation tasks [12, 20, 21]. The 

authors of this work defined the drusen extraction task as 

segmentation of 4 classes: drusen, pigment layer region, 

Bruch’s membrane region and background region. In 

Ref. [13], the authors also use neural networks to solve 

the problem of retinal layer extraction on OCT. Before 

layer segmentation, regions of interest are extracted in 

3 steps: 1) segmentation using Otsu’s method to find the 

initial region; 2) applying morphological opening and 

expanding operators; 3) small objects are excluded to 

find the final region. In the next step, an initial 

segmentation is performed where the search region is 

reduced and the regions of the inner boundary membrane 

are separated from the region with pigment layer and 

Bruch’s membrane. A U-Net neural network is used for 

this purpose [18]. In Ref. [19], the authors faced 

2 problems: a) how to improve the network’s ability to 

memorize multiscale nonlocal features in order to cope 

with complex pathological appearances of drusen in OCT 
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images, especially with respect to size and shape; b) how 

to improve the network’s ability to memorize semantic 

global contextual features simultaneously with noise 

suppression in order to solve the problem of low-contrast 

OCT images and noise. In Ref. [15], the authors combine 

graph theory and deep learning. 

The technology of retinal pigment layer extraction 

and drusen recognition presented in this article is based 

on the methods of preprocessing, morphological analysis 

of the pigment layer, on the basis of which drusen 

localization and their diagnostic analysis by reflectivity 

properties are performed.  

The segmentation of the pigment layer with drusen 

takes place in several steps. The first step is pre-

processing with median filtering to remove impulse 

noise. The second stage is the removal of background on 

the filtered image for further segmentation of the retinal 

layers. The reflectivity of the background region 

(vitreous) is the same throughout the image, so its 

binarization with a fixed value can be used to 

successfully remove it. Binarization takes place with a 

fixed value is performed, the threshold is determined 

experimentally by averaging on a sample of 

OCT-images, then pixels less than the selected threshold 

are zeroed, excluding the background. The threshold was 

70. The third step is to remove all retinal layers between 

the inner border membrane and the outer plexiform layer. 

After binarization to remove the background region from 

the OCT image, the lower boundary of this area can serve 

as the upper contour of the nerve fiber layer. Bright pixels 

within 20 pixels of this contour are zeroed. 

The fourth step is the isolation of the retinal pigment 

epithelium. Binarization by the threshold 𝑇 calculated as 

a result of solving the following inequalities is applied: 

𝑆(𝑇) > 𝑐 , 𝑆(𝑇 + 1) < 𝑐 , where 𝐻(𝑖), 𝑖 = 0,1, … , 𝐿  – 

histogram of halftone image. 𝑆(𝑡) = ∑ 𝐻(𝑖)𝐿
𝑖=1  – 

cumulative histogram, constan 𝑐 = 𝑤𝑖𝑑𝑡ℎ × (
𝑡𝑟

𝑟𝑒𝑠
+ 𝑘) , 

𝑤𝑖𝑑𝑡ℎ  – image width, tr – approximate width of the 

pigment layer (20 μm), 𝑟𝑒𝑠 =
𝑑

ℎ𝑒𝑖𝑔ℎ𝑡
– axial resolution, 

𝑑 and ℎ𝑒𝑖𝑔ℎ𝑡 – the depth of the spectral OCT cubes and 

the height of the image, respectively. Non-negative 

constant 𝑘 is determined experimentally, the larger it is, 

the more pixels will remain in the image after 

binarization [22]. 

The fifth step is to remove the photoreceptor layer, 

which in some OCT images also contains high-value 

pixels. Two-stage processing is performed. To preserve 

the contour of the pigment layer, it is necessary to restore 

the gaps, for this the middle line of this contour is 

calculated and the gaps are connected by interpolation. 

Further, to eliminate the photoreceptor layer, a 

morphological erosion operation is applied, and clusters 

of pixels less than a fixed value are eliminated. 

In the first step, to preserve the contour of the pigment 

layer, the gaps are filled, the midline of the contour is 

determined and the gaps are connected by interpolation. 

Then, in the second step, a morphological “erosion” 

operation is applied to remove the photoreceptor layer 

and pixel clusters below a given value are eliminated. 

These steps are repeated in the second iteration, resulting 

in a final image of the midline of the pigment layer 

together with the drusen. To smooth the irregularities, the 

obtained line is approximated by a cubic spline (see 

Fig. 3). 

In drusen segmentation on OCT images, we establish 

a baseline “normal” pigment layer by fitting a third-order 

polynomial to the retinal pigment epithelium line. By 

aligning this polynomial with the data, we define the 

“normal” line. The discrepancy between this line and the 

one affected by drusen indicates their presence. We then 

filter out clusters of pixels smaller than 70 pixels or less 

than 8 pixels in height to refine the segmentation. 

Referencing Fig. 3 provides a visual aid for this process.

 

   

(a) (b) (c) 

   

(d) (e) (f) 

Fig. 3 Main stages of druse extraction: a) removal of background region from OCT, b) OCT binarization with preliminary 

removal of nerve fiber layer, c) approximated pigment layer with druse, d) result of 3rd order polynomial fitting to estimate 

“healthy” pigment layer, e) result of downward shift of “normal” pigment layer, f) result of druse extraction algorithm 

operation. 
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2.2 Methods of Assessing the Signs of 

Reflexivity of the Druse 

To assess the reflexivity of drusen, we used the following 

features: median of the brightness function, mean 

brightness value, dispersion of object brightness, and 

transparency coefficient. Two classes were 

distinguished: low-reflective drusen (L-subtype and 

С-subtype patternless), second – medium-reflective and 

high-reflective drusen (H- subtype и С- subtype 

patterned). 

1. Median of the luminance function: 𝐼𝑚𝑒𝑑𝑖𝑎𝑛 = 𝐼𝑁+1

2

, 

where 𝑁  – number of object points, 𝐼𝑁+1

2

– brightness 

function value 
𝑁+1

2
 element of the sorted array of 

brightness values of all points of the object. 

2. Average brightness value: 

𝐼 =
1

𝑁
∑ 𝐼𝑗

𝑁
𝑗=1 , (1) 

where 𝐼𝑗  – brightness function at point 𝑗. 

3. Brightness variance of the object: 

𝜎 =
1

𝑁
∑ (𝐼𝑗 − 𝐼)̅2𝑁

𝑗=1 . (2) 

4. Transparency factor: 

𝐾 =
𝐼−𝐼𝑐

𝐼
. (3) 

The transparency of an object is determined using the 

probability distribution of the brightness function. 

A transparent object is characterized by a positive shift 

of the mean brightness value 𝐼  relative to the median 

𝐼𝑐 = (𝐼𝑚𝑖𝑛 + 𝐼𝑚𝑎𝑥) 2⁄ : 𝐼 > 𝐼𝑐. The formula for an opaque 

object 𝐼 < 𝐼𝑐.  

3 Result and Discussion 

3.1 Experimental Studies on the Accuracy of 

the RPE Extraction Algorithm. 

The Euclidean distance between the coordinates of the 

points of the contour defined by the algorithm and the 

contour of a layer manually selected and confirmed by an 

expert physician is used: Euclidean distance between two 

points 𝐴(𝑥1, 𝑦1)  and 𝐵(𝑥2, 𝑦2)  is determined as 

following Eq.: 

𝑑𝑖𝑠𝑡(𝐴, 𝐵) = √(𝑥1 − 𝑥2)2 + (𝑦1 − 𝑦2)2. (4) 

Due to the fact that the contour extends from left to 

right over the entire width of the OCT image, the 

comparison of contour points with the same vertical 

coordinate is performed as follows: 

𝑑𝑖𝑠𝑡(𝐴, 𝐵) = |𝑦1 − 𝑦2|.  

Thus, to evaluate the accuracy of retinal pigment 

epithelium segmentation, the following ratio is 

calculated, which determines the average Euclidean 

distances of all contour points by averaging it over all 

OCT images on which the algorithm is tested: 

𝑚𝑒𝑎𝑛(𝑋, 𝑌) =
1

𝑇
∑ (

1

𝑛
∑ |𝑋𝑡

𝑖 − 𝑌𝑡
𝑖|𝑛

𝑖=1 )𝑇
𝑡=1 , (5) 

where 𝑋 – pigment layer contour (coordinate set𝑥 and 𝑦), 

highlighted by the algorithm, 𝑌 – layer contour manually 

selected and confirmed by a physician, 𝑋𝑡
𝑖, 𝑌𝑡

𝑖  – vertical 

coordinates of contour points with horizontal coordinate𝑖 
images 𝑡  for algorithm and manual segmentation, 

respectively, 𝑛  – image width, 𝑇  – number of OCT 

images. To estimate how much on average the deviation 

of contours differs from the mean value 𝑚𝑒𝑎𝑛(𝑋, 𝑌) the 

metric used is standard deviation: 

𝑠𝑡𝑑(𝑋, 𝑌) = √1

𝑇
∑ (

1

𝑛
∑ |𝑋𝑡

𝑖 − 𝑌𝑡
𝑖| − 𝑚𝑒𝑎𝑛(𝑋, 𝑌)𝑛

𝑖=1 )
2

𝑇
𝑡=1 . (6) 

To create OCT images, the Zeiss CIRRUS HD-OCT 

5000 device was used with the following main features: 

 Maximum resolution: 5 μm. 

 Transverse resolution: 15 μm. 

 Scan frequency up to 27,000 A-scans per s. 

 Scan sizes: 6 mm × 6 mm (macular and optical cube). 

 Scanning depth: about 2 mm (in fabric). 

 Image depth: 8 bits in grayscale. 

The Python programming language was used for the 

software implementation. The developed software uses 

the following libraries: OpenCV, NumPy, SciPy, 

Matplotlib, Scikit-Learn. The average time for 

segmentation is 0.218 s, for obtaining features and 

assigning to a subclass is 0.022 s. 

For the developed algorithm, averaging was 

performed on 120 OCT-images whose size was 

1024×625 pixels. All images were filtered with a median 

filter with a window size of 3. The average segmentation 

error of the pigment layer contour in pixels, in μm, as 

well as the average error with respect to contour length 

are presented in Table 1. 

Table 1 Pigment layer segmentation accuracy error. 

 

Mean 

deviation ± 

standard 

deviation, 

pixels 

Mean 

deviation ± 

standard 

deviation, 

µm 

Error in 

relation to 

the length 

of the 

pigment 

layer, % 

Values 2.18 ± 1.98 7.79 ± 7.07 0.25 ± 0.23 

3.2 Experimental Investigations of the 

Algorithm for Druse Extraction 

The following metrics are used to evaluate the spatial 

coincidence of sets: Dice coefficient and Intersection 

over Union (IoU) [23]: 
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Table 2 Statistical characteristics of features. 

Measure Median Average value Dispersion 
Transparency 

factor 

Mean of the feature, 

class 1 
107.44 99.41 2577.2 −0.10 

Mean of the feature, 

class 2 
135.45 145.02 2189.06 0.17 

Root mean square of 

feature, class 1 
14.01 15.49 709.04 0.12 

Root mean square of 

feature, class 2 
31.89 49.58 684.21 0.28 

 

  

(a) (b) 

  

(c) (d) 

Fig. 4 Histograms of features distribution for two classes of druse, where (1) the first is druse with low-reflective, 

(2) the second is druse with medium- and high-reflective: a) median value, b) average value, c) transparency coefficient, 

d) variance. 

𝐷𝑖𝑐𝑒 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 =  
2|𝐴 ⋂ 𝐵|

|𝐴|+|𝐵|
, (7) 

𝐼𝑜𝑈 =  
|𝐴 ⋂𝐵|

|𝐴 ⋃ 𝐵|
, (8) 

where A – set of druse pixels selected by the algorithm, 

B – set of drusen pixels manually selected and confirmed 

by the doctor. For the developed algorithm, averaging 

was performed on 60 OCT images with a size of 

1024×625 pixels, the following results were obtained: 

0.79 Dice coefficient and 0.66 Intersection over Union. 

3.3 Experimental Studies of the Separability of 

Features for Describing Patterns of 

Heterogeneity of Druse Structures 

Fig. 4 shows the histograms of the distribution of features 

in the following classes of drusen − L-type and C-type 
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(low-reflective), patternless and C-type without pattern 

(medium- and high-reflective drusen). These histograms 

showed the separability of the classes for each of the 

reflexivity features. The histogram data allow us to draw 

preliminary conclusions about the separability of these 

classes for each of the reflexivity features. Namely, 

dispersion has a weak separability in contrast to other 

attributes. 

Table 2 presents statistical characteristics of the 

reflexivity features calculated for 2 classes: L-type and 

C-type (low-reflective), the second one without pattern 

and C-type without pattern (moderately reflexive and 

highly reflexive drusen). The plots of class object 

locations in three-dimensional feature spaces are 

presented in Fig. 5. 

Studies have shown that classifiers based on the 

construction of a linear separating boundary are feasible 

for druse classification. 

After segmentation of the drusen themselves, they 

should be classified into classes: low-reflective, medium-

reflective, and high-reflective. Logistic regression was 

considered as a binary classifier. The training sample was 

created from OCT images and enlarged to 120 objects by 

an augmentation (transformation and rotation) 

procedure. Due to the limited amount of OCT data, 

classification accuracy was evaluated on two test 

samples. The first sample consisted of drusen extracted 

by the algorithm from the OCT images. The second 

sample consisted of drusen from the training sample, 

where 80% were used for training the classifier and the 

remaining 20% for validation. 

The accuracy of druse classification was determined 

based on the comparison of the obtained results of 

OCT-image analysis using the proposed algorithm and 

independent experts. The following metrics were used to 

determine the accuracy of object classification by 

patterns: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝐶1+𝑇𝐶2

𝑇𝐶1+𝑇𝐶2+𝐹𝐶1+𝐹𝐶2
, (9) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝐶1

𝑇𝐶1+𝐹𝐶1
, (10) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝐶1

𝑇𝐶1+𝑇𝐶2
, (11) 

F1-score = 2
𝑃𝑟𝑒𝑠𝑖𝑐𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑅𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
, (12) 

where 𝑇𝐶1, 𝑇𝐶2 – number of objects correctly classified 

as first and second class, respectively, 𝐹𝐶1, 𝐹𝐶2 – number 

of objects incorrectly classified as first and second class, 

respectively [24]. 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦  shows how many objects 

were classified correctly. 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛  measures how 

many of the objects classified as, for example, first class, 

are actually first class. 𝑅𝑒𝑐𝑎𝑙𝑙  makes it possible to 

understand how many objects that should have been 

classified as, for example, first class, were actually 

classified that way. 𝐹1-𝑠𝑐𝑜𝑟𝑒  represents the average 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 и 𝑅𝑒𝑐𝑎𝑙𝑙. 
The classification accuracy for the two data sets for 

the reflexivity features is presented in Table 3. 

The classification accuracy metric (accuracy) is 95% 

and 98% for the subsample of augmented data and data 

extracted by the developed algorithm and respectively. 

Also, the F1-score metric reaches values of 90% and 

97% on these samples. 

From the Table 3 we can see that logistic regression 

has quite good classification accuracy values, so we can 

say that these algorithms can be used for localization and 

recognition of druse subtypes. 

 

  

(a) (b) 

Fig. 5 Location of objects of two classes in the three-dimensional space of reflectivity features, where the first class is low-

reflective drusens (blue), the second class is medium-reflective and high-reflective druses (red). Comparison by a) dispersion, 

median, transparency coefficient, b) average brightness, median, transparency coefficient. 
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Table 3 Accuracy of classifying patterns of heterogeneity of drusen structures by shape, where class 1 is low-reflective 

and class 2 is high-reflective, on two data samples. 

Data Accuracy 

Precision Recall F1-score 

Class 1 Class 2 Class 1 Class 2 Class 1 Class 2 

OCT image data extracted 

by the algorithm 
0.98 0.96 0.98 0.95 0.96 0.95 0.97 

20% of augmented data 0.95 0.91 0.90 0.90 0.91 0.90 0.90 

 

4 Conclusion 

Thus, the article presents a technology for the extraction 

and determination of drusen subtypes on OCT images for 

the detection of AMD. The developed technology 

includes several stages: segmentation of the pigment 

layer, isolation of drusen and their classification by 

structural patterns, which brings it closer to a real 

diagnostic system. It is more than just automating 

calculations, it is a tool that can help doctors make 

clinical decisions. The results of each stage were 

experimentally investigated. It is shown that 

segmentation of the pigment layer has an error of 

7.79 ± 7.07 μm, while segmentation of drusen using Dice 

coefficient and Intersection over Union metrics equal to 

0.79 and 0.66, respectively. Classification of drusen by 

reflectivity gives high results: 98% Accuracy and 

97% F1-score, even with unbalanced classes. In general, 

on the generated sample including all classes, Accuracy 

rates of 95% and F1-score of 90% are achieved. 

It can be said that the technology allows to effectively 

perform classification analysis of drusen on OCT-

images, to further reduce the labor intensity of 

examination, to increase the informativeness of diagnosis 

in patients with early and intermediate stages of AMD 

and to conduct monitoring in the process of dynamic 

follow-up of patients. 
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