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OCT5k: A dataset of multi-disease 
and multi-graded annotations for 
retinal layers
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Publicly available open-access OCT datasets for retinal layer segmentation have been limited in scope, 
often being small in size, specific to a single disease, or containing only one grading. This dataset 
improves upon this with multi-grader and multi-disease labels for training machine learning-based 
algorithms. The proposed dataset covers three subsets of scans (Age-related Macular Degeneration, 
Diabetic Macular Edema, and healthy) and annotations for two types of tasks (semantic segmentation 
and object detection). This dataset compiled 5016 pixel-wise manual labels for 1672 OCT scans featuring 
5 layer boundaries for three different disease classes to support development of automatic techniques. 
A subset of data (566 scans across 9 classes of disease biomarkers) was subsequently labeled for disease 
features for 4698 bounding box annotations. To minimize bias, images were shuffled and distributed 
among graders. Retinal layers were corrected, and outliers identified using the interquartile range 
(IQR). This step was iterated three times, improving layer annotations’ quality iteratively, ensuring a 
reliable dataset for automated retinal image analysis.

Background & Summary
Retinal images have become crucial in ophthalmology for detection, tracking progression, and monitoring treat-
ment effectiveness1–3. Optical Coherence Tomography (OCT), a non-invasive technique for visualizing tissue in 
three dimensions, has been extensively used in ophthalmology due to its high resolution and ability to provide 
detailed images of the retina4. Despite significant advancements in OCT technology and analysis techniques, the 
progress is hampered by the lack of large, high-quality annotated datasets. The need for efficient, accurate, and 
robust models to analyze large volumes of OCT images is pressing, as manual annotations are not efficiently or 
economically scalable. Automating this process can improve ophthalmic care by providing fast, consistent, and 
reliable measurements of retinal layers and disease biomarkers5–10. This is particularly important for managing 
diseases such as Age-related Macular Degeneration11 (AMD) and Diabetic Macular Edema (DME)12, where 
timely and precise monitoring can significantly impact patient outcomes. This highlights the need for automated 
tools to harness OCT’s sensitivity in diagnosing and monitoring DME and AMD.
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For quantitative analyses of retinal images to be reliable and facilitate meaningful interpretations13, accurate 
and robust segmentation of retinal layers in OCT images is essential, particularly given the variability in layer 
appearances across different pathologies. For handling large amounts of imaging data and making statistical 
analysis sufficiently powerful14,15, fully automated segmentation algorithms16–20 are preferred. Although images 
representing retinal layers for a single disease can be segmented automatically with fewer images and annota-
tions for training, more sophisticated algorithms are required to segment retinal layers for a wider set of diseases 
for better generalization. As a result, publicly available databases and platforms which offer researchers access 
to image datasets and annotations that can be used to produce sophisticated algorithms for complex automatic 
ophthalmic image analysis are very desirable21.

To address the challenges of manual annotation and the lack of high-quality datasets, we introduce the 
OCT5k dataset, a comprehensive collection of retinal OCT images with multi-disease and multi-graded anno-
tations. This dataset is designed to support the development and validation of automated retinal image analysis 
algorithms. By providing pixel-wise manual labels for 1672 OCT scans featuring two different diseases (AMD 
and DME) and healthy subjects, along with 4698 bounding box annotations for a subset of 566 scans across nine 
classes of disease biomarkers, OCT5k offers a robust foundation for training machine learning models. Our 
dataset includes annotations from multiple graders to ensure diversity and reduce bias, enhancing the reliability 
and generalizability of the trained models. Furthermore, the inclusion of both semantic segmentation and object 
detection tasks in the dataset enables the development of algorithms that can perform comprehensive analysis 
of retinal images, facilitating diagnosis and monitoring of eye diseases. The OCT5k dataset thus represents a sig-
nificant step forward in the creation of automated tools for ophthalmic care, promising to improve the accuracy 
and efficiency of retinal image analysis.

The OCT5k dataset offers a versatile platform for a multitude of research applications. It serves as a bench-
mark for validating and performing comparative analysis of automated retinal image analysis algorithms, high-
lighting challenges and potential enhancements. Researchers can identify challenging cases through variability 
in grader annotations and prioritize these in model training to improve robustness. By training on specific 
disease categories within the dataset and testing on others, the dataset facilitates studies on model generaliza-
tion, allowing for the discovery of methods to improve performance across varying pathological conditions. 
Additionally, comparing a model’s agreement with graders to the agreement between different graders can pro-
vide insights into the model’s reliability. This dataset can be utilized to train models, which can be used to 
pre-segment and preliminarily annotate new datasets, streamlining the process of annotation correction and 
validation in studies of new diseases. Additionally, leveraging the multi-grader annotations within the dataset 
allows for robust analysis techniques that quantify disease severity and progression, by assessing the deviation 
of diseased samples from healthy controls based on consensus and variability in expert annotation, thereby 
providing a sophisticated metric for understanding disease impact and trajectory.

Publicly available data sets in combination with artificial intelligence methods like deep learning have great 
potential to transform research on eye diseases and retinal imaging22. A major challenge in deep learning is the 
need for high-quality labels23. To train accurate models and compare different algorithms against one another 
and against expert grading, the quality of the labels is crucial. Therefore, in order to understand the uncertainty24 
properties of data and models, we need to collect annotations for the same images from different graders.

Open-access datasets
Previously, researchers have released datasets however they lack the breadth, depth and robustness of the dataset 
we described. Li et al.25 introduced a data set for the glaucoma disease for which there was a single annotation 
for 9 layers and 122 peripapillary OCT scans, however this has been shown to induce non-physiologically plau-
sible changes26 which may disrupt learning27. The data set was augmented with flips to increase its size to 244 
images. Hassan et al.28,29 published a dataset with 42 scans and 6 layers annotated. In He et al.30, 1715 annota-
tions, composed of 8 layers each, were collected for 14 healthy and 21 multiple sclerosis OCT volumes. As part 
of a study published in Anthony et al.31, layer annotations were manually collected from three graders on some 
40 mouse OCT slices. The data set also includes automatic segmentation of 6 and 10 layers for 40 dense OCT 
volumes. In Gholami et al.32 manual annotations for 25 healthy scans are published. Farsiu et al.33 published 269 
AMD volumes and 115 control volumes with three layers, which were semiautomatically segmented. In Tian 
et al.34, the authors have compiled a dataset containing annotations for 100 individual OCT slices taken from 
healthy individuals. Chiu et al.35 collected two sets of manual gradings for 110 OCT slices and 8 retinal layers. In 
Chiu et al.36, they collected two sets of manual gradings for 220 OCT slices and three retinal layers. Melinscak 
et al.37 published a dataset for AMD containing 1136 images annotated with 3 types of fluids and 4 retinal lay-
ers. An additional annotation was made for a subset of 75 OCT slices in order to calculate intra-observer and 
inter-observer error. Morales et al.38 have collected data for 6 retinal layers and 244 slices from rat OCT volume 
data.

There are two additional datasets, which are large in size but are currently available for the classification task 
but lack semantic segmentation labels for the retinal layer segmentation task. Kermany et al.39 have around one 
hundred thousand OCT B-scan images from four categories CNV (choroidal neovascularization), DME (diabetic 
macular edema), AMD (age-related macular degeneration), and normal scans. Additionally, Kulyabin et al.40  
(OCTDL) provide 2064 images covering even more categories (AMD, DME, ERM (epiretinal membrane), 
Normal, RAO (retinal artery occlusion), RVO (retinal vein occlusion), VID (Vitreo-macular interface disease)).

To address the limitations of existing data sets, we have provided a large set of annotations for 60 OCT vol-
umes - 20 from individuals with AMD, 20 from individuals with diabetic macular edema (DME), and 20 from 
healthy individuals – taken from a pool of 148 OCT volumes41. The volumes were obtained using a Heidelberg 
Spectralis (Heidelberg Engineering, Germany) device. The axial resolution is 3:5.m and the scan-dimension is 
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8:9.7:4 mm2. The number of scans per volume varies between 19 and 69 scans. The complete list of volumes for 
each disease/group and the overall number of scans are shown in Table 1.

Additionally, 4698 bounding box annotations for a subset of 566 scans are provided across nine classes. These 
9 classes are choroidal folds, retinal fluid, geographic atrophy, hard drusen, hyperfluorescent spots, photore-
ceptor layer disruption, reticular drusen, soft drusen, and softdrusen PED (Pigment Epithelial Detachment). 
We have also included automatic retinal layer segmentations for the remaining 88 OCT volumes, giving a total 
of 2586 annotations.

In conclusion, we provide a set of, multi-disease, multi-grader labeled set of annotations that consists of 
pixel-wise annotations for retinal layers, as well as bounding box annotations for different classes of biomarkers 
in OCT images. It can be used to train and evaluate machine learning-based retinal layer segmentation architec-
tures, as well as to segment key retinal biomarkers and serve as a benchmarking dataset for various segmentation 
and object detection tasks.

Methods
We first describe the annotation process of the retinal layers. In the subsection, titled “Inter-grader Reliability”, 
we present the details of the process preparing multiple gradings for the same scans. In the second subsection, 
titled “Object Detection Labels”, we present the details of the bounding box annotations. In the section titled 
“Segmentation Model”, we describe the baseline method used to segment the retinal layers.

Ground truth annotation.  The OCT image dataset used in this study was originally collected by Rasti et al.41 
and is publicly available42. The dataset consists of OCT scans from normal subjects as well as patients with 
age-related macular degeneration (AMD) and diabetic macular edema (DME). The goal was to select an equal 
number of volumes for all three groups (AMD, DME and healthy). The volumes were visually assessed by an 
expert and categorized into bad, medium and good quality. From the volumes with medium and good quality, 60 
volumes were selected randomly.

The ground truth annotation involves human-machine interaction, tooling, finding best practices for anno-
tation and infrastructure and data management. We have built a customized labeling platform based on the 
Hitachi’s open source semantic segmentation editor43 to allow multiple graders to annotate OCT images. The 
OCT images are uploaded to the platform and the layers are drawn according a defined layout. The layout 
defines the number of layers and the colors assigned to the layers. The layout is adjustable, therefore the number 
of layers can be changed. The number of layers depends on disease and corresponding thickness of certain layers.

The images for annotation were prepared, shuffled and uploaded to the labeling platform. The graders 
received access to a portion of the images. To speed up annotation we trained a model using a small number 
of images. We used this model to prepare segmented masks of retinal layers, which were uploaded as well. The 
annotation masks were replaced by lines and vertices which delineated the layers. The vertices can be dragged 
and dropped to change the annotation. In addition the vertices can be deleted and new ones can be added. The 
graders navigated through folders and images and corrected the five retinal layers. To reduce bias, the images 
from the same volumes were shuffled and distributed among graders. After the correction of the retinal layers 
the results were compiled. In a second stage outliers were determined and checked and if necessary corrected 
again. For the outlier detection we used the interquartile range (IQR). We repeated this step three times and and 
checked the quality of the layer annotations and improved it iteratively (see Fig. 5).

The agreement or disagreement between different expert graders is valuable for model development and for 
providing feedback to experts. To support this task and further development of the model, we compiled three 
sets of annotations with the help of different graders. All graders performed the annotations according to the 
following guidelines. A sample workflow is visualized in 1.

•	 ILM: This layer is the furthest from the top and should be segmented by following the pattern of the band.
•	 OPL: OPL is below ILM and is segmented on top of the bright band of the OPL.
•	 IS-OS: IS-OS layer could be segmented by distinguishing that the IS-OS boundary would be located above the 

RPE. This layer may also be referred to as EZ (ellipsoid zone).
•	 OBRPE: Segmenting the RPE (top and bottom): The outermost highly reflective layer is called the Outer 

boundary of RPE which is segmented along the bottom band of the layer.
•	 IBRPE: Inner boundary of RPE is segmented along the top band of the Outer Boundary of RPE layer.

The layout of the annotation platform can be easily adjusted and expanded for different retinal layers. This 
is necessary, since different retinal layers are effected by different eye diseases. Thus, we can use the annotation 
platform to annotate different OCT scans from different diseases. In Fig. 1 a layout for manual annotation is 
presented.

Disease/Group Number of total scans Number of volumes x scans per volume

AMD 722 7 × 19, 4 × 25, 2 × 31, 7 × 61

DME 422 19 × 19, 1 × 61

Healthy 530 12 × 19, 2 × 25, 3 × 31, 1 × 37, 2 × 61

Table 1.  The total number of individual scans that were graded manually by three different annotators is 1672.
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For the manual annotation and correction of the data set we selected five retinal layers. The graders anno-
tated Internal limiting membrane (ILM), Outer Plexiform Layer (OPL), Photoreceptor Inner Segment and 
Outer Segment Layers (IS-OS), Inner Boundary of Retinal Pigment Epithelium (IBRPE) and Outer Boundary 
of Retinal Pigment Epithelium (OBRPE) layers. The retinal layers with a corresponding image and annotation 
mask is presented in Fig. 2 for AMD and DME.

Inter-grader reliability.  In the assessment of inter-grader reliability, we compared the results among pairs of 
annotations, using the metrics Intersection over Union (IoU) and mean distance between layers to visualize the 

Fig. 1  (a) The annotation platform with a layout to annotate five retinal layers, (b) and with opacity adjusted, 
(c) functions to change opacity and resetting layers and (d) and buttons for navigating, submitting gradings and 
changing image visualization options such as contrast or hue. (e) Custom layout for five retinal layers, (f) Area 
showing editing using vertices.
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degree of agreement between the graders. The analysis, as depicted in Fig. 4, highlighted both agreements and dis-
agreements among the annotations, with notable differences observed particularly in the DME and AMD scans. 
Specifically, while most upper and lower layer delineations showed relatively low levels of differences, disagree-
ments were more pronounced in the bands IS-OS/IBRPE and IBRPE/OBRPE, especially evident in DME scans. 
These findings emphasize how complex retinal layer segmentation can be, especially when it comes to identifying 
subtle details that are crucial for accurate modeling of disease progression.

Object detection labels.  Besides retinal layers, we have collected bounding box annotations44 for 9 differ-
ent classes and a subset of 566 images. The bounding box annotations were created by a set of experts who were 
supplied with images from the AMD scans of the Rasti et al.41 and Kermany et al.39 datasets. Each expert was 
given a unique set of images to annotate with the exception of one set of 100 images which was annotated twice 
by separate experts. Geographic Atrophy bounding boxes were required to span the entire width of the transil-
lumination defect with the inclusion of up to 5 pixels either side and were required to include the first choroidal 
vessels on the bottom and minimal pixels at the top. Drusen annotations were required to encompass the peak of 
the drusen, the Bruch’s boundary and both points where the drusen joins the RPE. Each drusen was annotated 
individually according to these requirements.

The bounding box annotations is composed of 566 Images with a total of 4698 objects distributed across nine 
classes. The distribution of the objects between the classes is given in the Table 2 below. In Fig. 3 we present two 
examples of OCT scans containing bounding box annotations.

Segmentation model.  We included a baseline code to demonstrate how the data can be utilized for 
training a segmentation model, opting to showcase it with a popular model and backbone. For the semantic 
segmentation of retinal layers we use a U-Net with an EfficientNet backbone. EfficientNet45 proposes scaling 
up deep learning models in order to improve accuracy and efficiency much more easily. It uses a technique 
called compound coefficient scaling to modify each dimension uniformly with a fixed set of coefficients. 
Using this scaling method and AutoML (Automated machine learning), seven models were created, which 
outperformed most convolutional neural networks and achieved state-of-the-art performance. Thus, we 
choose EfficientNet46 to have the ability for training with different image resolutions and easier adoption to 
different modalities.

Fig. 2  A single scan from AMD (top) and DME (bottom) (left) and the exported retinal layers from the labeling 
platform (right). The annotated retinal layers are (from top to bottom): ILM, OPL, IS-OS, IBRPE and OBRPE. 
And the generated masks for a semantic segmentation task (middle).
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Data Records
The dataset is available at the UCL Research Data Repository47. The layer annotations are saved in three formats. 
First, in text files where every line corresponds to a single column of the scan. Second, in grey value image files 
where every pixel is assigned to a layer. Third, in RGB images, where every pixel is assigned an RGB triplet repre-
senting a layer. In addition to annotations we provide scripts to download the original images from Rasti et al.41 
and scripts to prepare the images and annotations for model training. The dataset maintains identical folder 
structure and filenames as the original datasets41, enabling direct correspondence between our annotations and 
the source images. We provide an automated script that handles matching of original images with the annotation 
files. The data47 set can be downloaded from (https://doi.org/10.5522/04/22128671).

Technical Validation
The annotation strategy for the segmentation data relies on four metrics for annotation quality. Different metrics 
highlight different aspects of the annotations. They have both advantages and shortcomings. We have used four 
metrics to analyze the differences between graders for quality assessment and control. Thus, we can apply outlier 
detection using any of the four metrics for quality assessment and for sending back images for correction.

•	 Dice similarity coefficient: this is a metric to measure the similarity of two segmentation masks. It can be 
written as,

= ×
+ + +

DSC TP
FP TP TP FN

2
( ) ( )

where TP denotes true positives, FP false positives and FN false negatives.
•	 Intersection over Union: the IoU metric is related to the DSC and it is calculated by the common pixels 

between the target and the prediction divided by the total number pixels present in both annotations or 
masks. The formula is:

=
+ +

IoU TP
TP FP FN( )

•	 Mean distance between lines: the mean distance between two lines representing layers is calculated by aver-
aging the sum of absolute differences between two lines. The formula is:

MD
Y Y
N

n
N

1 1 2=
∑ | − |=

where N stands for number of pixels in x-direction and Y1 and Y2 stand for position of the layer in y-direction.
Intersection over Union (IoU) is a more robust metric for evaluating the semantic segmentation of retinal 

layers in OCT images compared to the Dice score. The main reason behind this is that IoU is less sensitive to 
class imbalance, which is critical for retinal layer segmentation due to the disparity in size between various lay-
ers. By calculating the ratio of the area of intersection between the predicted segmentation and the ground truth 

Fig. 3  Examples from two scans with bounding box annotations: Top row has fluid (1,2,4), Hyperfluorescent 
spots (3), Harddrusen (5,6,7) and Softdrusen(8,9,10,11). Bottom row has Softdrusen PED (1,3,4,5), Softdrusen 
(2,8,9) and Choroidalfolds (6,7).
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segmentation to their combined area (union), IoU provides a more accurate representation of the segmentation 
quality. IoU converges to zero when the ground truth and prediction have no overlap, while the Dice score may 
still provide non-zero values in such cases, further emphasizing the robustness of IoU for layer segmentation 
purposes. Therefore, IoU should be selected as the preferred evaluation metric for semantic segmentation of ret-
inal layers in OCT images, since it ensures a more reliable and accurate assessment of the model’s performance.

Incorporating mean distance alongside IoU for evaluating semantic segmentation of retinal layers in OCT 
images addresses IoU’s shortcomings when layers disappear or become thin. Mean distance measures average 

Fig. 4  This figure shows boxplots for two comparison metrics, Intersection over Union (IoU) and Mean 
Distance, across the four categories of retinal images: AMD, DME, healthy, and the entire dataset. The top row 
displays IoU results for the whole dataset (top left), AMD (top right), DME (bottom left), and healthy (bottom 
right). The bottom row displays Mean Distance results for the same categories. Each boxplot compares two 
gradings for a particular annotation band, providing insight into inter-rater agreement for the dataset.
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boundary distances between predicted and ground truth layers, providing insight into localization accuracy. 
This additional metric helps detect systematic errors and offers valuable information on boundary consistency 
in extracted segmentation masks. By combining IoU and mean distance, a more robust and detailed evaluation 
of segmentation models handling complex tasks is achieved.

Quality assessment.  We used quality metrics to calculate the inter-grader agreement of annotations 
between multiple graders. Outliers in the annotations were detected and corrected in a second stage. We utilized 
the interquartile range (IQR) for outlier detection and iteratively improved annotation quality. Each grader had 
access to multiple images, and once they finished annotating, we compared their results using IQR to a second 
grader. Outliers were identified between two graders’ agreement on any of the five layers if they exceeded the IQR 
criteria. These outliers were then sent back to the graders for correction. This process was repeated three times to 
ensure high-quality annotations.

Fig. 5  Flowchart diagram illustrating the dataset creation and quality control process. Starting with the original 
data containing OCT volumes, expert quality assessment led to the selection of 60 volumes equally distributed 
across AMD, DME, and healthy categories (20 each). The annotation process began with initial model-assisted 
pre-segmentation, followed by manual annotation by multiple graders. Quality assessment using IoU and Mean 
Distance metrics fed into an iterative outlier detection process using IQR, which was repeated three times to 
ensure annotation quality. The final dataset comprises 1672 OCT scans with layer annotations and 566 scans 
with 4698 bounding box annotations across nine disease biomarker classes.
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We evaluated the inter-grader agreement among annotations by examining both the Intersection over Union 
(IoU) and the mean distance metric across all six retinal bands. Using multiple metrics provides a more compre-
hensive quality assessment, as relying solely on the IoU for retinal layer segmentation might be insufficient due 
to potential misinterpretations that may arise from disappearing or thinning layers. In cases where two layers 
become connected as a result of disappearing or thinning layers, the IoU metric may yield a low value, indicating 
low agreement. However, such low agreement can be attributed to the absence of pixels in the band for compar-
ison, rather than genuine disagreement among the graders. Thus, it is essential to employ multiple metrics to 
efficiently evaluate the quality of the dataset.

The quality of annotations between each pair, for the entire dataset as well as for specific groups (AMD, DME, 
and healthy), is illustrated in Fig. 4. We visualized the IoU scores for inter-grader agreement among gradings 
1, 2, and 3 across all six retinal bands. These bands include: Background/ILM, ILM/OPL, OPL/IS-OS, IS-OS/
IBRPE, IBRPE/OBRPE, and OBRPE/Background. The agreement for the Background/ILM band and OBRPE/
Background approaches 1.0 on average across the entire dataset, indicating high consistency among graders. 
However, for AMD scans, the agreement for IS-OS/IBRPE and IBRPE/OBRPE decreases to approximately 0.8 
and 0.75, respectively, suggesting increased difficulty in annotating these layers. Similarly, for DME scans, the 
disagreement is more pronounced, with median values close to 0.75 for both IS-OS/IBRPE and IBRPE/OBRPE. 
These findings indicate that annotating IS-OS/IBRPE is particularly challenging for DME scans, while IBRPE/
OBRPE presents difficulty in AMD cases.

In the annotation process, comparing mean distances between lines representing layers offers an additional 
metric as it accounts for disappearing layers or those connected to either the top or bottom of the neighbouring 
layer. This requires the use of a post-processing method to maintain the continuity of disappearing layers, ensur-
ing that they appear on the following retinal layer. By combining these metrics and our iterative inter-grader 
agreement process, we achieved high-quality annotations suitable for training and evaluation of our segmenta-
tion method.

Usage Notes
We provide ground truth annotations in three different types. First, as layer annotations with pairs of x and y 
values representing the layers in pixel coordinates. Second, as annotation masks, where every pixel is assigned 
a grey value representing a band. The values are between 0 and 5. Third, as annotations masks with RGB values 
assigned to every pixel. The first type can be used for training sequence based models. The second type can be 
used for training semantic segmentation models (e.g. U-Net based). The third type is similar to the second type 
but it is intended for visualization and analysis purposes. The data set consists of annotations only, the original 
images are downloaded from external data sets. We provide scripts to prepare and combine both annotations 
and images.

Code availability
Source code for data preparation is available within the data set file47. It contains the following scripts: 

• Prepare_Images_Download.ipynb: Code for downloading original images and preparing the folder structure. 
• �Prepare_Data_For_Model_Development.ipynb: Code for generating NumPy arrays containing annotations 

and images for model training. 
• Prepare_Data_For_Detection.ipynb: Code for reading and visualizing bounding box annotations.

Detailed descriptions are in the README.txt within the data set file. A Python environment is needed to be 
able to run the scripts. We also provide a description for creating a virtual environment. The file “requirements.
txt” contains all relevant software libraries and packages with corresponding versions.
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Class Number of Annotations

Soft Drusen 1798

Hard Drusen 1204

Photoreceptor layer disruption 711

Reticular drusen 326

Soft drusen&PED 302

Hyperfluorescent spots 200

Choroidal fold 151

Geographic atrophy 128

Fluid 123
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