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Abstract. Diabetic retinopathy is a common microvascular complication of di-
abetes that can lead to vision loss. Experts diagnose it by identifying reti-
nal lesions, including hard exudates, soft exudates, hemorrhages, and microa-
neurysms, the earliest indicators. These lesions often appear near the macula,
making this region crucial for early diagnosis. This study proposes a YOLOv12-
based approach for detecting and segmenting retinal lesions, focusing on the
macula. We trained two models: one for region extraction using the Indian Dia-
betic Retinopathy Dataset and another for lesion detection with the Dataset for
Diabetic Retinopathy. The model achieved a mean Average Precision of 0.4530
on the validation set and 0.3020 on the testing set for lesion segmentation.

1. Introduction
Diabetic retinopathy (DR) is a complication of diabetes that affects the small
blood vessels in the retina, resulting from prolonged high blood glucose levels
[Alyoubi et al. 2021]. It impacts one in three people with diabetes and is a lead-
ing cause of vision loss among adults [of Ophthalmology 2017]. While there is cur-
rently no cure for DR, the risk of blindness can be reduced through early detection
of retinal lesions. This can be achieved using fundus images taken by retinal cameras
[Kumar and Ramaswamy Karthikeyan 2021].

The diagnosis of DR depends on the analysis of fundus images, where various
lesions – such as microaneurysms (MA), hemorrhages (HE), hard exudates (EX), and soft
exudates (SE) – are identified. Microaneurysms appear as small, round lesions and are the
first clinical sign of DR, playing a crucial role in monitoring the progression of the disease
[Murugan and Roy 2022]. However, detecting microaneurysms remains challenging due
to their shape variations and similarity to other retinal lesions.

This work proposes a deep learning-based pipeline to enhance the detection and
segmentation of retinal lesions. The approach incorporates pre-processing techniques



concentrating on regions of interest within the fundus, specifically the macula and fovea.
A key contribution of this study is the introduction of a training strategy that targets a
specific region of the eye and integrates image pre-processing, resulting in more efficient
lesion detection in DR. This method has shown promising results, particularly in detecting
MAs, which are among the most challenging types of lesions to identify.

2. Related Work

The study conducted by [Munuera-Gifre et al. 2020] investigates which regions of the eye
are most vulnerable to retinal lesions. The findings indicate a clear pattern among patients
with DR, showing that MA, HE, and EX occur more frequently in the left eye compared to
the right. Additionally, lesion density is significantly higher in the central retina of the left
eye, particularly in the macular region. The study suggests that microaneurysms initially
develop in the temporal cells near the macula, which are critical for forming lesions.

According to [Ometto et al. 2017], initial lesions typically present as small red
dots, indicating the presence of MA and/or HE that develop in the macular area, specif-
ically to the temporal side of the fovea. The study reports that DR lesions first appear in
this region, suggesting that their presence is an early indicator of diabetic maculopathy.

The study by [Santos et al. 2023] introduces an approach for segmenting retinal
lesion instances using Detectron2 [Wu et al. 2019]. This method includes several pre-
processing steps, such as partially removing the black background through cropping, di-
viding the image into blocks (tiling), and applying data augmentation techniques that fea-
ture color and geometric transformations. The approach was evaluated on the Dataset for
Diabetic Retinopathy (DDR) [Li et al. 2019] and the Indian Diabetic Retinopathy Image
Dataset (IDRiD) [Porwal et al. 2018]. It demonstrated promising results in detecting and
segmenting MA, EX, SE, and HE. The model achieved a mean average precision (mAP)
of 0.2941 during validation and 0.1735 during testing on the DDR dataset.

A study by [Pereira et al. 2023] utilized the single-stage detector YOLOR
[Wang et al. 2021] to identify retinal lesions in fundus images using the DDR and IDRiD
datasets. To enhance the model’s performance, the researchers implemented various pre-
processing techniques, including cropping and Slicing-Aided Inference (SAHI), which
functions like a “sliding window” over the original image. This method resulted in signif-
icant mAP values: 0.3280 for EX, 0.2030 for SE, 0.2190 for HE, and 0.1400 for another
category, culminating in an overall mAP of 0.2225 on the test set.

The studies conducted by [Munuera-Gifre et al. 2020] and [Ometto et al. 2017]
examine the spatial distribution of retinal lesions in DR, highlighting the macula as a
crucial region. The model can extract relevant features more effectively by concentrat-
ing on this area, where lesions are most commonly found, thus improving detection ac-
curacy. Similarly, [Santos et al. 2023] and [Pereira et al. 2023] achieved promising re-
sults by segmenting images into smaller blocks to enhance feature extraction. While
[Santos et al. 2023] utilized a 2×2 division, [Pereira et al. 2023] implemented a 4×4
block strategy. However, despite these advantages, such methods significantly increase
the number of images used during training, including less relevant regions, ultimately
raising computational costs.



3. YOLOv12
YOLOv12 [Tian et al. 2025] represents the latest advancement in the YOLO series, de-
signed as an attention-centric real-time object detector. It maintains the speed of previ-
ous CNN-based models while leveraging the enhanced performance provided by atten-
tion mechanisms [Tian et al. 2025]. The architecture of YOLOv12 consists of three main
components: 1) Backbone incorporates area attention (A2) to capture global dependen-
cies while reducing computational complexity; 2) Neck utilizes residual efficient layer
aggregation networks (R-ELAN) to optimize feature fusion; and, 3) Head enhances final
predictions through an optimized attention-based structure [Tian et al. 2025]. YOLOv12
introduces several significant advancements, including FlashAttention for efficient mem-
ory access, a simplified hierarchical design that eliminates unnecessary positional encod-
ing, and modifications to the MLP ratio to balance computational cost. Across all model
scales, YOLOv12 consistently outperforms previous versions and competing real-time
detectors, resulting in improved accuracy and computational efficiency [Tian et al. 2025].

4. Materials and methods
The model was trained on a system equipped with an Intel Core i7-10700F processor (2.90
GHz, 16 threads), 16 GB of RAM, and a GeForce RTX 3060 graphics card with 12 GB
of VRAM. This study utilizes the YOLOv12 model [Tian et al. 2025] for lesion detection
and segmentation in fundus images, while the YOLOv11 model [Jocher and Qiu 2024] is
used for detecting the macula region. This approach facilitates the extraction of regions
of interest (ROIs).

4.1. Datasets
We utilized two publicly available datasets for our experiments: DDR and IDRID. The
IDRID dataset comprises 516 images that include annotations for the optic disc and the
fovea region, which are critical for generating regions of interest. Meanwhile, the DDR
dataset contains 757 images with pixel-level segmentations and bounding box annotations
for lesions classified as EX, HE, SE, and MA.

4.2. Performance Metrics
To evaluate object detection models, assessing their predictive performance on a dataset
is crucial. In this study, we utilized the Average Precision (AP) metric, which is widely
used in object detection tasks [Santos et al. 2021]. AP is calculated as the area under the
Precision-Recall (PR) curve, where precision indicates the proportion of correct predic-
tions, and recall measures the detection rate for all positive class instances. Additionally,
we employed the mean Average Precision (mAP) metric, which represents the average AP
across all classes in the dataset [Santos et al. 2022]. Equation 1 outlines the calculation
of mAP.

mAP =
1

n

n∑
i=1

APi (1)

4.3. Pre-processing
This section outlines the two image pre-processing pipelines utilized in this work. The
first pipeline focuses on training the model to detect the optic disc and macula. The



second pipeline describes the pre-processing steps to train the model for detecting and
segmenting DR-associated retinal lesions.

4.3.1. Pre-processing for Optic disc and macula detection

In this stage, we based our approach on studies by [Santos et al. 2022] and
[Murugan and Roy 2022] for processing data to extract the region of interest. Initially,
we applied a cropping technique to partially remove the black background in the images.
Additionally, we examined different color spaces to improve feature extraction. We found
that the green channel in the RGB color space provided better contrast between blood ves-
sels and the macula, which supported its use in the image analysis.

After completing the previous step, we applied a median filter to remove impul-
sive noise from the images. Next, we utilized the Contrast Limited Adaptive Histogram
Equalization (CLAHE) technique to enhance image quality. Finally, a bilateral filter was
used to smooth the images while preserving important details. This pre-processing step
aims to maximize the visibility of the macula, which appears as the darkest region in the
images. Figure 1 illustrates the pre-processing pipeline.

Figure 1. Pre-processing pipeline for fundus images: a) Original image; b) Crop
background partially; c) Extract the green channel; d) Apply median filter;
e) Use CLAHE; f) Apply bilateral filter. Source: Author.

4.3.2. Pre-processing for Retinal Lesions Detection

In our approach to image pre-processing for retinal lesion detection, we utilized the fol-
lowing pipeline: (1) median filtering, (2) CLAHE, (3) partial background removal (crop-
ping), and (4) region of interest extraction. First, we applied a median filter to smooth
the image and reduce potential noise. Next, CLAHE enhanced image contrast by con-
verting the image to the LAB color space and performing histogram equalization on the
luminance channel. This method preserved the color information while improving lo-
cal contrast without excessively amplifying noise. After these adjustments, the contrast-
enhanced image returned to its original color space. Figure 2 illustrates the complete
pre-processing pipeline we adopted.



Figure 2. Image pre-processing for training the retinal lesion detection model: a)
Original image; b) Median filtering; c) CLAHE; d) Cropping; e) Region of
interest extraction. Source: Author.

4.4. Extraction of the region of interest
This study stage focuses on detecting the macula and the optic disc. While the primary
emphasis is on the macula, the coordinates of the optic disc can serve as a reference point
for estimating the macula’s position in cases where direct detection is not possible. The
IDRID dataset includes the coordinates of the fovea, which represents the central area of
the macula. These coordinates allow for a reliable estimation of the surrounding macular
region.

We chose YOLOv11 [Jocher and Qiu 2024] for ROI extraction because of its ro-
bustness, speed, and accuracy. As the task of detecting the macula and the optic disc
focuses on locating well-defined anatomical structures, unlike lesion segmentation which
involves identifying multiple small and heterogeneous pathological patterns, we opted for
a lighter and faster model than YOLOv12. The IDRID dataset was split into training,
validation, and test subsets in the proportions of 50 percent, 20 percent, and 30 percent
respectively, resulting in 258 images for training, 103 for validation, and 155 for testing.

The model was fine-tuned on the validation set to optimize hyperparameters for
detecting the macula and optic disc. Training was conducted using a batch size of 32 over
1,000 epochs, with early stopping implemented after 100 epochs to prevent overfitting.
Images were resized to 320×320 pixels, and the pre-trained YOLOv11x model was uti-
lized along with the AdamW optimizer and a learning rate of 0.001. To further mitigate
overfitting, a dropout rate of 10% was applied. The final hyperparameters, fine-tuned
based on validation results, are presented in Table 1. Additionally, several data augmen-
tation techniques were employed to enhance the model’s generalization and robustness.
These techniques included random rotations of up to 15 degrees, translations, horizon-
tal and vertical flips, resized cropping, and the mosaic technique, which combines four
training images into a single composition.

Following the completion of the training phase, we assessed the model, which
demonstrated promising results in detecting both the macula and the optic disc. The model



Table 1. Hyperparameters used for training the model for macula detection on
the IDRID dataset.

Hyperparameters Value
Learning Rate 0.001

Batch Size 32
Epochs 1000

Patience 100
Input Size 320

Dropout Rate 10%

achieved mean Average Precision at IoU 0.50 (mAP@50) values of 0.99 for the optic disc
and 0.95 for the macula on the test set. The results for both datasets are presented in
Table 2.

Table 2. Results obtained for optic disc and macula detection on the validation
and test sets of the IDRID dataset using the mAP@50 metric.

Dataset Optic Disk Macula mAP
Validation 0.99 0.96 0.97

Test 0.99 0.95 0.97

With the model trained and validated, the next step was to apply it to the DDR
dataset to generate ROIs. The DDR dataset consists of 757 fundus images, and the model
achieved an accuracy of 96.40% in detecting the macula, demonstrating good generaliza-
tion from its training on the IDRID dataset. To address the 27 images in which the macula
was not detected, we implemented a strategy based on the structural characteristics of the
eye. According to [Elloumi and Kachouri 2023], the distance between the macula and the
optic disc is approximately 2.5 times the diameter of the optic disc. This understanding
allowed us to infer its position. As a result, we successfully identified the region of inter-
est in 756 images, with only one image remaining undetected and subsequently discarded
due to its low quality.

Figure 3. Extraction of the region of interest by using the central coordinates of
the macula and applying them to the original image. Source: Author.



Figure 3 illustrates an example of the model’s predictions for macula and optic
disc detection within the DDR dataset, showcasing how the region of interest was ex-
tracted using the bounding box coordinates generated by the prediction.

4.5. Training YOLOv12 for detecting retinal lesions and performing instance
segmentation using ROIs

After completing the image processing pipeline, we trained the computational model for
retinal lesion detection. We divided the DDR dataset into training, validation, and test
sets, using proportions of 50%, 20%, and 30%, respectively. The model, YOLOv12
[Tian et al. 2025], was trained for 400 epochs, with early stopping implemented at 50.
We used a batch size of 4 and resized the images to 800×800 pixels. To reduce the risk
of overfitting, we applied a dropout rate of 10%. The hyperparameters utilized for model
training are detailed in Table 3.

Table 3. Hyperparameters used for training the model to detect instance segmen-
tation of retinal lesions (EX, HE, SE, and MA) in the DDR Dataset.

Hyperparameters Value
Optimizer AdamW

Learning Rate 0.001
Momentum 0.9
Batch Size 4

Epochs 400
Patience 50

Input Size 800
Dropout Rate 10%

We utilized various data augmentation techniques during training to enhance the
model’s robustness and improve its generalization ability. These techniques included hor-
izontal and vertical flips, rotations, translations, and resized cropping. In addition to these
fundamental transformations, we implemented more advanced methods such as Mosaic,
which merges four different images into a single composition; Copy-Paste, which ex-
tracts objects from one image and inserts them into another; and Mixup, which blends
two images along with their labels in a weighted manner.

4.6. Evaluation

During model training, we utilized ROIs to focus on areas with a higher likelihood of con-
taining lesions. However, this strategy limited our access to the broader context of the full
image, which could impact the model’s evaluation. To facilitate a more thorough analysis
and to account for all present lesions, we implemented a tiling strategy. This approach
divides the image into smaller blocks, enabling detections across various regions. Conse-
quently, this method ensures that the evaluation process considers all lesions, leading to
a more comprehensive analysis. Figure 4 illustrates how tiling is applied to the original
image.



Figure 4. Presentation of image processing techniques to enhance model as-
sessment: a) Original image; b) Image with tiling applied. Source: Author.

5. Results
We compared our proposed model with state-of-the-art single-stage object detec-
tion models. In our experiments, we evaluated the following models: YOLOv8
[Jocher et al. 2023], YOLOv9 [Wang et al. 2024b], YOLOv10 [Wang et al. 2024a],
YOLOv11 [Jocher and Qiu 2024], and YOLOv12 [Tian et al. 2025]. We tested all
models using pre-trained weights and selected their deeper versions, which have
a higher number of parameters. Additionally, we compared our results with
the work of [Santos et al. 2023], who employed Detectron2 [Wu et al. 2019], and
[Pereira et al. 2023], who used YOLOR [Wang et al. 2021].

Tables 4 and 5 show the results for object detection and instance segmentation of
EX, HE, SE, and MA lesions using the mAP@50 metric on the validation and test sets.
The results include both bounding boxes (bbox) and segmentation masks (mask), with the
highlighted values indicating the best performance for each lesion type.

Table 4. Results obtained for detection (BBox) and instance segmentation (Mask)
using the proposed method, with AP and mAP@50 on the DDR validation
Dataset.

Model AP mAP
EX HE SE MA

YOLOv8 [Jocher et al. 2023] BBox 0.3220 0.4310 0.5420 0.1760 0.3680
Mask 0.2310 0.2960 0.5230 0.0766 0.2820

YOLOv9 [Wang et al. 2024b] BBox 0.3420 0.4360 0.5470 0.1800 0.3740
Mask 0.2580 0.3360 0.5040 0.0692 0.2920

YOLOv10 [Wang et al. 2024a] BBox 0.3400 0.4340 0.5130 0.1810 0.3680
Mask – – – – –

YOLOv11 [Jocher and Qiu 2024] BBox 0.3510 0.4450 0.5420 0.1690 0.3770
Mask 0.2410 0.3380 0.5060 0.0627 0.2870

YOLOv12 [Tian et al. 2025] BBox 0.3300 0.4400 0.5360 0.1790 0.3710
Mask 0.2170 0.3320 0.5030 0.0445 0.2740

Detectron2 [Santos et al. 2023] BBox 0.2941 0.3520 0.3508 0.1644 0.2903
Mask 0.3012 0.3211 0.3505 0.2036 0.2941

YOLOR-CSP [Pereira et al. 2023] BBox 0.4090 0.3870 0.4660 0.2610 0.3808
Mask – – – – –

Proposed approach BBox 0.4280 0.4720 0.4990 0.3480 0.4370
Mask 0.4390 0.4680 0.5070 0.3980 0.4530



Table 5. Results obtained for detection (BBox) and instance segmentation
(Mask) using the proposed method, with AP and mAP@50 on the DDR test
Dataset.

Model AP mAP
EX HE SE MA

YOLOv8 [Jocher et al. 2023] BBox 0.2880 0.2890 0.2320 0.0851 0.2240
Mask 0.2020 0.1860 0.2180 0.0435 0.1620

YOLOv9 [Wang et al. 2024b] BBox 0.2860 0.3120 0.2620 0.0980 0.2400
Mask 0.2170 0.2230 0.2260 0.0469 0.1780

YOLOv10 [Wang et al. 2024a] BBox 0.2890 0.3060 0.2270 0.0956 0.2290
Mask – – – – –

YOLOv11 [Jocher and Qiu 2024] BBox 0.3080 0.3090 0.2420 0.1000 0.2400
Mask 0.2110 0.1980 0.2160 0.0314 0.1640

YOLOv12 [Tian et al. 2025] BBox 0.2910 0.3200 0.2270 0.0837 0.2300
Mask 0.1920 0.2040 0.2130 0.0268 0.1590

Detectron2 [Santos et al. 2023] BBox 0.2515 0.1577 0.1548 0.1042 0.1670
Mask 0.2687 0.1388 0.1589 0.1274 0.1735

YOLOR-CSP [Pereira et al. 2023] BBox 0.3280 0.2190 0.2030 0.1400 0.2225
Mask – – – – –

Proposed approach BBox 0.3960 0.3680 0.2280 0.1770 0.2920
Mask 0.4080 0.3570 0.2350 0.2080 0.3020

Figure 5 illustrates the model’s training progress. There is a steady decrease in
classification loss (cls loss), bounding box regression loss (box loss), segmentation loss
(seg loss) and distribution focal loss (dfl loss), along with an increase in precision, recall,
mAP@50, and mAP@50-95 metrics. These trends indicate consistent learning and im-
proved detection of lesions. Furthermore, the close alignment of the training and valida-
tion loss curves suggests that the model generalizes well without clear signs of overfitting.

Figure 5. Presentation of metrics: box loss, seg loss, cls loss, dfl loss, Pre-
cision, and Recall generated during the training of the proposed model.
Source: Author.

Upon analyzing Tables 4 and 5, we can see that the proposed method has shown
promising results in the detection and segmentation of retinal lesions. In the DDR test
set, the AP values for segmentation were 0.4080 for EX lesions, 0.3570 for HE lesions,
0.2350 for SE lesions, and 0.2080 for MA lesions. In terms of detection, the results were
0.3960, 0.3680, 0.2280, and 0.1770, respectively. In the validation set, the results were
even more impressive, with AP values of 0.4390 for segmentation of EX lesions, 0.4680
for HE lesions, 0.5070 for SE lesions, and 0.3980 for MA lesions. The detection results



in the validation set were also noteworthy, yielding AP values of 0.4280 for EX lesions,
0.4720 for HE lesions, 0.4990 for SE lesions, and 0.3480 for MA lesions.

When comparing performance on the validation and test sets, we found that ex-
ploring ROIs led to improved outcomes. Our approach outperformed the competing mod-
els in detecting and segmenting EX, HE, and MA lesions. Notably, it showed significant
advancements in detecting and segmenting MA lesions, which are among the most chal-
lenging to identify. The best competing model achieved an AP of 0.2036 for segmentation
and 0.2610 for detection on the validation set, and scores of 0.1274 and 0.1400, respec-
tively, on the test set. In contrast, our proposed approach reached an AP of 0.3980 and
0.3480 in the validation set, and 0.2080 and 0.1770 in the test set, demonstrating substan-
tial improvements. Figure 6 presents an image from the test set illustrating the model’s
predictions.

Figure 6. Example of the model’s predictions for retinal lesion detection and
segmentation in an image from the DDR test set. The lesion types are EX
(hard exudates), HE (hemorrhages), SE (soft exudates), and MA (microa-
neurysms). Source: Author.

Despite the promising results, the model demonstrated lower performance in de-
tecting and segmenting SE lesions, achieving satisfactory results only in segmentation on
the test set. This outcome can be attributed to two main factors: (1) the limited number
of SE examples in the dataset, which hampers effective learning, and (2) the lower occur-
rence of SE in the macular region, reducing its exposure during training. Additionally,
despite some improvements, detecting MA remains challenging due to their small size.



6. Conclusion

This study presents a pre-processing pipeline that targets the macular region to extract
areas of interest. It eliminates regions with a low likelihood of containing lesions, thereby
increasing the model’s focus on the most relevant areas. Furthermore, pre-processing
techniques were employed to improve the detection and segmentation of retinal lesions.

We utilized two datasets in our study: the IDRID dataset for training the model
that is responsible for extracting regions of interest, and the DDR dataset for evaluating
the model’s performance in detecting and segmenting lesions classified as EX, HE, SE,
and MA. In our experiments, the model demonstrated promising results. The performance
metrics were as follows: 0.4390 for EX, 0.4680 for HE, 0.5070 for SE, and 0.3980 for
MA, achieving a mAP@50 score of 0.4530 for segmentation on the DDR validation set.
When evaluated on the test set, the performance metrics were 0.4080 for EX, 0.3570 for
HE, 0.2350 for SE, and 0.2080 for MA, culminating in an mAP@50 of 0.3020.

Despite the advancements made, challenges still persist, especially in detecting
MA, which remains one of the most challenging lesions to identify. Additionally, the
model showed lower performance in segmenting SE, which may be attributed to the lim-
ited number of examples and the lower occurrence of this lesion in the macular region.

For future work, we suggest exploring new network architectures and refining the
pre-processing pipeline, including the implementation of additional data augmentation
techniques during training. This could enhance the model’s robustness and improve the
representation of the lesions. Furthermore, we propose applying this methodology to
other datasets related to diabetic retinopathy to evaluate its generalization capabilities and
adaptability to various imaging conditions.
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