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Abstract
Retinal image quality assessment (RIQA) is a critical step in ophthalmic screening workflows, as low-quality fundus
images can compromise both clinical diagnosis and the performance of automated artificial intelligence systems. Al-
though several public datasets have been proposed for RIQA research, most were acquired using conventional tabletop
fundus cameras, while datasets collected with portable devices remain scarce. This paper presents M-FIQ, a novel
public dataset for retinal image quality assessment in portable fundus imaging. The dataset comprises 7,971 fundus
photographs collected from 304 patients using the portable Eyer2 fundus camera in a community-based screening pro-
gram in Brazil. M-FIQ includes both color (2,656) and red-free (5,315) fundus images, each annotated according to
three quality levels: Good, Usable, and Reject. In addition, images labeled as Usable or Reject are further annotated
with the specific degradation factors responsible for quality impairment, including low sharpness, underexposure, over-
exposure, incomplete field of view, peripheral shadowing, and motion artifacts. To facilitate reproducible research, we
provide patient-level train/test splits and establish a benchmark using four deep learning architectures: DenseNet121,
EfficientNet-B0, ResNet50, and ViT-B16. Experimental results demonstrate the suitability of the dataset for RIQA
tasks, with ViT-B16 achieving the highest F1-score on the color fundus image test set (78.44%), whereas ResNet50
achieved the highest F1-score on the red-free fundus image test set (74.10%). By addressing the lack of publicly avail-
able RIQA datasets acquired with portable fundus cameras, M-FIQ aims to support the development and evaluation of
robust image quality assessment methods for ophthalmic screening and teleophthalmology applications. The dataset is
publicly available at https://www.synapse.org/Synapse:syn75868226.
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1. Background

Fundus imaging is the most widely used clinical examina-
tion for diagnosing ocular diseases such as diabetic retinopa-
thy, glaucoma, and age-related macular degeneration (Shen
et al., 2020), as it accurately captures important retinal
anatomical structures, including the optic nerve, macula,
and blood vessels, enabling effective assessment of the oc-

ular fundus (Ju et al., 2020).
A medical image is considered to be of adequate qual-

ity when all structures, including pathological findings, are
clearly visible (Raj et al., 2019). However, the final im-
age quality may be compromised by a variety of factors,
such as dirt on the camera lens, improper flash settings,
blinking, eyelash occlusion, and lack of technical expertise
(Abramovich et al., 2023), resulting in artifacts such as
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uneven illumination, low contrast, blur, and glare.
Studies indicate that approximately 25% of fundus im-

ages require improved quality to enable accurate diagnosis,
while other estimates suggest that 12% are of insufficient
quality for professional interpretation (Gong et al., 2025).
Low-quality images adversely affect both manual diagnosis
by human specialists and automated analysis by computer-
aided systems, making image reacquisition necessary, a pro-
cess that is costly, time-consuming, and inconvenient for
patients (Zago et al., 2018). Furthermore, poor-quality im-
ages hinder diagnosis by specialists in teleophthalmology
systems.

In this context, automated retinal image quality assess-
ment (RIQA) has received increasing attention from the
scientific community. Automated quality assessment meth-
ods can be integrated into the image acquisition process,
supporting real-time quality control (Gong et al., 2025).
However, public RIQA datasets exhibit limited image di-
versity and often fail to encompass different acquisition
modalities used in clinical practice, such as images acquired
with handheld cameras (Jin et al., 2023).

Motivated by these limitations, we present the Mobile
Fundus Image Quality Assessment (M-FIQ) dataset. It
com-prises color and red-free fundus images acquired us-
ing a handheld fundus camera and annotated according to
a three-level quality grading scheme (Good, Usable, and
Reject), as well as additional labels describing the factors
responsible for image quality degradation. Figure 1 illus-
trates an example of a color fundus image and its corre-
sponding red-free version from the proposed dataset.

(a) Color fundus image. (b) Red-free fundus image.

Figure 1: Example of color and red-free fundus image.

1.1 Related Works
In recent years, several datasets have been proposed to sup-
port the development and evaluation of automated RIQA
methods.

EyeQ is one of the most widely used datasets for fundus
image quality assessment. Proposed by Fu et al. (2019),
the dataset contains 28,792 images selected from EyePACS

and reannotated according to a three-level quality grading
protocol: Good, Usable, and Reject. This strategy aims
to represent intermediate scenarios between images of high
and poor quality for clinical analysis, making EyeQ a widely
adopted benchmark in RIQA research.

The FQS (Fundus Quality Score) dataset was proposed
by Gong et al. (2025) and contains 2,246 fundus images
annotated using the same three quality levels adopted in
EyeQ, along with a continuous quality score (Mean Opinion
Score – MOS) ranging from 0 to 100. This dual annota-
tion strategy allows the problem to be addressed as both a
classification and a regression task, enabling more precise
assessments of image quality.

The FIVES (Fundus Image Vessel Segmentation) data-
set (Jin et al., 2022) was primarily developed for retinal
vessel segmentation tasks and contains 800 high-resolution
color fundus images with annotations of retinal vessels and
various ocular pathologies. In addition to the segmenta-
tion annotations, the dataset provides image quality assess-
ments across three aspects: illumination or color distortion,
blur, and low contrast.

The MSHF (Multi-Source Heterogeneous Fundus) dataset
(Jin et al., 2023) was the only public RIQA dataset iden-
tified in this study that includes images acquired using a
handheld device. The dataset comprises 1,302 images from
different acquisition modalities, including conventional fun-
dus images, ultra-widefield images, and 302 images cap-
tured with the portable DEC200 camera. This heterogene-
ity was intentionally introduced to represent diverse clini-
cal scenarios and imaging conditions, contributing to the
evaluation of the robustness of image quality assessment
methods.

Despite the significant advances represented by these
studies, there remains a lack of large-scale, publicly avail-
able RIQA datasets specifically designed for handheld fun-
dus cameras.

1.2 Contributions
Our main contributions are as follows:

• To the best of our knowledge, this is the largest public
fundus image dataset acquired using a handheld fundus
camera for retinal image quality assessment;

• Our dataset contains both color and red-free fundus im-
ages and is the first to include both modalities anno-
tated using the same quality grading scheme adopted
by EyeQ (Fu et al., 2019) (Good, Usable, and Reject).
In addition, it provides labels for the factors responsible
for image quality degradation, including low sharpness,
underexposure, overexposure, incomplete field of view,
peripheral shadowing, and motion blur or camera shake.
As a result, the dataset can be used for both multiclass
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classification tasks (quality assessment) and multi-label
classification tasks (identification of image degradation
factors);

• We provide a dedicated test set and establish a bench-
mark for retinal image quality assessment to facilitate
fair comparison among methods.

2. Summary
The proposed M-FIQ dataset contains 7,971 fundus images
acquired using an Eyer2 handheld fundus camera, each an-
notated with quality and degradation-factor labels. Among
these images, 2,656 are color fundus images and 5,315 are
red-free grayscale fundus images. The original images are
provided in JPEG format with a resolution of 1900 × 1600
pixels. We also provide a preprocessed version in which
mask-related artifacts have been removed and the images
have been resized to 768 × 768 pixels.

The objective of this dataset is to provide a collection
of images that serves as a benchmark for the development
and evaluation of machine learning methods for fundus im-
age quality assessment, with a particular focus on images
acquired using handheld devices.

To demonstrate the utility of the dataset, we evaluated
the performance of four backbone architectures widely used
in the literature—DenseNet121, EfficientNet, ResNet50,
and ViT-B16—for quality assessment of both color and red-
free fundus images. Among them, ViT-B16 achieved the
best performance on the color fundus image test set, reach-
ing an F1-score of 78.44%, whereas ResNet50 achieved the
best results on the red-free fundus image test set, reaching
an F1-score of 74.10%.

This work aims to fill a gap in publicly available datasets
for fundus image quality assessment, as annotated images
acquired using handheld devices remain scarce.

3. Resource availability
3.1 Potencial Use Cases
The M-FIQ dataset offers numerous opportunities for re-
search in fundus image quality assessment and the develop-
ment of artificial intelligence methods for handheld devices.
By combining color and red-free fundus images acquired us-
ing a handheld fundus camera, along with annotations of
both overall image quality and the specific factors respon-
sible for image degradation, the dataset can be explored in
a variety of research and clinical application scenarios.

3.1.1 Multiclass Image Quality Classification
The M-FIQ dataset can be used to train and evaluate fun-
dus image quality classification models based on three qual-
ity levels (Good, Usable, and Reject), enabling the identifi-

cation of whether an image is of sufficient quality for clin-
ical assessment or for subsequent processing by computer-
aided diagnosis systems.

3.1.2 Multi-Label Classification of Image Degradation
Factors

Beyond overall quality classification, M-FIQ enables the
development of models capable of simultaneously identi-
fying multiple factors responsible for image degradation,
such as low sharpness, underexposure, overexposure, in-
complete field of view, peripheral shadowing, and motion
blur or camera shake. This approach provides more de-
tailed information about the causes of poor image quality,
supporting operator feedback systems during the image ac-
quisition process.

3.1.3 Quality Assessment for Handheld Fundus Cameras
and Screening Programs

As it consists exclusively of images acquired using a hand-
held device, the M-FIQ dataset can be used to train and
validate image quality assessment models specifically de-
signed for this type of equipment. The acquisition char-
acteristics represented in the dataset, including variations
in illumination, field of view, and artifacts commonly ob-
served in handheld devices, enable the investigation and
development of quality assessment methods tailored to the
unique challenges of portable fundus imaging.

Models trained on M-FIQ can also be integrated into
ophthalmic screening workflows to perform automatic im-
age quality verification at the time of acquisition. Such
systems may reduce the number of inadequate examina-
tions forwarded for analysis, decrease the need for image
reacquisition, and improve the efficiency of large-scale oc-
ular disease screening programs.

3.1.4 Domain Adaptation Between Clinical and Handheld
Fundus Cameras

M-FIQ can also be used in domain adaptation studies, en-
abling the investigation of how models trained on datasets
acquired with clinical fundus cameras can be adapted to im-
ages acquired using handheld devices. Likewise, M-FIQ can
serve as a target domain for transfer learning techniques,
contributing to the development of models that generalize
more effectively across different image acquisition condi-
tions.

3.2 Data Location
The M-FIQ dataset is publicly available on an open-source
platform to support research in the field and is hosted at
https://www.synapse.org//Synapse:syn75868226.
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3.3 Licensing

This dataset is released under the Creative Commons At-
tribution - onCommercial-ShareAlike 4.0 International (CC
BY-NC-SA 4.0) license. This permits users to share and
adapt the dataset for non commercial purposes, provided
appropriate credit is given, any changes are indicated, and
derivative works are distributed under the same license.

3.4 Ethical Considerations

Ethical approval for the present study was granted by the
Brazilian Research Ethics Committee under protocol num-
ber CAAE 89498825.7.0000.5086, entitled “New Technolo-
gies Applied to Blindness Prevention in the State of Maran-
hão”.

4. Methods

The images were acquired from patients in a quilombola
(Afro-Brazilian descendant) community using the Eyer2
handheld fundus camera. Following a filtering stage in
which outliers were removed, the quality of each image was
assessed by two specialists. The entire process is described
in detail in the following sections.

4.1 Data Collection

The images were collected by technicians who had previ-
ously received online and hands-on training between Septem-
ber and November 2024 in the municipality of Itapecuru,
Maranhão, Brazil. These images were acquired from 304
patients belonging to a quilombola community using the
Eyer2 handheld fundus camera (Figure 2-A), developed by
Phelcom, configured with a 45◦ field of view (FOV), fol-
lowing pupil dilation with 1% tropicamide. Figure 2-B il-
lustrates one of the image acquisition sessions conducted in
a quilombola community in the state of Maranhão, Brazil.

The original images have a resolution of 1900 × 1600
pixels and include metadata indicating whether the image
corresponds to the left eye (OE) or right eye (OD). In ad-
dition, a colored circular label located in the upper-right
corner automatically indicates images showing evidence of
retinal abnormalities: red denotes a high probability, yellow
a moderate probability, and green a low probability. This
label is generated by EyerMaps, an artificial intelligence
feature integrated into Phelcom’s handheld devices, which
analyzes the images and produces attention maps high-
lighting regions associated with these abnormalities. Fig-
ure 3 presents some examples of images from the proposed
dataset.

After the acquisition of color fundus images, the device
automatically generates grayscale versions, referred to as
red-free images. Red-free imaging enhances the contrast

Figure 2: A) Eyer2 Portable Fundus Camera and B) Fundus
Image Acquisition.

Figure 3: Examples of images included in the proposed
dataset along with their corresponding quality labels. A)
Color fundus images. B) Red-free fundus images.

of certain retinal structures, such as the retinal nerve fiber
layer, facilitating the detection of localized or diffuse de-
fects, particularly in patients with glaucoma. In addition,
small vascular lesions may become more visible due to the
increased contrast. Retinal folds and surface distortions are
also more easily observed in this imaging modality. Red-
free images further facilitate the identification of microa-
neurysms, hemorrhages, and neovascularization in patients
with diabetic retinopathy. Because color and red-free fun-
dus images highlight different retinal features, their com-
bined use provides a more comprehensive assessment of the
fundus. Consequently, the combined interpretation of both
imaging modalities can improve diagnostic accuracy.

Subsequently, all images underwent a manual filtering
process in which records that did not correspond to fundus
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images, as well as images corresponding to activation maps
automatically generated by the device, were removed.

4.2 Annotation Process
A software tool was developed for image quality annotation,
enabling the independent labeling of both image quality
and the type of degradation present in the image. The
quality labels follow the three-level grading scheme first in-
troduced by the EyeQ dataset (Fu et al., 2019): 1) Good,
for sharp images in which all important fundus structures
(optic disc, macula, and retinal blood vessels) are clearly
visible; 2) Usable, for images presenting some irregulari-
ties, such as artifacts, blur, or illumination issues, but that
still allow a reliable diagnosis; and 3) Reject, for images
with severe quality issues that prevent reliable clinical as-
sessment. For images labeled as Usable or Reject, the fac-
tors responsible for image degradation were also annotated,
including low sharpness, underexposure, overexposure, in-
complete field of view, peripheral shadowing, and motion
blur or camera shake.

The annotation process was conducted by two ophthal-
mology specialists. To streamline the workflow, the dataset
was partitioned at the patient level, and each patient was
assigned to a single specialist. During annotation, the soft-
ware displayed all fundus images belonging to one patient
at a time. After the specialist completed the annotation
for that patient, the images of the next assigned patient
were loaded automatically. Consequently, every image was
annotated by exactly one specialist, while ensuring that all
images from the same patient were consistently evaluated
by the same annotator. After the annotation phase, all
images underwent a review process in which the specialists
discussed and established the final label for cases where
inconsistencies were identified.

4.3 Data Organization
The dataset was organized into two main directories: data
for storing the fundus images and labels for storing the
corresponding annotations.

Within the data directory, there are two subdirectories:

• original: contains the original fundus images at a reso-
lution of 1900 × 1600 pixels, including both color and
red-free grayscale images.

• processed: contains preprocessed fundus images with a
resolution of 768 × 768 pixels, in which mask-related
artifacts have been removed.

The labels directory includes three CSV files:

• train_multiclass_labels.csv and
test_multiclass_labels.csv: define the training and test

partitions, respectively. Each file contains the following
columns:

– id: anonymized patient identifier
– image: directory to the corresponding fundus image
– eye: indicates the eye laterality, specifying whether

the image corresponds to the right eye (OD) or the left
eye (OE).

– quality: quality assessment (0 = good, 1 = usable,
2 = reject)

– category: specifies whether the image is color (color)
or red-free grayscale (gray)

• quality_degradation_labels.csv: provides detailed an-
notations regarding image degradation factors. In ad-
dition to the id and image columns, the file includes
binary indicators (1 = present, 0 = absent) for the fol-
lowing factors: Low Sharpness, Underexposure, Overex-
posure, Incomplete Field of View, Peripheral Shadowing,
and Motion Blur or Camera Shake.

The M-FIQ dataset contains a total of 7,971 fundus
images, divided into 6,239 images for training and 1,732
images for testing. The images were categorized into three
quality levels (Good, Usable, and Reject) and two modali-
ties (Color and Red-free grayscale). The training–test split
was performed using patient-level stratification based on
quality labels to prevent data leakage between partitions
while preserving a consistent class distribution across the
datasets. The distribution of images across partitions and
quality categories is summarized in Table 1.

Table 1: Image distribution by quality and category.

Partition Quality Color Gray Total

Train

Good 302 146 448
Usable 772 516 1288
Reject 1002 3501 4503
Total 2076 4163 6239

Test

Good 62 42 104
Usable 189 126 315
Reject 329 984 1313
Total 580 1152 1732

Overall

Good 364 188 552
Usable 961 642 1603
Reject 1331 4485 5816
Total 2656 5315 7971

As shown in Table 1, the M-FIQ dataset exhibits a pro-
nounced class imbalance, with the Good category represent-
ing the minority class. Out of the 7,971 images, only 552
(6.92%) were labeled as Good, whereas 1,603 (20.11%)
were classified as Usable and 5,816 (72.96%) as Reject.
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This distribution reflects the real-world conditions under
which the dataset was acquired using portable fundus cam-
eras in large-scale screening campaigns, where poor image
quality is considerably more frequent than high-quality ac-
quisitions. Consequently, the dataset presents a challeng-
ing task for retinal image quality assessment methods, re-
quiring models to effectively learn from highly imbalanced
class distributions while accurately distinguishing clinically
acceptable images from poor-quality ones.

In addition to the overall quality labels, images classi-
fied as Usable or Reject were independently annotated for
the presence of specific quality degradation factors. Table 2
summarizes the distribution of the annotated degradation
factors across the M-FIQ dataset.

Table 2: Distribution of annotated quality degradation fac-
tors in the M-FIQ dataset.

Quality degradation Images
Low sharpness 3,331
Underexposure 699
Overexposure 17
Incomplete field of view 2,171
Peripheral shadowing 3,241
Motion artifacts 544

5. Technical Validation

For the demonstration of the proposed dataset’s applicabil-
ity, four neural network architectures widely recognized in
the literature were employed: DenseNet121 (Huang et al.,
2018), EfficientNet-B0 (Tan and Le, 2020), ResNet50 (He
et al., 2015), and ViT-B16 (Dosovitskiy et al., 2021). The
task consisted of performing fundus image quality classi-
fication on color and red-free fundus images using three
quality categories: Good, Usable, and Reject.

5.1 Implementation Details

Initially, the images were separated into two modalities:
color and red-free fundus imagens. Although both were an-
notated using the same quality criteria, the two modalities
exhibit distinct visual characteristics, which could affect the
experimental results if analyzed together. Therefore, all ex-
periments were conducted separately for each modality.

The image preprocessing stage aimed to remove unde-
sired artifacts present in the original image masks, specifi-
cally the labels indicating the eye laterality (OD and OE)
and the colored circle used to indicate the presence of reti-
nal abnormalities. The removal of these elements was
intended to prevent the models from making predictions
based on external markers rather than analyzing the rele-

vant retinal structures. Additionally, preprocessing included
resizing the images from 1900 × 1600 pixels to 224 × 224
pixels with padding as the original images did not have
square aspect ratios, which is a requirement for properly
feeding the backbone architectures employed in this study.

To mitigate the severe class imbalance in the M-FIQ
dataset, a balanced mini-batch sampling strategy was adop-
ted during training. Instead of sampling images according
to the original class distribution, each training iteration con-
structs a mini-batch containing an equal number of sam-
ples from each quality class (Good, Usable, and Reject).
Specifically, if K samples are selected per class, each mini-
batch contains 3K images. Since batches are constructed
with a fixed number of samples per class, images are reused
with replacement whenever necessary, with repetitions oc-
curring more frequently in minority classes due to their
limited number of samples. Consequently, training epochs
are defined by a fixed number of iterations rather than by a
single pass through the dataset, making sample repetition
an inherent component of the sampling strategy. This ap-
proach ensures that every parameter update is computed
from a class-balanced mini-batch, preventing the optimiza-
tion process from being dominated by the majority class.
To further reduce the risk of overfitting caused by this sam-
pling strategy, online data augmentation was employed as
a regularization technique. Random rotations and trans-
lations were applied during training to increase sample di-
versity while preserving the original color characteristics of
the fundus images. Color-based augmentations were inten-
tionally avoided, as color information is an important cue
for retinal image quality assessment and modifying it could
alter the quality attributes that the model is intended to
learn.

All backbone architectures were trained using the same
configuration: the AdamW optimizer, a learning rate of
3×10−4, a weight decay of 0.005, a batch size of 36 (12 per
class), and an early stopping strategy configured with a pa-
tience of 10 epochs, a minimum of 15 training epochs, and
a tolerance of 0.001. Each model was trained for 40 epochs
with 580 iterations using 5-fold cross-validation. Due to
computational constraints, the batch size was reduced to
24 (8 per class) for the ViT-B16 experiment. The back-
bone architectures were initialized with weights pre-trained
on ImageNet-21k when available, and on the standard Im-
ageNet dataset otherwise.

The experiments were conducted on a workstation equipped
with an Nvidia GeForce GTX 1660 GPU with 6 GB of
VRAM, an Intel Core i7 processor, and 16 GB of RAM.
The algorithms were implemented using the PyTorch li-
brary (Paszke et al., 2019).
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Table 3: Macro-averaged cross-validation results across different backbones using color fundus images from the
M-FIQ dataset.

Backbone F1-Score Precision Recall Specificity
DenseNet121 0.7947 ± 0.0132 0.7848 ± 0.0160 0.8146 ± 0.0151 0.8989 ± 0.0075
EfficientNet-B0 0.7891 ± 0.0156 0.7806 ± 0.0165 0.8092 ± 0.0154 0.8950 ± 0.0079
ResNet50 0.7856 ± 0.0146 0.7781 ± 0.0137 0.8001 ± 0.0172 0.8923 ± 0.0068
ViT-B16 0.7797 ± 0.0137 0.7684 ± 0.0105 0.8021 ± 0.0174 0.8888 ± 0.0119

5.2 Evaluation

For evaluation, metrics appropriate for the multiclass classi-
fication task were computed to capture different aspects of
model performance. The considered metrics were F1-score,
precision, recall, and specificity, as they provide a compre-
hensive assessment of the models’ ability to correctly distin-
guish among the three quality levels. Equations 1, 2, 3, and
4 present the formulations of precision, recall, specificity,
and F1-score, respectively.

Precision = TP

TP + FP
(1)

Recall = TP

TP + FN
(2)

Specificity = TN

TN + FP
(3)

F1 = 2 · Precision · Recall
Precision + Recall (4)

To ensure a balanced evaluation across the three classes,
all metrics were reported using the macro-averaged ap-
proach, that is, each metric was computed independently
for each class and subsequently aggregated using the arith-
metic mean.

5.3 Results and Discussion

5.3.1 Color fundus image quality assessment results

The macro-averaged cross-validation results for the eval-
uated backbone architectures using color fundus images
from the M-FIQ dataset are summarized in Table 3. DenseNet121
achieved the best performance across all evaluation met-
rics, particularly in terms of F1-score (0.7947) and recall
(0.8146). This behavior suggests that the architecture was
particularly effective at capturing relevant patterns for the
task, providing a favorable balance between precision and
recall. The remaining architectures achieved comparable
but consistently lower results, with ViT-B16 exhibiting the
weakest performance across nearly all metrics.

For the test set evaluation, after the cross-validation
stage, an ensemble was constructed by selecting the three

best-performing folds for each backbone based on the F1-
score. The final quality classification was obtained by av-
eraging the outputs of the three selected folds.

On the independent test set (Table 4), ViT-B16 achieved
the best performance across all evaluation metrics, ob-
taining an F1-score of 0.7844 and a specificity of 0.8983.
ResNet50 ranked second in terms of F1-score and preci-
sion, whereas DenseNet121, which achieved the best cross-
validation performance, ranked third on the test set. Al-
though this change in ranking differs from the cross-validation
results, the performance differences among the evaluated
backbones during cross-validation were relatively small and
accompanied by overlapping standard deviations. More-
over, the test evaluation was conducted on a single inde-
pendent partition containing 580 images, which may intro-
duce additional variability in the observed ranking. Over-
all, these results suggest that the evaluated architectures
exhibit comparable performance, while ViT-B16, despite
its lower average cross-validation results, demonstrated the
strongest generalization on the selected test set.

Table 4: Performance of ensembles on the M-FIQ color
fundus image test set using macro-averaged metrics. Val-
ues in bold indicate the best performance per metric, and
underlined values correspond to the second-best.

Ensemble F1 Prec Recall Spec
DenseNet121 0.7477 0.7330 0.7790 0.8863
EfficientNet-B0 0.7454 0.7300 0.7787 0.8929
ResNet50 0.7554 0.7473 0.7707 0.8908
ViT-B16 0.7844 0.7724 0.8021 0.8983

Table 5 presents the per-class performance of the evalu-
ated backbone ensembles on the M-FIQ color fundus image
test set. ViT-B16 achieved the highest F1-score across all
quality classes, demonstrating the most consistent perfor-
mance among the evaluated backbones. ResNet50 gener-
ally ranked second, while DenseNet121 and EfficientNet-B0
exhibited less balanced results.

Figure 4 presents the confusion matrix of ViT-B16 en-
semble on the color fundus image test set of M-FIQ dataset.
It can be observed that the primary challenge for the model
lies in distinguishing between the Usable and Reject classes.
Despite the lower representation of the Good class in the
training set, the model demonstrated strong learning capa-
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bility for this category, making only 13 misclassifications
among the 62 available images. Notably, no Good quality
image was incorrectly classified as Reject, which would be
particularly critical in a real-world deployment scenario.

Figure 4: Confusion matrix of the ViT-B16 ensemble on
the M-FIQ color fundus image test set.

5.3.2 Red-free fundus image quality assessment results
Table 6 summarizes the macro-averaged cross-validation
results obtained by the evaluated backbones using red-free
fundus images from the M-FIQ dataset. EfficientNet-B0
achieved the best overall performance, obtaining the high-
est F1-score (0.7794), while also achieving the highest pre-
cision (0.7522). ResNet50 yielded the highest recall (0.8279)
and specificity (0.9349), indicating a better ability to cor-
rectly identify each quality class. In contrast, ViT-B16
presented the lowest overall performance, with an F1-score

Table 5: Per-class performance comparison of ensembles
on the M-FIQ color fundus image test set. Values in bold
indicate the best performance per metric, and underlined
values correspond to the second-best.

Class Ensemble F1 Prec Recall Spec

Good
DenseNet121 0.7000 0.6282 0.7903 0.9440
EfficientNet-B0 0.6713 0.5926 0.7742 0.9363
ResNet50 0.6923 0.6618 0.7258 0.9556
ViT-B16 0.7424 0.7000 0.7903 0.9595

Usable
DenseNet121 0.6983 0.6336 0.7778 0.7826
EfficientNet-B0 0.7033 0.6419 0.7778 0.7903
ResNet50 0.7101 0.6533 0.7778 0.8005
ViT-B16 0.7327 0.6884 0.7831 0.8286

Reject
DenseNet121 0.8447 0.9370 0.7690 0.9323
EfficientNet-B0 0.8614 0.9556 0.7842 0.9522
ResNet50 0.8636 0.9268 0.8085 0.9163
ViT-B16 0.8782 0.9288 0.8328 0.9163

of 0.7410, suggesting that its transformer-based architec-
ture was less effective than the CNN-based backbones for
the red-free fundus image quality assessment task.

As in the color fundus image experiments, the test set
evaluation was performed using an ensemble strategy. Af-
ter the cross-validation stage, the three best-performing
folds for each backbone, based on the F1-score, were se-
lected to form the ensemble. The final quality prediction
was obtained by averaging the output probabilities of the
selected models.

Table 7 presents the performance of the ensemble mod-
els on the M-FIQ red-free fundus image test set. ResNet50
achieved the best overall performance, obtaining the high-
est F1-score (0.7410), while also exhibiting competitive pre-
cision (0.7429) and specificity (0.9025). ViT-B16 achieved
the highest recall (0.7408) and specificity (0.9250), whereas
EfficientNet-B0 obtained the highest precision (0.7508) and
the second-best F1-score (0.7367). In contrast, DenseNet121
yielded the lowest overall performance, with an F1-score of
0.6836. Although EfficientNet-B0 achieved the highest F1-
score during cross-validation, ResNet50 demonstrated bet-
ter generalization on the independent test set. Conversely,
ViT-B16, which showed the lowest cross-validation perfor-
mance, improved considerably on the test set, whereas
DenseNet121 experienced the largest performance degra-
dation.

Table 7: Performance of ensembles on the M-FIQ red-free
fundus image test set using macro-averaged metrics. Val-
ues in bold indicate the best performance per metric, and
underlined values correspond to the second-best.

Ensemble F1 Prec Recall Spec
DenseNet121 0.6836 0.6893 0.6813 0.8778
EfficientNet-B0 0.7367 0.7508 0.7243 0.9034
ResNet50 0.7410 0.7429 0.7391 0.9025
ViT-B16 0.7283 0.7438 0.7408 0.9250

Table 8 presents the per-class performance of the eval-
uated backbone ensembles on the M-FIQ red-free fundus
image test set. Unlike the color fundus image experiments,
the results were more evenly distributed across the evalu-
ated backbones, with no single model consistently outper-
forming the others in all quality classes. ResNet50 achieved
the highest F1-score for the Good class, ViT-B16 for the Us-
able class, and EfficientNet-B0 for the Reject class, whereas
DenseNet121 generally yielded the lowest F1-scores across
the evaluated quality classes.

Figure 5 presents the confusion matrix of the ResNet50
ensemble on the M-FIQ red-free fundus image test set. The
results indicate that the primary source of misclassification
occurred in the Usable class, with a considerable number
of images being confused with both Good and Reject. In
contrast, the model exhibited excellent discrimination be-
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Table 6: Macro-averaged cross-validation results across different backbones using red-free fundus images from the
M-FIQ dataset.

Backbone F1-Score Precision Recall Specificity
DenseNet121 0.7766 ± 0.0179 0.7501 ± 0.0288 0.8199 ± 0.0254 0.9292 ± 0.0062
EfficientNet-B0 0.7794 ± 0.0192 0.7522 ± 0.0348 0.8179 ± 0.0051 0.9342 ± 0.0097
ResNet50 0.7755 ± 0.0319 0.7419 ± 0.0374 0.8279 ± 0.0233 0.9349 ± 0.0058
ViT-B16 0.7410 ± 0.0331 0.7094 ± 0.0439 0.8060 ± 0.0197 0.9314 ± 0.0107

Table 8: Per-class performance comparison of ensembles on
the M-FIQ red-free fundus image test set. Values in bold
indicate the best performance per metric, and underlined
values correspond to the second-best.

Class Ensemble F1 Prec Recall Spec

Good
DenseNet121 0.5682 0.5435 0.5952 0.9811
EfficientNet-B0 0.6329 0.6757 0.5952 0.9892
ResNet50 0.6667 0.6667 0.6667 0.9874
ViT-B16 0.6111 0.7333 0.5238 0.9928

Usable
DenseNet121 0.5259 0.5755 0.4841 0.9561
EfficientNet-B0 0.6135 0.6160 0.6111 0.9532
ResNet50 0.5944 0.6016 0.5873 0.9522
ViT-B16 0.6218 0.5215 0.7698 0.9133

Reject
DenseNet121 0.9567 0.9490 0.9644 0.6964
EfficientNet-B0 0.9635 0.9606 0.9665 0.7679
ResNet50 0.9619 0.9605 0.9634 0.7679
ViT-B16 0.9521 0.9765 0.9289 0.8690

tween the extreme quality classes, as no Reject images were
misclassified as Good, and only one out of 42 Good images
were classified as Reject, indicating that confusion between
the extreme quality classes was minimal.

Figure 5: Confusion matrix of the ResNet50 ensemble on
the M-FIQ red-free fundus image test set.

6. Conclusion
This study presents the M-FIQ, a new public database for
retinal image quality assessment acquired with the Eyer2
portable fundus camera. The dataset contains 7,971 fun-
dus images, including both color and red-free images, anno-
tated at three quality levels (Good, Usable, and Rejected),
as well as labels for the factors responsible for image degra-
dation.

As part of our technical validation, we evaluated four
deep learning architectures widely used in the literature,
establishing an initial benchmark for fundus image quality
assessment in the M-FIQ dataset. The results demonstrate
that M-FIQ represents a challenging and suitable scenario
for the development of methods for the automatic evalua-
tion of image quality.

By making available one of the largest public datasets
dedicated to evaluating the quality of retinal images ob-
tained with portable devices, including those from the quilom-
bola population, we hope to contribute to research on arti-
ficial intelligence applied to ophthalmology, particularly in
the areas of screening, teleophthalmology, and eye disease
detection.
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