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Abstract. Computerized labeling tools are often used to systematically
record the assessment for fundus images. Carefully designed labeling
tools not only save time and enable comprehensive and thorough assessment at clinics, but also economize large-scale data collection processes for the development of automatic algorithms. To realize efficient
and thorough fundus assessment, we developed a new labeling tool with
novel schemes - stepwise labeling and regional encoding. We have used
our tool in a large-scale data annotation project in which 318,376 annotations for 109,885 fundus images were gathered with a total duration of
421 hours. We believe that the fundamental concepts in our tool would
inspire other data collection processes and annotation procedure in different domains.
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Introduction

Ophthalmologists examine the fundus to assess the overall health of the eyes. The
experts evaluate the potential risks or severity of prevalent vision-threatening
diseases such as diabetic retinopathy (DR), diabetic macular edema (DME) [10,
8, 11] and glaucomatous abnormalities [6]. In these days, most of the fundus examinations are done through computerized hospital information systems - ophthalmologists take fundus images for the patient, then assess the images with
computerized labeling tools, and finally archive the annotations along with the
images. Compared to the time spent in obtaining the images and archiving the
data, duration for the assessment is far longer and takes up most of the time in
the entire process. Therefore, efficiency of the labeling tools is essential to diminishing the waiting time for patients and mitigating labor for ophthalmologists.
Also, well-designed labeling tools are imperative when a large amount of images need to be assessed for developing machine learning algorithms. In previous
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studies, massive amount of fundus images, reaching up to hundreds of thousands,
were graded regarding DR and DME using customized labeling tools [7, 9, 13] to
(1) assess image quality and (2) degree of DR and DME and (3) whether to refer
to ophthalmologists. Since the reduction of several seconds in the assessment of
an image accumulates to saving of hundreds of working hours in total, which
translates to significant cost reduction, careful design of the tool is critical to
economizing the data collection process.
Along with gradings of DR and DME [2, 5], the segmentation of lesions such
as hemorrhage and hard exudates [4, 1] is also of interest to research community
to automatically localize individual lesions with precision. Segmentation is done
purely manually for few images [4] or semi-automatically by roughly segmenting
regions with preliminary algorithms and fine-tuning the contours with the hand
of experts [1]. In both cases, however, pixel-wise segmentation is labor-intensive
and costly, thus prohibitive to large-scale data collection.
In this paper, we introduce an efficient labeling tool for assessing fundus
images in a comprehensive manner. Our tool equips with new schemes such as
stepwise labeling and regional encoding, which help graders make logical decisions and save significant time. We have used the tool to streamline the process
of large-scale data annotation aimed for the development of machine learning
algorithms. With our tool, 318,376 annotations for 109,885 fundus images are
collected from 52 licensed ophthalmologists including 16 certified retina specialists and 9 certified glaucoma specialists with total labeling time of 421 hours.
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Proposed Methods

Fig. 1: Snapshot of the proposed labeling tool.

Fig.1 shows the snapshot of the proposed labeling tool that was used for
the collection of large-scale annotations from a grader’s view point. A maculacentered fundus image is located on the left panel with a tag of patient information such as age and sex on the upper right corner. In clinics, it is also desirable
to present auxiliary medical status of the patient such as blood pressure and the
presence of diabete mellitus. The centers of the optic disc and fovea are estimated
automatically and marked on the fundus image. When wrongly estimated, the
centers are marked manually by the grader. The laterality is estimated based
on the location of the optic disc (left eye for fundus with the disc on the left).
On the right panel, 5 steps are shown at the top and the corresponding options
are listed below. A grader can jump to another step by clicking the step button
at the top and select options with shortcut keys as well as mouse clicks. At the
bottom, back and next buttons allow a grader to move through steps.
For localizing the optic disc and fovea, a segmentation neural network called
U-Net was used [12]. The network was trained with DRION dataset [3] for the
optic disc and in-house dataset for fovea. However, more accurate and faster
algorithms are available [1].
2.1

Stepwise Assessments

Table 1: Questions and options for each of 5 steps in our labeling tool used for
large-scale data annotation for macula-centered images. RNFL Defect denotes
Retinal Nerve Fiber Layer Defect. CRVO (BRVO) represents Central (Branch)
Retinal Vein Occlusions.
Step

1

2

3

4

5

Question

Image Quality

Normality

Findings

Diagnoses

Referability

Good
Media Opacity
Small Pupil
Ungradable
Non-Posterior-Pole

Normal
Abnormal

Option

Hemorrhage
Dry AMD
Hard Exudate
Wet AMD
Cotton Wool Patch
Early DR
Drusen & Drusenoid Deposits
Advanced DR
Retinal Pigmentary Change
CRVO
Macular Hole
BRVO / Hemi-CRVO
Vascular Abnormality
Epiretinal Membrane
Membrane
Macular Hole
Fluid Accumulation
Other Retinal/Choroidal Diseases
Chorioretinal Atrophy/Scar
Glaucoma Suspect
Choroidal Lesion
Other Disc Diseases/Findings
Myelinated Nerve Fiber
Floaters/Artifacts Suspect
RNFL Defect
Glaucomatous Disc Change
Non-glaucomatous Disc Change
Other findings or Artifact

Yes
No

Our labeling tool is designed to consist of 5 steps that graders can assess an
image without unnecessary annotation. At step 1, a grader needs to assess the
quality of the image. If the image is considered as not suitable for assessment,
no further annotation is needed and the next image will be shown. If the image
is annotated as gradable, right panel proceeds to step 2 and the grader is asked

whether the fundus is normal or not. If the fundus is assessed as normal, no
further annotation is required and the next image is loaded. If the fundus is
labeled as abnormal, a grader should answer the questions of step 3 and step 4
to justify the decision. A grader should localize abnormal findings present in the
fundus at step 3, and diagnose the diseases based on the discovered findings at
step 4. Note that the succeeding sequence of step 3 followed by step 4 is motivated
by the fact that ophthalmologists first search for any abnormal findings in the
fundus and then make diagnoses relying on medical knowledge. For instance,
ophthalmologists identify findings such as hemorrhage, exudates, cotton wool
patch and gauge the severity of them to make the diagnosis on DR. Finally,
at step 5, a grader selects whether the fundus image deserves to be referred to
professional ophthalmologists when a general doctor confronts the image. By
ordering questions in such a sequence where the following steps establish on the
previous steps, a grader answers only pertinent questions consistently without
wasting time.
The question of each step and the corresponding options in our data collection
process is organized in Table.1. Note that the options are flexible and shall be
fine-tuned in accordance with the main purpose of using the tool. For instance, as
our main goal is to collect annotations for macula-centered images, we reserved
an option for non macula-centered images (non-posterior-pole) and excluded
them along with ungradable images. Also, we inserted step 2 to sort out normal
fundus images quickly based on the experience that the images of normal fundus
far outnumbers those of abnormal fundus in clinics.

Table 2: Subcategory of finding options at step 3.
Finding options

Subcategory

Hemorrhage

pre-retinal hemorrhage, retinal hemorrhage, vitreous hemorrhage,
subretinal hemorrhage, disc hemorrhage

Drusen & drusenoid deposits

hard drusen, soft drusen, reticular psuedodrusen, drusenoid deposits

Retinal Pigmentary Change

Retinal Pigment Epilthelium (RPE) hyperpigmentation, RPE
depigmentation

Vascular Abnormality

retinal vein occlusion, retinal artery occlusion, ghost vessel,
collaterals, neovascularization

Fluid Accumulation

subretinal fluid, intraretinal fluid, macular edema, RPE detachment

Choroidal Lesion

nevus, elevation

Glaucomatous Disc Change

ISNT rule violation, rim narrowing/notching

Non-glaucomatous Disc Change

pale disc, acquired optic nerve pit, papilledema

Findings at step 3 are chosen to cover the most prevalent findings and avoid
redundant complexity from over-subcategorization. The subcategory of finding
options is described in Table.2. Diseases at step 4 follow the conventions in
medicine except other retinal/choroidal diseases/findings which subsumes retinal

artery occlusion, retinal detachment, central serous chorioretinopathy, nevus,
hemangioma.
Referability at step 5 is added to differentiate severe abnormalities from mild
abnormalities so that the patient can be treated with medicines and periodical
follow-up rather than directly visit the ophthalmologists for special care.
2.2

Regional Annotation

When labeling findings at step 3, a grader also relates the location of the lesions with the findings. Since pixel-level annotation is labor-intensive and timeconsuming, we developed an algorithmic encoding of regional information. First,
two landmarks of the macula-centered fundus images, the optic disc and fovea,
are detected with deep learning based algorithms. Then, the fundus is divided
into subregions following a set of geometric rules.

Fig. 2: Division of fundus into subregions. Lesions of drusen and drusenoid deposits in temporal area are annotated.

Figure2 illustrates an example of divided regions on the fundus image. A
fundus image is divided into 8 regions in a way that each region reflects the
anatomical structure of the fundus and the regional characteristics of lesions.
Let D denote the distance between the optic disc and fovea. Circles are drawn
at the centers of the optic disc and fovea with the radius of 25 D and 23 D and
the intersections of the two circles are connected with a line segment. Then, a
half-line passing through the optic disc and fovea (L) cuts the circle of the optic
disc in half and two half-lines parallel to L and tangent to the circle of fovea are
drawn in a direction away from the optic disc. Finally, a line perpendicular to
L is drawn to pass through the center of the optic disc. 8 subregions are named

based on their positions - macular area, superior optic disc area, inferior optic
disc area, temporal area, superotemporal area, inferotemporal area, superonasal
area, and inferonasal. Lines are superimposed on the fundus image and each
subregion is highlighted on the panel when clicked.
When spotting lesions of finding in the fundus, a grader first selects the type
of finding in the option panel and clicks subregion(s) within which the lesions
exist. Then, the abbreviation of the subregion(s) is appended on the right side
of the finding option every time a subregion is clicked.
The design of the 8 subregions was based on frequently used anatomical
regions and landmarks to facilitate the communication between doctors. Glaucomatous and non-glaucomatous disc changes shall appear around the optic disc
and RNFL defect and myelinated nerve fiber occur in superotemporal and inferotemporal areas including the disc areas. Also, membrane and macular hole
are mostly present near the macular area.
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Exemplar Fundus Images

Fig. 3: Exemplar images for 5 options regarding image quality at step 1. (From
left to right) Good, media opacity, small pupil, ungradable, non-posterior-pole.

Exemplar fundus images for 5 image quality gradings in our data collection
process are shown in Fig.3. Images with good image quality are clear and bright
enough for assessment. Images marked as media opacity have a blurred vision
of the fundus mainly due to cataract and the fundus is not fully visible. Fundus
images taken when pupil is not dilated enough lacks light to clearly visualize
the peripheral areas. When the light is too scarce and the fundus has almost
no visibility, the fundus is marked as ungradable. Non-posterior-pole images are
not centered on the fundus between the optic disc and fovea such as wide-field
view images.
Fig.4 shows mask of regional encoding for findings annotated at step 3. Some
findings tend to spread throughout the wide area of the fundus while some have
strong locational tendency. For the cases of hard exudate, hemorrhage, drusen,
cotton wool patch, lesions appear across all subregions of the fundus. On the
other hand, macular hole and glaucomatous disc change occur at macula and
the optic disc as the name infers and membrane is prone to form in the macular
area and signs of RNFL defect are observable superotemporal and inferotemporal

Fig. 4: Pairs of an original fundus image and regional annotation acquired at
step 3 after superimposing onto the original image. (From top left to bottom
right) Hard Exudate, Hemorrhage, Drusen, Cotton Wool Patch, Macular Hole,
Glaucomatous Disc Change, Membrane, RNFL Defect.

areas in conjunction with the peripheral of the optic disc. Note that our regional
encoding is finer than image level annotation indicating whether lesions exist in
the image and coarser than the pixel-level segmentation. Our regional encoding
is far less laborious than the segmentation and mandates a grader few more
clicks for localization. As shown in the figure, the regional encoding provides
meaningful information regarding the location of the lesions. We believe that
such an efficient encoding scheme can also be applied in other domains to localize
the lesions.
Fig.5 presents sample fundus images for several diagnoses. Note that fundus
with diagnoses contains associated findings. The fundus of early DR retains wide-

Fig. 5: Fundus images for exemplar diagnoses at step 4. (From top left to
bottom right) Early DR, Advanced DR, Wet AMD, Dry AMD, CRVO, BRVO,
Epiretinal Membrane, Glaucoma Suspect.

spread hemorrhage on the fundus and the fundus of advanced DR has larger
hemorrhage as well as hard exudates. Wet AMD exhibits fluid accumulation
and leakage of bloods from neovasculature in the choroid layer while dry AMD
includes drusen and drusenoid deposits. CRVO and BRVO are diagnosed by
evaluating hemorrhages and the diagnosis of glaucoma suspect is made from
signs of glaucomatous disc changes and RNFL defect.

4

Duration Analysis

Fig.6 plots distributions of duration for thorough assessment and the time spent
at each step. Duration at each step is calculated by the time difference between
the submissions for the current step and the previous step. Unfortunately, duration for assessing the image quality was excluded from the analysis as the
time when the image appears on the screen was not clocked. Duration for the
thorough assessment is computed by time different between the submissions for
the last step (step 2 for normal and 5 for abnormal fundus) and step 1 (image
quality).
As shown in the figure, it took less than 5 seconds to label as normal and took
longer time to label as abnormal. Still, most of them could be processed within 30
seconds. Mean duration for normal fundus images was 0.8 seconds with standard
deviation of 2.9 seconds. The mean for abnormal images was about 10 seconds
longer (13.7 seconds) with higher standard deviation (10.0 seconds). Step 2 took
the least time statistically with average 1.0 second while step 3 lagged graders
the most with average 8.1 seconds which is reasonable since subregions need to

Fig. 6: (Left) distribution of duration for annotations as normal (202,334)
and abnormal (102,127). Annotations as non-gradable (13,915) are excluded.
(Right) distribution of duration at each step. Duration for step 1 is excluded
from the statistics based on the definition of duration in our analysis which is
the time difference between the submissions of the current step and the previous
step.

be selected with regard to findings. Step 4 and step 5 took average 3.7 and 1.7
seconds.
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Conclusion and Discussion

We introduced an efficient labeling tool that conducts multi-faceted and exhaustive assessment of fundus images. The arrangement of questions in 5 subsequent
steps encourage more consistent assessment and the algorithmic division into
subregions encodes regional information allow graders to localize lesions quickly,
which makes it amenable to large-scale data annotation. From the analysis of
duration, we confirmed that our tool could help ophthalmologists finish exhaustive assessment within short period of time. We believe that the key concepts
in our tool can also be applied to other data collection processes and image
assessments.
Also, we believe that the steps can be assisted by machine learning algorithm.
For instance, image quality inspection can be assessed automatically and fetch
the grader only gradable images. Then, prediction results of machine learning
models could be opted as default so that graders or doctors can opt out when
the prediction results are dubious in their eyes.
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3. Carmona, E.J., Rincón, M., Garcı́a-Feijoó, J., Martı́nez-de-la Casa, J.M.: Identification of the optic nerve head with genetic algorithms. Artificial Intelligence in
Medicine 43(3), 243–259 (2008)
4. Decencière, E., Cazuguel, G., Zhang, X., Thibault, G., Klein, J.C., Meyer, F.,
Marcotegui, B., Quellec, G., Lamard, M., Danno, R., et al.: Teleophta: Machine
learning and image processing methods for teleophthalmology. Irbm 34(2), 196–203
(2013)
5. Decencière, E., Zhang, X., Cazuguel, G., Lay, B., Cochener, B., Trone, C., Gain,
P., Ordonez, R., Massin, P., Erginay, A., et al.: Feedback on a publicly distributed
image database: the messidor database. Image Analysis & Stereology 33(3), 231–
234 (2014)
6. Detry-Morel, M., Zeyen, T., Kestelyn, P., Collignon, J., Goethals, M., Society,
B.G.: Screening for glaucoma in a general population with the non-mydriatic fundus camera and the frequency doubling perimeter. European journal of ophthalmology 14(5), 387–393 (2004)
7. Gargeya, R., Leng, T.: Automated identification of diabetic retinopathy using deep
learning. Ophthalmology 124(7), 962–969 (2017)
8. Group, E.T.D.R.S.R., et al.: Grading diabetic retinopathy from stereoscopic color
fundus photographsan extension of the modified airlie house classification: Etdrs
report number 10. Ophthalmology 98(5), 786–806 (1991)
9. Gulshan, V., Peng, L., Coram, M., Stumpe, M.C., Wu, D., Narayanaswamy, A.,
Venugopalan, S., Widner, K., Madams, T., Cuadros, J., et al.: Development and
validation of a deep learning algorithm for detection of diabetic retinopathy in
retinal fundus photographs. Jama 316(22), 2402–2410 (2016)
10. Kempen, J.H., O’Colmain, B.J., Leske, M.C., Haffner, S.M., Klein, R., Moss, S.E.,
Taylor, H.R., Hamman, R.F.: The prevalence of diabetic retinopathy among adults
in the united states. Archives of ophthalmology (Chicago, Ill.: 1960) 122(4), 552–
563 (2004)
11. Lin, D.Y., Blumenkranz, M.S., Brothers, R.J., Grosvenor, D.M.: The sensitivity
and specificity of single-field nonmydriatic monochromatic digital fundus photography with remote image interpretation for diabetic retinopathy screening: a comparison with ophthalmoscopy and standardized mydriatic color photography1. American journal of ophthalmology 134(2), 204–213 (2002)
12. Ronneberger, O., Fischer, P., Brox, T.: U-net: Convolutional networks for biomedical image segmentation. In: International Conference on Medical Image Computing
and Computer-Assisted Intervention. pp. 234–241. Springer (2015)
13. Ting, D.S.W., Cheung, C.Y.L., Lim, G., Tan, G.S.W., Quang, N.D., Gan, A.,
Hamzah, H., Garcia-Franco, R., San Yeo, I.Y., Lee, S.Y., et al.: Development
and validation of a deep learning system for diabetic retinopathy and related eye
diseases using retinal images from multiethnic populations with diabetes. Jama
318(22), 2211–2223 (2017)

