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Supplementary Materials: Pre-Processing, Image Preparation,
and Data Augmentation in Details
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1. Pre-Processing and Image Preparation in details
1.1. The Median Filter

The median filter is used in image processing to remove noise while preserving
edges [1]. The advantage of this filter is that it maintains the spatial resolution and the
main details of the image while isolated points are removed [2]. This filter provides noise
reduction with less blurring compared to similar linear smoothing filters [3]. In Figure S1
we present the results obtained with the application of the Median Filter with a filter of
size 5 x 5 in a fundus image of the DDR dataset after the artificial introduction of noise Salt
& Pepper, Gaussian and Speackle [1], to validate the effectiveness of the filter.

Salt & Pepper Noise After Median Filter Kernel 5 X 5

Gaussian Noise After Median Filter Kernel 5 X 5

Original Image

Speackle Noise After Median Filter Kernel 5 X 5

Figure S1. Removing noise like Salt & Pepper, Gaussian and Speackle with the application of Median
Filter with kernel of size 5 x 5 in a fundus image of the DDR dataset.

We analyzed the images using the metric PSNR (Peak Signal-To-Noise Ratio) [4,5],
which calculates in decibels the peak signal-to-noise ratio between two images, whose
measurement measures the quality between the original image and a compressed image,
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such that the higher the PSNR the better the quality of the compressed or reconstructed
image [6]. The Mean Squared Error (MSE) and the peak signal-to-noise ratio (PSNR) are
used to compare the compression quality of the image. The MSE represents the cumulative
square error between the compressed image and the original image [7], while the PSNR
represents a measure of the peak error [5]. The smaller the value of MSE, the smaller the
error. To calculate PSNR, first calculate MSE using Equation 1.

¥ [l (m, n) — L(m,n)]?

MSE = ™" 1
M+ N M)

where M and N are the number of rows and columns in the input images. Then the PSNR
is calculated using Equation 2.

RZ

where, R is the maximum fluctuation in the input image data type. For example, if the
input image has a double-precision floating-point data type, R will be 1. If it has an 8-bit
unsigned integer data type, R will be 255.

Table S1 presents the results obtained with the metric PSNR after removing noises
like Salt & Pepper, Gaussian and Speackle by applying the Median Filter of size 5 X 5 on a
fundus image of the DDR dataset. Through the objective analysis obtained with PSNR, we
verified that the Median Filter obtained good results in reducing the three main types of
noise, mainly in Gaussian and Salt & Pepper.

Table S1. Results obtained with the metric PSNR after removing noises like Salt & Pepper, Gaussian
and Speackle with the application of the Median Filter with kernel of size 5 x 5 in a fundus image of

the DDR dataset.
Noise types | PSNR - Image with noise | PSNR - Median Filter kernel 5 x 5
Salt & Pepper 8.0949 12.9978
Gaussian 79777 12.9978
Speackle 11.4344 12.9978

1.2. Contrast-Limited Histogram Adaptive Equalization and Colos Spaces

The contrast-limited histogram adaptive equalization technique (CLAHE) [8,9] was
used to enhance the images. This technique was initially developed for low contrast image
enhancement and is an evolution of the histogram equalization method [10], and has been
used as part of preprocessing pipeline to improve quality medical images [11]. The algorithm
divides the image into small regions (blocks) and applies the histogram equalization in
each of these regions, as illustrated in Figure S2. The advantage of this technique is to
consider the local equalization of the image, with the definition of a gray level threshold.
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Figure S2. CLAHE divides the image into blocks (tiles) of size 8 x 8 and applies histogram equalization
in each of these regions so that the values of pixels that are above a threshold preset are redistributed
into a new histogram.

Differently conventional histogram equalization techniques that operate on an image
as a whole, CLAHE is a method that processes small regions of the image and combines
them with bilinear interpolation to avoid generating artifacts [12]. As in the works of Park
et al. [13], Setiawan et al. [14], Yadav et al. [15], and D. D. Silva et al. [16], we apply the
CLAHE with blocks of size 8 x 8 to perform the histogram equalization in each of these
regions causing the values of pixels that are above a predefined threshold to be redistributed
into a new histogram. The CLAHE pseudocode is described in Algorithm 1 [15].

Algorithm 1 CLAHE pseudocode

1: Process image acquisition.

2: Defines the parameters configuration > Number of tiles; number of bins (histogram
bins used to construct a contrast-enhancing transformation) used in the histogram; Clip
Limit (contrast enhancement limit); distribution type (histogram presentation form),
etc.

3: Split the original image into tiles.

4: Pre-process each tile obtained in the previous step.

5. Generate the gray level mapping and cut the histogram. ©> In tile, the number of pixels
are divided equally in each gray level, so the average number of pixels in gray level is
obtained according to Equation 3.

6: Interpolate the gray level mapping to create the enhanced image.

Ncr-xp * Ner-vp

Nuvg = 3)

Ngmy

where: N, indicates the average number of pixels; Ngrqy is the gray level number of tiles;
Ncr-xp is the number of pixels in the x direction of tiles; Ncr—yy is the number of pixels in
the y direction of tiles.
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Afterwards, the calculation of the current Clip Limit is performed according to Equa-
tion 4.
Ncr = Ncrip * Navg 4)

However, before applying the CLAHE algorithm to the fundus images of the dataset,
it was necessary to define the most suitable color space to perform the image enhancement.
Figure S3 presents an illustration of the different color spaces used in the experiments of
the proposed work, where on the left is the RGB model (in the form of a cube); in the center,
the HSV model (in the form of a cone); and on the right, the LAB model (in the form of a
sphere).

White
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Figure S3. Illustration of the different color spaces used in the experiments of the proposed work. On
the left, the RGB model (cubic format); in the center, the HSV model (conical shape); and on the right,
the LAB model (spherical shape).

DDR dataset images are in the RGB color space. In an RGB model, a digital image
consists of three image planes, each of which stores the values of R (Red), G (Green) and B
(Blue) [17]. RGB is ideal for generating images, for monitors or cameras, for example, but
the enhancement effects in this color space, such as contrast and entropy information, are
very limited [17]. The three RGB channels have a strong correlation because they all contain
brightness in their formation, so applying highlighting directly to these components often
fails to achieve the desired results [18]. There is a difficulty in specifying a color through
three primary colors, since the information of colors and light intensity (brightness) are
together, making it difficult for processes in which these components need to be analyzed
separately. To get around this problem, first, the original images were split into three
independent R, G, and B images. Next, we applied the CLAHE algorithm only to the
G channel, the lesions such as microaneurysms present better contrast in this channel
compared to the R and B channels [16].

The HSV color space is based on the theory of human visual perception and is suitable
for describing and interpreting colors [19]. The HSV model defines a color in space in terms
of H (Hue), S (Saturation) and V (Value) components. This color space decouples achromatic
information (V component, value related to brightness), from chromatic information (H
and S components), in a color image [20]. Compared with the RGB color space, the HSV
color space is closer to the color perception of the human eye. Another advantage is that the
component related to brightness can be modified independently of the other components,
being less sensitive to noise [21]. Its importance is given by the possibility of analyzing
and/or modifying the brightness intensity levels present in the image independent of the
H and S channels. To apply the CLAHE algorithm in this color space, first, we convert the
original image to the HSV space, and then we highlight only the V channel, related to the
brightness intensity of the image.

The LAB color space has a wide color variety, can express all the colors perceived by the
human eye, and compensates for the distribution problem of RGB [18]. The LAB color space,
also known as CIE-LAB, was defined by the International Commission on Illumination (CIE)
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in 1976, whose composition has a dimension (L), related to luminosity, and dimensions A
and B related to colors [22].

LAB is based on the opposing color model of human vision, where red and green form
an opposing pair and blue and yellow form another opposing pair [22,23]. Also, this color
space is very close to the human visual system, so there is more information compared to
RGB, for example [24]. Its main advantage is that it allows tones and colors to be balanced
interactively and independently. The LAB color space has the colors evenly distributed,
with the Luminosity (L) channel being separated from the chromaticity (A and B). The use
of this color space is the most accurate way to arrive at an exact color, as it is possible to
reproduce all existing colors in the visible spectrum. To apply the CLAHE algorithm in this
color space, we first convert the original image to LAB format, and then we only enhance
the L channel, related to the image luminosity.

In the experiments, as in the work proposed by Alyoubi et al. [9], we used a size of tiles
8 x 8 [9] with Clip Limit equal to 6 in all spaces of investigated colors. We also use bins equal
to 300 and distribution equal to rayleigh. The purpose of enhancing an image is to increase
the contrast of objects that have low contrast, aiming at a better visualization of them.
However, qualitatively measuring the enhancement obtained in an image is not simple [16],
as this type of evaluation varies from person to person, including subjective criteria [25].
Thus, there are objective metrics that can help to estimate the contrast quantitatively [26].
However, these metrics do not necessarily determine whether the image is of good or bad
quality concerning enhancement, but they often explain important characteristics of the
image [27].

To quantitatively measure the best contrast obtained in the images after enhancement,
we used the metrics Measure of Enhacement (EME) [28], and Entropy (E) [29]. Initially, we
calculated the Entropy of the fundus images to assess the enhancement improvement after
the application of the CLAHE algorithm. Entropy is a statistical measure of randomness that
measures the average information of a random outcome. In the case of image evaluation,
high values mean that all gray levels have the same probability [25]. Therefore, this
measurement indicates the image’s contrast level, as this information is related to the
distribution of pixels along with the histogram. Thus, being P(x;) the probability of the
gray level i, the entropy E(x) is defined by Equation 5 [29].

255
Z P(x;)log P(x;) 6)

Therefore, this metric indicates the overall contrast of the image, where high values
portray the widening of the histogram and the increase in frequency uniformity of each
pixel [25]. After verifying the Entropy of the images, we calculated the EME of the high-
lighted images to verify the best results obtained in the RGB, HSV, and LAB color spaces.
EME was a metric originally proposed in the work of Lentz and Grigoryan [28], to calculate
the quality of highlighting in digital images.

The method used by the EME metric consists of dividing the image into a matrix of
sub-images w, where each sub-image is a square matrix. Ideally, this sub-matrix should
have the same dimension as the tiles (sub-matrixes into which the CLAHE method splits the
image to apply the highlighting). After dividing the highlighted image into sub-matrixes,
for each sub-matrix, the ratio between the pixels that have higher and lower gray intensity is
calculated. Then, the magnitude of the ratio is calculated, thus generating a value EME for
each sub-matrix. Finally, the EME value of the image is obtained by calculating the average
of the EME values obtained in each sub-matrix, thus quantifying the contrast improvement
of the image after the enhancement, according to the Equation 6 [16].

EME = }Kz }Kl 201o < Nk l> (6)
= og
KikKz Sz N
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where: K; indicates the number of lines in the sub-picture matrix; K, the number of columns
in the sub-picture array; I}/ ,  the maximum gray level intensity in the subpic w; and, I},
the minimum gray level intensity in the subpicture w.

This measure is related to local contrast so that high values indicate high local contrast,
while values close to zero indicate homogeneous regions [25]. To apply the EME metric, we
used the size of 8 x 8 as the size of sub-blocks (sub-images), the same value presented in the
works of Huynh-The et al. [30], dos Santos [25] and D. D. Silva et al. [16]. After enhancing
the fundus images with CLAHE in the RGB(G), HSV(V), and LAB(L) color spaces, we had
to convert these images to gray levels to apply the EME metric and evaluate the contrast
improvement obtained. in each color space. These grayscale images were used only for
objective evaluation purposes with the EME metric.

With the CLAHE algorithm applied to enhance the fundus images in the RGB, HSV,
and LAB color spaces, we verified improvements in the contrast of the lesions, both through
the subjective evaluation of the images and their histograms, as well as through the objective
analysis performed using the Entropy metrics. and Measure of Enhancement. We noticed that
the significant increase in Threshold (Clip Limit) in the CLAHE parameterization generated
artifacts in some regions of the images. The objective evaluation of the contrast obtained in
15 fundus images of the DDR set is presented in Tables S2 and S3.

Table S2. Results obtained with the Entropy metric after applying the CLAHE algorithm to the
fundus images of the DDR dataset in the RGB(G), HSV(V), and LAB(L) color spaces.

E E E
Tmages CLAHE + RGB(G) | CLAHE + HSV(V) | CLAHE + LAB(L)
#007-1974-100 5.3406 4.8777 47159
#007-3319-200 45547 45681 41461
#007-3336-200 6.2273 5.8598 5.9846
#007-3338-200 6.2343 55323 5.9828
#007-3387-200 7.2854 6.7330 5.9985
#007-3396-200 54818 5.4452 49015
#007-3427-200 6.0415 5.7405 5.0014
#007-3939-200 6.2916 5.8231 57162
#007-4273-200 54263 5.7404 45563
#007-6335-400 5.9840 5.7604 £.7208
#007-6361-400 52315 4.8563 45155
#007-6686-400 6.8045 6.3330 6.2147
#007-6717-400 6.7205 6.3416 5.7634
#007-6722-400 6.6873 6.4085 6.1214
#007-6926-400 5.3639 5.3364 5.1495
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Table S3. Results obtained with the EME metric after applying the CLAHE algorithm to the fundus
images of the DDR dataset in the RGB(G), HSV(V), and LAB(L) color spaces.

Images EME EME EME
CLAHE + RGB(G) | CLAHE + HSV(V) | CLAHE + LAB(L)
#007-1974-100 3.5948 3.2152 2.1602
#007-3319-200 2.1958 2.0634 1.1713
#007-3336-200 3.0931 2.9379 1.9840
#007-3338-200 3.5287 2.6052 2.2821
#007-3387-200 3.7507 3.6807 2.0064
#007-3396-200 3.9257 3.5753 2.5867
#007-3427-200 3.9591 4.2571 3.2447
#007-3939-200 2.9237 2.7346 1.6858
#007-4273-200 2.1647 1.9182 1.1121
#007-6335-400 3.7807 4.5371 2.5995
#007-6361-400 3.1811 3.0705 1.7046
#007-6686-400 6.1646 6.0830 4.3246
#007-6717-400 7.0138 6.9563 4.2578
#007-6722-400 6.7473 6.5823 4.0060
#007-6926-400 4.2441 3.9220 3.2276

Based on these results, in the analysis of the histograms and the images generated
after the application of CLAHE, it is possible to affirm that the best enhancement results
were obtained in the RGB(G) and LAB(L) color spaces, respectively, and the images in the
LAB color space produced the best results, maintaining a good level of highlighting, as can
be seen in Figure S4.

Original RGB(G) HSV(V) LAB(L)

Figure S4. Example of contrasts obtained with the CLAHE algorithm on channels (G) of RGB, (V) of
HSV, and (L) of LAB, using tile size of 8 x 8 and Clip Limit equal to 6 .

Thus, we opted for the LAB color space to perform the enhancement because the color
images present characteristics of fundus lesions that could be lost if we opted for the images
in the (G) RGB channel. The application of pre-processing with the CLAHE algorithm-
generated better quality images, adjusting the contrast and reducing noise. However, even
with the most adequate threshold adjustment for the fundus images, the generation of some
artifacts was observed after the application of CLAHE. In this sense, the next pre-processing
step was the application of a filter to smooth the images, with the purpose however of
creating after minimizing the artifacts that were without, losing, important characteristics
of the images, such as the of the images. lesions we intend to detect.

After enhancement the fundus images with CLAHE, we convert the images to the
RGB standard and apply the Bilateral Filter to provide the smoothing of the images. The
Bilateral Filter [31-33] is a non-linear smoothing filter that preserves edge detail. The filter
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takes into account the distance between pixels in space (called spatial proximity similarity)
and also considers the degree of similarity between pixels (called grayscale similarity) [18].
This filter is similar to the Gaussian Filter in that it finds the Gaussian weighted average
in the neighborhood, but takes into account the difference in pixel by blurring the nearby
pixels. The Bilateral Filter is represented by Equation 7 [18].

-1
BF(I) = { Z w(x,n)g(n)} * { Z w(x,n)} (7)
neQ) neQ)
where: BF(I) is an image using two-sided filtering; w(x, n) is a two-sided filtering weight
function; g(n) is the haze image; and, () is the local area with x as the center. The weight

function can be expressed as:

w(x,n) = wg, * We, (8)

where: wg, is the kernel function of space; wy, is the kernel value of the domain function;
0,4 is the variation of the influence of spatial proximity similarity; and, o; is the variance of
the similarity factors influencing in gray scale. w,, and w,, can be expressed as:

d?(x, (x — n?
w0, = exp [_W] ~oxp [_205] ©)
A2 (x,(x —n x) — ¢(x —n))?
w,,,:exp[_ il 2((73 ”]:exp[_(g() Zgog% >>} 10)

Although the Bilateral Filter has a higher processing time than other smoothing filters,
it has the advantage of ensuring that only pixels with an intensity similar to the central pixel
are blurred, while the other pixels with different values are not blurred. By doing this, the
edges that have the greatest variation in intensity are preserved. Therefore, the Bilateral
Filter preserves the edges, as the pixels at the edges will vary in intensity.

We used a filter size d = 9 (diameter of each neighborhood of pixel during filtering) to
perform a deeper noise filtering and o = 75 so that the lesions present in the images fundus
are not blurred. For measurement purposes, we checked the PSNR of a CLAHE-enhanced
fundus image where we got the result of 18.9808. After smoothing this same image with the
Bilateral Filter, we obtained a PSNR of 19.0772. We verified the PSNR of the other images
and found that after smoothing with the Bilateral Filter we obtained an improvement in
the peak signal-to-noise ratio of the images, as well as a reduction in outliers from the
enhancement process.

In Figure S5 we present fundus images from the DDR dataset, before and after the
pre-processing and preparation stage, where on the left is the original image and its gray
level histogram, and on the right is the preprocessed image with its histogram in gray level.


https://doi.org/10.3390/s1010000

Sensors 2022, 1, 0. https:/ /doi.org/10.3390/s1010000 S9 of S22

Gray Level Histogram

Number of Pixels
Number of Pixels

0 50 100 150 200 250 0 50 100 150 200 250

Intensity Intensity

Figure S5. Fundus image of the DDR dataset before and after the Pre-Processing and Preparation
step. On the left the original image and its gray level histogram and on the right the pre-processed
image with its gray level histogram.

1.3. Useless Background Suppression

Even as the works by El abbadi and Hammod [34] and Alyoubi et al. [9], we performed
a pre-processing step for partial cropping of the black background of the retinal images,
as illustrated in Figure S7. According to El abbadi and Hammod [34], the importance of
removing the black background from the retinal image is related to the generation of false
positives during the detection of lesions, especially at the border of the retina, where there
is a similarity of the retinal border with the blood vessels. In the case of fundus images, only
the pixels of the retina have significant information, the rest is considered the background,
therefore, it is important to locate the area of interest and remove unwanted features related
to the background of the image.

First, we perform retinal detection in fundus images using the Hough Transform (HT),
a technique that locates shapes in images, being used to extract lines, circles, and ellipses
(or conic sections) [35]. HT is a widely used method for curve detection and recognition
due to its robustness and processing power [36], being typically used to detect or segment
geometric objects from images [37]. HT is a popular method in Computer Vision [38], for
detecting shapes that are easily parameterized (lines, circles, ellipses, etc) in computer
images. In general, this transform is applied after the image goes through pre-processing,
commonly edge detection [37].

The Hough Transform applies a transformation to the image such that all points
belonging to the same curve are mapped to a single point in parameter space, also called
Hough space [39]. Each edge of an image is transformed by mapping to determine cells in
the parameter space, indicated by the primitives defined through the analyzed point. These
cells are incremented and the local maximum of the accumulator at the end of the process
will indicate the parameters corresponding to the specified form [37]. The HT is applied
to the data of an edge map obtained in the image segmentation step and allows detecting
practically any type of curve, even those that are not very visible and very noisy [40].

Although HT was introduced for the detection of lines, it is possible to generalize it
to detect circles, ellipses or even any parameterizable curve in the form h(v, ¢), where v is
the vector of coordinates and c is the parameter array. The disadvantage of using the HT is
the computational effort resulting from the increase in the dimensionality of the parameter
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space, as these curves can no longer be represented in a two-dimensional space [39]. Let A
be a circle with center (a,b) and radius r of the plane x — y represented by Equation 11:

Ai(x—a)P+(y—b)2=r* (11)

Through the HT a point (x;, y;) belonging to A can be transformed into a conic surface
A’ of the three-dimensional parametric plane a,b, 7, defined by Equation 12:

Av(a—x)?+(b—y)? =1 (12)

Even as the parametric space, the accumulators will also be three-dimensional for the
circular configurations in the image. Thus, the matrix of accumulators will be constructed,
where a value N in a cell (a;, bj, ) will indicate that N points belong to the circle lambda’
in the plan x,y defined by (x — ;)> + (y — bj)*> = ()% The extraction of existing circles
in the image is carried out through the heavy weight accumulators, which represent the
points with the highest number of intersections between the parametric cones [39].

Before identifying the retinal contour, we performed the pre-processing, in which
we applied the Median Filter to smooth the images and eliminate irrelevant details for
the detection of the retinal circumference. Afterward, we performed the detection of the
contours through the HT. When the shape of the retina is found in the fundus image, then
the mapping of all of its points in the parameter space group around the parameter values
correspond to its shape. It should be noted that before applying HT, it was necessary to
convert the images to grayscale and detect the edges using the Sobel Filter [41,42].

We use the Hough Gradient 2-1 Hough Transform (21HT) [43] detection method, which
runs Hough in two stages [44]. In the first stage, a transform is accumulated to find the
center coordinates. In the second stage, a radius histogram is constructed for each candidate
center obtained in the first stage [43]. The choice of 21HT was due to the method having
good performance and requiring little space for storage, having the disadvantage of low
performance in the detection of relatively small circular shapes [45], which did not impact
the detection of the retina due to your size.

Using the 21HT method, it was possible to find the retina, which corresponded to
the largest circumference present in the fundus images. After locating the retina, we
transform its circumference into its equivalent rectangle using the coordinates x,,;,, and
Ymin — referring to the upper left position in the image — and the coordinates x;4x and yyax
— referring to the lower right position in the image, as shown in Figure S6. The area outside
the red rectangle corresponds to the crop area performed on the fundus image.
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Figure S6. Transforming the retinal circumference into its equivalent rectangle using the coordinates
Xpmin and vy, (top left position), and the coordinates x5x and vy (bottom right position).

In Figure S7, we present an illustration of the results obtained during the Cropping
step applied to the fundus images, in which it is possible to verify the resulting image after
identifying the retinal contour and partial cropping of the black background of the image.

Pre-processed image Grayscale image Edge detections with Retinal contour demarcation Resulting image
Sobel Filter with Hough Transform after cropping

Figure S7. Pipeline to perform the Cropping process. First the images are pre-processed for smoothing
with the Median Filter with kernel of size 5 x 5. Then the images are converted to grayscale for edge
detection with Sobel Filter. Afterwards, the retinal contour is demarcated (in green) by means of the
Hough Transform (21HT). Finally, the black background of the images is partially cropped.

1.4. Tilling the original images

The last step of the pre-processing block of the proposed approach (as illustrated in
Figure 1 in the original manuscript) is the realization of Tilling. Deep neural networks that
perform single-stage object detection are suitable for use in edge devices due to their low
computational cost and inference speed, especially when compared to architectures based
on region proposals. Even so, the detection of very small objects still remains a challenge
for deep neural networks that perform single-stage detection [46].

According to Unel et al. [46], Fei-Fei Li [47], object detection methods based on deep
neural networks can be categorized into single-stage and two-stage. Two-stage methods
are based on region proposals, which involves generating region proposals followed by
classification, such as models R-CNN [48], Fast R-CNN [49], Faster R-CNN [50], SPP-
net [51], R-FCN [52], FPN [53] and Mask R-CNN [54]. Single-stage methods are based
on regression/ classification in a unified framework for detection and classification, such
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as SSD [55] and YOLO [56] models. Although methods of the first category (based on
proposed regions) provide more accurate results, they have high computational costs
and high inference time. On the other hand, methods of the second category (based on
regression/classification in a single network structure) are faster and less computationally
expensive compared to two-stage models but have difficulty detecting very small objects.

In general, models that perform object detection are trained and evaluated on datasets
with a large number of examples, such as ImageNet [57] and COCO [58]. Datasets typically
involve low resolution images (256 x 256, for example), including these relatively large
objects with large pixel coverage. Thus, models trained under these assumptions are often
successful in detecting objects with this type of input image. However, these assumptions
are not always reflected in the detection of objects in medical images, especially when the
objects are very small and the images are not generated by high definition cameras [46].

The small coverage of pixels due to the low resolution of the images and/or a limited
sampling of images affects the ability to train and generalize models based on deep learning.
However, deep neural networks also have problems dealing with high-resolution images
due to the computational cost required to process these images. Then, these images must
be resized to be passed on to the input layer of the neural network, responsible for reading
these images. When performing this resizing process, the images are reduced in resolution,
impairing the extraction of features from retinal microlesions. Bochkovskiy et al. [59] state
that when optimizing a deep neural network the objective is to find the balance between
the resolution of the input image of the network, the number of convolutional layers, and
the number of network parameters and the number of output layers (filters).

In fundus images, the detection of very small lesions (microlesions) is a challenge, as
in the case of microaneurysms. If the lesion area is not large enough, the signal propagated
in the convolutional layers will be small while the model training is performed, leading to
gradient dissipation. In addition, very small objects are more susceptible to data labeling
errors, where lesion identification can be impaired. In the DDR dataset the fundus lesions
are made available with their bounding box annotations (Ground Truth) in eXtensible Markup
Language (XML) format. For purposes of exemplification, in the DDR dataset approximately
10,978 lesion annotations, out of a total of 38,012, are smaller than 3 pixels.

The approach we initially adopted was to train the deep neural network models by
reducing the images to sizes like 416 x 416, 512 x 512, and 640 x 640 pixels, taking into
account the maximum limits defined in the model architectures used in the experiments.
Furthermore, resolutions above the aforementioned values made it impossible to carry out
the due to the high computational experiments and the time for training the models. How-
ever, the strategy of reducing the size of the images resulted in problems in approaching
and arising from the loss of lesion details and the consequent reduction of the precision of
the proposed approach

After reducing the resolution of the images, some microlesions practically disappeared,
given the small size of these lesions. During the experiments, we also noticed that when
using higher resolution images, such as 640 x 640 pixels, there was an increase in the
precision of lesion detection. Therefore, the increase in the resolution of the images used in
the neural network input layer provides a larger receptive field around the lesion and a
greater number of features are accessible for training of the network..

The solution we adopted to avoid the need to reduce the resolution of the original
images of the DDR dataset, without using GPUs with greater computational power and
without making significant changes in the architecture of the neural network, was the
implementation of the method Tilling (slicing), where the original images are cut into blocks
(tiles). Then, the blocks resulting from this operation are used in the input layer of the deep
neural network to train the model.

The images were split into smaller sub-images, where the size of the resulting sub-
images varied according to the original size of each image in the DDR dataset. An example
of Tilling created from a fundus image is illustrated in Figure S8. It is important to note
that in the proposed approach, tiles of size 2 x 2 were created. Each sub-image generated
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in this process remained with its respective lesions and annotations (Ground Truth), with
no loss of information. After the application of Tilling, a greater amount of information
was preserved after the application of Tilling around the lesions of the sub-images created
compared to the images originals that had their resolution reduced (Pixels Per Inch) to be
used in the input layer of the neural network, causing a greater loss of information around
the lesions.

Divided Tiles

Overlap area

Figure S8. On the left a fundus image of the DDR dataset and on the right an example of sub-images
(tiles) created from the original image with Tilling of size 2 x 2, and 15% overlap area between blocks.

When image partitioning is performed to create files, lesions may be present at the
clipping location of these blocks. To minimize the risk of information loss from these
lesions, we define an overlap area, in which each block will have an overlap area of 15%
with its neighboring blocks, as illustrated in Figure S8. Thus, the information of the lesions
that are present in the place of clipping of the blocks is not lost, as this information will
be replicated in different blocks. To solve the problem of information redundancy of the
replicated lesions, we used the technique of Non-Max Suppression (NMS) [60], in which
only the bounding box with the highest IoU is considered, from so that the other bounding
boxes predicted for the same object are discarded [61].

After using the Tilling method, we verified an increase in the precision of lesion
detection, as shown in Tables 4-7 (in the original manuscript), in which we demonstrate
the results obtained by the proposed approach in the Validation and Testing steps using
Tilling of size 2 x 2 and without Tilling. However, in the experiments we verified that the
increase in the amount of tiles did not provide a significant increase in the precision of the
proposed approach and, for this reason, we chose to use blocks of size 2 x 2.

We performed Tilling to reduce the loss of lesion details due to the reduction of image
resolution for training the neural network architecture. Thus, we divided the images into
blocks to be used in the input layer of the neural network to increase the receptive field
of the microlesions present in the fundus images, since the lesions present in the original
high-resolution images are treated as objects larger after block creation.

To improve the performance of the proposed approach, especially in the detection of
microlesions, we explored pre-processing techniques for better smoothing and enhance-
ment of the fundus images. In addition, we partially removed the black background that
caused the generation of false positives, and Tilling the original images to use the resulting
image blocks in the training of the deep neural network.

2. Data Augmentation

A frequently encountered impediment to training deep neural networks is the unavail-
ability of public datasets with large amounts of labeled objects [62]. This problem is related
to the cost of acquiring the images and the need for specialists to annotate the objects, espe-
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cially when dealing with medical images. By artificially increasing the number of examples
in a dataset, the possibility of underfitting the model is reduced, in addition to improving
its generalization ability, since the model is trained to predict objects in situations that were
not initially present. in the original dataset. Classic approaches to data augmentation in
object classification problems include applying basic geometric transformations and color
space transformations [63,64].

2.1. The Mosaic

The first data augmentation method applied was Mosaic, initially proposed in the
work of Bochkovskiy et al. [59], in which we combine four random fundus sub-images to
create a new image. It should be noted that the four sub-images that form the resulting
image have different proportions. With this data augmentation method, it was possible to
extract more features of the lesions in the same fundus image. Another advantage was the
reduction in the need for very large batch sizes since more images were trained in the same
batch. Furthermore, the new images created with Mosaic allowed the neural network to
learn characteristics of the lesions that were not present in the original images, given the
randomness and asymmetry of the sub-images that make up the new images, consequently
increasing the ability to generalize the proposed approach. Next, Figure S9 presents an
example of data augmentation from the Mosaic method applied to the original images. This
made it possible to improve the precision of the proposed approach, even training the
neural network with smaller batch sizes.

Ex 58 EEX
Ex :
Ex. (EXgEX iEXEx EX
WA EX o EX{image 1 T

gEX

.

Subimage 1 Subimage 2

WAl
Subimage 3 Subimage 4

Figure S9. Example of data augmentation obtained with the Mosaic method, in which four random
sub-images, with different proportions, are combined to form a new image.

2.2. The Copy-Paste

Another technique applied to increase data was Copy-Paste, based on the work
of Dwibedi et al. [62], Dvornik et al. [63] and Ghiasi et al. [65], in which artificial images with
lesions and labels were copied from other fundus images in the same dataset. With this
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method, it is possible to create images with larger amounts of annotated lesions, on different
backgrounds. The objective is to enable the neural network to extract more characteristics
from replicated lesions, under different contexts, increasing the ability to predict these
lesions. Using the Copy-Paste method it is also possible to mitigate the problem associated
with the reduced amount of labeled lesions available in the public Diabetic Retinopathy
datasets. In addition, as we apply Copy-Paste using the segmentation mask of each lesion
available in the dataset as a basis, both the lesion and its label are fully copied to the new
image, ensuring the integrity of the copied information.

According to Dwibedi et al. [62], in a cross-domain setup, where synthetic data is com-
bined with only 10% of real data, the Copy-Paste outperforms the results method obtained
by models trained on only real data. According to the authors, the performance improve-
ment was over 21% on benchmark datasets. Ghiasi et al. [65] also report an improvement
in segmentation and detection of instances of the COCO dataset, having achieved 49.1
of AP in the detection of masks and 57.3 of AP in the detection of bounding boxes, an
improvement of +0.6 of AP in masks and +1.5 of AP in bounding boxes over the prior art.

The Copy-Paste method was initially designed to work with the instance segmentation
task [62] and not for object detection since its purpose is to copy an object in its entirety and
paste it into another image. How YOLO works with annotations in the form of bounding
boxes ([class x,y, width, height]) and non-polygons ([class x1,Y1, X2, Y2, X3,Y3, - -, Xn, Yn]),
commonly used for instance segmentation, it is not appropriate to copy all the content
(background) contained in a bounding box together with the lesion and paste it into a
new image, because during training a large number of False Positives, impairing the
performance regarding the detection of lesions. To workaround this problem, we generate
the lesion annotations in the form of polygons from the segmentation masks of these lesions
that are available together with the images of the DDR dataset.

To perform the process of creating fundus lesion annotations in the form of polygons,
first, the lesion annotations (Ground Truth) are imported from the DDR dataset. Then, the
information from the images and annotations are obtained so that the image files with the
binary masks of the lesions that are available in the dataset are then loaded. Thus, with
the help of the OpenCV function find_contours (), the binary masks of the lesions are
used to capture the contour of the lesions. After identifying the contour of the lesions,
annotations are created using the create_annotation_format() function. Finally, the
previously created annotations are used to generate annotations in the standard COCO
JSON format through the get_coco_json_format () function.

With the annotations of the fundus lesions in the form of polygons, it was possible
to copy only the lesions (excluding the background around the lesion) and paste them
into the images generated using the Copy-Paste technique. However, it is important to
note that when training the neural network, the copied lesions must have an annotation in
the bounding box format so that it is possible to perform the training of the deep neural
network. For this purpose, the segment2box() function of YOLOv5 was used, which
converts the label in the form of a segment (xy1,xy2,...) to a label in the form of a box
(xyxy).

Figure S10 presents an example of a fundus image of the DDR dataset with the
annotations of the fundus lesions, where (a) are examples of the annotations generated
in the format of bounding boxes that are used to train the proposed approach and (b) are
examples of the annotations generated in the polygon format that is used to apply the
Copy-Paste method.

With the Copy-Paste method we augment the dataset by generating additional training
data by copying lesions from an image to new fundus images. We randomly copy lesions
and their bounding box annotations and paste them on random backgrounds, as proposed
in the work by Dwibedi et al. [62]. In Figure 511, we present an example of data augmen-
tation performed with Copy-Paste on the fundus images of the DDR dataset, in which the
flagged lesions were randomly copied along with its bounding box to a new image.
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(2 (b)

Figure S10. Example of fundus image of the DDR dataset with annotations of fundus lesions: (a)
annotations in the format of bounding boxes that are used for training the neural network; and, (b)
polygon format annotations that are used to apply the Copy-Paste method. Fundus lesions can be
identified by colors: Hard Exudates (EX), in blue; Microaneurysms (MA), in green; and, Hemorrhages
(HE), in red.
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Figure S11. Example of data augmentation performed with the Copy-Paste method applied to fundus
images. Three retinal lesions are flagged with their bounding boxes that were randomly copied from
other fundus images in the DDR dataset and randomly pasted into a new image.

2.3. The MixUp

The next data augmentation method we used was MixUp [66-68], responsible for
randomly creating new examples by combining images. The main motivation of this
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method is to minimize the overfitting of deep neural networks during the training stage [66].
Despite its simplicity, MixUp has been shown to substantially improve the generalizability
of models across a wide range of Computer Vision tasks [66,69].

Very dense deep neural networks can present memory problems and high sensitivity
to adversarial examples. Improving generalizability and sensitivity to perturbations in the
input data remains a challenge [70]. The main motivation of this method is to minimize
overfitting in training deep neural networks [66]. Despite its simplicity, the MixUp method
has been shown to substantially improve the ability to generalize models across a wide
range of Computer Vision tasks [66,69].

Figure 512 shows an example of data augmentation resulting from the use of MixUp in
the fundus images of the DDR dataset. The purpose is to combine characteristics of different
images, as well as the annotations of bounding boxes of the lesions present in the images
used in the combination. Therefore, the objective of MixUp is to make the neural network
not very confident about the relationship between lesion characteristics and annotations,
making the proposed approach more sensitive to learning from adversarial examples and,
consequently, improving its generalization ability. We configured the proposed approach to
applying the MixUp method randomly to 50% of the images because during the experiments
values above this percentage caused a decrease in the predictive capacity of the model.

Blended subimage

N

Blended subimage

\

Blended subimage

Figure S12. Example of image resulting from the application of the methods Mosaic+MixUp on
fundus images of the DDR dataset, in which the different sub-images combined can be observed
according to the flags.

2.4. The Geometric Transformations

We also performed data augmentation through geometric transformations that were
applied to the original images. Geometric transformations are easily implemented and
provide good solutions for positional biases present in training data [64]. Some of its draw-
backs, however, include the computational cost in the transformation and the additional
training time [64]. In addition, some geometric transformations, such as translation or
random shear, must be applied carefully so that the original labels of an object present in
the image are not altered.
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We applied six geometric transformations to the fundus images of the DDR dataset:
vertical flip up-down, horizontal flip left-right, scale, perspective, translation and shear. It is
possible to verify in Figure 513 the transformations on the lesions and their bounding boxes.
While creating the artificial images, we preserved the annotations (bounding boxes) of the
lesions so that the original annotations of these lesions were not lost after we performed
the geometric transformations.

A
Pre-processed
Image

Vertical Flip Horizontal Flip Scale Perspective Translation Shear
up-down left-right

Figure S13. Example of increasing data on images through geometric transformations: Vertical flip
up-down, Horizontal flip left-right, Scale, Perspective, Translation, and Shear.

In the flipping geometric transformation the image is flipped horizontally or vertically.
Inversion rearranges pixels while protecting image features. It is one of the simplest
techniques to implement, being used in datasets such as CIFAR-10 and ImageNet [64].
Second Hao et al. [71], vertical flip flips the input image along its x axis (top to bottom),
while horizontal flip flips the input image along along its y axis (from left to right).

In the scaling geometric transformation the image is scaled outwards (zoom out), or
inwards (zoom in). Scale transformations increase or decrease a given object and, as a result,
change lengths and angles. The meaning of the scale transformation is to increase the xp
coordinate times. This requirement satisfies x’ = xp and therefore x = x'/p [72].

When the human eye views a scene, objects at a distance appear smaller than objects
closer. This phenomenon is known as perspective. The camera works on the same principle
as human vision [73]. The use of the perspective geometric transformation is inspired by
the phenomenon of camera perspective. In this transformation, parallelism, length, and
angle are not preserved, but collinearity and incidence. This means that straight lines will
remain straight even after the transformation. It can also be applied to projectively distort
an image to another image plane. For example, instead of looking at a scene directly ahead,
we can see it from another point of view through the perspective transformation.

In the geometric transformation translation the image is shifted to various areas along
the x axis or y axis. Shifting images left, right, up, or down can be a very useful transforma-
tion to avoid positional bias in the data [64]. A translation slides an object a fixed distance
in a certain direction. The original object and its translation have the same shape and size,
and they are facing the same direction, which means just moving an image without rotating
or resizing it, for example.

The shearing geometric transformation gives the impression of “pushing” a geometric
object in a direction parallel to a coordinate plane (3d) or a coordinate axis (2d), moving one
side of the image and transforming it from a square shape to a trapezoid shape [72]. This
transformation is different from rotation in that an axis is fixed and the image is stretched
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to a certain angle called the shear angle [74]. Table 54 presents the parameters used to apply
the geometric transformations on the fundus images.

Table S4. Parameters used to apply geometric transformations to fundus images

Method Description Parameter
Vertical flip Flips the input vertically around the axis x 0.5
Horizontal flip Flip the input vertically around axis y 0.5

Scale Zooms in or zooms out the transformed image | [—0.5 : 1.5]

Applies random four-point perspective input

Perspective according to a predefined scale [0+ 0.0005]
Translation Apph.es tra.nslafuon in the .horlzontal 0.9:1.1]
and vertical direction according to a range
Shear Applies 15° shear on the horizontal [0.05 : 1.05]

or vertical axis according to a range
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