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Eye diseases such as diabetic retinopathy and diabetic macular edema pose a major threat in today’s world as
they affect a significant portion of the global population. Therefore, it is of utmost importance to develop robust
solutions that can accurately detect these diseases, especially in their early stages. However, current methods,
based on hand-crafted features devised by experts, are not sufficiently accurate. Several solutions have been
proposed that use deep learning techniques to improve the performance of such systems. However, they ignore
the highly valuable hand-crafted features, that could contribute to more accurate prediction, which underlines
the significance of our research. In this paper, we revisit the problem of combining these hand-crafted features
with the features extracted by neural networks with the objective of delivering more accurate predictions. We
systematically study several state-of-the-art neural networks and methods and propose a number of ways to
integrate them into our framework. We show that we arrived at the conclusion that it is possible to achieve
significantly better results and outperform networks that do not consider hand-crafted features using the pro-

posed methods.

1. Introduction

Nowadays, diabetic retinopathy (DR) is the most common cause of
blindness in developed countries. It is an eye disease caused by long-
standing diabetes. Moreover, about 1 in 15 people with diabetes will
develop diabetic macular edema (DME). DME occurs when blood vessels
of the retina leak fluid into the macula which causes blurry vision. In
2019, an estimated 1.5 million deaths were directly caused by diabetes
and the World Health Organization estimates that 422 million people
worldwide have the disease [1]. Progression to vision impairment can be
slowed down if DR/DME is detected at an early stage.

Diabetic retinopathy (DR) is a diabetes complication, with possible
consequences ranging from mild visual impairment to blindness.
Currently, detecting the signs of DR/DME is a time-consuming and
manual process that requires a trained clinician to examine and evaluate
digital color fundus photographs of the retina. During the annual
screening, a large number of digital images are taken and evaluated by
an ophthalmologist. Only in the UK, the screening programs result in
around two million retinal images for evaluation each year [2].
Repeated screening of DR is therefore not only costly but also
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exhausting, so there is a significant need to automate this process.

Expectations for trustworthy automated screening systems are high
in the case of DR and DME. Recently, deep learning has been increas-
ingly used in the field of medical image analysis, and many such
methods have been proposed that use convolutional neural networks
(CNNs) to detect microaneurysms (MAs), hemorrhages (HEs), hard ex-
udates (EXs), or soft exudates (SEs). In [3], Shan et al. proposed a so-
lution in which the entire fundus image was divided into patches that
were considered as input without any further preprocessing steps. Then,
the applied Stacked Sparse Autoencoder automatically extracted the
distinguishing features to classify these patches. Tan et al. [4] showed
how they used a single CNN to automatically segment and discriminate
lesions on fundus images. They also divided the input image into 51 x
51 pixel patches and used their convolutional neural network to classify
them as background, EXs, HEs, or MAs.

In addition to the publications mentioned above, there are many
other papers in which the relevant features are extracted using con-
ventional digital image processing tools. Walter et al. [5] used
morphological processes and kernel density estimation to segment MAs
and evaluated the input images based on the number of detected lesions.

E-mail addresses: bogacsovics.gergo@inf.unideb.hu (G. Bogacsovics), toth.janos@inf.unideb.hu (J. Toth), hajdu.andras@inf.unideb.hu (A. Hajdu), harangi.

balazs@inf.unideb.hu (B. Harangi).

https://doi.org/10.1016/j.bspc.2022.103685

Received 26 October 2021; Received in revised form 9 March 2022; Accepted 9 April 2022

Available online 18 April 2022

1746-8094/© 2022 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


mailto:bogacsovics.gergo@inf.unideb.hu
mailto:toth.janos@inf.unideb.hu
mailto:hajdu.andras@inf.unideb.hu
mailto:harangi.balazs@inf.unideb.hu
mailto:harangi.balazs@inf.unideb.hu
www.sciencedirect.com/science/journal/17468094
https://www.elsevier.com/locate/bspc
https://doi.org/10.1016/j.bspc.2022.103685
https://doi.org/10.1016/j.bspc.2022.103685
https://doi.org/10.1016/j.bspc.2022.103685
http://crossmark.crossref.org/dialog/?doi=10.1016/j.bspc.2022.103685&domain=pdf
http://creativecommons.org/licenses/by/4.0/

G. Bogacsovics et al.

Quellec et al. [6] adapted optimal wavelet transform and template
matching to perform automatic segmentation of MAs in retinal images.
In [7], Agurto et al. proposed the use of multiscale amplitude
modulation-frequency modulation (AM-FM) as a feature extraction
method to discriminate between normal and pathological retinal
images.

In our previous work [8], we proposed a solution in which we
combine the powerful, self-extracted, CNN-based features with tradi-
tional, hand-crafted ones into a single framework to enhance classifi-
cation performance. Our idea derived from [9], where the authors
claimed that a CNN can automatically extract many important local,
textual features from images by convolving with a sliding window and
forming a filter. However, besides the local features, the global image
descriptors also have been playing an important role in many image
processing tasks. While the local features can be called textural features,
the global features usually mean contour features and structural fea-
tures. In the case of DR and DME, the presence of diseases is charac-
terized by detecting one or more retinal lesions like MAs, HEs, EXs, and
SEs. These signs can be described well by their contour feature and we
can successfully apply them to improve the final accuracy of a CNN-
based screening system.

In this paper, we extend our previous work by investigating the
applicability of some additional state-of-the-art neural networks. We
show that our experimental results support our former statement,
namely, that we can improve the final classification results of a CNN-
based solution by using hand-crafted features besides deep learning
ones. Moreover, we investigate the advantages of the proposed meth-
odology and also its limitations by a comprehensive comparison, where
we test different ways to concatenate the automatically extracted
textural features with the hand-crafted ones.

2. Materials and methods

Deep learning techniques have been widely used for solving a variety
of problems in the area of medical diagnosis [10-12]. The reason why
these solutions are so popular is the fact that modern, state-of-the-art
deep CNNs have the ability to automatically and efficiently extract
features that are required for classification. This means that experts do
not need to manually extract these features, thus saving time and effort,
while still being able to extract features that are required for a precise
diagnosis. Besides this positive property of CNNs we also need to
consider that although these neural networks could take spatial relations
into account by pooling local features into a global representation but
they are known to perform sub-optimally when learning long-range
patterns [13]. Baker et al. in [14] tested exhaustively their hypothesis
that CNNs are sensitive to an object’s local contour features but have no
access to global shape information. There is also evidence that there are
certain features that CNNs simply cannot learn, such as global features,
like Scale Invariant Feature Transform (SIFT) and Histogram of Oriented
Gradient (HOG) as mentioned in [9]. This suggests that it may be worth
to somehow fuse the hand-crafted features, which can take into account
these properties, and the features extracted by neural networks, which
tend to perform better than the traditional solutions. Ultimately, this
fusion could retain the best of both worlds, thus leading to better
generalization and more accurate diagnosis capabilities.

In this section, we present methods to combine hand-crafted features
with ones extracted by neural networks to deliver more accurate pre-
dictions. First, we introduce the datasets used for our experiments. We
also outline how hand-crafted feature extraction works and what fea-
tures are extracted in the process. Then, we show that these features can
be combined with those extracted by a variety of CNNs in several
different ways. Finally, we give a detailed overview of how these algo-
rithms performed on our test set and compare the results of the neural
networks with and without the hand-crafted features.
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2.1. Datasets

In this section, we give a brief description of the publicly available
datasets that were used to train and evaluate the methods described in
this work. The Kaggle DR and Messidor datasets and the training part of
the Indian Diabetic Retinopathy Image Dataset (IDRiD) were used for
training, while all evaluations were performed using the test part of the
IDRiD dataset.

2.1.1. Indian diabetic retinopathy image dataset

The IDRID dataset [15] consists of 516 color fundus images divided
into a training part of 413 images and a test part of 103 ones, approxi-
mately maintaining the mixture of disease stratification. The images
have a resolution of 4288 x 2848 pixels and a 50° field of view. Each
image is categorized according to the severity of DR (5 classes) and the
risk of DME (3 classes). Regarding DR, the training (test) set contains
134 (33) images labeled as no DR (DRO), 20 (5) as mild DR (DR1), 136
(32) as moderate DR (DR2), 74 (19) as severe DR (DR3), and 49 (13) as
proliferative DR (DR4). Concerning DME, the training (test) set includes
177 (44) images categorized as no risk of macular edema (DMEO), 41
(10) as moderate risk of macular edema (DME1), and 195 (48) as high
risk of macular edema (DME2) based on presence of hard exudates near
the macular center.

2.1.2. Kaggle DR dataset

The Kaggle DR dataset is the train portion of the dataset provided by
EyePACS for a DR grading challenge [16] held by Kaggle. It contains
35126 color fundus images with resolutions ranging from 400 x 315 to
5184 x 3456 pixels and different fields of view. For each image, a DR
grading score is provided: 25810 of these images are categorized as
DRO, 2443 as DR1, 5292 as DR2, 873 as DR3, and 708 as DR4. In
addition, 7806 of the images in this dataset were labeled by an experi-
enced local ophthalmologist for the risk of DME: 5949 of the images are
categorized as DMEOQ, 1033 as DME1, and 824 as DME2. It is important
to note that several images in this dataset are affected by imaging arti-
facts, blurring, under- or overexposure.

2.1.3. Messidor dataset

The Messidor dataset [17] comprises 1200 color fundus images with
three different resolutions (1440 x 960, 2240 x 1488, and 2304 x 1536
pixels) and a 45° field of view. Both DR and DME grading scores are
available for the images of this dataset; however, DR scoring differs
slightly from the method used for the other two datasets. Using the DR
severity classes of IDRiD and Kaggle DR, 546 of the images in this dataset
are categorized as DRO, 153 as DR1, 247 as DR2, and 254 as DR4.
Regarding DME, 974 images are categorized as DMEOQ, 75 as DME1, and
151 as DME2.

2.2. Extracting the hand-crafted features

The image-level and lesion-specific approaches used to extract the
traditional features considered in our methods are described in this
section.

2.2.1. Image-level feature extraction

For image-level feature extraction, we employed an amplitude and
frequency modulation-based approach [7], which extracts various fea-
tures from a retinal image by decomposing its green channel into AM-FM
components at different scales [18]. A collection of twenty-five band-
pass channel filters, coupled with four frequency scales, is used to
generate the different scales for feature extraction. After the image
features are extracted, the information is clustered into 30 groups using
k-means clustering. As a result, a 30-element feature vector is generated
that reflects the intensity, shape, and texture of the structures of the
image.
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2.2.2. Lesion-specific feature extraction

We employed two detector ensembles consisting of a set of
(preprocessing method, candidate extractor) pairs ((PP, CE) for short)
organized into a voting system to extract lesion-specific features asso-
ciated with microaneurysms (MAs) and exudates (EXs). By applying a PP
to the input retinal image and a CE to the PP output, a (PP, CE) pair is
formed. A (PP, CE) pair extracts a set of candidate lesions from the input
image and functions as a single detector method in this way.Number of
MAs Because MAs are the earliest manifestations of DR and indicators of
its progression, their number is an important factor in DR classification.
MAs are capillary swellings that appear as tiny red dots; however, their
similarity to vascular fragments makes them difficult to detect.

The combined output of the MA detector ensemble is obtained in the
following way: If the Euclidean distances of the candidates in the result
sets of (PP, CE) pairs are smaller than a given value, they are merged.
The ratio of the number of (PP, CE) pairs suggesting this candidate to the
total number of pairs in the ensemble is used to assign a confidence value
to each common candidate in the ensemble.

We used the results of Antal and Hajdu [19] to form the (PP, CE)
pairs of the ensemble. Five PPs (contrast-limited adaptive histogram
equalization (CLAHE) [20], illumination equalization (IE) [21], vessel
removal with inpainting (VR) [22], Walter-Klein contrast enhancement
(WK) [23], and "no preprocessing” (NP) for formal reasons) and three
CEs (the method of Lazar et al. [24], Walter et al. [25], and Zhang et al.
[26]) were selected. Table 1 (a) lists the (PP, CE) pairs in our MA de-
tector ensemble.

After the MA candidate set of the ensemble is obtained, it is
thresholded at six confidence levels and the number of candidates at
each level is counted to obtain six features.EX-specific features EXs
have properties useful in determining the severity of nonproliferative
DR and the risk of DME. EXs are lipid residues of serous leakage from
injured capillaries that appear as bright spots of various shapes in retinal
images.

The combined output of the EX detector ensemble is obtained as
follows: Each (PP, CE) pair produces a binary mask containing EX can-
didates. The probability that a pixel belongs to an EX is determined by
the ratio of the number of pairs that marked the pixel as EX to the total
number of pairs, which is then used to construct a probability map using
the output of the different pairs.

The results of Nagy et al. [27] were used to create the ensemble
described above. Four PPs (gray-world normalization (GN) [28],

Table 1
The (PP, CE) pairs of the (a) MA, and (b) EX detector ensembles.

@

PP CE
1 NP Lazar et al.
2 CLAHE Lazar et al.
3 IE Lazar et al.
4 WK Lazar et al.
5 NP Walter et al.
6 CLAHE Walter et al.
7 NP Zhang et al.
8 VR Zhang et al.
9 WK Zhang et al.
(b)
PP CE
1 GN Sopharak et al.
2 MC Sopharak et al.
3 VR Sopharak et al.
4 IE Walter et al.
5 MC Walter et al.
6 VR Walter et al.
7 IE Welfer et al.
8 MC Welfer et al.
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illumination equalization (IE) [21], morphological contrast enhance-
ment (MC) [29], and vessel removal with inpainting (VR) [22]) and
three CEs (the method of Sopharak et al. [30], Walter et al. [Wal-
ter2002], and Welfer et al. [31]) were selected. Table 1 (b) lists the eight
(PP, CE) pairs that were used in the ensemble.

As the last step, the result set of the EX ensemble is thresholded at
eight different confidence levels, resulting in a total of 32 features: the
ratio of all EX pixels to ROI pixels, the number of EXs (8-connected
components), the ratio of the largest EX (8-connected component) to
ROI, and the average EX size to ROL

2.3. Combining the hand-crafted features with deep learning techniques

In our previous work [8], we showed that by merging the hand-
crafted features with the features extracted by a CNN we could attain
state-of-the-art accuracy for this problem. To achieve this, we extended
the last fully connected (FC) layer (4096 neurons) with additional
neurons (68 in total) and then reduced the weights to the given class
probabilities. More precisely, for any given image x(, we calculated the
feature vectors extracted by AlexNet and the traditional extractors,

denoting them as ygi) and y(zi) respectively. The hand-crafted features
were normalized to bring yg) to the same scale as ygi). Then, we

concatenated these vectors to get yﬁi) =< y(li), y(2i> > and passed them
through an additional fully connected layer. Namely, we used a weight

matrix A of size 4164 x 5 (or 4164 x 3 for DME) to calculate y“) = ATyEi).
Then, we used the softmax function to obtain the predictive class

probabilities 7.

2.3.1. Extending the original method by using other architectures
Although we managed to get really good results with this solution, it

can also be seen how optimizing for more descriptive y(li), in other words,
choosing the architecture, can affect performance. This is why in this
paper, we extend this idea to several commonly used networks other
than AlexNet [32] and objectively compare the results of those networks
and their variants that use the hand-crafted features to demonstrate that
our solution greatly improves the classification accuracy. All the archi-
tectures received the input images in the shape that the original net-
works operated on. This meant that each RGB input image x® was
resized to the size of 224x224x3 before being given to the given
network. During the research, we chose AlexNet as our baseline network
and tried to improve its accuracy. To this end, we used several state-of-
the-art networks, such as MobileNetv3 [33] and Resnet-50 [34] and
compared their results to that of the baseline — both with and without the
hand-crafted features. In the case of the first one, for any given input
image x® the hand-crafted features were calculated and then concate-
nated with the extracted CNN features of the given network, while for
the latter one only the input image was given to the algorithm. For this
version V1 of the algorithm, we kept the original structure [8] but
swapped the feature extracting part with the given network (AlexNet,
MobileNetv3, and Resnet-50, respectively), as can be seen in Fig. 1.
While by substituting AlexNet with the other variants, we could
greatly improve classification accuracy as can be seen later in Section 3,
but this method had some shortcomings. Namely, we can clearly see that
although we take into account both the hand-crafted and CNN features,

we only pass them through one layer by calculating ygi) =< y(1i>, yg) >.

This makes combining y(li) and y(zi) hard, since we need to do that with
only a single hidden layer (A). For this reason, in this paper we also
explore new architectural solutions that may more effectively combine
the information extracted by these hand-crafted features with that of the
features extracted by a neural network.

2.3.2. Learning the features in parallel
One reasonable solution is to divide the computational graph of the
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network into two sub-parts as can be seen in Fig. 2: one that is respon-
sible for processing hand-crafted features and one that processes the
input image. These parts would calculate their predictions separately
and we could merge the results to get our final predictions. Namely,

extracted CNN features

nth fully connected layer

Fig. 1. Fusing the hand-crafted features with those extracted by a CNN in the last layer of the given neural network.

instead of calculating the feature vectors y(li) and y(zi), we could calculate

the approximate predictions y@ and y(zi) for each part and then average
the outputs. This would in fact act like a “mini” ensemble network that
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Fig. 2. Fusing the hand-crafted features with those extracted by a CNN by learning in two separate paths.
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uses majority voting, but where each path of the computational graph is
trained at the same time. This is possible since the backpropagation of
the predicted error is executed with one step from the calculated
predictions:

S0 5
F0 — )’Y JFyzl) '

> (€8]

This approach has many strong points. First of all, the features are
processed separately and undergo more steps, making it possible to
derive more high-level information. Moreover, we could benefit from
the advantages of using an ensemble solution, which often yields better
and more stable results. Finally, the network could also learn when it
should emphasize the hand-crafted features y(li) and when the CNN
features y\", depending on the input image x(? by adjusting its weights
accordingly. This can be especially important if sometimes the first one
and sometimes the latter one is more accurate, and when thus having the
ability to weight these predictions depending on the input image x®
could result in more stable predictions.

2.3.3. A deeper combination of the hand-crafted and CNN features

The method described in 2.3.2 guarantees that both the features
extracted by the CNN and the hand-crafted ones undergo a longer pro-
cessing step due to the increased number of fully connected layers.
However, in the long run, it may not always be beneficial to entirely
separate the processing of the hand-crafted and CNN features as it may
make the learning process much harder due to the increased number of
parameters and by having the network concentrate on essentially two
different things: making sense of the hand-crafted features and making
sense of the input image. This could greatly disrupt the learning process,
ultimately leading to poor results in some cases. Instead, we could move

the concatenation step yﬁi) =< y(li) , y(2i> > up in the algorithm described in
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2.3.1 to merge the features ygi) that have been extracted by purely the
convolutional layers with the hand-crafted ones, denoted as y(zi), and

then use more fully connected layers to process the joint features yﬁi).
This process can be observed in Fig. 3.

With this approach, we could get the benefits of both worlds: the
network would have more capabilities to process the feature vectors,
thanks to the increased number of dense layers, and both the features
extracted by the convolutional layers and the hand-crafted ones would
be processed at the same time, layer by layer. This gives the network the
ability to learn and recognize more complex patterns that would require
both of them, ultimately leading to more robust and accurate
predictions.

3. Results and discussion

In this section, we explain what methods we used to divide the
dataset into training and validation sets and how the different hyper-
parameters were optimized for each architecture. We also detail how the
experimental results were obtained, what metrics we used, how we
evaluated the different algorithms, and draw some experimental
conclusions.

3.1. Cross-validation

As noted in 2.1, we used a total of 36739 images (413 from IDRiD,
35126 from the Kaggle and 1200 from the Messidor dataset) for training
and the test part of the IDRiD dataset for testing. To get a better un-
derstanding of the results, we divided the dataset into smaller cross-
validation sets. For each set and every problem type (DME or DR), we
divided the original data into training and validation parts in the ratio of
4:1 (80% training, 20% validation), while keeping the relative fre-
quencies of the different classes the same. With the latter, we tried to
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Fig. 3. Fusing the hand-crafted features with those extracted by a CNN by moving the concatenation step up in the architecture.
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mitigate the distribution shift between the training and validation set.
Furthermore, there was no overlap between the cross-validation sets,
meaning that the validation sets were disjunct. This meant that if an
image appeared in the validation set of one cross-validation set, then it
could no longer appear in the validation set of any subsequent cross-
validation set. As for the classes themselves, we made sure that all an-
notations followed the same grading procedure. The manual annotations
of the images were made by ophthalmologists according to the Inter-
national Clinical Diabetic Retinopathy (ICDR) disease severity scale [35]
for all three of the original image datasets (Messidor [17], Kaggle [16],
and IDRiD [15] datasets) that we used. The ICDR scale is one of the most
commonly used clinical scales and consists of a 5-point grade for DR: no,
mild, moderate, severe, and proliferative.

3.2. Hyperparameter search

We thoroughly searched the optimal hyperparameters for each al-
gorithm. This search included looking for the optimal batch size, opti-
mizer, learning rate, and the number of epochs. The hyperparameter
search was naturally carried out purely on the training set. In the case of
optimizers, we experimented with Stochastic Gradient Descent (SGD)
[36] (both with and without momentum) and Adam [37] and looked for
the one that made the loss decrease in the smoothest way possible, with
minimal oscillations and continuous decreases over the epochs. For the
batch size, we looked for the value that made the learning process the
most stable and led to the smallest oscillation in the training loss. In the
case of the learning rate, we used learning rate scheduling and examined
the change of the loss. Then, we picked the learning rate Ir that had the
lowest observed loss value and had a sufficiently large environment
[Ir —e,Ir +€] in which the loss values did not oscillate and did not in-
crease rapidly. Finally, we chose the number of epochs so that training
was terminated when the validation loss started to continuously
increase.

We found the batch size of 32 and the Adam optimizer to be the best
for every algorithm, while the optimal learning rate and the number of
epochs varied from network to network. Table 2 and 3 below summarize
the best hyperparameter settings for each network and problem type
(DR and DME). These were the ones that we used for evaluating the
different algorithms in Section 3.5.

3.3. Evaluation

All of the algorithms were evaluated on the test part of the IDRiD
dataset, as described in 2.1. Each image x had its corresponding DR
and DME labels, as well as the hand-crafted features associated with the
given image. As the test set that we had access to was heavily imbal-
anced and skewed towards certain classes, we took several metrics into

Table 2
The list of optimal hyperparameters for the DR problem.
Network Type Optimizer Batch size Learning rate Epochs
AlexNet original Adam 32 0.0001 100
MobileNetv3 original Adam 32 0.001 150
ResNet-50 original Adam 32 0.001 100
AlexNet \21 Adam 32 0.0001 100
MobileNetv3 \21 Adam 32 0.001 150
ResNet-50 A%t Adam 32 0.0001 100
AlexNet V2 Adam 32 0.001 150
MobileNetv3 V2 Adam 32 0.001 200
ResNet-50 V2 Adam 32 0.001 150
AlexNet V3 Adam 32 0.0001 150
MobileNetv3 V3 Adam 32 0.0003 200
ResNet-50 V3 Adam 32 0.0001 100
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Table 3
The list of optimal hyperparameters for the DME problem.
Network Type Optimizer Batch size Learning rate Epochs
AlexNet original Adam 32 0.0001 150
MobileNetv3 original Adam 32 0.0001 200
ResNet-50 original Adam 32 0.001 200
AlexNet V1 Adam 32 0.0003 150
MobileNetv3 V1 Adam 32 0.0001 200
ResNet-50 V1 Adam 32 0.001 200
AlexNet V2 Adam 32 0.001 150
MobileNetv3 V2 Adam 32 0.001 200
ResNet-50 V2 Adam 32 0.001 150
AlexNet V3 Adam 32 0.0003 200
MobileNetv3 V3 Adam 32 0.0003 200
ResNet-50 V3 Adam 32 0.001 200

account during the evaluation process to make it fairer. Namely, since a
standard accuracy value would give biased results in our case, we used a
weighted average of the accuracies calculated at the class level, where
each weight represented how many times a given class occurred in the
test set. Furthermore, we calculated a number of metrics regarding the
performance of the algorithms and their ability to differentiate healthy
and non-healthy images, such as Positive Predictive Value (PPV),
Sensitivity (SE), Specificity (SP), F;-score, and weighted accuracy
(ACCy). To calculate these, we considered the following quantities for
every prediction: true positives (TP), true negatives (TN), false positives
(FP), and false negatives (FN). In our case TP meant that both the pre-
diction and the ground truth said the given image x{) belonged to a
non-healthy specimen, while TN meant the same but with healthy
specimens. The number of FPs indicated how many times the algorithm
predicted the non-healthy label, while the ground truth was healthy,
and the number of FNs showed the exact opposite. The exact formulas of
the used metrics are given as:

TP
PPV =—"— @)
TP + FP
TP TN
E = P =
SE=gp v ST NP 3
27P
F) —score = —— —— (€))
2TP + FP + FN
TP + TN
A - @
CC= P FP+FN+IN )
ACC, = Y wexACC(c), 6)

cEclasses

where w, is the ratio of the samples in the class ¢ to the total number of
samples.

3.4. Project setup

The experiments were carried out on a computer with an Nvidia RTX
3080 video card and a total of 128 GB RAM. The codebase was written
purely in Python and we used the PyTorch framework for writing the
experiment code.

3.5. Experimental results

As noted in 3.3, we used a variety of metrics to reliably evaluate the
performance of the different algorithms, which is why we have included
multiple tables for each problem type (DR and DME). Furthermore, as
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we noted in 3.1, we divided the dataset into cross-validation sets.
Consequently, all the tables in this section show the results of the
different algorithms measured after being trained on both of these cross-
validation sets. The results shown are calculated at 95% confidence
levels and are sorted by network and algorithm type. For the original
networks, we refer to as original, while the algorithms introduced in
2.3.1, 2.3.2 and 2.3.3 are noted as V1, V2, and V3, respectively. We
would also like to note that since the ResNet-50 architecture only had a
total of one fully connected layer, the V3 version of the network is fully
equivalent to the V1 version. Therefore, the tables presented contain the
same results for these two versions of the ResNet-50 architecture.

We have also trained several baselines that only used the hand-

crafted features y(zi) but did not use the input images to measure the
predictive capabilities of the hand-crafted features alone. We have
considered three different approaches for this task. In the first approach,

we optimized directly for the best set of weights A to calculate y© =
ATy(2i>, then, similarly to Section 2.3.1, we used the softmax function to

calculate the predicted class probabilities y‘”. We will refer to this
approach as Softmax in the subsequent tables. In the second and third
approaches, we used an SVM and a neural network (MLP) respectively to

calculate y(i). For the SVM, we used the Radial Basis Function (RBF)
kernel, while for the MLP, we used 2 hidden layers with 64 and 32 units
respectively. Furthermore, we have also considered another set of ar-
chitectures from [38] as additional baselines to compare our results
with. We will refer to this last approach as LightCNN in all the subse-
quent tables while also specifying the type of architecture used as dis-
cussed in the original paper [38] by abbreviating random forest with RF
and decision tree with DT.

3.5.1. Diabetic retinopathy

First, we measured the ability of the networks to differentiate be-
tween healthy and non-healthy images as a starting point. While the
networks that used only the hand-crafted features performed surpris-
ingly well, they achieved substantially worse results in terms of SE and
Fi-score as compared to the original networks that received only the
images as inputs. In other words, — according to the formulas (2) and (3)
— the number of FNs was substantially greater than the number of FPs for
the networks that only used the hand-crafted features. This increase in
the FNs resulted in the model misclassifying numerous ill specimens as
non-healthy. The architectures proposed in [38] achieved really good
results similar to that of the original ResNet-50 model but were still
outperformed by the networks that used the hand-crafted features.
While all of the original networks were able to more or less determine
these classes without the hand-crafted features, as can be seen in
Table 4, the usage of hand-crafted features improved the performance
greatly in all cases. The improvements were the most substantial for
networks derived from the original AlexNet architecture, while the best
performing algorithms were the V2 versions of the two newer networks.

Since all of the networks were able to differentiate between healthy
and non-healthy specimens, we measured their performance with re-
gard to their accuracies per class. These class-level accuracies can be
seen in Table 5. The networks that used only the hand-crafted features
performed surprisingly well yet again for some classes (DR1, DR3 and
DR4) but performed really poorly for other classes (DR2). The reason
behind their remarkably good results for DR4 was that they did not
predict DR4 for any given sample; meaning that they only predicted
0 values for this class. Since the total number of DR4 specimens was
really low compared to other classes, this resulted in only a handful of
DR4 cases, leading to a great number of 0 values and only a few 1 values
in the ground truth, which combined with the fact that the networks
predicted O values for each sample resulted in a high accuracy value for
this class. The architectures proposed in [38] delivered much better
results, surpassing several networks that only used the input images but
they were still outperformed by the networks that used both the hand-
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Table 4
A summary of the metrics measured on the DR dataset.

Network Type PPV SE SP F;-score

LightCNN SVM 0.905 + 0.804 + 0.824 + 0.849 +
[38] 0.044 0.128 0.115 0.052

LightCNN RF 0.858 + 0.826 + 0.721 + 0.840 +
[38] 0.017 0.142 0.086 0.066

LightCNN MLP 0.909 + 0.790 + 0.838 + 0.845 +
[38] 0.038 0.071 0.087 0.025

LightCNN DT 0.801 + 0.848 + 0.574 + 0.824 +
[38] 0.003 0.043 0.029 0.019

Hand-crafted Softmax 0.780 + 0.616 + 0.647 + 0.688 +
0.012 0.043 0.001 0.031

Hand-crafted SVM 0.793 + 0.638 + 0.662 + 0.707 +
0.042 0.001 0.086 0.017

Hand-crafted MLP 0.888 + 0.746 + 0.809 + 0.811 +
0.017 0.014 0.029 0.015

AlexNet original 0.746 + 0.783 + 0.412 + 0.774 +
0.053 0.142 0.173 0.016

MobileNetv3 original 0.820 + 0.855 + 0.544 + 0.828 +
0.017 0.028 0.086 0.012

ResNet-50 original 0.908 + 0.797 £ 0.824 + 0.846 +
0.108 0.085 0.231 0.001

AlexNet \21 0.741 + 0.833 £ 0.662 + 0.800 +
0.005 0.014 0.087 0.021

MobileNetv3 A%t 0.893 + 0.841 + 0.794 + 0.866 +
0.054 0.000 0.115 0.025

ResNet-50 \21 0.932 + 0.783 £ 0.882 + 0.850 +
0.029 0.028 0.058 0.005

AlexNet V2 0.880 + 0.783 £ 0.794 + 0.809 +
0.030 0.028 0.058 0.001

MobileNetv3 V2 0.876 + 0.877 + 0.750 + 0.873 +
0.056 0.099 0.140 0.019

ResNet-50 V2 0.938 + 0.797 + 0.897 + 0.840 +
0.013 0.028 0.029 0.021

AlexNet V3 0.835 + 0.848 + 0.691 + 0.824 +
0.013 0.071 0.029 0.024

MobileNetv3 V3 0.924 + 0.783 £ 0.868 + 0.847 +
0.047 0.000 0.087 0.020

ResNet-50 V3 0.932 + 0.783 £ 0.882 + 0.850 +
0.029 0.028 0.058 0.005

crafted features and image inputs. For these networks, while the same
ones (the V2 version of MobileNetv3 and Resnet-50) seemed to perform
the best for DRO and DR1 as in Table 4, for the other classes, there were
better performing alternatives. 3 out of 5 of these used hand-crafted
features with DR4 being an exception due to its low cardinality, and
even in the case of DR3 and DR4, the difference between the best and
second-best network (which used the hand-crafted features) was negli-
gible (0.005 and 0.005). While on the other hand, in the case of the other
classes, the difference between networks without and with the hand-
crafted features was quite substantial, in favor of the latter. This dem-
onstrates again that using the hand-crafted features is beneficial for any
of these networks and can drastically increase the accuracy.

To get a general overview of how the different networks performed
on the test set, we also measured their weighted accuracies. For this
purpose, we calculated the accuracies on the class level and then
weighted the results depending on the number of samples per class in the
test set. The results can be seen in Table 6. It can be seen that although
the networks that only used the hand-crafted features performed well for
some classes as we noted for Table 5, the overall accuracy of these
networks was substantially lower than that of the networks that used the
input images as well. The architectures proposed in [38] performed
considerably better but were yet again outperformed by some of the
networks that used both the hand-crafted features and the input images.
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Table 5 Table 6
A summary of the class-level accuracies measured on the DR dataset. The weighted accuracies measured on the DR dataset.
Network Type DRO DR1 DR2 DR3 DR4 Network Type ACC,,
LightCNN SVM 0.811 0.951 0.651 0.835 0.859 LightCNN [38] SVM 0.778 + 0.002
[38] + + + + + LightCNN [38] RF 0.779 + 0.007
0.048 0.001 0.057 0.019 0.029 LightCNN [38] MLP 0.792 + 0.016
LightCNN RF 0.791 0.918 0.675 0.835 0.869 LightCNN [38] DT 0.731 + 0.014
[38] + + + + +
0.067 0.048 0.086 0.019 0.010 Hand-crafted Sof 0.654 £ 0,012
LightCNN MLP 0.806  0.947  0.694 0835  0.874 Ha“ d'“a fte < "S\t]‘;[a" oers - 00m
| 38 | + + 4+ + + and-crafted X N
0019 0010 0020 0057  0.019 Hand-crafte MLP 0.752 4 0.001
LightCNN DT 0.757 0.850 0.617 0.777 0.835
[38] + + + + + AlexNet original 0.687 + 0.011
0.019 0.048 0.029 0.019 0.001 MobileNetv3 original 0.771 + 0.022
ResNet-50 original 0.807 + 0.030
Hand-crafted  Softmax 0.626 0.951 0.452 0.816 0.874
+ + + + + AlexNet V1 0.723 =+ 0.025
0.029 0.001 0.010 0.001 0.001 MobileNetv3 V1 0.799 + 0.007
Hand-crafted SVM 0.646 0.951 0.495 0.840 0.874 ResNet-50 V1 0.805 + 0.048
+ + + + +
0.029 0.001 0.095 0.010 0.001
Hand-crafted ~ MLP 0.767 0.951 0.612 0.835 0.864 AlexNet V2 0.725 + 0.004
+ N N + N MobileNetv3 V2 0.763 + 0.021
0.019 0.001 0.019 0.001 0.001 ResNet-50 V2 0.788 + 0.002
AlexNet original  0.695 0.947 0.534 0.753 0.762 AlexNet V3 0.731 £ 0.008
N 4 + n n MobileNetv3 V3 0.803 =+ 0.034
0.028 0.009 0.020 0.105 0.086 ResNet-50 V3 0.805 + 0.048
MobileNetv3  original ~ 0.763 0.937 0.631 0.840 0.830
+ + + + +
0.028 0.028 0.057 0.028 0.010 3.5.2. Diabetic macular edema
ResNet-50 original  0.806 0.942 0.709 0.884 0.855 For DME, we followed the exact same steps as outlined previously in
+ + + + + 3.5.1. First, we measured how reliably the various algorithms could
0.020 0.019 0.095 0.019 0.019 . . . .
differentiate the healthy specimens from the non-healthy ones using the
PPV, SE, SP, and F,-score metrics. As it can be seen in Table 7, all the
AlexNet Vi 0777 0.951 0.549 0.840 0.850 networks were able to achieve this task. The networks that only used the
- iy - - iy hand-crafted f had th blem that we discussed i
0.038 0.000 0.085 0.028 0.009 and-cra te eatgres ad the exact same problem that we discussed in
MobileNetv3 V1 0.796 0.947 0.641 0.850 0.869 Section 3.5.1: their SE scores were substantially lower than that of the
+ + + + + other networks, except for the network that used the two-layer neural
0.020 0.009 0.019 0.028 0.010 network (MLP). As for the architectures proposed in [38], they achieved
ResNet-50 vl 0.806 0.947 0.728 0.864 0.859 - L
L L i L i really good results, surpassing most (but not all) of the original networks
0.020 0.009 0.114 0.020 0.010 but were still outperformed by the networks that used both the hand-
crafted features and the input images. As for AlexNet, MobileNetv3
AlexNet Va2 0.738 0.947 0.622 0.869 0.753 and ResNet-50, comparing the Sf)lu.tl().ns that dlfi .not use the hand-
+ + + + + crafted features with those that did, it is clearly visible that the results
0.020 0.009 0.019 0.028 0.008 of the latter were substantially better. The network with the most
MobileNetv3 V2 0.830  0.956 0.612 0.821 0.845 notable and drastic improvements was MobileNetv3, which turned out
= x x * * to be the best performing solution regarding these metrics.
0.010 0.010 0.095 0.028 0.019 .
ResNet-50 V2 0.806 0.956 0.675 0.879 0.788 Next, we measured how accurately the networks could classify the
+ + + + + specimens into different classes. In the case of DME, there were a total of
0.020 0.010 0.048 0.028 0.002 3 classes: DMEO, DME1, and DME2. Table 8 shows the measured class-
level accuracies. Among the networks that only used the hand-crafted
AlexNet V3 0.758 0.932 0.622 0.826 0.731 features, the Softmax and SVM versions performed substantially worse
+ + + + + than the other networks in the case of DMEO and DME2. The version that
. 0.019 0.037 0.038 0.019 0.008 used the MLP as its backbone performed remarkably well, almost sur-
MobileNetv3 V3 0.811 0.937 0.743 0.869 0.831 . o .
N N i N N passing the original AlexNet network in all aspects but was out-
0.028 0.028 0.028 0.010 0.028 performed by both the other original networks and the ones that used
ResNet-50 V3 0.806 0.947 0.728 0.864 0.859 the hand-crafted features as well as the input images. The LightCNN
+ + + + +

0.020 0.009 0.114 0.020 0.010

We can once again see that by using the hand-crafted features, the
overall accuracy has greatly improved for all of the networks. The best
performing networks were once again the ones based on the Mobile-
Netv3 and Resnet-50 architectures, but even the ones using AlexNet
benefitted greatly from the usage of the hand-crafted features.

variants performed quite uniformly, meaning that the accuracy values
were almost the same for each architecture but were now outperformed
by not only the networks that used the hand-crafted features and the
input images but also by the original networks as well. It can be also seen
that the networks using the hand-crafted features performed substan-
tially better than the networks that did not use these features. Only the
MobileNetv3 architecture was a slight exception since it achieved good
results for the DME2 class. However, the results of this network without
the hand-crafted features were significantly lower in the case of the
other classes. The best performing network was the ResNet-50 network
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Table 7 Table 8
A summary of the metrics measured on the DME dataset. A summary of the class-level accuracies measured on the DME dataset.
Network Type PPV SE SP F;-score Network Type DMEO DME1 DME2
LightCNN SVM 0.913 + 0.724 + 0.911 + 0.808 + LightCNN [38] SVM 0.806 £ 0.001  0.816 +0.019  0.777 + 0.057
[38] 0.001 0.001 0.001 0.001 LightCNN [38] RF 0.811 £0.010  0.806 +0.001  0.772 + 0.086
LightCNN RF 0.897 + 0.750 + 0.889 + 0.817 + LightCNN [38] MLP 0.801 +0.010  0.816 +0.019  0.782 + 0.067
[38] 0.002 0.017 0.001 0.011 LightCNN [38] DT 0.816 +£0.038  0.825+0.001  0.786 + 0.057
LightCNN MLP 0.922 + 0.707 + 0.922 + 0.800 +
28] 0.020 0001 0.022 0.008 Hand-crafted  Sof 0.553 £0.001  0.903 +0.001  0.563 + 0.019
LightCNN T 0-898 & 0.759 & 0889 & 0822 & Hand-crafted 0S\t/rlr\;fm 0.675 + 0.085 0.903 + 0'001 0'675 + 0.085
[38] 0.04 0.034 0.044 0.037 and-crafte - - : : : -
Hand-crafted MLP 0.782+£0.010  0.893+0.001  0.752 % 0.010
Hand-crafted Softmax 0.786 + 0.285 + 0.900 + 0.418 + AlexN ieinal 0.753 4+ 0.028 0.859 4 0.047 0.801 £ 0.029
0.027 0.017 0.022 0.015 bi o 3 Orfg%nal 04816 0.019 0.8 9 . 0.009 0.869 0.010
Hand-crafred ~ SVM 0.781 + 0.595 + 0.778 + 0.674 + M; ‘;N“gg "rfgf“al Pt i o000 0'8;4 i ooan oo i oty
0.142 0.017 0.174 0.064 esNet- origina - : - : : -
Hand-crafted MLP 0.859 + 0.733 + 0.844 + 0.791 +
0.003 0.017 0.001 0.011 AlexNet V1 0.772 £0.028  0.893 +0.020  0.762 + 0.047
MobileNetv3 \al 0.826 £ 0.038  0.893 +0.020  0.840 + 0.047
AlexNet original 0.815 = 0.681 & 0789 = 0757 - ResNet-50 V1 0.869 = 0.010  0.913 +0.019  0.869 + 0.010
0.023 0.085 0.022 0.048
MobileNetv3 original 0.848 + 0.785 + 0.811 + 0.831 + AlexNet V2 0.801 + 0.010 0.908 + 0.010 0.797 + 0.038
0.007 0.017 0.022 0.019 MobileNetv3 \'%] 0.777 £ 0.076  0.893 + 0.020  0.782 + 0.105
ResNet-50 original 0.938 + 0.785 £+ 0.956 + 0.855 + ResNet-50 V2 0.762 + 0.010  0.884 + 0.019  0.748 + 0.038
0.001 0.017 0.044 0.011
AlexNet V3 0.762 +0.010  0.898 +0.029  0.719 + 0.038
AlexNet Vi 0.851 + 0.724 + 0.833 + 0.782 + MobileNetv3 V3 0.884 + 0.019  0.888 £0.010  0.864 + 0.037
0.078 0.034 0.109 0.013 ResNet-50 V3 0.869 + 0.010  0.913 + 0.019  0.869 + 0.010
MobileNetv3 V1 0.900 + 0.810 + 0.889 + 0.833 +
0.039 0.034 0.044 0.036
ResNet-50 sl 0.940 + 0.836 + 0.922 + 0.878 +
0.002 0.017 0.022 0.006 Table 9
The weighted accuracies measured on the DME dataset.
AlexNet V2 0.897 + 0.724 + 0.889 + 0.806 + Network Type ACC,,
0.068 0.068 0.087 0.003 - -
MobileNetv3 V2 0859+ 0750+  0.845+ 0.787 + LightCNN [38] SVM 0.793 £ 0.029
0109 0.017 0.131 0.069 LightCNN [38] RF 0.792 + 0.044
ResNet-50 V2 0832+ 0724+ 0811+ 0774+ LightCNN [38] MLP 0.793 4 0.029
0.010 0.034 0.022 0.015 LightCNN [38] DT 0.803 + 0.043
AlexNet V3 0.797 + 0.802 + 0.745 + 0.786 + Hand-crafted Softmax 0.592 & 0.009
0.014 0.017 0.022 0.007 Hand-crafted SVM 0.697 + 0.077
MobileNetv3 V3 0951+  0.836+ 0945+  0.890+ Hand-crafted MLP 0.779 £ 0.009
0.019 0.017 0.022 0.018
ResNet-50 V3 0.940 + 0.836 + 0.922 + 0.878 + AlexNet original 0.783 + 0.026
0.002 0.017 0.022 0.006 MobileNetv3 original 0.847 + 0.012
ResNet-50 original 0.852 + 0.022
and its V1 and V3 versions, which achieved top 1 scores for 2 out of the 3
1 AlexNet A1 0.779 + 0.037
classes. ) ) MobileNetv3 V1 0.837 + 0.043
Finally, we measured the weighted accuracies (ACC,) of the net- ResNet-50 %l 0.874 + 0.007
works on the test set. As it can be seen in Table 9, we can once again
.conﬁrm that the usage of the hand-crafted features led to significant AlexNet Va2 0.809 + 0.024
improvements. The networks that only used the hand-crafted features MobileNetv3 V2 0.789 + 0.082
performed significantly worse yet again with the exception of the MLP ResNet-50 V2 0.764 + 0.018
variant which performed almost comparably to the AlexNet original
network. The results of the LightCNN architectures was once again AlexNet V3 0.754 + 0.028
really uniform but they were outperformed by both the majority of the MobileNetv3 V3 0.875 £ 0.011
ResNet-50 V3 0.874 + 0.007

original networks and the ones that used both the hand-crafted features
and the input images. The best performing networks were the Mobile-
Netv3 (V3) and ResNet-50 (V1 and V3) architectures, which corresponds
to the previous tables (Table 7 and Table 8) and other metrics as well.

4. Conclusions

In this work, we explored how diabetic retinopathy and diabetic
macular edema can be detected on fundus images. We revisited the
problem of combining the hand-crafted features with those extracted by
neural networks. We built upon our previous work [8] to show that
several architectures can be used to extract the CNN features and
denoted this version as V1. We also noted that choosing the optimal

architecture is challenging and can greatly affect the final results. Then,
we proposed two more methods, which increase the computational ca-
pabilities of V1. In V2, we separated the computational graph into two
distinct paths: one that processes only the hand-crafted features and one
that processes those extracted by the neural network. We noted that this
separation may not always be optimal, as it totally isolates these fea-
tures. To overcome this issue, we proposed another method, V3, where
both kinds of features are processed at the same time, layer by layer,
resulting in the detection of more complex patterns.

We have shown that each of the proposed versions has advantages
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and disadvantages, which makes choosing the best architecture a really
difficult task. We measured the performance of all of these algorithms, as
well as their original networks on our test set, and also compared these
results to several baselines that only used the hand-crafted features as
well as different architectures proposed in [38] and used a variety of
metrics to make the evaluation more precise and fair. We have shown
that all of the algorithms that used the hand-crafted features achieved
substantially better results than the networks that did not use them and
outperformed the aforementioned baselines and architectures as well.
Then, we concluded that while the overall performance of the different
versions of the proposed algorithm were close to each other, for our
problem the V3 version of MobileNetv3 and the V1 version of ResNet 50
architectures performed the best. We made the hand-crafted features
used in this paper openly available in FigShare at [39] and the code at
[40].
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