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Abstract—Optical Coherence Tomography Angiography
(OCTA) is a promising new imaging technique in ophthalmology
for diagnosing Diabetic Retinopathy (DR) in diabetic patients.
Early detection and treatment of DR is crucial to prevent
vision loss and blindness. Deep Learning-based approaches to
image classification have proven to be very effective in image
analysis tasks, but their adoption hinges on the ability of the
medical professionals to understand how these networks make
their decisions. This study focuses on exploring explainable
artificial intelligence techniques to better understand how a
Convolutional Neural Network (CNN) classifies OCTA images
of diabetic patients with varying levels of DR. This exploration
is based on Signature Activation, a technique that generates
holistic and class-agnostic explanations of the CNN’s decisions.

Index Terms—diabetic retinopathy, explainable artificial intel-
ligence, signature activation, convolutional neural network

I. INTRODUCTION

Diabetic Retinopathy (DR) is a medical condition that can
damage the patient’s retina as a result of the underlying
Diabetes Mellitus (DM) disease, leading to low vision or
blindness if left untreated [1]. DR occurs when the high blood
sugar caused by diabetes damages the blood vessels in the
retina. Both Type 1 and Type 2 DM can cause DR, though
it is more prevalent in Type 1 DM patients. Early detection
and treatment of DR in diabetic patients is crucial, which
can be assisted by the analysis of retinal images of different
modalities [2] using Deep Learning (DL) methods [3]–[5].

DL methods in general can be considered to be “black
boxes”, meaning that it is very difficult to understand, and
therefore justify, their inner workings, or ascertain how they
make prediction or classification decisions based on the
available inputs. The most common DL approach for image
analysis is Convolutional Neural Networks (CNN). In recent
years, various methods have been applied to CNNs to better
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understand how they make their predictions/classifications.
They fall within the domain of explainable AI (XAI) [6] and,
if pertaining to image data, saliency methods.

This study explores a particular saliency method called
Signature Activation (SA), and compares it to another related
method known as Gradient-weighted Class Activation Map-
ping (Grad-CAM). Both are used on CNN models, trained on
a real clinical image dataset of Type 1 Diabetes patients for
a prediction task involving the presence or absence of DR.
The dataset comprises images acquired via Optical Coherence
Tomography Angiography (OCTA). From the trained CNNs,
saliency maps are generated through SA and Grad-CAM.
These saliency maps are analyzed to study how such methods
can be used to improve explainability, in particular when used
in the medical setting under consideration.

II. MATERIALS

The OCTA images dataset analyzed in this study was
obtained in a clinical trial sponsored by Fundació Clı́nic per a
la Recerca Biomèdica, Hospital Clı́nic de Barcelona and Fun-
dació La Marató de TV3 (ClinicalTrials.gov NCT03422965).
For each eye, 4 different OCTA images were collected, in-
cluding 2 types of scanning protocols - 3 × 3 mm and 6 × 6
mm. The latter provides a wider view of the retinal area, while
the former is more focused on the central region. The original
dataset involves six classes: five of them include patients with
Type 1 DM and either no-DR or DR in different stages of
development, while a sixth consists of control patients. Our
experiments concern the classification of Type 1 DM patients
with no DR (label 0, 438 patients) vs. Type 1 DM patients
with different levels of DR: label 1, comprising cases of mild
NPDR (158), moderate NPDR (24), severe NPDR (2) and
proliferative DR (1). This choice is made on the basis of
medical relevance.

The dataset was shuffled and split into training (492 items)
and validation (131) sets using an 80/20 stratified split. For this
study, 3 × 3 mm superficial capillary plexus (SCP) images,
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which focus on the superficial vascular plexus, were used,
following previous studies [7], [8]. Various types of data
augmentation (including included random left-right flips, up-
down flips, 90 degree rotations, brightness, contrast, central
zoom and random zoom) were applied to compensate some of
the underrepresented categories of the dataset, such as severe
NDPR and proliferative DR.

III. METHODS

As mentioned in the introduction, in this study we focus
on the SA [9] and Grad-CAM [10] techniques. Signature
Action is a class-agnostic method, meaning that it provides
a holistic view of what a model’s layer focuses on, regardless
of which class is represented in the image. Such methods can
be especially useful for medical imaging, where it is important
to show the saliency maps of all of the relevant parts of the
image contributing to a classification.

Grad-CAM is a popular explainability technique for CNNs
[10], which improves upon previous interpretability methods
such as CAM (Class Activation Mapping), by allowing it to
work on a broad range of network architectures. It differs from
SA in some aspects. While Grad-CAM is class-discriminative
in multi-class scenarios, meaning that it generates separate
visualizations for each class, SA is class-agnostic, generating
a holistic activation map for all classes. Regarding the archi-
tecture of CNN, we used the VGG19 [11], [12] model in the
experiments. This is a popular architecture belonging to the
VGG (Visual Geometry Group) family of networks. It consists
of 19 layers, 16 of which are convolutional, while the other
3 are fully-connected layers. The convolutional layers consist
of 5 blocks with max-pooling layers in between of stride 2,
gradually reducing the dimensions of the feature maps by half.
The blocks contain 2, 2, 4, 4 and 4 convolutional layers each,
respectively, and use 3× 3 kernel filters and ReLU activation.
The three fully connected layers have 4096, 4096, and 1000
channels each in the original design.

CNN models were trained using binary cross-entropy loss
with an Adam optimizer. A checkpoint callback was used to
save the best model based on the lowest achieved validation
loss during training. Various performance assessment metrics
were calculated, including accuracy (ACC), AUC score, F1
score per class, and Brier score per class [13].

SA explanations were generated for various images from the
validation dataset. The method was applied to various layers of
the base model, resulting in activation maps of varying degree
of resolution prior to resizing (depending on the shape of the
given layer), in such a way that how the data is propagated
through the model’s depth can be seen. The explanations of
the predictions obtained by SA were post-processed to provide
an easily readable representation from the original image.

The VGG19 model contains 5 blocks, with 16 total convolu-
tional layers, and each of them is used to visualize the saliency
maps. To reduce the number of layers, just the last activation
layers of each block are used to visualize the propagation of
signal through the model’s depth.

IV. EXPERIMENTS AND RESULTS

A. Batch size experiments

For experiments with the VGG19 model, varying batch sizes
of the training set (16, 32 and 64) were tested. The results are
shown in Table I. The model trained with a batch size of 32
quite consistently shows the best results across most metrics,
and was therefore used in the remaining experiments.

TABLE I
VALIDATION SET RESULTS ACCORDING TO SEVERAL METRICS FOR THE

DR 2-CLASS DATASET, USING VGG19 WITH VARYING BATCH SIZES.

BATCH LOSS ACC AUC F1-0 F1-1 BR0 BR1
16 0.507 0.756 0.752 0.842 0.467 0.083 0.390
32 0.492 0.778 0.777 0.851 0.567 0.092 0.340
64 0.504 0.709 0.766 0.810 0.387 0.091 0.369

B. Dataset augmentation experiments

The results for the models trained with different data
augmentation techniques and parameters are summarized in
Table II. For the sake of clarity, the augmentation variants
applied are assigned an identifier, as listed below:

• 1. Brightness (offset 0.1) + Contrast (offset 0.1)
• 2. Brightness (offset 0.1) + Contrast (offset 0.1) + Central

Zoom (offset 0.1)
• 3. Brightness (offset 0.2) + Contrast (offset 0.2) + Central

Zoom (offset 0.2)
• 4. Brightness (offset 0.1) + Contrast (offset 0.1) + Central

Zoom (offset 0.2)
• 5. Central Zoom (offset 0.2)
• 6. Random Zoom (offset 0.2)
• 7. Random Zoom (offset 0.3)
• 8. Brightness (offset 0.1) + Contrast (offset 0.1) + Ran-

dom Zoom (offset 0.2)

TABLE II
VALIDATION SET RESULTS FOR THE DR 2-CLASS DATASET OBTAINED

WITH VGG19, WITH VARYING AUGMENTATION TECHNIQUES (AUGM).

AUGM LOSS ACC AUC F1-0 F1-1 BR0 BR1
1 0.493 0.779 0.778 0.851 0.567 0.092 0.340
2 0.494 0.763 0.782 0.847 0.475 0.080 0.377
3 0.526 0.741 0.742 0.835 0.393 0.071 0.439
4 0.546 0.718 0.739 0.819 0.351 0.076 0.455
5 0.498 0.741 0.769 0.828 0.469 0.091 0.358
6 0.478 0.771 0.792 0.847 0.545 0.094 0.323
7 0.509 0.748 0.749 0.834 0.476 0.093 0.364
8 0.513 0.741 0.762 0.830 0.452 0.084 0.398

The results show that the best validation loss and AUC were
achieved when using random zoom with an offset of 0.2. The
model with brightness and contrast with an offset of 0.1 shows
the best performance on the accuracy metric and the F1 scores
for both class 0 and class 1. When combining these augmenta-
tions, however, the model performance worsens. Central zoom
augmentation was also tested, but the results were worse than
those corresponding to random zoom.
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C. Experiments with different classification heads

For the next set of experiments, the custom VGG19 model
was tested using three different types of classification heads,
namely Global Average Pooling, Global Max Pooling, as well
as a Flatten layer followed by a Dense layer with 128 neurons.
Various hyperparameters were tested for each type of model
and Table III summarizes the best results for each architecture.

Fig. 1. Signature Activations for three different VGG19 models with Global
Average Pooling (left), Global Max Pooling (middle) and Flatten layer with
a Dense layer (right) for correctly-predicted image 86, label DR. Values from
0 (dark blue) to 1 (dark red).

According to these results, the model with Global Average
Pooling layer prior to classification performs best. The Global
Max Pool layer and the Flatten layer models achieved the same
accuracy, but the Global Max Pool model shows slightly better
validation loss. Figure 1 shows the side by side comparison
between the SA maps of three models tested for the illustrative
example correctly-predicted image 86 of class 1. They show

TABLE III
VALIDATION SET METRICS FOR THE DR 2-CLASS DATASET USING VGG19

MODELS WITH DIFFERENT CLASSIFICATION HEADS.

MODEL LOSS ACC AUC F1-0 F1-1 BR0 BR1
AvgPool 0.478 0.771 0.792 0.847 0.546 0.094 0.323
MaxPool 0.512 0.748 0.756 0.833 0.492 0.092 0.364
Flatten 0.527 0.748 0.759 0.833 0.492 0.121 0.311

that there is a very similar trend for earlier layers of all three
models, where they consistently focus on the vessels up to
block 4. However, they do greatly differ in the last layer, where
the Global Max pooling model focuses on the foveal avascular
zone and the other models (AvgPooling and Flatten) still focus
in the vessels rather than the perifoveal region.

The model using Global Average Pooling layer prior to clas-
sification achieved the best metrics. Therefore, this model was
used to generate the SA maps in the remaining experiments.

D. Signature Activations

Figure 2 shows a selection of the saliency maps from the
activation layers from block 1 to 5 for a DR-type image.

The SA of the VGG19 model show a gradual focus on larger
and larger features of the image, which is what you would
expect from a multi-layer CNN, so this model seems a good
fit for the task in terms of complexity. Interestingly, it focuses
on the vessels even in the last layers (block 5), revealing that
SA concentrates in the vessels and dismisses the perifoveal
region.

E. Signature Activation comparison to Grad-CAM

Figure 3 shows the SA (left column) and Grad-CAM
activation maps (right clumn) of 5 layers of the VGG19 model
for image 86 of type DR (class 1). A similar figure for image
100 (class 0) is, for the sake of brevity, available in an external
repository).

Comparing the two methods and their corresponding activa-
tion maps of the same image and layers, some clear differences
can be found. In earlier layers of the model, Grad-CAM
provides a more sparse visualization of the model’s focus,
highlighting many distinct points in the image, rather than the
blood vessels distinctly, as SA does. This is likely to do with
the fact that Grad-CAM utilizes gradients in the calculation
of the activation maps, which can potentially add more noise
to the resulting maps, while SA does not. The Grad-CAM
activation maps of later layers of the model show a more
holistic focus on the areas of the image in the case of image
86 of type DR. The same analysis was done for images of
type No-DR (image 100), where very few and localized areas
are highlighted by the method.

Another interesting distinction between both explainability
methods is that some activation maps show the model focusing
on the center of the image, the foveal avascular zone (FAZ).
The shape and size of the FAZ has been investigated as
biomarkers of diabetic retinopathy [14], [15]. From these
parameters, size has been the most widely accepted one, but
none is universally accepted [16]. In any case, this supports
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Fig. 2. SA of activation layers of the VGG19 model (Image 17)

the findings of the study, which shows that some models are
focusing clearly in this region.

V. DISCUSSION

The experimental results with different classification head
architectures clearly show that there are important differences
in their SA maps, in particular in the last activation layer
as reported in section IV-C. They show that the choice of
the pooling/flatten layer can significantly impact the resulting
activation maps of the final activation layer. In fact, the
differences begin to show not just in the activation maps of the
final layer, but rather in the 4 layers of the final block of the
model, becoming most pronounced in the last layer. However,
equally important is the finding that the rest of the layers of
the models are not significantly impacted by this architectural
change according to their SA maps.

The VGG19 model with the best metrics was used to
generate SA maps as well as Grad-CAM activation maps

Fig. 3. SA (left) and Grad-CAM (right) for image 86 (Label DR).

for several images. A comparison of both methods reveals
that, in earlier layers of the model, Grad-CAM provides a
more sparse visualization of the model’s focus rather than
highlighting the blood vessels distinctly as happens with the
SA method. The Grad-CAM activation maps of later layers
of the model show a more holistic focus on the areas of the
image similar to the holistic view of the signature activation
maps. The study reveals that the SA and Grad-CAM methods
provide different insights into the inner workings of the model.
Signature Activation is quite consistent in highlighting the
vessels in the images, in stark contrast with Grad-CAM.
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