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ABSTRACT

Convolutional neural networks (CNNs) have shown great per-
formance in medical diagnostic applications. However, be-
cause their black-box nature, clinicians are reluctant to trust
CNN diagnostic outcomes. Incorporating visual attention ca-
pabilities in CNNs enhances interpretability by highlighting re-
gions in the images that CNNs utilize for prediction. Clinicians
can often provide domain knowledge on relevant features: e.g.,
to diagnose retinopathy of prematurity (ROP), structural infor-
mation such as tortuosity of vessels aid clinicians in diagnosing
ROP. We propose a Structural Visual Guidance Attention Net-
works (SVGA-Net) method, that leverages structural domain
knowledge to guide visual attention in CNNs. Experiments on
a dataset of 5512 posterior retinal images, taken using a wide-
angle fundus camera, show that SVGA-Net achieves 0.987 and
0.979 AUC to predict plus and normal categories, respectively.
SVGA-Net consistently results in higher AUC compared to vi-
sual attention CNNs without guidance, baseline CNNs, and
CNNs with structured masks.

Index Terms— Interpretability, CNN, ROP, Attention

1 Introduction
Retinopathy of prematurity (ROP) is a disease that affects
premature infants and is a leading cause of childhood blind-
ness [1]. Around 14,000-16,000 premature born infants are
affected by of ROP in the U.S. each year [2]. Correct classifi-
cation of three levels of ROP, normal, pre-plus, and plus, plays
an important role for treatment planning. If infants with severe
ROP are not treated promptly, the disease can lead to impaired
vision or blindness [2]. As the survival rate of prematurely
born babies increases, the number of infants at risk of ROP
also increases [3]. Lack of access to ROP experts remains a
challenge. These factors bring about a need for a trustworthy
ROP detection system.

Neural networks have made a high impact on many medical
tasks [4–7], including detection of ROP from fundus images
[8,9]. State-of-the-art ROP detection systems employ convolu-
tional neural networks (CNNs) [8] and achieve up to 0.947 and
0.982 area under the ROC curve (AUC) in the discrimination

of normal and plus levels of ROP, respectively. However, be-
cause of their black-box nature, clinicians are reluctant to trust
diagnostic outcomes from CNNs. In contrast, earlier structural
feature based methods [10,11], extracting features dedicated to
diagnosis of ROP achieve a lower prediction performance than
CNNs, but are more interpretable.

In this paper, we aim to address this interpretability prob-
lem of CNNs. One approach to interpretability is to identify
regions of an image that the network focuses on when making
a prediction. Two ways of finding focus regions are (a) saliency
maps, and (b) attention networks. Saliency maps identify focus
regions by looking at layer outputs of a trained network[12–
16]. Recent studies have shown that saliency maps tend to bias
towards high magnitude inputs, rather than truly discrimina-
tive areas [17]. Attention networks identify the focus regions
of a CNN by explicitly incorporating attention in the network
architecture via the generation of soft masks, that weigh the
outputs of intermediate layers. Attention masks in CNNs can
be learned to weigh the spatial information [18,19] or the chan-
nels of layer outputs [20, 21].

When used for spatial attention, attention maps suppress re-
gions irrelevant for target classification. This idea aligns well
with an actual diagnosis process, as clinicians only focus on
relevant regions while diagnosing a disease. However, standard
attention architectures try to learn attention regions via class
label supervision alone. In this paper, we propose a method
improving attention maps with additional domain guided in-
formation, mimicking (and incorporating expertise from) clin-
ician diagnostic decision-making.

Clinicians’ focus on relevant regions is based on their
knowledge of the disease. For example, when diagnosing
ROP, ophthalmologists focus on the posterior retinal blood
vessels with abnormal tortuosity and dilation [22]. We believe
that such structural domain knowledge can be leveraged to en-
hance CNN performance and aid interpretability. Most of the
current attention architectures do not provide any guidance on
attention regions of networks. Several studies [23–25] guide
the network attention via manually annotated segmentation of
classification target; however, in contrast to our proposed ap-
proach, they do not incorporate structural domain knowledge.
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that such structural domain knowledge can be leveraged to
enhance CNN performance and aid in interpretability. Most of
the current attention architectures do not provide any guidance
on attention regions of networks. Several studies [22, 23, 24]
guide the network attention via manually annotated segmen-
tation of classification target; however, in contrast to our pro-
posed approach, they do not incorporate structural domain
knowledge.

Prior to CNNs, structural feature based methods were ap-
plied in automated diagnostic tools for ROP. These methods
[25, 26] extract features dedicated to diagnosis of ROP. Yildiz
et al. [25] achieves 0.94 AUC in detection of ROP by extract-
ing features related to tortuosity and dilation of posterior blood
vessels. Clinicians are used to this kind of domain features.
Although interpretable nature of feature based method is fa-
vored in clinical settings, its diagnostic performance is lower
than CNNs [8], which achieve 0.98 AUC. We leverage both
methods in developing a more interpretable and more accurate
CNN model. We leverage this knowledge in making CNNs
more interpretable

In this paper, we propose structural visual guidance atten-
tion networks (SVGA-Net). Unlike standard visual attention
networks where the network is required to learn attention it-
self, or supervised attention networks where manual segmen-
tations are needed, we guide the attention of the network to the
regions that are relevant to clinicians. We do so by presenting
a structural way to generate domain knowledge based attention
masks for ROP diagnosis and by guiding the network attention
to these masks. Our contributions are twofold: (1) By achiev-
ing 0.979 and 0.987 AUC in detection of normal and plus ROP
levels, we achieve state-of-the-art results in automated diagno-
sis of ROP, and (2) Without degrading performance, we make
ROP detection network more interpretable by highlighting the
regions where network focuses on when making a prediction.

2 Visual Attention Networks
A convolutional layer in a CNN convolves its entire input (val-
ues in the pixels of the input image) with a multiple filters to
generate feature maps at the output of this layer. In many clas-
sification problems, the target class appears only in small re-
gion of the image. Thus, using the information from the en-
tire image for classification may increase the noise level in the
feature maps because of the features extracted outside of the
target class region. One way to overcome this problem is to
use attention which highlights regions that are important for
classification and suppresses other regions. Attention meth-
ods [17, 18, 22, 24] generate an attention mask applied to fea-
ture maps in the network. Such masks also improve the inter-
pretability of CNNs as the network can answer the question of
which regions in the image it focuses on when making a pre-
diction.

There are several ways of including attention in CNNs [17,
18, 20, 22, 24]. We follow and extend the approach by Wang
et al. [16], who We construct their visual attention networks

by attaching attention modules on a base network architecture.
The base network architecture can be any state-of-the-art neu-
ral network. Highlighted parts in Fig. 1 presents the structure
of visual attention networks. The base network architecture can
be any state-of-the-art neural network. We explain the detailed
architecture of attention modules in the Architecture Details
section below. We follow Wang et al. [16] choose this archi-
tecture because of the flexibility in the base architecture and
modular design of attention and base networks.
Architecture Details. As shown in Fig. 1, attention mod-
ules are effectively additional layers generating masks. Let
j 2 {1, .., n} be the index of the j-th attention module pa-
rameterized by ✓j and Fj,i, FM

j,i 2 Rc⇥hj⇥wj be the feature
maps of Xi before and after j-th attention mask is applied, re-
spectively.(Question: A reviewer complained about the index j
here, because in the experiments we only apply attention at j=1.
I wanted to keep this here because this model can be applied at
multiple layers. Any comments on this? Feature maps FM

j�1,i

and attention mask M✓j

i 2 [0, 1]hj⇥wj are the input-output pair
of the j-th attention module. For every c 2 {1, ..., C}, which
is the index of the feature map channel, attention masks alter
the feature maps Fj,i via:

FM
j,i,c = Fj,i,c � M✓j

i , Fj,i, FM
j�1,i (1)

where � is the Hadamard product.
We construct attention modules similar to Wang et al. [16],

with the difference that we use convolutional units instead
of residual units to avoid drastic increase in the network
parameters. In this architecture, each

Our attention module uses UNet-like bottom-up top-down
structure with skip connections [4]. This architecture contains
two parts: contracting and expansive. Contracting parts con-
sist of several 3 ⇥ 3 convolution layers followed by 3 ⇥ 3 max
pooling layers with stride 2. In this part of the network, the
size of feature maps gradually decreases and the network cap-
tures contextual information. After reaching the minimum res-
olution, contextual information is upsampled and followed by
3 ⇥ 3 convolution layers. Feature maps in each level of a con-
tracting part are also concatenated to feature maps in the same
level of an expansive part. This architecture is similar to Wang
et al. [16], with the difference that we use convolutional units
instead of residual units to avoid drastic increase in the net-
work parameters. This drastic increase is because the number
of the feature channels C should be constant across the convo-
lution layers to allow element-wise summation at the residual
connection, which can be an arbitrary number when using con-
volutional units. Our attention module introduces only 100k
new parameters to network while residual units introduce 2M.

Loss Function. We train attention module and base net-
work layers jointly by minimizing the categorical cross entropy
loss for classification LC :

L(Xi, yi) = LC(Xi, yi) = � log
⇣
espi

(Xi,⇥)/
P

l e
sl(Xi,⇥)

⌘
,

(2)
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parameters. In this architecture, each
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structure with skip connections [4]. This architecture contains
two parts: contracting and expansive. Contracting parts con-
sist of several 3 ⇥ 3 convolution layers followed by 3 ⇥ 3 max
pooling layers with stride 2. In this part of the network, the
size of feature maps gradually decreases and the network cap-
tures contextual information. After reaching the minimum res-
olution, contextual information is upsampled and followed by
3 ⇥ 3 convolution layers. Feature maps in each level of a con-
tracting part are also concatenated to feature maps in the same
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in Retinopathy of Prematurity
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Abstract. Convolutional neural networks (CNNs) have shown great
performance in medical diagnostic applications. However, because of
their complexity and black-box nature, clinicians are reluctant to trust
diagnostic outcome of CNNs. Incorporating visual attention capabilities
in CNNs enhances interpretability by highlighting regions in the images
that CNNs utilizes for prediction. In medical images, clinicians often have
structural domain information on what is important. In retinal images
for diagnosing retinopathy of prematurity (ROP), structural information
such as tortuosity of vessels aid clinicians in diagnosing ROP. Generic
visual attention method does not leverage structural domain informa-
tion into account. In this paper, we propose a method, we call Structural
Visual Guidance Attention Networks (SVGA-Net), that leverages struc-
tural domain information to guide visual attention in CNNs. Experiments
on a dataset of 5512 posterior retinal images, taken using a wide-angle
fundus camera, show that SVGA-Net achieves 0.987 and 0.979 AUC in
predicting plus versus not-plus and normal versus not-normal categories,
respectively. SVGA-Net consistently results in higher AUC compared to
visual attention CNNs without guidance, baseline CNNs, and CNNs with
structured masks.
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Fig. 1: Proposed Structural Visual Guidance Attention Networks, SVGA-Net. The baseline Visual Attention Network is high-
lighted.

loss for classification LC :

L(Xi, yi) = LC(Xi, yi) = � log
⇣
espi
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P
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⌘
,
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where pi is the index of the true class for image i, sl(Xi,⇥) is
the score of class l 2 {1, 2, ..., L} produced by the model, pa-
rameterized by ⇥, prior to the soft-max layer that is explicitly
indicated above, and L is the number of classes.

3 Method Formulation
Given a dataset containing N images, indexed by i 2 {1, 2, . . . , N},
every image i is represented as Xi 2 Rh⇥w where h and w are
the height and width of the image, respectively. For each image
Xi, a labeler generates a label yi 2 {normal, pre-plus, plus},
which indicates the ROP level, with plus being the most se-
vere. Let mask Mf

i 2 [0, 1]h⇥w be a domain knowledge guided
mask. We present a structural way to generate Mf

i for ROP in
Section 3.2. Our goal is to learn CNNs that perform classifi-
cation well and at the same time learn attention masks M✓

i

that are more interpretable as guided by domain knowl-
edge masks Mf

i . In Section 3.1, we present a way to guide the
network attention using Mf

i . Fig. 1 presents the architecture
of our model.

3.1 Structural Visual Guidance Attention Net-
works: SVGA-Net

To improve classification performance as well as provide inter-
pretability, our loss function consists of two terms: (a) classifi-
cation loss LC(Xi, yi) and (b) guidance loss LG(Xi, Mf

i ). We
use categorical cross entropy loss in Eq. (2) for LC(Xi, yi).
Given image Xi, we generate a mask that contains clinically
important regions Mf

i 2 [0, 1]h⇥w, as described in Section 3.2.
We use these to guide the attention masks generated by the net-
work M✓j

i 2 [0, 1]hj⇥wj , via the guidance loss, we define as:

LG(Xi, Mf
i ) =

X

j

1

hjwj
kMf

i � M✓j

i k2
F , (3)

where the Frobenius matrix norm k·kF : Rhj⇥wj ! R is used.
Note that when calculating Frobenius norm, we resize Mf

i to
the size of M✓j

i by using bicubic interpolation. Our proposed
SVGA-Net loss function is defined as:

L(Xi, yi, Mf
i ) = LC(Xi, yi) + �LG(Xi, Mf

i ), (4)

where � is a trade-off control parameter between classification
and guidance loss.

3.2 Structural Feature Dependent Attention
Mask Generation

When diagnosing ROP, clinicians focus on highly tortuous and
dilated blood vessels [21]. We incorporate this domain knowl-
edge in the generation of attention masks. Yildiz et al. [25] ex-
tract clinically relevant features for ROP classification. We use
their pipeline in generating feature dependent attention masks.
They use Cumulative Tortuosity Index (CTI) and Average Seg-
ment Diameter (ASD) metrics to measure vessel tortuosity and
dilation.

For every image Xi, we generate two masks, Mf
i,CTI 2

[0, 1]h⇥w and Mf
i,ASD 2 [0, 1]h⇥w, around the 20% of vessel

segments that have the highest CTI and ASD. We also generate
a mask Mf

i 2 [0, 1]h⇥w that contains both high CTI and ASD
regions by taking element-wise maximum of masks Mf

i,CTI and
Mf

i,ASD. Sample masks along with segmentation images are
presented in Fig. 2. From top to bottom, image labels are Plus,
Pre-Plus, Normal. It is seen that the feature dependent atten-
tion masks capture vessels that are more tortuous and dilated
in higher ROP levels.

4 Experiments
We investigate if guidance with feature masks using the pro-
posed SVGA-Net leads to better ROP classification perfor-
mance compared to competing methods.

Dataset. We use a dataset that contains 5512 posterior
retinal images, taken using a wide angle fundus camera. Ac-
cording to its disease level, clinicians assign a label (as plus,
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Abstract. Convolutional neural networks (CNNs) have shown great
performance in medical diagnostic applications. However, because of
their complexity and black-box nature, clinicians are reluctant to trust
diagnostic outcome of CNNs. Incorporating visual attention capabilities
in CNNs enhances interpretability by highlighting regions in the images
that CNNs utilizes for prediction. In medical images, clinicians often have
structural domain information on what is important. In retinal images
for diagnosing retinopathy of prematurity (ROP), structural information
such as tortuosity of vessels aid clinicians in diagnosing ROP. Generic
visual attention method does not leverage structural domain informa-
tion into account. In this paper, we propose a method, we call Structural
Visual Guidance Attention Networks (SVGA-Net), that leverages struc-
tural domain information to guide visual attention in CNNs. Experiments
on a dataset of 5512 posterior retinal images, taken using a wide-angle
fundus camera, show that SVGA-Net achieves 0.987 and 0.979 AUC in
predicting plus versus not-plus and normal versus not-normal categories,
respectively. SVGA-Net consistently results in higher AUC compared to
visual attention CNNs without guidance, baseline CNNs, and CNNs with
structured masks.
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Fig. 1: Proposed Structural Visual Guidance Attention Networks, SVGA-Net. The baseline Visual Attention Network is high-
lighted.

loss for classification LC :

L(Xi, yi) = LC(Xi, yi) = � log
⇣
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sl(Xi,⇥)

⌘
,

(2)
where pi is the index of the true class for image i, sl(Xi,⇥) is
the score of class l 2 {1, 2, ..., L} produced by the model, pa-
rameterized by ⇥, prior to the soft-max layer that is explicitly
indicated above, and L is the number of classes.

3 Method Formulation
Given a dataset containing N images, indexed by i 2 {1, 2, . . . , N},
every image i is represented as Xi 2 Rh⇥w where h and w are
the height and width of the image, respectively. For each image
Xi, a labeler generates a label yi 2 {normal, pre-plus, plus},
which indicates the ROP level, with plus being the most se-
vere. Let mask Mf

i 2 [0, 1]h⇥w be a domain knowledge guided
mask. We present a structural way to generate Mf

i for ROP in
Section 3.2. Our goal is to learn CNNs that perform classifi-
cation well and at the same time learn attention masks M✓

i

that are more interpretable as guided by domain knowl-
edge masks Mf

i . In Section 3.1, we present a way to guide the
network attention using Mf

i . Fig. 1 presents the architecture
of our model.

3.1 Structural Visual Guidance Attention Net-
works: SVGA-Net

To improve classification performance as well as provide inter-
pretability, our loss function consists of two terms: (a) classifi-
cation loss LC(Xi, yi) and (b) guidance loss LG(Xi, Mf

i ). We
use categorical cross entropy loss in Eq. (2) for LC(Xi, yi).
Given image Xi, we generate a mask that contains clinically
important regions Mf

i 2 [0, 1]h⇥w, as described in Section 3.2.
We use these to guide the attention masks generated by the net-
work M✓j

i 2 [0, 1]hj⇥wj , via the guidance loss, we define as:

LG(Xi, Mf
i ) =

X

j

1

hjwj
kMf

i � M✓j

i k2
F , (3)

where the Frobenius matrix norm k·kF : Rhj⇥wj ! R is used.
Note that when calculating Frobenius norm, we resize Mf

i to
the size of M✓j

i by using bicubic interpolation. Our proposed
SVGA-Net loss function is defined as:

L(Xi, yi, Mf
i ) = LC(Xi, yi) + �LG(Xi, Mf

i ), (4)

where � is a trade-off control parameter between classification
and guidance loss.

3.2 Structural Feature Dependent Attention
Mask Generation

When diagnosing ROP, clinicians focus on highly tortuous and
dilated blood vessels [21]. We incorporate this domain knowl-
edge in the generation of attention masks. Yildiz et al. [25] ex-
tract clinically relevant features for ROP classification. We use
their pipeline in generating feature dependent attention masks.
They use Cumulative Tortuosity Index (CTI) and Average Seg-
ment Diameter (ASD) metrics to measure vessel tortuosity and
dilation.

For every image Xi, we generate two masks, Mf
i,CTI 2

[0, 1]h⇥w and Mf
i,ASD 2 [0, 1]h⇥w, around the 20% of vessel

segments that have the highest CTI and ASD. We also generate
a mask Mf

i 2 [0, 1]h⇥w that contains both high CTI and ASD
regions by taking element-wise maximum of masks Mf

i,CTI and
Mf

i,ASD. Sample masks along with segmentation images are
presented in Fig. 2. From top to bottom, image labels are Plus,
Pre-Plus, Normal. It is seen that the feature dependent atten-
tion masks capture vessels that are more tortuous and dilated
in higher ROP levels.

4 Experiments
We investigate if guidance with feature masks using the pro-
posed SVGA-Net leads to better ROP classification perfor-
mance compared to competing methods.

Dataset. We use a dataset that contains 5512 posterior
retinal images, taken using a wide angle fundus camera. Ac-
cording to its disease level, clinicians assign a label (as plus,

that such structural domain knowledge can be leveraged to
enhance CNN performance and aid in interpretability. Most of
the current attention architectures do not provide any guidance
on attention regions of networks. Several studies [22, 23, 24]
guide the network attention via manually annotated segmen-
tation of classification target; however, in contrast to our pro-
posed approach, they do not incorporate structural domain
knowledge.

Prior to CNNs, structural feature based methods were ap-
plied in automated diagnostic tools for ROP. These methods
[25, 26] extract features dedicated to diagnosis of ROP. Yildiz
et al. [25] achieves 0.94 AUC in detection of ROP by extract-
ing features related to tortuosity and dilation of posterior blood
vessels. Clinicians are used to this kind of domain features.
Although interpretable nature of feature based method is fa-
vored in clinical settings, its diagnostic performance is lower
than CNNs [8], which achieve 0.98 AUC. We leverage both
methods in developing a more interpretable and more accurate
CNN model. We leverage this knowledge in making CNNs
more interpretable

In this paper, we propose structural visual guidance atten-
tion networks (SVGA-Net). Unlike standard visual attention
networks where the network is required to learn attention it-
self, or supervised attention networks where manual segmen-
tations are needed, we guide the attention of the network to the
regions that are relevant to clinicians. We do so by presenting
a structural way to generate domain knowledge based attention
masks for ROP diagnosis and by guiding the network attention
to these masks. Our contributions are twofold: (1) By achiev-
ing 0.979 and 0.987 AUC in detection of normal and plus ROP
levels, we achieve state-of-the-art results in automated diagno-
sis of ROP, and (2) Without degrading performance, we make
ROP detection network more interpretable by highlighting the
regions where network focuses on when making a prediction.

2 Visual Attention Networks
A convolutional layer in a CNN convolves its entire input (val-
ues in the pixels of the input image) with a multiple filters to
generate feature maps at the output of this layer. In many clas-
sification problems, the target class appears only in small re-
gion of the image. Thus, using the information from the en-
tire image for classification may increase the noise level in the
feature maps because of the features extracted outside of the
target class region. One way to overcome this problem is to
use attention which highlights regions that are important for
classification and suppresses other regions. Attention meth-
ods [17, 18, 22, 24] generate an attention mask applied to fea-
ture maps in the network. Such masks also improve the inter-
pretability of CNNs as the network can answer the question of
which regions in the image it focuses on when making a pre-
diction.

There are several ways of including attention in CNNs [17,
18, 20, 22, 24]. We follow and extend the approach by Wang
et al. [16], who We construct their visual attention networks

by attaching attention modules on a base network architecture.
The base network architecture can be any state-of-the-art neu-
ral network. Highlighted parts in Fig. 1 presents the structure
of visual attention networks. The base network architecture can
be any state-of-the-art neural network. We explain the detailed
architecture of attention modules in the Architecture Details
section below. We follow Wang et al. [16] choose this archi-
tecture because of the flexibility in the base architecture and
modular design of attention and base networks.
Architecture Details. As shown in Fig. 1, attention mod-
ules are effectively additional layers generating masks. Let
j 2 {1, .., n} be the index of the j-th attention module pa-
rameterized by ✓j and Fj,i, FM

j,i 2 Rc⇥hj⇥wj be the feature
maps of Xi before and after j-th attention mask is applied, re-
spectively.(Question: A reviewer complained about the index j
here, because in the experiments we only apply attention at j=1.
I wanted to keep this here because this model can be applied at
multiple layers. Any comments on this? Feature maps FM

j�1,i

and attention mask M✓j

i 2 [0, 1]hj⇥wj are the input-output pair
of the j-th attention module. For every c 2 {1, ..., C}, which
is the index of the feature map channel, attention masks alter
the feature maps Fj,i via:

FM
j,i,c = Fj,i,c � M✓j

i , (1)

where � is the Hadamard product.

We construct attention modules similar to Wang et al. [16],
with the difference that we use convolutional units instead
of residual units to avoid drastic increase in the network
parameters. In this architecture, each

Our attention module uses UNet-like bottom-up top-down
structure with skip connections [4]. This architecture contains
two parts: contracting and expansive. Contracting parts con-
sist of several 3 ⇥ 3 convolution layers followed by 3 ⇥ 3 max
pooling layers with stride 2. In this part of the network, the
size of feature maps gradually decreases and the network cap-
tures contextual information. After reaching the minimum res-
olution, contextual information is upsampled and followed by
3 ⇥ 3 convolution layers. Feature maps in each level of a con-
tracting part are also concatenated to feature maps in the same
level of an expansive part. This architecture is similar to Wang
et al. [16], with the difference that we use convolutional units
instead of residual units to avoid drastic increase in the net-
work parameters. This drastic increase is because the number
of the feature channels C should be constant across the convo-
lution layers to allow element-wise summation at the residual
connection, whereas, it can be an arbitrary number when us-
ing convolutional units. Our attention module introduces only
100k new parameters to network while residual units introduce
2M.

Loss Function. We train attention module and base net-
work layers jointly by minimizing the categorical cross entropy

Ours

Brown, 2018

Wang, 2018

Fig. 1: Proposed Structural Visual Guidance Attention Networks, SVGA-Net.

In this paper, we propose structural visual guidance atten-
tion networks (SVGA-Net). Unlike standard visual attention
networks where the network is required to learn attention it-
self, or supervised attention networks where manual segmen-
tations are needed, we guide the attention of the network to the
regions that are relevant to clinicians. We do so by presenting
a structural way to generate domain knowledge based attention
masks for ROP diagnosis and by guiding the network atten-
tion to these masks. Our contributions are twofold. First, we
achieve state-of-the-art results in automated diagnosis of ROP
(0.979 and 0.987 AUC detecting normal and plus levels, re-
spectively). Second, we make ROP detection network more in-
terpretable by highlighting the regions where network focuses
on when making a prediction, without degrading performance.

2 Method
A convolutional layer in a CNN convolves its entire input with
multiple filters to generate feature maps at the output of the
layer. Often, the target class appears in a small region of the
image. Thus, using the information from the entire image may
increase the noise level in the feature maps because of the fea-
tures extracted outside of the target class region. One way to
overcome this problem is to use attention which highlights re-
gions that are important for classification and suppresses other
regions. Attention methods [19, 20, 23, 25] generate an atten-
tion mask applied to feature maps in the network. Such masks
also improve the interpretability of CNNs as the network can
answer the question of which regions in the image it focuses
on when making a prediction.

Given a dataset containing N images, indexed by i ∈
{1, 2, . . . , N}, every image i is represented as Xi ∈ Rh×w
where h and w are the height and width of the image, re-
spectively. For each image Xi, a labeler generates a label
yi ∈ {normal, pre-plus, plus}, which indicates the ROP level,
with plus being the most severe. Let mask Mf

i ∈ [0, 1]h×w be
a domain knowledge guided mask. Our goal is to learn CNNs
that perform classification well, and simultaneously learn
attention masks that are more interpretable as guided by
domain knowledge masks Mf

i .
Wang et al. [18] construct visual attention networks by at-

taching attention modules on a base network. The parts high-

lighted in green and light brown in Fig. 1 present the structure
of visual attention networks. We choose this architecture be-
cause of the flexibility in the base architecture and modular
design of attention modules and base networks.

As shown in Fig. 1, attention modules are effectively ad-
ditional layers generating masks. Let j ∈ {1, .., n} be the in-
dex of the j-th attention module parameterized by θj , and Fj,i,
FMj,i ∈ Rc×hj×wj be the feature maps of Xi before and after j-
th attention mask is applied, respectively. Feature maps FMj−1,i

and attention mask Mθj
i ∈ [0, 1]hj×wj are the input-output pair

of the j-th attention module. For every c ∈ {1, ..., C}, which
is the index of the feature map channel, attention masks alter
the feature maps Fj,i via: FMj,i,c = Fj,i,c�Mθj

i , where� is the
Hadamard product.

Our attention module uses UNet-like bottom-up top-down
structure with skip connections [4]. This architecture is similar
to Wang et al. [18], with the difference that we use convolu-
tional units instead of residual units.

In baseline visual attention networks, attention module and
base network layers are trained jointly by minimizing the cate-
gorical cross entropy loss for classification LC(Xi, yi).

2.1 Structural Visual Guidance Attention Net-
works: SVGA-Net

To improve classification performance as well as provide inter-
pretability, our loss function consists of two terms: (a) classifi-
cation loss LC(Xi, yi) and (b) guidance loss LG(Xi,Mf

i ). We
use categorical cross entropy loss for LC(Xi, yi). Given im-
age Xi, we generate a mask that contains clinically important
regions Mf

i ∈ [0, 1]h×w, as described in Section 2.2. We use
these to guide the attention masks generated by the network
Mθj
i ∈ [0, 1]hj×wj , via the guidance loss, we define as:

LG(Xi,Mf
i ) =

∑

j

1

hjwj
‖Mf

i −Mθj
i ‖2F , (1)

where the Frobenius matrix norm ‖·‖F : Rhj×wj → R is used.
Our proposed SVGA-Net loss function is defined as:

L(Xi, yi,Mf
i ) = LC(Xi, yi) + λLG(Xi,Mf

i ), (2)
where λ is a trade-off control parameter between classification
and guidance loss.



2.2 Structural Feature Dependent Attention
Mask Generation

When diagnosing ROP, clinicians focus on highly tortuous and
dilated blood vessels [22]. Following the pipeline from Yildiz
et al. [10], we compute Cumulative Tortuosity Index (CTI) and
Average Segment Diameter (ASD) measuring tortuosity and di-
lation to generate feature dependent masks.

For every image Xi, we generate two masks, Mf
i,CTI ∈

[0, 1]h×w and Mf
i,ASD ∈ [0, 1]h×w, around the 20% of vessel

segments that have the highest CTI and ASD. We also generate
a mask Mf

i ∈ [0, 1]h×w that contains both high CTI and ASD
regions by taking element-wise maximum of masks Mf

i,CTI and
Mf
i,ASD. We present a sample Mf

i in Fig. 1.

3 Experimental Evaluation
Dataset. Our dataset contains 5512 retinal fundus images. Ac-
cording to its disease level, clinicians assign a label (as plus,
pre-plus or normal) to each image following a reference stan-
dard diagnosis [26]. The dataset contains 163 plus, 802 pre-
plus, and 4547 normal images. We use images in which vessels
are segmented via the procedure proposed by Brown et al.[8].
Evaluation Metrics. We binarize labels as (a) plus vs. other
classes (PvO), and (b) normal vs. other classes (NvO). We
calculate AUC, accuracy (ACC), F1 and Area Under the
Precision-Recall Curve (PRAUC) scores with five fold cross-
validation. We present the mean of five folds and calculate
the 95% confidence intervals as 1.96 × σA, where σA is the
standard deviation, we calculate following Hanley et al. [27].
Base CNN Architecture and Training Details. As the base
network to attach attention, we employ Inception v.1 architec-
ture [28], which has shown great performance in many clas-
sification tasks including ROP [8]. We initialize the network
weights with pretrained weights on ImageNet[29]. We employ
stochastic gradient descent with learning rate 0.0001 for 100
epochs to optimize the network weights.
Competing Methods. We explore the effects of guiding at-
tention in classification of ROP in five different setups. When
used, we attach an attention module to inception 3a block.
No Attention[8]: We train the base CNN architecture without
any attention as in Brown et al.[8]’s ROP classification model.
Feature Dependent Attention Mask: We measure the discrim-
inative power of feature dependent masks Mf

i by training an
Inception v.1 architecture with Mf

i applied to feature maps at
the output of the inception 3a block. Note that network atten-
tion here is fixed to the feature dependent masks Mf

i .
Unguided Attention [18]: We train the baseline visual attention
network as explained in Section 2.
Guided Attention (SVGA-Net): We use the feature dependent
masks for guiding the network attention as explained in the
Section 2.1. In addition, we explore the effect of changing
hyperparameter λ in Eq. (2) by repeating the same experiment
with λ values in {1, 10, 15, 25, 35, 50}.

Feature Mask
Unguided 
Attention

SVGA-Net
! = 1

SVGA-Net
! = 10

SVGA-Net
! = 15Feature Mask

Unguided 
Attention

SVGA-Net
! = 1

SVGA-Net
! = 10

SVGA-Net
! = 15Feature Mask Unguided Attention SVGA-Net

Fig. 2: Example image overlaid with its feature dependent at-
tention mask (left), attention mask generated by unguided at-
tention network (middle), and SVGA-Net (right). (Best printed
in color.)

3.1 Results
Metric Comparison. Table 1 shows cross validation results of
training to predict normal vs other and plus vs other categories.
SVGA-Net achieves higher scores than other methods in pre-
dicting normal and plus categories. When we apply structural
feature dependent masks to feature maps as explained in Sec-
tion 3, networks achieve 0.932 and 0.960 AUC in predicting
the same categories. This experiment shows that feature de-
pendent masks indeed contain relevant information about the
disease. This is because networks achieve AUCs higher than
0.93 even when forced to make predictions based on only the
masked regions. Lastly, unguided attention [18] achieves al-
most the same AUC as no attention. This is because attention
modules attached to unguided attention are only additional lay-
ers, and networks are trained only on classification loss.

Table 1: Cross validation results for competing methods
Task Fixed Attention Learned Attention

No
Attention[8]

Feature
Mask

Unguided
Attention [18]

Guided with
Feature Mask

A
U

C NvsO 0.947(0.024) 0.932(0.027) 0.942(0.025) 0.979(0.015)
PvsO 0.982(0.006) 0.96(0.009) 0.981(0.006) 0.987(0.005)

A
C

C NvsO 0.872(0.001) 0.862(0.001) 0.863(0.001) 0.924(0.001)
PvsO 0.916(0.0) 0.908(0.0) 0.938(0.0) 0.950(0.0)

F1

NvsO 0.917(0.001) 0.911(0.001) 0.911(0.001) 0.952(0.0)
PvsO 0.954(0.0) 0.95(0.0) 0.967(0.0) 0.974(0.0)

PR
-

A
U

C NvsO 0.832(0.039) 0.799(0.041) 0.825(0.039) 0.92(0.029)
PvsO 0.726(0.019) 0.625(0.02) 0.698(0.002) 0.761(0.018)

Sensitivity to λ. We train SVGA-Net with different values of
λ. Fig. 3 presents the change of AUC in predicting normal
and plus categories w.r.t. λ. Drastic decrease at λ = 25 is
because guidance loss in Eq. (2) becomes too dominant com-
pared to classification loss. Since guidance loss is calculated in
an early layer of the network, i.e. inception 3a, and gradients
are backpropagated from the last layer, the network does not
learn classification or attention.

From left to right, Fig. 2 shows an example image blended
with its feature dependent mask, attention mask generated by
the baseline visual attention network [18], and attention masks
generated by SVGA-Net. Red colored regions are the network
focus regions when making a prediction. Without guidance,
network focus is on the entire image. In contrast, as we intro-
duce guidance, network focus regions become clearer. Com-
pared to unguided attention [18], SVGA-Net is more inter-
pretable, as the regions it focuses on when making a prediction



Table 2: The results of using CTI and ASD features separately.
Task Fixed Attention Learned Attention

No
Attention[8]

Feature Mask
ASD Only

Feature Mask
CTI Only

Feature Mask
ASD and CTI

Guided with
ASD Only

Guided with
CTI Only

Guided with
ASD and CTI

A
U

C NvsO 0.947(0.024) 0.85(0.037) 0.837(0.038) 0.932(0.027) 0.942(0.025) 0.942(0.025) 0.979(0.015)
PvsO 0.982(0.006) 0.914(0.012) 0.898(0.013) 0.96(0.009) 0.976(0.007) 0.976(0.007) 0.987(0.005)

A
C

C NvsO 0.872(0.001) 0.796(0.001) 0.781(0.001) 0.862(0.001) 0.865(0.001) 0.867(0.001) 0.924(0.001)
PvsO 0.916(0.0) 0.858(0.0) 0.796(0.0) 0.908(0.0) 0.918(0.0) 0.923(0.0) 0.950(0.0)

F1

NvsO 0.917(0.001) 0.866(0.001) 0.856(0.001) 0.911(0.001) 0.912(0.001) 0.914(0.001) 0.952(0.0)
PvsO 0.954(0.0) 0.921(0.0) 0.883(0.0)) 0.95(0.0) 0.956(0.0) 0.958(0.0) 0.974(0.0)

PR
-

A
U

C NvsO 0.832(0.039) 0.633(0.047) 0.61(0.047)) 0.799(0.041) 0.825(0.039) 0.825(0.039) 0.92(0.029)
PvsO 0.726(0.019) 0.393(0.019) 0.385(0.018) 0.625(0.02) 0.679(0.02) 0.681(0.002) 0.761(0.018)

1 10 20 30 40 50
λ
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Plus vs Others

Fig. 3: Hyperparameter search

can be explained via the structural features we use.
Sparsity. Visual sparsity of feature dependent attention masks
brings about the question of whether the effect of using guided
feature dependent masks is due to their sparsity or the infor-
mation contained in the mask. We answer this question using
randomized masks in guiding the attention network. For every
image Xi, we generate a random mask Mr

i ∈ {0, 1}h×w that
contains the same number of non-zero elements as Mf

i . We re-
peat Feature Dependent Attention Mask and Guided Attention
experiments using Mr

i .
Results in Table 3 show that performance improvement in

SVGA-Net is not only because the feature dependent attention
masks are sparse. The networks consistently achieve lower
performance metrics when random mask Mr

i is used instead of
Mf
i . The results show that using domain knowledge in guiding

attention maps improves performance more than the effect of
sparsity. In fact, the fact that SVGA-Net guided with random
masks achieving almost the same performance as unguided
attention network [18] suggests that incorporating domain
knowledge in guidance improves the network performance.

Table 3: The effect of sparsity in feature masks.
Task Fixed Attention Learned Attention

Random
Mask

Feature
Mask

Unguided
Attention [18]

Guided with
Random Mask

Guided with
Feature Mask

A
U

C NvsO 0.893(0.033) 0.932(0.027) 0.942(0.025) 0.945(0.025) 0.979(0.015)
PvsO 0.968(0.008) 0.96(0.009) 0.981(0.006) 0.979(0.006) 0.987(0.005)

A
C

C NvsO 0.822(0.001) 0.862(0.001) 0.863(0.001) 0.876(0.001) 0.924(0.001)
PvsO 0.885(0.0) 0.908(0.0) 0.938(0.0) 0.936(0.0) 0.950(0.0)

F1

NvsO 0.883(0.001 0.911(0.001)) 0.911(0.001) 0.92(0.001) 0.952(0.0)
PvsO 0.937(0.0) 0.95(0.0) 0.967(0.0) 0.966(0.0) 0.974(0.0)

PR
-

A
U

C NvsO 0.728(0.045) 0.799(0.041) 0.825(0.039) 0.829(0.039) 0.92(0.029)
PvsO 0.62(0.02) 0.625(0.02) 0.698(0.002) 0.697(0.02) 0.761(0.018)

Feature Analysis. To explore the discriminative power of
curvature (CTI) and dilation (ASD) features separately, we
repeat Feature Dependent Attention Mask and Guided At-

tention experiments using separate CTI and ASD dependent
masks, i.e., Mf

i,CTI and Mf
i,ASD. Table 2 shows that if we

use only Mf
i,ASD in Feature Dependent Attention Mask, net-

works achieve 0.850 and 0.914 AUC when predicting normal
vs others and plus vs others, respectively. Whereas, using
only Mf

i,CTI results in 0.837 and 0.898 AUC when predicting
the same categories. The AUC drops more when Mf

i,CTI is
used as fixed attention at feature dependent attention masks
experiment compared to Mf

i,ASD. The results suggest that
highly dilated vessels are more discriminative for both normal
vs others and plus vs others categories than highly tortuous
vessels.

4 Conclusion
In this paper, we propose a principled way to improve inter-
pretability of CNNs. We guide network attention to image re-
gions that contain clinically relevant information. We improve
the interpretability of the ROP classification network without
degrading its performance. We have introduced a novel way
for incorporating domain knowledge in learning attention maps
in CNNs. It would be interesting to apply SVGA-Net to other
medical diagnosis applications and explore if like in our ROP
case, domain guided attention masks can lead to significant im-
provements.
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