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Abstract: Convolutional Neural Networks (CNN) is one of the
main categories that have proven highly effective in various
high-level tasks such as image classification. Pre-trained Neural
Networks are models introduced in ILSVRC (ImageNet-Large-
Scale-Visual-Recognition-Challenge) which have been trained
successfully for hundreds of hours on powerful GPUs.
Furthermore, they are applicable to new application domains.
The aim of this work is to investigate the effectiveness and the
application of pre-trained models from natural (non-medical)
images to images from the OCT (optical coherence tomography)
domain in ophthalmology. The experiments show the robustness
of a series of models without the demand to train a model from
scratch again, what leads in effect to reduced training times and
computational costs.

Keywords: Pre-trained CNN, Transfer Learning, Deep Learning,
OCT dataset, Ophthalmology, ILSVRC

Copyright © 2019 for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).
200



1 Introduction

In recent years Convolution Neural Networks (CNNs) have been used widely as a powerful tool to solve several Machine-
learning tasks in several domains like natural language processing, speech recognition and computer vision [1] as well as
semantic segmentation [2] or object detection [3]. The power of CNNs became stronger and more effective after the
ImageNet Large Scale Visual Recognition Challenge (ILSVRC) competition in 2010 which made a revolution through the
efficient use of graphics processing units (GPUs), rectified linear units, new dropout regularization, and effective data
augmentation [4]. The success was achieved primarily by deep CNNs, while the depth of the network makes it more robust
and allows for extracting a set of discriminating features at multiple levels of abstraction. Training a deep CNN from
scratch requires a huge amount of labeled training data that represents a big challenge in domains like medical image
classification and detection since in a lot of use cases or applications, it is not easy to obtain such high numbers of labeled
data. In addition to the extensive computing and storage resources that the network requires in order to overcome the
training time-consuming. However pre-trained Neural Networks introduced in ILSVRC have been trained on a large
benchmark (of natural images) dataset [5] for hundreds of hours on powerful GPUs in order to solve a problem similar to
the one that we want to solve in the remainder of the paper. Thus, they could be used as a starting point for a new training
problem without the need to train our network from scratch again, especially by tweaking the already trained convolutional
layers in order to fit our problems by fine-tuning and transfer-learning [6]. Despite the significant differences between
natural and medical images, natural image descriptors such as the scale-invariant feature transform (SIFT) [7] and the
histogram of oriented gradients (HOG) [8] have been widely used for object detection and segmentation in medical image
analysis. Recently, several studies are employed to solve diagnosis medical problems by using transfer learning.

Azizpour [9] suggests that the success of knowledge transfer depends on the contrast or difference between the dataset
on which a CNN is trained and the dataset to which the knowledge is to be transferred. The study shows that it is possible
to transfer the knowledge from networks trained on natural (non-medical) images to medical images. In Bar et al. [10] pre-
trained CNNs are used as a feature generator for chest pathology identification. Ginneken et al. [11] suggest that the
integration of CNN-based features together with handcrafted features enables improved performance. Chen et al. [12] used
the fine-tuned pre-trained network to localize standard planes in ultrasound images. Tajbakhsh et al. [13] show that fine-
tuned CNNs and fully trained CNNs outperform the corresponding handcrafted alternatives in medical imaging
applications.

The aim of this work is to investigate the effectiveness of the application of pre-trained (natural image) models on
specifically chosen foreign domains in order to determine the degree of transferability. OCT (Optical coherence
tomography) images have been used in the following study. The Experiments carried out make use of two of the most
widely spread pre-trained CNNs: VGG16 and Resnet50 [14,15]. In addition, and in contrast, a CNN handcraft architecture
has been built and trained from scratch on our OCT-image set. In order to better understand how Convolutional Neural
Networks make their decisions, we apply Gradient-weighted Class Activation Mapping (Grad-CAM) [16] visualization
method on a pre-trained Resnet50.

The remainder of this study is organized as follows: Section 2 presents the description of the OCT datasets. An overview
of pre-trained Convolutional Networks is given in Section 3. Methodology and applied networks architectures are briefly
outline in Section 4. Section 5 comprises our experimental study and an introduction to our results. Finally, our findings are
briefly summed up in Section 6.

2 OCT Dataset

"Optical coherence tomography (OCT) is an optical analog of ultrasound imaging that uses low coherence interferometry to
produce cross-sectional images of the retina. It captures optical scattering from the tissue to decode spatial details of tissue
microstructures. It uses infrared light from a super-luminescent diode that is divided into two parts: one of which is
reflected from a reference mirror and the other is scattered from the biological tissue. The two reflected beams of light are
made to produce interference patterns to obtain the echo time delay and their amplitude information that makes up an A-
Scan. A-Scans that are captured at adjacent retinal locations by transverse scanning mechanism are combined to produce a
2-dimensional image." [17].

Our dataset consists of real clinical images which had been acquired during ten years of practice at The Eye Center in the
Medical Center of the University of Freiburg in Germany during 2007 and 2018. It contains ophthalmological data for
about 3,600 patients. Each patient suffers from Age-Related Macular Degeneration (AMD) [18] or a related disease such as
(diabetic retinopathy or retinal vein occlusion). The data for each patient had been collected during a long-term application
of Anti-VEGF therapy [19], and it remains unfiltered, i.e. patients suffer from other eye diseases (e.g. glaucoma or
cataract), too. Figure (1.a) shows a healthy macula, the Retinal Pigment Epithelium in the middle appears almost as a
straight and smooth line. On the other hand, the presence of druses represents an optical marker for dry AMD (see Figure

(1.b)).
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Figure 1 — OCT-samples: (a) Healthy Macular, (b) dry AMD with druses,
(¢) subretinal fluid / oedema and choriodal neovascularizations,
(d) subretinal fluid and a large scarf (fibrosis), (e) intraretinal fluid.
[Data provided with courtesy from the Medical Eye Center in Freiburg Germany. ]

Typical signs referring to fluid AMD as the new but abnormal blood vessels grow (Choroidal Neovascularizations) are
contained in Figure (1.c). The leakiness, which leads to aggregation of fluid, i.e. intraretinal or subretinal edema, also leads
to a scarf (fibrosis) as shown in Figures (1.d and 1.e) respectively. We faced several OCT data training problems. In this
work, our experiments focus on the Visual Acuity Performance (VP) classification problem where only a few patients could
be safely associated with a specific performer class, where after giving the very first OCT finding of a given patient, and
after a long period of time and therapy, the performance class could be expected with a significant confidence.

3 Pre-Trained Networks

The VGG-16 is a CNNs which is pre-trained deep network using more than one million images retrieved from the
ImageNet dataset. This network is designed by its simplicity employing only 3x3 convolution layers which are stacked on
top of each other at increasing depth. The volume size is minimized by Max Pooling. Then, two fully connected layers (of
4,096 neurons) are followed by a softmax classifier. VGG-16 contains 16 deep layers and is capable to classify images into
1,000 classes such as a mouse, keyboard, pencil and animals etc. Consequently, the network has learned extensive feature
representations for a variety of images. The network has an input image size of 224 x 224 pixels.

ResNet-50 is a pre-trained convolutional neural network which also utilized more than 1 million images retrieved from
the ImageNet dataset during the training process. ResNet-50 employs deep residual learning on 50 layers and has the ability
to classify a large number of objects into 1,000 classes like VGG-16 while also maintaining an input image size of 224 x
224 pixels.

4 Methodology

In the following, we practically investigate the robustness of pre-trained natural image CNNs on the OCT domain. The
biggest challenge arises through the difficulty of correctly classifying these kinds of medical images by ophthalmologists.
We examine the transferability of knowledge embedded in pre-trained CNNs for this type of medical images. We also
employ the Grade-CAM technique to visualize the regions on the image input, which is important for these pre-formed
CNN predictions, in order to gain a better understanding of how these networks create their decisions. Our experiments are
conducted on our classification problem of Visual Acuity Performance (VP). The VP problem set contains three classes:
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e l-decreasing: the visual acuity of the patient drops after a period of time.
e 2-stable: the visual acuity of the patient stabilizes after a long period; however, it needs consistent therapy.
e 3-increasing: the patient's visual acuity increased immediately from therapy,

(the problem of the outcome of the therapy quality).

We used VGG16 pre-trained network [20] keeping the weights and filters of the top layers of the network which identify
simple features like edges, lines, and corners and retrained the last four layers. Then, we added a fully connected layer
followed by a Softmax activation [21] with a number of outputs corresponding to the number of classes in each OCT-image
set. The same procedure was applied to the Resnet50 pre-trained network. We apply Grad-CAM to all those networks in
order to highlight the specific discriminative regions of an image detected by the pre-trained CNNs. The annotated ground
truth labels are converted and forwarded to the last layer in order to calculate the appropriate class scores.

The workflow of Grad-CAM is shown in Figure 2, where for all classes, the gradient is set to zero except that the true
class which is set to 1. The error signal is then back propagated to the feature map of interest where the Grad-CAM
localizations use the gradients of the target class flowing into the final convolutional layer to create a coarse localization
map which highlights the important parts in the image for the predicting of the respective class [16].

Rectifies Conv Feature Maps Fullyconnected Activations

input image

score

M~ |pep}

Grad-Cam

Figure 2 — Grad-Cam

S Experimental results

Three convolutional neural networks (pre-trained VGG16, pre-trained ResNet50 and a handcrafted CNN) are used in our
experiments. Since the lower layers only detect more (localized) general and simple features like edges and lines, and as the
network increases the complexity in the higher layers, we decided to retrain the last four layers and leave the others frozen
whereas a frozen layer does not change during training in VGG16 pre-trained network. Then, we added a fully connected
layer with 512 neurons and ReLU activation [22] followed by dropout layer in order to avoid overfitting. In addition, an
output layer with a number of neurons matches the number of classes followed by Softmax activation. We employed an
Adam optimizer with a learning rate of 0.0001 [23]. Within the Resnet50 pre-trained network, also the first 41 layers are
frozen; a flattened layer followed by a dense layer with several neurons matching the number of classes by using Softmax
activation. SGD optimizer is used with 0.01 learning rate [24]. Our handcrafted CNN consists of four convolutional layers
with filter-weights of sizes (5x5x32), (5x5x64), (7x7x64), (7x7x128), respectively. Each convolutional layer is followed by
a (2x2) max pooling and ReLU activation. In addition, a fully connected layer with 512 neurons is followed by a last output
layer with a number of neurons equal to the number of classes within the Softmax activation.

Our dataset consists of 8,434 OCT-images. 20% of our samples are used as the validation set and 20% as a test set. After
the training phase of our three networks (VGG16, ResNet50 and our handcrafted model) for 10-times of runs we got an
accuracy range over a validation set of values between (92.20% - 94.54%), (92.57% - 94.72%), (75.11%-76.90%), for
these models respectively. Thus, as shown in Figure 3 which plots the training and validation accuracy and the training and
validation loss during the training process of these three CNNs in the last run, the two pre-trained models outperformed our
handcrafted model which is had been solely trained from scratch on our selected three classes OCT-image set.
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Figure 3 — Training and validation accuracy and loss of the last runs for our modified models of:
(a) VGG16, (b) ResNet50, (¢) Handcrafted model.

For more robust evaluation of each classification network, we calculated the classification accuracy after training each
CNN networks ten-times over an OCT-test set (test-accuracy), which represented 20 % from our OCT image samples. The
results show the resulting performance of pre-trained CNN over our Handcrafted CNN. Not only for validation and test
accuracy, but also for the number of epochs our Handcrafted CNN performs worse while employing 50 epochs to fit
training image samples in comparison to 20 and 10 epochs for VGG16 and ResNet50, respectively. As shown in Table 1,
the best test accuracy was obtained by pre-trained VGG16 with a test accuracy average of 88.814 %. ResNet50 achieved
even better in terms of the number of epochs, which was 10 epochs.

Table 1 —The results of test accuracy and standard deviation

CNN Epochs Test Accuracy Average Accuracies Standard
deviation
VGG16 20 87.22 % - 90.64% 88.814 % 0.943
Resnet50 10 81.07 % - 82.49 % 82,17 % 0.799
Handcraft 50 75.80 % - 79.79 % 77.82 % 1.104

As a measurement of how much the test accuracy varies over the runs, we calculated the standard deviation of test
accuracies for each CNN. Figure 4 shows the normal distribution of the resulting test-accuracy values over the ten runs for
CNNs.

We applied Grad-Cam visualization methods on ResNet50 in order to understand exactly where CNN is looking in the

image to actually distinguish between the classes. As figure (5) shows Grad-Cam of three OCT-image samples related to
three classes.
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Figure 4 — The normal distribution of test accuracy values over ten runs:
(a) Pre-trained ResNet50 CNN, (b) Handcrafted CNN, (c) Pre-trained VGG16
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Figure 5 — Grad-CAM applied to different OCT images. (a) 1_decr. (b) 2_stable
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6 Conclusion and Future Work

In this study, we introduced an experimental study in order to investigate the robustness of pre-trained Neural Networks
towards a special kind of medical images (OCT-images) described in Section 2 without the need to retrain these networks
from scratch. We explore the outcome of keeping the first few layers of the pre-trained networks are while retraining the
latter layers in order to adjust and fit our classification problem. The experimental results show the resulting performances
of pre-trained networks over a Handcraft network, which has been built and trained from scratch, and which augments the
concept of knowledge transfer despite the big difference between the natural and medical image domains. We also applied
Grad-CAM visualization method on pre-trained ResNet50 to get a better understanding which features appear relevant to
the CNNs in order to distinguish between the different medical image classes. Future work encompasses the investigation
of semi-automated and active learning algorithms to solve the massive annotation problems, since these algorithm classes
are capable to fill the gap between labelled and unlabelled data while idealistically only querying such samples that would
lead to an increase in precision or accuracy. In addition, it is essential to enhance the current framework and tool chain to
address at least a wider variety of real-world ophthalmologic challenges.
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