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Abstract. An Augmented Reality Microscope (ARM) displays additional information about the tissues being
analyzed by a pathologist. The image analysis methods used by these microscopes must be robust to changes
in magnification level in order to follow the displacements in the glass slides. In this paper, we propose to take
advantage of features present in some key magnification levels that improve the results of other magnifica-
tion levels. We propose a real-time method robust to changes in magnification levels by training deep neural
networks on certain key levels of Whole Slide Images (WSI) and testing them on the levels of a microscope.
We show that our approach outperforms or equals naive methods on a breast cancer dataset for the Inception-
ResNet-v2 deep learning architecture.

Keywords: Real-time breast cancer classification; Digital pathology; Augmented reality microscope; Deep
convolutional networks.

1 Introduction

1.1 Digital pathology

The introduction of slide scanners in the late 1990s enabled the advent of digital pathology [1]. Indeed, scanners
have made it possible to digitize glass slides by creating high resolution tissue images (Whole Slide Image - WSI).
An example of such images is shown in Figure 1.

(b)

Fig. 1. Patches of benign and malignant tumors. Examples of benign tumor (a) and malignant tumor (b) as seen in
a WSI at 40X magnification level, in the case of breast cancer (H&E stain).

The digitization of the slides has made it possible to solve many problems related to microscopic study. First,
unlike glass slides, it is possible to preserve the tissues indefinitely and without deterioration. Consequently, the
archiving of medical images makes it possible to create large databases around particular pathologies, which facili-
tates research work concerning these diseases. Then it becomes possible to share WSIs for peer review purposes to
obtain multiple remote diagnoses of the same glass slide. Alternatively, microscope virtualization and WSI sharing
can be used for training purposes. Indeed, to train specialists in pathology, it is no longer necessary to have glass
slides, nor even a microscope available. A virtual microscope with WSI is sufficient, thus allowing easy access to
education. These technological advances come with new challenges related to the size of WSIs. Because of their
high resolution, WSIs weigh several gigabytes. Therefore, appropriate IT systems are needed to store, process and
share WSI.

1.2 Digital pathology & AI

Following the encouraging results shown by artificial intelligence (Al) in the field of computer vision [2], these
methods were quickly used on medical images. In the field of digital pathology, Als have the potential to provide
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solutions in education, quality control, clinical diagnoses, image analysis [3—5]. However, faced with these new
opportunities, the challenges are numerous: the lack of annotated data; high consumption of computing resources;
the lack of transparency and explainability of Al predictions; ethical and legal issues.

Among the methods of Al, we find in particular deep learning methods. Deep neural networks were quickly
applied to various pathologies, including breast cancer, which is the deadliest for women [6, 7].

Thus, studies have proposed methods for classifying tumor patches in the case of breast cancer [8—12]. These
works have shown the superiority of deep learning approaches compared to machine learning approaches.

1.3 Virtual microscope & augmented reality

Driven by the evolution of digital pathology, virtual microscopes have appeared, thus making it possible to emulate
the functions of an optical microscope on a computer [13, 14]. In addition to not needing a microscope, virtual
microscopes allow tissues to be zoomed in and out without delay, unlike optical microscopes, which only offer a
few levels of magnification and require focusing of the tissue observed at each level change.

Despite these advantages, in a context of redundant work such as glass slide diagnosis, using a virtual micro-
scope is not suitable, because it leads to a loss of time during the digitization of the glass slide, then during the
diagnosis phase [15]. An approach based on augmented reality tools integrated into microscopes (ARM), where
additional information is displayed during the microscopic study seems better suited to help pathologists in their
routine.

During a microscopic study carried out with an optical microscope, the pathologist analyzes a glass slide in
search of structures of interest to establish a diagnosis. The glass slide is studied in particular at different levels of
magnification. To change the level of magnification, optical microscopes have a limited number of objectives. We
believe that the intermediate magnification levels unattainable with a light microscope are rich in features and can
provide insight into tissue at the magnification levels accessible by a microscope.

Following previous work [16] on real-time object detection in WSIs, we propose to:

— Classity in real-time patches of benign and malignant tumors in the case of breast cancer using the Inception-
ResNet-v2 [17] architecture.

— Use the intermediate magnification levels of a WSI to improve the performance of an ARM method that uses
standard magnification levels of an optical microscope (20X, 40X, 100X).

— Compare three tumor prediction approaches at different magnification levels: Train networks at multiple levels;
Train networks on each level; Train networks on an intermediate level.

For the sake of reproducibility, the experiments were performed on the public dataset BreakHis [18], and the source
code is available here °.

The paper is organized as follows. First, we introduce three methods to process images of multiple magnifica-
tion levels in the case of an ARM application in section 2.1. Then, we introduce the public dataset BreakHis [18]
and datasets created from BreakHis in section 2.2. We compare the methods presented in 2.1 in section 3, before
providing an analysis on the experiments performed in section 4.

2 Materials and methods

2.1 Methods

In recent years, the rapid evolution of the computational capabilities of graphics processing units (GPUs) has
largely contributed to the emergence of new approaches that improve the overall performance of deep learning
methods, allowing them to be considered more seriously for real-time applications such as augmented reality
microscopy [19,20]. One of the challenges of using the augmented reality microscope (ARM) is the frequent
changes in magnification level during diagnosis sessions. Indeed, changing the magnification alters the structures,
shapes and borders of the observed tissues. To overcome this problem, we consider two naive approaches to develop
a robust real-time method that performs well at different magnifications.

The first approach consists of training a single network on several magnifications, so that it generalizes its
understanding of structures at several levels. This method requires only one model to be trained, however, the
performance is largely related to the ability of the architecture to generalize over multiple magnifications. The
second approach consists in training one network per level. In this case, several models are required, depending on
the range of magnification levels studied. We then propose a third approach where we train a network on a level
near to the level used for the test phase.

3 https://github.com/RobinHCK/Breast—cancer—classification-methods—for-augmented-reality-microscopes
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Among the architectures that have shown the best results on the task of classifying benign and malignant tumor
patches in the case of breast cancer are: Inception-v3 [21], ResNet [22], GoogleNet [23], VGG [24]. Inception-v3
seems to show slightly better results than the other methods although the difference may be minimal depending on
the dataset used. The Inception-ResNet-v2 architecture, which is an evolution of the Inception-v3 architecture, pro-
poses to add residual connections to the Inception modules in order to speed up training and outperform Inception
architectures without residual connections [17].

We compare the three approaches by studying the results of different Inception-ResNet-v2 models, over a wide
range of magnification levels to be able to select the best networks over a given range.

2.2 Datasets

BreakHis The public dataset BreakHis [18] was used because it contains many images at different magnification
levels. It consists of 7,909 patches stained in H&E (Hematoxylin and Eosin), size 700x460 pixels, at 40X, 100X,
200X and 400X magnification levels. This dataset is destined for the breast cancer classification task. 2,480 benign
and 5,429 malignant tumor patches were collected from 82 patients.

Creation of intermediate magnification levels To cover a wider range of magnification levels, we interpolate
patches of 20 intermediate magnification levels from the original dataset.

To do this, each original patch is cropped according to Equation 1 where crop size is the size of the patch to be
kept when cropping, patch size is the size of the patch that will be used by the deep neural network, and nearest
level is the nearest lower magnification level that exists in the patches of the original dataset.

patch size * nearest level

1)

crop size = -
desired level

Next, we choose bicubic interpolation [25], which is a good compromise between interpolation quality and
processing time [26], to size the patches to the dimension patch size. Thus, we obtain a dataset containing patches
of size 350x230 pixels* for each of the 24 magnification levels in our range (from 20X to 400X). We create a last
balanced dataset named allX from the 40X, 100X, 200X and 400X patches.

Finally, we apply data augmentation methods to the datasets to improve the diversity of the data and counteract
the lack of data that is a recurrent problem when using medical data. Patches are randomly rotated, horizontally
flipped, and vertically flipped.

3 Experimentations

In section 2.1, we presented three approaches that are robust to changes in magnification levels. To study and
compare these approaches, we train Inception-ResNet-v2 networks on datasets built from BreakHis over a wide
range of magnification levels.

Before starting training, we transfer weights from a pre-trained model on ImageNet [27] (ImageNet is the
largest image database, commonly used for classification tasks, containing 14,197,122 images organized into
21,841 classes) to our model. We freeze the model weights, before re-training the last layers of the network on
our data. This method is a standard procedure as reported in [28] for refining the training of models with little data.
This saves training time and reduces overfitting.

We train the networks with the same parameters and hyperparameters to facilitate comparison of results: learn-
ing rate = 0.01; momentum = 0.9; epochs = 30; batch size = 64; optimizer = SGD; cost function = softmax;
regularization = dropout. In addition, we use EarlyStopping to stop training when no improvement occurs on the
validation loss in the last 15 epochs to avoid overfitting. To take full advantage of the data we have and to tackle
overfitting, we perform a 5-fold (K=5) cross-validation for each magnification level. Patches are distributed in each
fold respecting the organization given by BreakHis. Each fold is used to test once the results obtained on a network
trained on all other folds. Thus, each patch of the dataset is classified once.

We perform all the computational processing on GPUs provided by the computing center of the University of
Strasbourg. In total, at a rate of 10 minutes of training per network, it took about 1 day of cumulative computation
to train the 125 networks (cross-validation K=5x25 datasets) that this experiment counts.

Finally, we test each model on all magnification levels. For this step, we choose to use the accuracy defined in
Equation 2 as the evaluation metric since our classes are balanced.

* The size of the patches in the BreakHis dataset is 700x460 pixels. In order to obtain patches with a lower magnification level,
the original patches must be cropped and resized. Thus we lose some of the context of the original patch
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well classi fied patches

03]

accuracy =
d total number of patches

We build a heatmap illustrated in Figure 2 from the accuracies obtained by the networks.

Accuracy heatmap: network trained and tested on different magnification level
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Fig. 2. Inception-ResNet-v2 Accuracy Heatmap. Shows the accuracies (%) obtained by individually tested trained
networks on all datasets in a range of magnification levels from 20X to 400X. The higher the accuracy of a network
on a dataset, the darker the box, and vice versa.

In parallel, we measure the number of patches processed per second during the testing step on a subsample of 10
networks. Then, assuming that this calculation is linear, we convert this number of patches per second into the
number of 720p and 1080p definition frames tested per second (FPS) to obtain the Table 1. These measurements
were carried out using a processor (CPU) ° then two GPU ©.

% i5-11600KF 3.90GHz 3.91 GHz
 NVIDIA GeForce GTX 1080 & RTX 3080
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Table 1. Number of FPS processed by Inception-ResNet-v2. The average number of frames per second (FPS)
tested by a network depending on the type of resource used (GPU or CPU) and on the image definition (720p or
1080p).

Image definition 720p 1080p
CPU 1.3 0.6
GPU 1080 35 1.7
GPU 3080 73 32

4 Results and discussion

4.1 Real-time

Displaying augmented reality information on a microscope requires a real-time method capable of tracking a
pathologist’s movements. We define the notion of real-time based on [29]. Thus, for the tumor patch classification
task, we speak of real time to mean that our method is able to predict the field of view observed under a microscope
several times per second as shown in Table 1. Indeed, the Inception-ResNet-v2 architecture processes an average
of 7.3 FPS at 720p resolution with a GPU, which can classify images quite quickly for a smooth result.

With 55,873,736 parameters and a depth of 572, Inception-ResNet-v2 is one of the computationally intensive
networks. Despite its size, it is possible to perform real-time tasks using a single, latest-generation GPU. Thanks
to recent advances in computational capacity, it is now possible to run deep learning networks in real time by
embedding a commercial GPU on a microscope.

4.2 Heatmap

First, it is clear that networks trained on one magnification level have the best accuracies on nearby magnification
levels, as shown in Figure 2. It is obvious that a network will generally be better on a magnification level near to the
one used in the training step. However, by looking at the central diagonal, we can see that the best accuracy at one
level of magnification is not always found by the trained network on that level of magnification. In other words, a
slight zooming in or out during training improves the network’s results. It appears that near context contains rich
features that improve the results of a network. The results also show that at a given magnification level, networks
trained at that level and nearby levels perform best. Moreover, these networks do not necessarily misjudge on the
same cases. This means that each level of magnification does not provide the same features.

The second observation concerns the gradient on both sides of the diagonal of the darkest boxes. The further the
magnification level of a tested dataset is from the magnification level of the dataset used for training, the lower the
accuracy. This seems to confirm the intuition that the near context contains the most useful features for a network.

Third, we note that the higher the magnification level, the worse the accuracies of networks trained on a single
magnification level. At higher magnification levels, the spatial context for understanding the structure of a tumor
is lost. Therefore, observing tissue at high magnification is not relevant for tumor classification in breast cancer.
We note that magnification levels between 20X and 80X are more rich in features for our networks in our case.
In practice, this coincides with the behavior of the pathologist, who spends more time in the lower magnification
levels.

Fourth, note that the best networks give accuracies close to 80%. This performance is lower than the state of
the art in tumor patch classification in breast cancer on BreakHis [30]. This is due to the way we build our datasets
from BreakHis. Indeed, in order to study a large range of magnification levels, we build patches of new levels, so
part of the context has been removed, which impacts the performance of the networks. We also notice that in the
worst case, the lowest accuracy obtained is 62.6%. This means that in the case of breast cancer, the features to
distinguish benign and malignant tumors are present at all magnification levels of the study range.

4.3 Comparison of approaches

From the heatmap in Figure 2, we can compare our approach with two naive methods as reported in Table 2.

First, we find that the first approach, where we train the networks on the magnification level used for the test,
manages to obtain the best accuracies on some levels in the 20X to 70X range.

Second, the networks trained on all magnification levels achieve best accuracies over the 100X to 300X range.
This second approach succeeds in generalizing the learned features over multiple levels, thus obtaining better
accuracies over higher magnification levels. However, this method fails to outperform specialized networks on
lower magnification levels (20X to 100X).
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Table 2. Comparison of approaches. Comparison of the accuracies (%) of three tumor prediction approaches on
different magnification levels: Training networks on several levels; Training networks on each level; Training
networks on an intermediate level.

Levels of network trained network trained on network trained
magnification tested & tested on one level 40X, 100X, 200X, 400X on an intermediate level The best network
(allX) (Our method)
20X 0.742 0.761 0.784 24X
24X 0.779 0.765 0.779 24X
28X 0.755 0.755 0.773 32X
32X 0.774 0.766 0.774 32-40X
36X 0.757 0.765 0.769 32-40X
40X 0.770 0.766 0.770 40X
50X 0.774 0.766 0.789 70X
60X 0.767 0.759 0.785 70X
70X 0.773 0.763 0.773 70X
80X 0.755 0.764 0.765 116X
90X 0.728 0.755 0.759 116X
100X 0.733 0.761 0.752 allX
116X 0.736 0.761 0.749 allX
133X 0.715 0.754 0.746 allX
150X 0.729 0.744 0.743 allX
166X 0.738 0.746 0.738 allX
183X 0.737 0.749 0.737 allX
200X 0.726 0.746 0.736 allX
233X 0.713 0.742 0.736 allX
266X 0.727 0.737 0.730 allX
300X 0.715 0.737 0.732 allX
333X 0.730 0.726 0.730 333X
366X 0.706 0.724 0.728 333X
400X 0.692 0.706 0.720 333X
Average 0.740 0.751 0.754

Third, we find that the proposed approach, where we select the best networks trained on any magnification level,
achieves the best accuracies for the 20X to 90X range. A magnification level contains features that sometimes yield
better results on nearby magnification levels.

On average, the proposed approach (75.4%) outperforms or equals the naive approaches (74% & 75.1%) over
the range of magnification levels studied with the Inception-ResNet-v2 architecture on the BreakHis dataset. Our
approach shows better results on low magnification levels (20X to 90X). From 100X, the allX approach becomes
better. Beyond a certain magnification level, the tumor features present in the image become less relevant. However,
the features at low magnification levels significantly help the understanding of the features at high magnification
levels.

Looking at the best networks by magnification levels shown in Table 2, we observe that the 24X, 32X, 40X,
70X, 116X, 333X, and allX networks are able to cover the entire range of magnification levels studied, while
achieving the best results.

In the context of an ARM method, we want to display additional information about the observed tissue at the
few magnification levels offered by the optical microscope. Let’s take for example a microscope with 20X, 40X
and 100X magnification levels. In order to obtain the best results in our case, we must use: the 24X model on the
20X level; the 40X model on the 40X level; the allX model on the 100X level.

It seems interesting to use networks trained on a single level of magnification for the lowest levels of magnifi-
cation up to 90X. Then, from 100X, it is advisable to use gratings trained on several levels of magnification.

Finally, it should be kept in mind that these results were obtained with the Inception-ResNet-v2 architecture on
a breast cancer dataset. Depending on the method and the data used, the conclusions may change.

5 Conclusion

In recent years, the rapid evolution of the computing capabilities of graphics cards has largely contributed to the
appearance of new approaches improving the overall performance of deep learning methods. These advances allow
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us to more seriously consider deep learning methods for embedded real-time microscope tools. Such applications
can be used to assist pathologists in their daily routine.

We have proposed an approach that takes advantage of the intermediate magnification levels of WSIs to im-
prove the performance of an ARM method that uses standard magnification levels of an optical microscope.

Future work should focus on the use of ensemble learning methods to take full advantage of the features of each
level of magnification. Finally, it would be interesting to see real-time approaches being implemented on different
tasks in various medical and other applications. This will raise awareness of the challenges related to the use of
real-time deep learning methods in real conditions.
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