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Abstract

Fungal keratitis (FK) is a common and severe corneal disease, which is widely spread in tropical and subtropical areas. Early
diagnosis and treatment are vital for patients, with confocal microscopy cornea imaging being one of the most effective
methods for the diagnosis of FK. However, most cases are currently diagnosed by the subjective judgment of ophthalmolo-
gists, which is time-consuming and heavily depends on the experience of the ophthalmologists. In this paper, we introduce a
novel structure-aware automatic diagnosis algorithm based on deep convolutional neural networks for the accurate diagnosis
of FK. Specifically, a two-stream convolutional network is deployed, combining GoogLeNet and VGGNet, which are two
commonly used networks in computer vision architectures. The main stream is used for feature extraction of the input image,
while the auxiliary stream is used for feature discrimination and enhancement of the hyphae structure. Then, the features are
combined by concatenating the channel dimension to obtain the final output, i.e., normal or abnormal. The results showed
that the proposed method achieved accuracy, sensitivity, and specificity of 97.73%, 97.02%, and 98.54%, respectively. These
results suggest that the proposed neural network could be a promising computer-aided FK diagnosis solution.
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Introduction The accurate diagnosis and early treatment are crucial to

avoid severe complications, such as corneal perforation,

Fungal keratitis (FK) is one of the most severe vision-
threatening ocular diseases worldwide, especially in
developing countries, and seriously affects the patients’
quality of life. More than 70 kinds of opportunistic fungi
have been demonstrated to cause FK, and these are mainly
divided into filamentous fungi and yeast-like fungi [1].
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hypopyon, endophthalmitis, and even blindness [2]. The
current commonly used clinical examination methods
include slit lamp examination, corneal scraping micros-
copy, fungal culture, tissue biopsy, KOH test, PCR, and
confocal microscopy [2]. However, they all have limita-
tions: (a) a slit lamp examination can observe only the
surface of the cornea and can provide only a simple initial
diagnosis based on symptoms [3]; (b) scrape microscopy,
tissue biopsy, and the KOH test can damage the cornea
[4]; (c) fungal culture takes approximately 1 week to
develop and makes timely diagnosis difficult [5]; and (d)
the cost of PCR is too high to be suitable for widespread
clinical diagnosis [6].

Confocal microscopy has been used for the early diag-
nosis of FK, and the results until now have been promis-
ing. However, this diagnosis is mainly depending on the
subjective experience of ophthalmologists or experts, which
is time-consuming and has a high false positives rate [2].
Furthermore, diagnosis based on confocal microscopy is
not able to distinguish the species and the activity of fungi,
while it is not able to perform quantitative analysis and
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quantify the fungal hyphal number. Therefore, there exists
a great need for an automatic classification system that can
recognize hyphae. However, there have been limited studies
so far aiming to overcome this limitation. The data acquisi-
tion of in vivo confocal images with fungal hyphae is dif-
ficult and time-consuming, while the images may show a
complex structure, which makes accurate diagnosis difficult.
Experienced ophthalmologists are required for the collection
and labeling of the data to solve the first problem. Moreover,
machine learning methods are deployed to tackle the second
problem.

The standard processing firstly involves the manual
extraction of proper features and then their utilization to
train a support vector machine model to perform image
classification [7]. Since the features are extracted manually,
the whole classification system is transparent and inter-
pretable. However, the hand-crafting process also limits
the flexibility and refrains the design of general features.
Deep-learning-based methods, which can automatically
extract features from the original images without requir-
ing hand-crafted features, have been recently applied and
greatly improved the performance of many computer vision
tasks. In general, in deep-learning-based methods, a convo-
lutional neural network is trained on a large dataset auto-
matically extracting hierarchical features. Harnessing the
power of deep learning methods, automatic diagnosis of
FK based on neural networks has also undergone extensive
development [2, 8]. However, training a single network
may not fully exploit the structural features of images in
the case of FK classification. In the present research work,
we suggest incorporating prior knowledge into the training
of neural networks to substantially exploit the structural
information of images and facilitate strong classification
performance. Specifically, a two-stream convolutional neu-
ral network is deployed combining two commonly used
network architectures in computer vision, GooLeNet [9]
and VGGNet [10]. For the one stream, the network is used
to directly extract features from the input image. For the
second stream, the possible structure of fungal hyphae is
first extracted to be used as prior knowledge and then the
processed image is used as the input of the stream. Finally,
the features extracted by the two streams are integrated to
be used as inputs for the prediction models. The intuition
is that the pixel intensity in regions with fungal hyphae is
generally higher than the pixel intensity in other regions.
Accordingly, the mean of all pixel values is subtracted to
extract the possible structure of fungal hyphae as prior
knowledge. This two-stream convolutional neural network
was named as structure-aware convolutional neural net-
work (SACNN).

Related Work
Deep Learning on Image Classification

Since AlexNet [11] was first applied to ImageNet clas-
sification [12], the computer vision community has
witnessed a rapid development of deep learning (a.k.a.
deep neural networks). The performance on image clas-
sification and other computer vision tasks has greatly
improved due to the advantages of deep learning [9, 10,
13, 14]. The deep convolutional neural networks, which
are typically used in computer vision tasks, generally
consist of several sequential convolutional layers; they
are optionally followed by nonlinear function and pool-
ing operations and followed by several fully connected
layers, with their overall topology exhibiting tremendous
potential in image-related tasks. The AlexNet, overcame
other non-neural-network-based methods by large mar-
gins, demonstrating state-of-the-art performance on
large-scale datasets [11]. The network in this tool con-
sists of five convolutional layers and three fully con-
nected layers, where each convolutional layer is followed
by ReLU nonlinearity [15] and normalization called local
response normalization. Data augmentation and dropout
[16] were exploited in the training of the neural network
to prevent overfitting [11]. However, although there are
only five convolutional layers and three fully connected
layers, the computational complexity of the network is
high, due to the large kernel in the convolutional layers,
which may prevent the network from increasing its depth.
The recently introduced networks, such as VGGNet [10]
and GoogLeNet inception v1 [9], attempt to use small
kernels to lower the computational complexity while
maintaining the same receptive field of the input image
in an attempt to overcome the latter problem. Specifi-
cally, for VGGNet, the size of the convolution kernel is
set to 3 X 3. Compared with the 3 X 3 pooling kernels of
AlexNet, VGGNet has 2 X 2 pooling kernels. In addition,
larger numbers of layers and channels (i.e., deeper and
wider networks) are used in VGGNet. Generally, deeper
networks result in larger model capacity and can learn
more powerful and discriminative representations. For
GoogLeNet inception v1, multibranch convolution is
designed to extract image features from different convo-
lution kernels. The network is also extended to be deeper
and wider to improve its performance. More details about
those state-of-the-art models can be found in their origi-
nal papers [9, 10, 17, 18]. In this paper, we mainly utilize
VGGNet [10] and GoogLeNet inception v1 [9] to classify
medical images.
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Automatic Diagnosis of Fungal Keratitis

The accurate and quick diagnosis of FK is of great clini-
cal significance, as microbial culture takes approximately
7 days, and confocal imaging has obtained the potential
to achieve automatic diagnosis with the recent advances
in image processing techniques using artificial intelli-
gence. In 2016, Qiu et al. developed an automatic diag-
nosis method based on local binary patterns and support
vector machines [19]. This method achieved an accuracy
of 93.53% on a dataset with approximately 200 images
[19]. Wu et al. proposed an adaptive robust binary pattern
as a better texture descriptor [20] to further improve the
performance, and the accuracy improved to 99.74% on
a dataset with approximately 400 images [20]. However,
these methods are based on traditional image processing
methods, and the datasets were relatively small, resulting
in a limited role in clinical applications. With the rapid
development of deep learning in computer vision appli-
cations, it has become natural to apply deep-learning-
based methods to the automatic diagnosis of FK. Liu
et al. proposed applying convolutional neural networks
combined with image preprocessing algorithms to diag-
nose and classify fungal hyphae, achieving high accuracy
0f 99.95% [21]. They used data augmentation and image
fusion to preprocess the images to improve the classifi-
cation performance. Specifically, they first augmented
images by image rollovers, then proposed sub-area con-
trast stretching to preprocess the images, and third fused
the preprocessed images with the original images using a
histogram matching fusion algorithm [21]. This combina-
tion of image preprocessing and convolutional neural net-
works presented satisfying results. However, the proposed
image preprocessing is slightly complex, making it too
time consuming for real-time processing in clinical appli-
cations. In addition, Lv et al. recently adopted ResNet for
the automatic diagnosis of FK [22]. The proposed method
in this study fuses prior knowledge to improve the clas-
sification performance and utilizes a larger dataset to train

Fig.1 The overall proposed
framework of the two-stream
structure-aware convolutional

the network compared to the aforementioned comparative
studies. Additionally, elaborate comparison experiments
with previously proposed methods were conducted in the
present study.

Method

The aim of this research work was to distinguish confocal
corneal images from fungal hyphae using images without
fungal hyphae and deep-learning-based methods. In general,
a typical method to address the problem is to train a convo-
lutional neural network with a classification loss function.
In this paper, however, we suggest incorporating simple but
effective prior knowledge to further improve the classifi-
cation performance. For the confocal corneal images with
fungal hyphae, the pixel intensity of the region with fun-
gal hyphae is generally higher than the one in the region
without fungal hyphae. Accordingly, we can extract the
approximate structure of hyphae to assist the classification.
In this paper, the mean of all pixel values is subtracted to
extract the structure of the hyphae, with this method being
simple but effective. The extracted approximate structure is
used as prior knowledge to improve the prediction perfor-
mance. For this purpose, a two-stream convolutional neural
network, called SACNN, is used. SACNN consists of the
main stream extracting image-level features and an auxil-
iary stream extracting prior-level features. The main stream
processes the original image to extract hierarchical features,
and the auxiliary stream processes the corresponding prior
knowledge (i.e., approximate structure of hyphae). The
overall framework is presented in Fig. 1. Regarding feature
extraction of prior knowledge, it is expected that the auxil-
iary stream can learn discriminating features and enhanc-
ing the feature of hyphae structure for images with fungal
hyphae, which may improve the classification accuracy.
Then, the features extracted by the two streams are further
integrated to perform the final prediction. For each stream,
commonly used networks in computer vision applications
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were adopted, i.e., Inception v1 [9] for the main stream
and VGGNet [10] for the auxiliary stream. Other networks,
such as ResNet [13] and DenseNet [18], may also be used
as the two streams. However, the main focus of this paper
was to incorporate prior knowledge on the structure of fun-
gal hyphae to improve the classification performance, and
thus, less emphasis was given on optimizing the selection
of network architectures and only commonly used and high-
performing architectures in other computer vision applica-
tions were utilized.

Experiments
Dataset and Implementation Details

The dataset used in the system is the SYSU_OC_
Keratis2019 dataset, which consists of 7278 confocal images
capturing the cornea that has been collected from FK
patients at the Zhongshan Ophthalmic Center, Sun Yat-sen
University, from November 2015 to May 2019. Among these
patients, 3862 had hyphae and 3416 did not. All images were
produced with an HRT3-CM confocal laser cornea micro-
scope from Heidelberg Company in Germany, and there
were no selection criteria for age and sex. The study protocol
was approved by a properly constituted institutional review
board (Zhongshan Ophthalmic Centre ethics committee of
Sun Yat-sen University, Guangzhou, China), and the study
was conducted under the ethical principles of the Declara-
tion of Helsinki (2017KYPJ104).

The confocal images of FK were captured as follows.
A sterile Tomocap (Heidelberg Engineering GmbH,

Fig.2 Examples of images with
and without fungal hyphae. Top
row: with fungal hyphae. Bot-

tom row: without fungal hyphae

Dossenheim, Germany) was mounted over the objec-
tive of the microscope (Zeiss, X 63), and polyacrylic acid
0.2% (Viscotears, Novartis) was used as a coupling agent
between the cap and the lens objective. The options for
image acquisition included section (a single image at a
particular depth), volume (a series of images over 60-um
depth), and sequence scans (a video sequence at a par-
ticular depth). The wavelength of the laser, which was
employed in the HRT II/RCM, was 670 nm, and each
standard 2-dimensional image consists of 384 x 384 pixels
covering an area of 400 um X 400 um.

The image preparation process firstly starts with the con-
firmation of the diagnosis of FK by the results of the cor-
neal microbial culture of the fungi. Then, the IVCM images
were randomly assigned to three junior corneal experts for
initial screening and labeling. Each expert reviewed a set of
images, and the other two corneal experts were invited to
confirm the labeling results. If the diagnoses of the first- and
second-round experts were inconsistent, the image was being
submitted to the highest level of corneal expertise to obtain
a final decision. A total of 3862 images with hyphae were
selected. Finally, all the images with hyphae were traced by
the drawing board with a red brush of 1-pixel width in the
computer.

The total dataset is further split into a training and a test
set, respectively. Twenty percent of the total dataset was
selected as the test set, which consisted of 1455 images,
with 683 of them being of patients without fungal hyphae
and 772 of them coming from patients with hyphae.

Some examples in the dataset are shown in Fig. 2. Exam-
ples of prior images containing possible hyphal structures
are shown in Fig. 3.
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Fig.3 Examples of original images and corresponding prior images. Top row: original images. Bottom row: prior images

The size of the images was resized and fixed to 224 x 224,
and these processed images were used to train the network.
The initial learning rate was 0.0001, decreasing linearly
during the training process. Kaiming initialization [23] was
used to assist the network training for the initialization of
the network weights and biases. The batch size was set to 8
to limit the usage of GPU memory. In addition, commonly
used binary cross-entropy loss was utilized as the loss func-
tion and the Adam optimizer [24] was deployed to update
the network parameters. The network training terminated
after 100 epochs.

Experimental Results

The trained model was evaluated on a test set consisting
of 1455 images. The confusion matrix of the classification
results is shown in Fig. 4. According to these results, 10
images without fungal hyphae were diagnosed as fungal
images, and 23 images with fungal hyphae were diagnosed
as nonfungal images. Several statistical indexes, including
accuracy, precision, sensitivity, specificity, F1-score, area
under the ROC curve (denoted as ROC-AUC), and area
under the precision-recall curve (denoted as PR-AUC), were
calculated to quantitatively evaluate the performance of the
proposed method. These metrics are defined as follows:

TP + TN 1
TP + TN + FP + FN M

Accuracy =

@ Springer
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where TP is the number of true positive samples, TN is the
number of true negative samples, FP is the number of false-
positive samples, and FN is the number of false-negative sam-
ples. The positive samples here are images with fungal hyphae.

The accuracy, precision, sensitivity, specificity, and
F1-score were 0.9773, 0.9868, 0.9702, 0.9854, and 0.9784,
respectively. The precision-recall and the ROC curves are
shown in Figs. 5 and 6, respectively. The proposed method
was benchmarked against previously proposed algorithms
in [21] to further confirm the improvement in its classifica-
tion performance. The method proposed in [21] was used
to train neural networks using the training set of this study.
Experimental results on the same training and test sets are
shown in Table 1. The results indicate that our method can
achieve better performance.
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Fig.4 Confusion matrix of
the classification results on the
test set

Fig.5 Precision-recall curve of
the classification results on the
test set
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Fig.6 ROC curve of the clas-
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Table 1 Comparison resul.ts.of Method Accuracy Precision Sensitivity Specificity Fl-score ROC-AUC PR -AUC
the proposed and other existing
methods ALEXNET +HMF 0.7237 0.9920  0.4831 0.9956 0.6498  0.9650 0.9720
GOOGLENET +HMF 0.9567 0.9810  0.9365 0.9795 0.9582  0.9880 0.9880
SACNN 0.9773 0.9868  0.9702 0.9854 0.9784  0.9930 0.9940
Table2 Ablation results Method Accuracy  Precision  Sensitivity = Specificity Fl-score ROC-AUC PR-AUC
GOOGLENET  0.9677 0.9714 0.9676 0.9678 0.9695 0.9930 0.9950
VGG16 0.8158 0.8310 0.8223 0.8225 0.8255 0.9130 0.9170
SACNN 0.9773 0.9868 0.9702 0.9854 0.9784 0.9930 0.9940

An ablation study was also conducted to validate the
effectiveness of the fusion of prior knowledge. Firstly, the
auxiliary stream was removed and only the main stream was
trained (i.e., GoogLeNet [9]) to perform the prediction. Sec-
ondly, the main stream is removed and only the auxiliary
stream was trained (i.e., VGGNet [10]) to make the predic-
tion. The results are shown in Table 2. The results showed
that the fusion of prior knowledge is indeed beneficial for
the classification performance.

Conclusions
In this paper, we propose the incorporation of simple but

effective prior knowledge to classification models of FK.
The mean of all pixel values was subtracted from every

@ Springer

image to extract the approximate hyphae structure as prior
knowledge. To incorporate this prior knowledge, a two-
stream convolutional neural network is utilized to facilitate
the fusion. The main stream can extract image-level features
from the original images. For the auxiliary stream, the net-
work is expected to learn conducting feature discrimination
and enhancement of images with fungal hyphae. The experi-
mental results demonstrated that the proposed method can
achieve higher accuracy compared to other existing methods.

An interesting future direction could be to incorporate
and fuse more complicated prior knowledge, especially
domain knowledge in the medical field, to further improve
the diagnosis accuracy. Moreover, it is worth exploring the
combination of deep-learning-based methods and domain
knowledge. However, interpretability is very important in
medical applications, and this is a limitation of existing
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deep-learning-based methods. In future research, we aim
to design more interpretable algorithms, further supporting
physicians to make clinical decisions.

Acknowledgements JZ, SSL, and JY conceived, wrote, and proofread
the manuscript.

Author Contribution Jin Yuan and Shanshan Liang contributed to the
conception and design of this work. Jing Zhong was involved in the
acquisition, analysis, and drafting. Hongwei Zeng and Peixun Zhong
interpreted the data. Shanshan Liang, and Jin Yuan critically reviewed
and approved the final version to be published. Jing Zhong, Hongwei
Zeng, Peixun Zhong, Saiqun Li, and Huijun Liu assisted with experi-
menting. All authors read and approved the final manuscript.

Funding Jin Yuan was supported by the Key-Area Research and Devel-
opment Program of Guangdong Province (No. 2019B010152001) and
the National Natural Science Foundation of China (No. 81670826),
and Shanshan Liang by the National Natural Science Foundation of
China (No. 61505267).

Availability of Data and Material The datasets generated and/or ana-
lyzed in the present study are available upon a reasonable request to
the corresponding. This manuscript includes all the available data in
this study.

Declarations

Ethics Approval The study protocol was approved by a properly con-
stituted institutional review board (Zhongshan Ophthalmic Centre eth-
ics committee of Sun Yat-sen University, Guangzhou, China), and the
study was conducted following the ethical principles of the Declaration
of Helsinki (2017KYPJ104).

Conflict of Interest The authors declare no competing interests.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Kredics, L., Narendran, V., Shobana, C. S., Vagvolgyi, C.,
Manikandan, P., & Indo-Hungarian Fungal Keratitis Working
Group (2015). Filamentous fungal infections of the cornea: a global
overview of epidemiology and drug sensitivity. Mycoses, 58(4),
243-260. https://doi.org/10.1111/myc.12306

2. Liu, Z., Cao, Y., Li, Y., Xiao, X., Qiu, Q., Yang, M., Zhao, Y., &
Cui, L. (2020). Automatic diagnosis of fungal keratitis using data
augmentation and image fusion with deep convolutional neural

10.

11.

12.

13.

15.

16.

17.

18.

19.

20.

network. Computer methods and programs in biomedicine, 187,
105019. https://doi.org/10.1016/j.cmpb.2019.105019

Martin R. (2018). Cornea and anterior eye assessment with slit
lamp biomicroscopy, specular microscopy, confocal microscopy,
and ultrasound biomicroscopy. Indian journal of ophthalmol-
ogy, 66(2), 195-201. https://doi.org/10.4103/ijo.1JO_649_17
Thomas, P. A. (2003). Current Perspectives on Ophthalmic
Mycoses. Clinical Microbiology Reviews, 16(4), 730-797. https://
doi.org/10.1128/cmr.16.4.730-797.2003

Murray, P. R., & Masur, H. (2012). Current approaches to the
diagnosis of bacterial and fungal bloodstream infections in the
intensive care unit. Critical care medicine, 40(12), 3277-3282.
https://doi.org/10.1097/CCM.0b013e318270e771.

Yang, S., & Rothman, R. E. (2004). PCR-based diagnostics for
infectious diseases: uses, limitations, and future applications in
acute-care settings. The Lancet. Infectious diseases, 4(6), 337—
348. https://doi.org/10.1016/S1473-3099(04)01044-8.

Xue, D. X., Zhang, R., Feng, H., & Wang, Y. L. (2016). CNN-
SVM for Microvascular Morphological Type Recognition with
Data Augmentation. Journal of medical and biological engineer-
ing, 36(6), 755-764. https://doi.org/10.1007/s40846-016-0182-4.
Lv, J., Zhang, K., Chen, Q., Chen, Q., Huang, W., Cui, L., Li, M.,
Li,J., Chen, L., Shen, C., Yang, Z., Bei, Y., Li, L., Wu, X., Zeng,
S., Xu, F., & Lin, H. (2020). Deep learning-based automated
diagnosis of fungal keratitis with in vivo confocal microscopy
images. Annals of translational medicine, 8(11), 706. https://doi.
org/10.21037/atm.2020.03.134

Szegedy, C., Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov,
D., ... & Rabinovich, A. (2015). Going deeper with convolu-
tions. computer vision and pattern recognition.

Simonyan, K., & Zisserman, A. (2014). VERY DEEP CONVO-
LUTIONAL NETWORKS FOR LARGE-SCALE IMAGE REC-
OGNITION. computer vision and pattern recognition.
Krizhevsky, A., Sutskever, 1., & Hinton, G. E. (2012). ImageNet
Classification with Deep Convolutional Neural Networks. neural
information processing systems.

Deng, J., Dong, W., Socher, R., Li, L., Li, K., & Feifei, L. (2009).
ImageNet: A large-scale hierarchical image database. computer
vision and pattern recognition.

He, K., Zhang, X., Ren, S., & Sun, J. (2016). Deep Residual
Learning for Image Recognition. computer vision and pattern
recognition.

. Liu, L., Ouyang, W., Wang, X., Fieguth, P., Chen, J., Liu, X., &

Pietikainen, M. (2020). Deep Learning for Generic Object Detec-
tion: A Survey. International Journal of Computer Vision, 128(2),
261-318.

Nair, V., & Hinton, G. E. (2010). Rectified Linear Units Improve
Restricted Boltzmann Machines. international conference on
machine learning.

Hinton, G. E., Srivastava, N., Krizhevsky, A., Sutskever, I., &
Salakhutdinov, R. (2012). Improving neural networks by prevent-
ing co-adaptation of feature detectors. arXiv: Neural and Evolu-
tionary Computing,.

Toffe, S., & Szegedy, C. (2015). Batch Normalization: Acceler-
ating Deep Network Training by Reducing Internal Covariate
Shift. arXiv: Learning,.

Huang, G., Liu, Z., Der Maaten, L. V., & Weinberger, K. Q.
(2017). Densely Connected Convolutional Networks. computer
vision and pattern recognition.

Qiu, Qingchen, et al. "Automatic detecting cornea fungi based on
texture analysis." 2016 IEEE International Conference on Smart
Cloud (SmartCloud). IEEE, 2016.

Wu, X., Qiu, Q., Liu, Z., Zhao, Y., Zhang, B., Zhang, Y., ... &
Ren, J. (2018). Hyphae Detection in Fungal Keratitis Images With
Adaptive Robust Binary Pattern. IEEE Access,, 13449-13460.

@ Springer


http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1111/myc.12306
https://doi.org/10.1016/j.cmpb.2019.105019
https://doi.org/10.4103/ijo.IJO_649_17
https://doi.org/10.1128/cmr.16.4.730-797.2003
https://doi.org/10.1128/cmr.16.4.730-797.2003
https://doi.org/10.1097/CCM.0b013e318270e771
https://doi.org/10.1016/S1473-3099(04)01044-8
https://doi.org/10.1007/s40846-016-0182-4
https://doi.org/10.21037/atm.2020.03.134
https://doi.org/10.21037/atm.2020.03.134

1632

Journal of Digital Imaging (2023) 36:1624-1632

21.

22.

Liu, Z., Cao, Y., Li, Y., Xiao, X., Qiu, Q., Yang, M., ... & Cui,
L. (2020). Automatic diagnosis of fungal keratitis using data
augmentation and image fusion with deep convolutional neural
network. Computer Methods and Programs in Biomedicine,.

Lv, J., Zhang, K., Chen, Q., Chen, Q., Huang, W., Cui, L., Li, M.,
Li,J., Chen, L., Shen, C., Yang, Z., Bei, Y., Li, L., Wu, X., Zeng,
S., Xu, F., & Lin, H. (2020). Deep learning-based automated
diagnosis of fungal keratitis with in vivo confocal microscopy
images. Annals of translational medicine, 8(11), 706. https://doi.
org/10.21037/atm.2020.03.134 .

@ Springer

23.

24.

He, K., Zhang, X., Ren, S., & Sun, J. (2015). Delving Deep into
Rectifiers: Surpassing Human-Level Performance on ImageNet
Classification. international conference on computer vision.
Kingma, D. P, & Ba, J. (2014). Adam: A Method for Stochastic
Optimization. arXiv: Learning,.

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.


https://doi.org/10.21037/atm.2020.03.134
https://doi.org/10.21037/atm.2020.03.134

	A Structure-Aware Convolutional Neural Network for Automatic Diagnosis of Fungal Keratitis with In Vivo Confocal Microscopy Images
	Abstract
	Introduction
	Related Work
	Deep Learning on Image Classification
	Automatic Diagnosis of Fungal Keratitis

	Method
	Experiments
	Dataset and Implementation Details
	Experimental Results

	Conclusions
	Acknowledgements 
	References


