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Background and Objective: To achieve the full potential of deep learning (DL) models, such as understand-
ing the interplay between model (size), training strategy, and amount of training data, researchers and
developers need access to new dedicated image datasets; i.e., annotated collections of images represent-
ing real-world problems with all their variations, complexity, limitations, and noise. Here, we present,
Keywords: describe and make freely available an annotated transmission electron microscopy (TEM) image dataset.
CNN It constitutes an interesting challenge for many practical applications in virology and epidemiology; e.g.,
Convolutional neural networks virus detection, segmentation, classification, and novelty detection. We also present benchmarking re-
Transmission electron microscopy sults for virus detection and recognition using some of the top-performing (large and small) networks
Virus recognition as well as a handcrafted very small network. We compare and evaluate transfer learning and training
Transfer ‘e*‘”?‘“g from scratch hypothesizing that with a limited dataset, transfer learning is crucial for good performance
Dataset curation . L.

of a large network whereas our handcrafted small network performs relatively well when training from
scratch. This is one step towards understanding how much training data is needed for a given task.
Methods: The benchmark dataset contains 1245 images of 22 virus classes. We propose a representative
data split into training, validation, and test sets for this dataset. Moreover, we compare different estab-
lished DL networks and present a baseline DL solution for classifying a subset of the 14 most-represented
virus classes in the dataset.
Results:  Our best model, DenseNet201 pre-trained on ImageNet and fine-tuned on the training set,
achieved a 0.921 F1-score and 93.1% accuracy on the proposed representative test set.
Conclusions: Public and real biomedical datasets are an important contribution and a necessity to in-
crease the understanding of shortcomings, requirements, and potential improvements for deep learning
solutions on biomedical problems or deploying solutions in clinical settings. We compared transfer learn-
ing to learning from scratch on this dataset and hypothesize that for limited-sized datasets transfer learn-
ing is crucial for achieving good performance for large models. Last but not least, we demonstrate the
importance of application knowledge in creating datasets for training DL models and analyzing their re-
sults.

© 2021 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)

1. Introduction

Deep learning (DL) shows great promise in various biomedical
and microscopy image analysis applications as shown e.g. in these
recent reviews on deep learning in medical image analysis [1], in
medical and biomedical (pathology) applications [2], in image (mi-
croscopy) based cell analysis [3], and in different aspects of elec-
tron microscopy, also including biomedical applications [4]. How-
ever, for these methods to achieve their full potential and gain ac-
ceptance in a clinical and diagnostic setting, the knowledge and
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understanding of how and when they can be trusted need to be
increased. Machine learning researchers and application special-
ists need access to representative image datasets, to fulfill in other
image domains, the amazing results achieved on natural scene
images and videos from the internet which is currently driving
the machine learning field. Datasets from different imaging tech-
niques and application domains are required to identify problems
and biases with current methods and commonly used benchmark
datasets and applications. That is, annotated images representing
real-world problems with all their real imperfections and complex-
ity such as variations in imaging condition, noise, sample prepara-
tion, limitation in size, etc. are desirable not only for the applica-
tion itself but also for theoretical method development [5,6].
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Electron microscopy applications are just a tiny part of the re-
ported biomedical deep-learning-related research. The recent re-
view [4], shows the potential of deep learning in the many var-
ious aspects relating to electron microscopy imaging and appli-
cations (not only in biomedicine), such as denoising, superreso-
lution, segmentation, image classification, protein structure deter-
mination, etc. It also contains a section about TEM datasets and
states: “...of which most are small, esoteric and not partitioned
for machine learning.” Recently, the same author made two large
TEM and STEM image datasets with partitions for machine learn-
ing publicly available [7]. The images of highly varied content and
for different purposes and applications were acquired within re-
search projects at Warwick University. In addition, EM imagery
was also used in some of the seminal papers of deep learning in
the biomedical field [8,9] with data from the ISBI 2012 challenge
[10,11].

In the field of automatic virus recognition in transmission elec-
tron microscopy (TEM) images, there is only a handful of published
papers. Many of which come from our group [12,13,14,15,16] and
some from others [19,20,21,22]. This low number of publications is
likely due to the shortage of publicly available image datasets suit-
able for machine learning. Datasets or databases of single or a few
TEM images of viruses and virus-infected cells as diagnostic ref-
erence/support exists for example from the Robert Koch Institute
[23], but for datasets of a size and design suitable for developing
and evaluating machine learning purposes, only the KylbergDataset
[24] is publicly available to the best of our knowledge. It consists
of cut-outs of viruses resampled to a fixed size, so it is useful for
a local pattern or texture analysis but not for semantic segmenta-
tion or combined segmentation and recognition methods. This lack
of datasets for automating the recognition process is somewhat
surprising considering the proven importance of manual TEM as a
rapid and reliable virus diagnostic tool in emergencies to take ad-
equate measures [25], as well as to identify the virus in emerging
or zoonotic virus outbreaks or bioterror attacks. The importance of
TEM, and the risk of new and emerging viruses slipping through
the nets of molecular detection, was for example experienced in a
previous SARS-CoV outbreak [26], and the Monkeypox outbreak in
the US, in 2003, where the viruses were identified using TEM [27].
The current outbreak of SARS-CoV2 will likely lead to an increased
interest also in image-based automated diagnosis.

In this paper, we present and make freely available an an-
notated transmission electron microscopy (TEM) image dataset.
The dataset contains images of 22 virus classes along with ex-
tracted image patches centered on virus particles. Although parts
of this dataset have been used in previously published research
[12,13,14,15,16,28], this is the first time the whole virus image col-
lection is made publicly available. This after careful curation and
preparation/partitioning into a benchmark dataset suitable for ma-
chine learning method development and evaluation. Moreover, we
present DL classification results on virus image patches for a hand-
crafted small network and some of the top-performing (large and
small) networks for the 14 virus classes with the highest number
of virus particles in the dataset. We compare and evaluate transfer
learning and training from scratch hypothesizing that with a lim-
ited dataset, transfer learning of a large network may be a better
choice than training a custom network from scratch if the real-
world deployment situation allows for a larger network. This is
one step towards understanding how much training data is needed
for a task. We also compare different data splits (which images
are used for training and testing) and show that variation in the
dataset split in an unfortunate (or correct) way may impact the
results. This highlights the importance of not only machine learn-
ing domain expertise but also application domain expertise for un-
derstanding and correct interpretation of results and method (DL)
performance.
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2. Materials and methods
2.1. Context virus dataset

The dataset contains in total 1245 images of 22 virus classes
captured with two different electron microscopes: an LEO (Zeiss,
Oberkochen, Germany) with a Morada (Olympus) camera and a
Tecnai 10 (FEI, Hillsboro, OR, USA) with a MegaView III (Olym-
pus, Miinster, Germany) camera. Before imaging, all samples were
treated with 10% phosphate-buffered saline, placed on carbon-
coated TEM grids, and stained with 2% phosphotungstic acid fol-
lowing standard procedures. As mentioned in the introduction,
parts of the dataset have been used in previous publications. Here,
we make the full dataset available with manual annotations after
having cleaned the dataset by removing overlapping images.

The virus classes in the dataset are strongly unbalanced both
regarding the number of images (from 9 to 129) and in the number
of virus particles (from 38 to 1934). The sizes of all images are ei-
ther 1376 x 1032 or 2048 x 2048 pixels (depending on with which
electron microscope they were captured) but the pixel sizes vary
from 0.26 to 5.57 nm, i.e., they were acquired at different magnifi-
cations.

Each virus particle is annotated only with its approximate cen-
ter, i.e., a single point for isolated spherical particles or a centerline
in case of clustered viruses (beyond visual recognition of individ-
ual particles) or elongated virus. The annotations are in the form of
coordinate points stored in a separate text file for each image. The
virus image dataset is challenging due to many reasons: limited
annotation (a center point/line and not a full segmentation mask),
a relatively small number of images per class, diffuse virus bound-
aries, imperfect focus, noise, different magnifications, and a large
variation of the virus, background, and debris appearance.

In our previous study [16], we observed that when dealing with
virus classes represented by relatively few images with a highly
varied number of particles per image, it is very important to make
sure that the images are carefully split between training, valida-
tion, and test sets to make the sets as representative as possible.
Therefore, before splitting the image dataset, we first ordered the
images in each class by the number of virus particles they con-
tained. Next, we assigned the images in a repeating sequence to
the training, test, training, validation, and training sets until there
were no more images left for that class. This resulted in a split of
images roughly corresponding to 60-20-20 % for training, valida-
tion, and test sets, respectively. In this way, each set received some
images with few particles and some with many particles of a given
class. Table 1 presents the number of particles and images in each
virus class and the corresponding number selected for the training,
validation, and test sets.

2.2. Data preprocessing

Many CNNs require input images to be of the same size. There-
fore, before training our CNN models, we decided to rescale and
crop the original images. We used Lanczos-3 kernel interpolation
to rescale all images so that their pixel size corresponds to 1 nm.
Next, we cropped the images to patches of 256 x 256 pixels
(256 x 256 nm) around the annotation points: the manually se-
lected center points for spherical virus particles and all center-line
vertices for elongated virus particles, except for the elongated par-
ticles that were annotated with a center-line composed of only 2
points (this would usually indicate an oval-shaped virus particle
such as e.g. Orf) - in this case, we selected a new midway point for
the center of the patch. This resulted in more image patches than
particles in virus classes with elongated particles, particularly in
Marburg, Ebola, Influenza, Lassa, and Nipah. E.g., the test set con-
tains only 24 Marburg virus particles but there are 173 patches
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Table 1
TEM virus dataset. The virus types used in the classification are marked in bold.
av. particle size [um]  # images # particles

Virus Train  val. test  Total train val. test Total
Adenovirus 80 40 13 14 67 160 44 86 290
Astrovirus 25 46 15 15 76 266 86 66 418
CCHF 120 44 15 15 74 249 100 86 435
Cowpox 270 30 10 10 50 189 70 57 316
Dengue 45 19 6 7 32 72 15 44 131
Ebola 80 65 22 22 109 173 70 60 303
Guanarito 140 13 4 4 21 31 10 7 48
Influenza 110 56 19 19 94 365 158 125 648
Lassa 140 62 21 21 104 222 92 80 394
LCM 120 22 7 8 37 31 10 14 55
Machupo 120 20 6 7 33 69 16 23 108
Marburg 80 57 19 19 95 78 28 24 130
Nipah 95 25 8 8 1 75 22 17 114
Norovirus 30 32 11 11 54 231 104 84 419
orf 145 38 13 13 64 92 76 31 199
Papilloma 55 19 6 6 31 693 227 187 1107
Pseudocowpox 145 20 7 7 34 46 21 16 83
Rift Valley 90 77 26 26 129 1140 408 386 1934
Rotavirus 80 22 7 7 36 169 48 40 257
Sapovirus 30 8 3 3 14 19 11 8 38
TBE 50 25 8 8 41 39 12 11 62
WestNile 50 5 2 2 9 88 66 34 188
Total 745 248 252 1245 4497 1694 1486 7677

(Marburg viruses are very elongated). We used mirror padding
for cropping patches that would partially lay outside the original
image border. As many annotation points were placed relatively
close to each other (due to natural clustering of the virus parti-
cles and/or complex shapes of the elongated particles), the patches
cropped from the same image sometimes overlap with each other
to some degree. However, this did not lead to a data leakage be-
tween the training, validation, and test sets because they were es-
tablished at the image level and special care was taken to remove
images from the dataset that captured the same virus particles (i.e.,
overlapping images).

The virus classes in this dataset are strongly unbalanced in the
number of virus particles and, thus, the number of extracted image
patches. Therefore, we augmented the training set image patches
by flipping and multiple 90 degrees rotations so that each class
contains 736 input samples. Those classes that originally contained
more than 736 patches were randomly reduced to this number. Fi-
nally, before passing the images to the models we normalized their
intensities by subtracting the mean from each image patch and di-
viding by the standard deviation.

We make the following variants of the virus image dataset pub-
licly available at [17]:

1) raw images - the original images from the TEMs with the cor-
responding annotations and metadata,

2) image patches - cropped from images rescaled to 1 nm per
pixel,

3) selected classes - the collection of selected virus classes used
in the classification research presented in this paper; including
the augmented training set.

All four datasets are split into train, validation, and test sets
as described above. Fig. 1 presents sample image patches of all
virus classes in the dataset. For the classification problem that we
present in the rest of this paper, we excluded the 8 least popu-
lous classes (in terms of either image or particle number) from
the dataset. Too few samples would likely not represent all pos-
sible data variations within these classes and thus be insufficient
for good generalization and effective training.

2.3. Convolutional neural networks

We designed a custom-made network inspired by ResNet [29].
It is composed of 4 residual blocks of double convolutional layers
with batch normalization, max-pooling, and dropout, followed by a
classification block composed of the final convolutional layer, and
3 fully connected layers with dropout between the first two layers.
Fig. 2 presents our CNN architecture.

In addition, we fine-tuned some of the most popular networks
via transfer learning. The framework architecture and the list of the
used CNNs are presented in Fig. 2. All networks were pre-trained
on ImageNet [30], and we replaced their original top layers with
3 fully connected layers with interposed dropouts. Some networks
(the best-performing ones in the different tests) were also trained
from scratch, i.e., not using transfer learning.

We trained the models from scratch for 300 epochs and the
fine-tuned (transfer learning) models for 50 epochs. We used the
categorical cross-entropy loss function and early stopping based
on the validation performance. The models achieved the best per-
formance after around 250 and 30 epochs for the training from
scratch and fine-tuning, respectively.

All models were implemented using TensorFlow [31] and Keras
[32]. Our code and the best-trained models are available here [18].

3. Virus recognition benchmarking

The top part (above the double line) of Table 2 presents the
performance scores of our models on the test set. Besides the clas-
sification accuracy, we report precision, recall, and Fl-score that
were averaged across all classes in the test dataset regardless of
the number of instances in each class. Thus, we weigh each class
equally, and hence, do not hide errors in a problematic but small
class. Figs. 3 and 4 present the test set confusion matrices of our
custom architecture model and the best model - DenseNet201
transferred from ImageNet, respectively.

To investigate and demonstrate the sensitivity of data split
strategy on the performance, we trained and tested our custom
model and the two top-performing models from the first experi-
ment on data that was split into the training, validation, and test
sets in the worst possible manner with respect to the representa-
tiveness of particle number per image. That is, we sorted the im-
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Adenovirus Astrovirus CCHF Cowpox Ebola

e

Marburg Nipah Norovirus

Orf Papilloma Rift Valley Rotavirus

Influenza

Dengue Guanarito LCM Machupo Pseudocowpox

Sapovirus TE WestNile

Fig. 1. Example virus patches from the training dataset. The scale bars are 100 nm. The two bottom rows present virus classes that were not used in the classification tests
reported in this paper.

Table 2

Deep Learning performance.
Model Trainable params  Accuracy  Precision  Recall  Fl-score
Custom (from scratch) 14,651,401 0.901 0.895 0.898 0.893
DenseNet201 [33] (transfer) 144,987,022 0.931 0.926 0.921 0.921
DenseNet201 (from scratch) 144,987,022 0.811 0.775 0.821 0.791
InceptionV3 [34] (transfer) 98,330,798 0.895 0.887 0.894 0.889
MobileNetV2 [35] (transfer) 87,174,926 0.846 0.803 0.849  0.813
ResNet50 [29] (transfer) 158,817,294 0.898 0.883 0.881 0.877
ResNet50V2 [36] (transfer) 158,802,062 0.887 0.862 0.885  0.869
VGG16 [37] (transfer) 49,334,094 0.923 0.906 0916  0.908
VGG19 [38] (transfer) 54,643,790 0.918 0.909 0924 0912
Xception [39] (transfer) 156,089,654 0.895 0.887 0.900 0.891
Custom (from scratch) - bad data split 14,649,867 0.765 0.751 0.619 0.640
VGG16 (transfer) - bad data split 49,334,094 0.832 0.822 0.726  0.737
VGG16 (from scratch) - bad data split 49,334,094 0.678 0.604 0.560 0.559
DenseNet201 (transfer) - bad data split 144,987,022 0.805 0.794 0.705 0.711
DenseNet201 (from scratch) — bad data split 144,987,022 0.689 0.639 0.556 0.558
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THE CUSTOM NETWORK ARCHITECTURE USED IN LEARNING FROM SCRATCH

v v
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Convolutional 2D (64, 3, 3, ReLU)
Batch Normalization
Convolutional 2D (63, 3, 3, ReLU)
Batch Normalization
Max Pooling (2, 2)
Dropout (20%)
Convolutional 2D (64, 3, 3, ReLU)
Batch Normalization
Convolutional 2D (64, 3, 3, ReLU)
Batch Normalization
Max Pooling (2, 2)
Dropout (25%)
Convolutional 2D (128, 3, 3, ReLU)
Batch Normalization
Convolutional 2D (128, 3, 3, ReLU)

v v

Batch Normalization
Max Pooling (2, 2)
Dropout (30%)

Batch Normalization
Max Pooling (2, 2)
Dropout (35%)

Fully Connected (256, ReLU)
Fully Connected (14, softmax)
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Batch Normalization
Convolutional 2D (128, 3, 3, ReLU)

Convolutional 2D (128, 3, 3, ReLU)
Dropout (35%)
Convolutional 2D (256, 3, 3, ReLU)
Fully Connected (256, ReLU)
Classification Output (14)

THE ARCHITECTURES USED IN TRANSFER LEARNING FROM IMAGENET
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Fig. 2. The custom CNN architecture (top) and the established network architectures (bottom) that were used in the virus classification.
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Fig. 3. The test set confusion matrix of our custom architecture model.

ages in each virus class according to the number of the virus par-
ticles and then split them by taking the first 60% of images to the
training set, the next 20% to the validation set, and the last 20%
to the test set. Also, for this case, we trained the well-established
models both using transfer learning and from scratch. The “bad
data split” results are presented in the last five rows of Table 2.

4. Discussion

The performance of our custom architecture model trained from
scratch is comparable to much larger fine-tuned models trans-
ferred from ImageNet. In fact, our network achieves substan-
tially better results than the best model (DenseNet201) trained
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Fig. 4. The test set confusion matrix of the best model: DenseNet201 transferred from ImageNet.

from scratch on the same data despite being 10 times smaller
in terms of trainable weights. In this case, we can observe that
DenseNet201 performed much better when fine-tuned from Im-
ageNet. This could indicate that the virus dataset is too small to
successfully train large networks from scratch. Typically, the larger
the network, the more data samples are necessary. With too lit-
tle data large neural networks tend to overfit, i.e., they memorize
individual data samples rather than learn the underlying patterns
and dependencies.

From the confusion matrices in Figs. 3 and 4 we can deduce
that a group of Ebola and Adenovirus instances were particularly
difficult to classify for both models. Adenovirus and Rift Valley
Virus particles have different textures (especially when it comes
to the virus membrane) but they have somewhat similar sizes and
shapes. Ebola and Marburg are two related and similar viruses
(both being very elongated). Nevertheless, we believe that the
main causes for these misclassifications are limited dataset and im-
age quality: virus particle decomposition, clustered particles, stain-
ing artifacts, and imperfect image acquisition. Indeed, visual in-
spection and error tracing revealed that most of the misclassified
particles come from a couple of problematic images in the test set
(i.e., these image/particle appearances are not represented in the
training set and have low overall image quality). Fig. 5 presents
the typical images of Ebola, Marburg, Adenovirus, and Rift Valley
in the training set. We also show the problematic images from the
test set with the virus particles that were erroneously classified. It
is clear that had we excluded these images from the test set (and
included them in the training set instead) the overall performance
of the models would increase. This, however, would lie about the
practical usefulness of the network when dealing with problem-
atic cases. On the other hand, the quality of these images can be
questioned. It is common for clinical image analysis tools to in-
clude quality control image pre-processing that could potentially
exclude such images and ask the technician preparing the samples
to repeat the sample preparation and/or imaging. Nevertheless, de-
veloping such quality control is not trivial and there would always
be complicated border cases. Therefore, we decided to keep these
images in the test set and report the original results leaving space
for the future development of methods that may be able to han-
dle these difficult cases. One such alternative would be incorporat-
ing pre- and post-processing methods to optimally prepare the im-

ages for their classification and to refine the results. These classical
image analysis methods have been shown to improve deep learn-
ing performance in various applications [39]. However, the scope
of this work was only the classification of virus image patches.
We have published virus detection and segmentation methods in
[13] and [16]. If this was to be considered a complete system, many
additional steps should be added including: sample handling, au-
tomatic imaging, image quality control, sliding window operation,
and pre-/post-processing.

In our previous paper [16], we observed that the number of
virus particles per image and whether they are separate or clus-
tered are important features learned by CNNs trained on this
dataset. Therefore, we included the tests on badly split data. The
resulting models achieved substantially worse performance scores
than the same networks trained on the representative dataset
split. This leads to the conclusion that for a realistic (and limited)
dataset the application knowledge and understanding of the image
variation are very important when splitting the data to train and
test DL models. Moreover, such knowledge is crucial when eval-
uating and investigating their performance: to understand which
training examples should be added or what precautions/measures
(such as prescreening and removing poor quality images) should
be performed to improve the model. Analyzing the details of the
errors and the patterns therein allows us to comprehensively eval-
uate a model and understand/predict its performance and short-
comings in a real setting. Moreover, in this way we can under-
stand what performance level is good or acceptable for the dataset,
i.e.,, what is actually meaningful to strive for, thus extending our
knowledge about the dataset.

5. Conclusions

We publish and describe a benchmark dataset with TEM virus
images. Public and real biomedical datasets are an important
contribution and a necessity to increase the understanding of
shortcomings, requirements, and potential improvements for deep
learning solutions on biomedical problems or deploying solutions
in clinical settings. We also presented baseline classification mod-
els with the best one achieving a 0.921 Fl-score and 93.1% ac-
curacy on the proposed representative test set. The dataset con-
stitutes an interesting challenge for many practical applications
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Ebola (training set)

Marburg (training set)

Adenovirus (training set)

Misclassified Adenovirus (test set)

Rift Valley (training set)

Fig. 5. Problematic images in the test set and the corresponding reference images from the training set. The image patches with bold frames are shown below the original
images. The colors of the patches correspond to the best model (DenseNet201 transferred from ImageNet) classification results: Ebola - orange, Marburg - blue, Adenovirus
- yellow, and Rift Valley - pink. The scale bars represent 250 nm (the patches are 256 x 256 nm).

in virology and epidemiology; e.g., virus detection, segmentation,
classification, and novelty detection. We compare transfer learn-
ing to learning from scratch and hypothesize that for limited-
sized datasets transfer learning is crucial for achieving good perfor-
mance for large models. The performance drop is similar for both
DenseNet201 with ~145 M weights and VGG16 with 49M weights.
Last but not least, we demonstrate the importance of application
knowledge in creating datasets for training DL models and analyz-
ing their results.
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