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Computational neuroscience is concerned with simulating
real neural systems to predict brain workings and disorders
from subneuronal systems to network plasticity as hypotheses to be tested later in real neural tissues and hence to
understand the principles governing them. Some ideas from
this ﬁeld can be used in artiﬁcial intelligence and other ﬁelds.
Mimicking the central nervous system and by extension and
creating various additional methods of computation such as
artiﬁcial neural networks, machine learning, deep learning,
or genetic algorithms have led to the artiﬁcial intelligence
ﬁeld which aims to solve given problems in a ﬂexible, intelligent, and learnable way. The advent of these ﬁelds has
numerous biomedical applications such as image processing
and computer vision, machine learning, and deep learning
for the assessment of imaging and signal datasets, disease
diagnostic systems, expert systems to oﬀer and optimize
treatment planning, brain-computer interface, smart prosthetic limbs, and many others.
Image processing is a subﬁeld of digital signal processing
and a vast set of techniques used to enhance or manipulate
digital images in order to make them more practical in
diﬀerent ways for diﬀerent purposes. Computer vision is a
ﬁeld of computer science concerned with “understanding”
images, videos, or 3D volumes by the computer through

extracting desired features and attributes of images by
various sets of algorithms and techniques.
This issue sought to publish select original and review
articles on clinical and paraclinical applications of artiﬁcial
intelligence and computational neuroscience in computer
vision such as structural and functional brain imaging,
histopathology, microbiology, surgery, and medical and
dental radiography/tomography.
It published 6 articles: “Estimating Gender and Age from
Brain Structural MRI of Children and Adolescents: A 3D
Convolutional Neural Network Multitask Learning Model”
by Mendes et al; “Denoising of 3D Brain MR Images with
Parallel Residual Learning of Convolutional Neural Network Using Global and Local Feature Extraction” by Wu
et al; “SGPNet: A Three-Dimensional Multitask Residual
Framework for Segmentation and IDH Genotype Prediction of Gliomas” by Wang et al; “Classiﬁcation of Hematoxylin and Eosin-Stained Breast Cancer Histology
Microscopy Images Using Transfer Learning with EﬃcientNets” by Munien and Viriri; “A Semisupervised
Learning Scheme with Self-Paced Learning for Classifying
Breast Cancer Histopathological Images” by Asare et al;
and “A Novel Bayesian Approach for EEG Source Localization” by Oikonomou and Kompatsiaris.
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Despite recent advances, assessing biological measurements for neuropsychiatric disorders is still a challenge, where confounding
variables such as gender and age (as a proxy for neurodevelopment) play an important role. This study explores brain structural
magnetic resonance imaging (sMRI) from two public data sets (ABIDE-II and ADHD-200) with healthy control (HC, N � 894),
autism spectrum disorder (ASD, N � 251), and attention deﬁcit hyperactivity disorder (ADHD, N � 357) individuals. We used gray
and white matter preprocessed via voxel-based morphometry (VBM) to train a 3D convolutional neural network with a multitask
learning strategy to estimate gender, age, and mental health status from structural brain diﬀerences. Gradient-based methods were
employed to generate attention maps, providing clinically relevant identiﬁcation of most representative brain regions for models’
decision-making. This approach resulted in satisfactory predictions for gender and age. ADHD-200-trained models, evaluated in
10-fold cross-validation procedures on test set, obtained a mean absolute error (MAE) of 1.43 years (±0.22 SD) for age prediction
and an area under the curve (AUC) of 0.85 (±0.04 SD) for gender classiﬁcation. In out-of-sample validation, the best-performing
ADHD-200 models satisfactorily predicted age (MAE � 1.57 years) and gender (AUC � 0.89) in the ABIDE-II data set. The
models’ accuracy was in line with the current state-of-the-art machine learning applications in neuroimaging. Key regions for
models’ accuracy were presented as a meaningful graphical output. New implementations, such as the use of VBM along with a 3D
convolutional neural network multitask learning model and a brain imaging graphical output, reinforce the relevance of the
proposed workﬂow.

1. Introduction
One of the current challenges faced by the mental health
research ﬁeld is to include biological measurements for the
assessment of psychiatry disorders [1, 2]. Despite recent
advances [3], psychopathology remains mainly assessed
through clinical interviews [4, 5]. Investigations on neuroimaging biomarkers, particularly in youth, may help clinicians in the hard task of diﬀerentiating typical from
atypical developmental trajectories.

Among several potential biomarkers, structural magnetic resonance imaging (sMRI) is a promising method to
enhance identiﬁcation and precise classiﬁcation in psychiatry [6–8]. Moreover, characterizing atypical brain structures from sMRI is an important step for understanding the
mechanisms and etiology of these disorders to tailor
treatments [9]. Over the past few decades, dozens of studies
have identiﬁed brain structural changes in ASD and ADHD
[9–11]. However, the vast majority of these ﬁndings are
inconclusive, possibly due to methodological issues such as
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the use of small sample sizes, from a single study site, with
little demographic variability (e.g., gender, age, or ethnicity)
[9, 11]. These limitations have been recognized as a persistent source of bias in psychiatric classiﬁcations [12]. To
achieve generalizable ﬁndings, one should employ large data
samples, acquired from multiple sites/countries/scanners,
including subjects with diﬀerent ages, genders, ethnicities,
and severity levels of psychiatry disorder [9, 11–13]. Fortunately, there are open data sets such as ABIDE-II and
ADHD-200, which ﬁt all these requirements.
Besides, most sMRI studies focused on traditional massunivariate analytical methods, which are sensitive to gross
and localized brain diﬀerences. These approaches, however,
are not optimal for detecting subtle and spatially distributed
neuroanatomical alterations, typically associated with psychiatric disorders [14, 15]. Therefore, machine learning
techniques, such as deep learning networks, have shown
interesting results in advancing group-level neuroimaging
ﬁndings into individual-level clinically relevant classiﬁcations [16].
A speciﬁc deep learning network, called the convolutional neural network (CNN), revolutionized the computer
vision area [17]. Regular CNNs use 2-dimensional images
for their training process. This technical aspect, however,
may cause loss of important data from the tridimensional
(3D) structure of sMRI. A recent version of CNN, named
CNN3D, overcomes this limitation by employing 3D images
in its learning process, so it is an optimum candidate for
sMRI applications. Recent studies, which used CNN to
investigate psychopathologies, obtained better performance
than the previously published literature [18–20]; however,
none of these works employed a CNN3D trained with sMRI
of youth to assess brain morphological features during
neurodevelopment.
One downside of using deep learning models, such as
CNN3D, is the low output interpretability, which sometimes
provides little or no insight into the nature of the input data
[14, 15]. To overcome this limitation, one can use a gradientbased algorithm such as SmoothGrad [21] to produce
sensitivity voxel maps from input images that most contributed to models’ decisions. Then, these attention maps
can be intersected with a brain atlas such as AAL3 [22] to
identify the top-focused brain regions of interest (ROIs) for
the neural network decisions. This procedure may increase
output interpretability and clinical relevance by showing
brain ROIs with the greatest descriptive power for a given
model prediction task. However, to date, few studies incorporated this approach. Moreover, integrating wellestablished sMRI processing techniques, such as voxel-based
morphometry (VBM), into CNN3D training models seems
to be appropriate to increase comparability to neuroimaging
literature. VBM segments, aligns, and ﬁts gray matter (GM)
and white matter (WM) in a common spatial template,
facilitating the hard task of comparing distinct clinical
groups or gathering data for meta- or mega-analysis [23–26].
Diﬀerent studies have contributed to the present
knowledge on brain markers for psychiatric disorders, with
several pieces of work assessing CNN3D [19, 20], multitask
learning architecture [27, 28], and brain sMRI processed by
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VBM [9–11]. However, few studies have explored these
methods jointly, particularly in large and heterogeneous data
samples, to investigate biomarkers of neurodevelopment
and psychiatric disorders across youth. The present study
aims to evaluate a CNN3D model trained from ABIDE-II
and ADHD-200 data sets to predict age (neurodevelopment), gender, and psychiatric disorder group (i.e.,
HC vs ASD or ADHD). We hypothesize that a CNN3D
architecture, trained with 3D sMRI previously preprocessed
by VBM, will detect complex patterns of morphological
features in the human brain and allow correct classiﬁcation
of age, gender, and mental health status. Besides, we hypothesize that 3D saliency maps from trained models,
generated via SmoothGrad [21], will provide identiﬁcation
of the brain’s anatomical ROIs for each prediction task.
These results could be intersected with 3D AAL3 brain atlas
[22] and could be used to generate clinically relevant
schematic representations of top-focused brain regions.
The current study evaluates the applicability of a
workﬂow composed of carefully chosen methods and best
practices to assess neurodevelopment from brain sMRI.
First, the methods are described and justiﬁed in Section 2.
Next, the achieved experimental results are presented in
Section 3. Then, the results are discussed and compared to
the related literature in Section 4. Finally, the conclusions are
presented in Section 5.

2. Materials and Methods
2.1. Data Description. The data used in this study were obtained from two public data sets: Autism Brain Imaging Data
Exchange II (ABIDE-II) and Attention Deﬁcit Hyperactivity
Disorder (ADHD-200). Both data sets can be downloaded
from the NeuroImaging Tools & Resources Collaboratory
Image Repository (NITRC-IR: https://www.nitrc.org/ir/). For
this work, we used only one T1-weighted sMRI scan of each
subject from the data sources. These images were collected
from several locations in diﬀerent countries: ABIDE-II includes 19 sites, and ADHD-200 includes 8 sites. Thus, the
images’ acquisition parameters vary due to diﬀerent scanners’
models and brands, ranging from 1.5T to 3T, each hosting a
head coil from 8 to 32 channels. Detailed information and
scanners’ acquisition parameters can be retrieved from
ABIDE-II
(http://fcon_1000.projects.nitrc.org/indi/abide/
abide_II.html) and ADHD-200 (http://fcon_1000.projects.
nitrc.org/indi/adhd200/) documentation. The data were collected and made public according to the responsibility and
approval of the given local ethics of each project.
2.2. Subjects. Since we focus on neurodevelopmental processes in children and adolescents, we discarded subjects
older than 20 years of age. Some individuals had more than
one sMRI scan in the data set (collected from diﬀerent
scanning sessions). In these cases, only the ﬁrst sMRI of each
subject was considered. Data without information on gender, age, and psychiatric disorder (i.e., HC, ASD, or ADHD)
were also discarded. Furthermore, each subject belonged
exclusively to ABIDE-II or ADHD-200 data set (no subject
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was in both). After applying these criteria, the sample for the
present analysis and main demographic and phenotypic data
are presented in Table 1 and Figure 1.
Individuals at diﬀerent levels of the autism spectrum
were grouped in the ASD label and, similarly, individuals
with diﬀerent subtypes of ADHD (inattention, hyperactivity,
or combined) were grouped.
2.3. MRI Processing. The sMRI was processed using VBM
[23] via the Statistical Parametric Mapping software (SPM12
v7771, from https://www.ﬁl.ion.ucl.ac.uk/spm/software/).
Brieﬂy, VBM involves spatially normalizing all MRI images
to the same stereotactic space, allowing extraction of different brain tissues from images partitioned with correction
for nonuniform intensity variations [23]. In the past decades,
VBM has been largely adopted in neuroimaging studies,
such as the ones investigating ASD and ADHD [10]. The
complete conceptual framework, methodology, and background behind the software are available in the Statistical
Parametric Mapping book [29].
The data sets were processed using two batches of tasks
(one batch for ABIDE-II and another for ADHD-200).
Although the same procedures were applied to both data
sets, we chose to process them in separate batches to ensure
that each data set was completely independent. All the sMRI
transformation steps were performed through the SPM12
software, following the VBM Tutorial [30].
First, sMRI data were spatially segmented to segregate
GM and WM [24]. In this step, the skull, tissues, and artifacts
outside the brain tissue are removed from the original image.
Second, the DARTEL algorithm [25] was applied to
increase the accuracy of intersubject alignment. This
transformation works by aligning GM among the images
while simultaneously aligning WM during the generation of
a template to which the data are iteratively aligned [26].
Third, the resulting ﬁles from the previous step were spatially
normalized, Jacobian-scaled, and smoothed with a Gaussian
full width at half maximum (FWHM) set to 8 mm to generate images in the Montreal Neurological Institute (MNI)
coordinate system [31,32]. After these transformations, each
sMRI scan produced two 3D matrices (one for GM and
another for WM), with each voxel carrying the probable
density of brain tissue at that location.
Finally, we loaded the previously transformed GM and
WM via Python, through the SimpleITK library (https://
simpleitk.org/) and applied a common mask assigning the
value −1 to every background voxel (outside the brain). We
chose to set the value −1 (instead of zero) to streamline the
learning process of the models, due to the increase in the
distance between background voxel values and brain voxel
values with low tissue probability (close to zero). The brain
matrices and their corresponding phenotypic data were saved
in the TensorFlow record format (https://www.tensorﬂow.org/
tutorials/load_data/tfrecord). This notation allows for better
performance by storing data in binary linearly serialized ﬁles.
As the data sets are still relatively large after the transformations
(about 30 GB for both data sets), this step is important to read
data eﬃciently during the model training phase.
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2.4. Deep 3D Convolutional Neural Network Multitask
Learning Architecture. The architecture of our model was
designed to receive the previously transformed 3D brains as
input for the neural network training. The input for training is
a 5D matrix (composed of the number of examples in batch,
voxel X-axis, voxel Y-axis, voxel Z-axis, brain tissues), where
the brain tissue is a two-channel dimension composed of GM
and WM. We considered only GM and WM to ensure that
our models’ predictions resulted from patterns directly related
to diﬀerences in neurodevelopment. Therefore, the cerebrospinal ﬂuid, the skull, and all the tissues outside the brain were
discarded. That was also the reason why we did not use the
complete unsegmented images. Moreover, we opted for
feeding data through diﬀerent channels to the model so that it
had a facilitation signal to diﬀerentiate the patterns of GM
(mostly neuronal nuclei) and WM (mostly axon bundles). As
shown in Figure 2, the common model’s body is composed of
a sequence of interleaved layers of 3D convolution, batch
normalization, and 3D max pooling, followed by dense and
dropout layers. After the common model’s body, we derived
three output blocks, each composed of its own dense, batch
normalization, and output layer. The output blocks are accountable to, respectively, predict gender, age, and psychiatric
disorder (i.e., HC, ASD, or ADHD).
Inspired by the VGG16 network [33], we chose the ReLU
activation function to provide nonlinearity [34] and used
convolutional layers with receptive ﬁelds of 3 × 3 × 3 pixels
and max-pooling layers with 3 × 3 × 3 pixel window and
stride of 2 × 2 × 2. To improve the network convergence, we
added batch normalization [35] before convolutional and
dense layers. To face overﬁtting problems, we included L2
kernel regularizers (with a coeﬃcient equal to 1 × 10−3) in all
convolutional and dense layers and added a dropout [36]
with a dropout rate of 0.5 right after the ﬂattening of the last
convolutional layer.
The loss chosen as the objective function to be minimized is expressed by the weighted sum of the loss of each
output, where we opted for the Mean Squared Error for the
age output and Binary Cross-Entropy for gender and diagnosis outputs. The loss weights (W1, W2, and W3) were not
tuned, remaining in the default values of the TensorFlow
library (i.e., equal to 1). As the classiﬁcation and regression
tasks have diﬀerent loss scales, the loss will be higher to the
age estimation than to the classiﬁcation tasks. That is, the
training will tend to optimize more in the direction of the age
estimation than in that of the classiﬁcation tasks.
 age ,
objectiveloss � W1 ∗ mean squared error yage , y
 gender ,
+ W2 ∗ binary crossentropy ygender , y
 diagnosis .
+ W3 ∗ binary crossentropy ydiagnosis , y

(1)
Our motivation for choosing a multitask learning architecture is the advantages produced by the learned features in
the shared layers that are favored from the mechanisms of data
ampliﬁcation, attribute selection, eavesdropping, and representation bias [37]. In brief, this approach allows faster convergence and better generalization due to the extra information
provided by the training signals of the related tasks [37].
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Table 1: Subjects’ demographic and phenotypic information.

Data set
ABIDE-II
ADHD-200

N
580
922

Male (%)
73.8
63.1

Female (%)
26.2
36.9

Age, y ± SD
12.12 ± 3.16
11.72 ± 2.99

Age range, y
6.0–20.0
7.1–19.9

HC (%)
56.7
61.3

ASD (%)
43.3%
—

ADHD (%)
—
38.7%

The number of subjects (N) is shown in numbers, while age is in years ± standard deviation and in range of minimum–maximum years of age.

ABIDE-II

ADHD-200

6

8

10

12
14
Age, y

16

18

20

Female
Male

Figure 1: Subjects demographic distribution of ABIDE-II and ADHD-200 data sets. Vertical dotted lines show the quartiles. Ages are
presented in years.
128 × 128 × 128 × 2

128 × 128 × 128 × 8
63 × 63 × 63 × 16
31 × 31 × 31 × 32

4

1

4

1

4

1

Gender

3D brain

15 × 15 × 15 × 64
7 × 7 × 7 × 64
3 × 3 × 3 × 128
1 × 1 × 1 × 3456

512
Age

GM
Diagnosis

WM

3D convolutional layer

Dropout

3D max pooling layer

Dense layer

Batch normalization

Output

Flatten

Figure 2: 3D convolutional neural network multitask learning model. The processing steps through the layers allow the extraction of
increasingly complex brain features. While batch normalization allows faster network convergence, dropout plays an important role in
increasing generalization. Due to the mechanisms of multitask learning architecture, such as data ampliﬁcation and attribute selection, the
shared features allow faster convergence and better generalization.

2.5. Model Tuning and Training. Despite our preferences for
using an automated method for the tuning process (e.g., grid
search or Bayesian optimization), which was already
employed in other works [14, 15], the hundreds of hyperparameters combinations and the long time consumed by
each training session made this strategy unfeasible. Instead,

the tuning was carried out based on previous knowledge and
mainly insights from the publications of the VGG16 network
[33], batch normalization [35], and dropout [36].
To make better use of processing time and memory
resources, we set the TensorFlow mixed-precision conﬁguration to employ both 16-bit and 32-bit ﬂoating-point types

Computational Intelligence and Neuroscience
during the training phase (https://www.tensorﬂow.org/
guide/mixed_precision). We also padded and trimmed the
brain input matrix, which originally had the size of
121 × 145 × 121 to 128 × 128 × 128. This step only aﬀected
background voxels (outside the brain) whose values were all
equal to −1. This procedure followed the TensorFlow performance guide, which states that feature matrices multiples
of 8 or 128 should be used for best memory usage
(https://cloud.google.com/tpu/docs/performance-guide).
To optimize the objective loss, we opted for a gradientbased method with adaptive learning rates named Adam
[38]. The initial Adam’s learning rate was set to 1 × 10−3, and
the exponential decay rates for the ﬁrst and second estimate
moments were, respectively, set to 0.9 and 0.999. The loss
weights from the objective function were not tuned and may
be further explored in an upcoming study.
For the training sessions, the batch size was set to 32
examples, which is the maximum size that ﬁtted in memory.
As our model deals with distinct target variables with different data distributions at the same time (i.e., age, gender,
and mental health status), we opted to do not balance the
classes at the batch level. Thus, the examples were just
randomly shuﬄed before the batch splits. The number of
epochs was set to 1000, and a custom early stopping technique was implemented to stop the training process every
time there was no improvement of at least one of the output
losses in the validation set for 75 consecutive epochs. Following this strategy, most (75%) training sessions ended
after running from 150 to 300 epochs. Additionally, we
employed a technique called model checkpoint. Therefore, at
the end of each epoch, the model was evaluated against the
validation set, and the best-performing model parameters
for each task were saved. This strategy provides three model
versions at the end of each training session: one performing
better to predict gender, another performing better to
predict age, and the last performing better to predict psychiatric disorder.
At a ﬁrst glance, one may argue that it is counterintuitive
to save diﬀerent model versions from the same multitask
learning based model. However, we found in our preliminary tests that this schema reduced the models’ training until
convergence by three times, when compared to the time
spent to train three diﬀerent single-task models. Additionally, this approach helped (1) to prevent overﬁtting, by
saving the model weights at the optimum training point, and
(2) to generate model versions trained to best extract the
relevant features for its main task. We used the lowest loss of
each output (i.e., Mean Squared Error for age prediction and
Binary Cross-Entropy for gender and psychiatric disorder
predictions) as the metrics to automatically save the best
checkpoints.
2.6. Test Procedure. Each data set (ABIDE-II and ADHD200) was stratiﬁed (i.e., balanced) by mental health status
(i.e., HC, ASD, and ADHD), randomly shuﬄed, and split in
a 10-fold cross-validation custom scheme. Accordingly, data
is initially split into 10 partitions and, in every training
round, 1 partition is chosen for the test set. Then, from the 9
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remaining partitions, the ﬁrst 8 are assigned to the training
set and the last 1 is assigned to the validation set (see
Figure S1 in the Supplementary Materials). This cross-validation scheme resulted in 10 training rounds for each data
set. For each round, the corresponding training set was used
to train the network. The remaining validation set was
employed to automatically save the best-performing models
through the previously described model checkpoint technique. The test sets were kept untouched until the models
were fully trained so that the performance of the ﬁnal models
could be assessed on an unbiased and unexplored data set.
This custom validation scheme takes advantage of the robustness of a nested (double) cross-validation while preserving the lower time consumption of a nonnested crossvalidation scheme.
For each training round of the 10-fold cross-validation,
we obtained three ﬁnal trained models: (1) optimized for
gender, (2) optimized for age, and (3) optimized for psychiatric disorder classiﬁcation. These models were evaluated
as follows:
(a) All models trained with ABIDE-II data were evaluated on their corresponding test set
(b) All models trained with ADHD-200 data were
evaluated on their corresponding test set
(c) The best-performing model trained with ABIDE-II
data to predict age was evaluated across the full
ADHD-200 data set
(d) The best-performing model trained with ABIDE-II
data to predict gender was evaluated across the full
ADHD-200 data set
(e) The best-performing model trained with ADHD-200
to predict age was evaluated across the full ABIDE-II
data set
(f ) The best-performing model trained with ADHD-200
to predict gender was evaluated across the full
ABIDE-II data set
The chosen metrics to evaluate the models’ performance in the regression task of predicting age were MAE
(mean absolute error), Pearson’s correlation, P value of the
Pearson’s correlation, and R2-score (also known as prediction R2, cross-validation R2 or q2, which best assesses
numerical accuracy for regression tasks [39]). For the tasks
of predicting gender and psychiatric disorder, we used
precision (speciﬁcity measure), recall (sensibility measure),
F1-score (harmonic mean between precision and recall),
and AUC-ROC (area under the receiver operating characteristic curve). The F1-score was chosen (instead of the
simple accuracy) due to its capability to evaluate unbalanced data better.
The use of unbalanced data for the gender and mental
health status classiﬁcations can bias the models towards
classifying minority cases as majorities [40]. To address
this issue, we employed a ROC operating point selection
that maximizes the harmonic mean between sensitivity
and speciﬁcity [40]. That is, for each trained model, we use
the validation data to ﬁnd the cutoﬀ value that best
maximizes the balance between sensitivity and speciﬁcity.
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The chosen cutoﬀ value is then used to collect the metrics
from the test data.
2.7. Model Interpretability. In general, artiﬁcial neural
networks have been known for their low interpretability
level, sometimes being labeled as a “black box” providing
little or no insight into the nature of data [14, 15]. The
explanation of image-based artiﬁcial neural networks remains a challenge in the healthcare domain. To address this
issue, we employed an algorithm called SmoothGrad [21]. It
produces a sensitivity map of the voxels that most contribute
to the neural network decisions by measuring the impact
that small perturbations applied to input images produce in
the output gradients. Although SmoothGrad uses the same
basic methodology as other algorithms, it has the advantage
of producing sharpen results due to the strategy of applying
diﬀerent perturbations to the same input image. Moreover, it
averages the resulting maps, producing a better smoothing
eﬀect [21]. The present study employed the SmoothGrad
algorithm through the open-source library implementation
called tf-keras-vis (available at https://pypi.org/project/tfkeras-vis).
As quoted in the original paper [21], the sensitivity map
algorithms often produce signed values. Therefore, there is
considerable ambiguity in how to convert these signed
values to visualization colors, as the direction of the gradient
is context-dependent. To solve this ambiguity, we opted for
using the absolute values of the gradients, which has the
potential of producing clearer pictures [41] and was also
proposed by SmoothGrad authors [21]. During the attention
maps generation, the noise level was set to 20%, and the
number of samples (sample size) for each input image was
set to 5. Although the SmoothGrad paper shows increasing
deﬁnition in the produced maps as the sample size is
incremented, the processing time for this task is directly
proportional to the sample size. Therefore, higher sample
size values proved to be unfeasible given our limited
hardware resources. Furthermore, we veriﬁed in a preliminary test that setting sample size to 10 produced the same
top ROIs as setting the chosen conﬁguration of 5. As our
models have three outputs, we had to set to zero all outputs
that were not the ones chosen for measurement (e.g., while
generating the age sensitivity map, we set the gender and
psychiatric disorder outputs to zero).
Attention maps were generated for the ﬁnal models of
each of the 10 cross-validation folds from their corresponding test set. These maps were ﬁrst averaged from their
test set examples and then were normalized and averaged
across all the 10 training rounds, resulting in an attention
map for each task (i.e., predicting age, gender, or psychiatric
disorder) and for each data set (ABIDE-II and ADHD-200).
This strategy allowed for capturing common structural brain
regions that are most descriptive for the models’ decisionmaking in each task.
As the ﬁnal generated maps have the same 3D shape of
the input images (localized in the MNI space), we could
identify the most predictive brain ROIs taking the intersection between the attention maps and the AAL3 3D brain
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atlas [22]. Finally, the maps were rendered in the MRIcron
viewer (https://www.nitrc.org/projects/mricron) to provide
more interpretable brain visualizations.
2.8. Experiments Setup. The sMRI processing steps were
done through the software SPM12 v7771, Python v3.6.9, and
TensorFlow v2.1.0, running on a local Linux desktop (CPU
3.2 GHz Octa Core, 32 GB ram). After the sMRI processing,
the TFRecord ﬁles were uploaded to a Google Cloud storage
bucket.
Our machine learning experiments were conducted
using a Google Colab instance (https://colab.research.
google.com/): CPU 2.3 GHz Dual Core, 12 GB ram, attached to a Cloud TPU v2 (180 teraﬂops/s speed and 64 GB
ram), connected to the aforementioned storage bucket,
Trough Python v3.6.9, and TensorFlow v2.3.

3. Results
The training and testing phases occurred successfully with
adequate processing time for all models. Output metrics
collected showed that CNN3D models were able to learn and
predict age and gender with a high conﬁdence level in both
ABIDE-II (MAE � 1.63 ± 0.28, AUC � 0.82 ± 0.06) and
ADHD-200 (MAE � 1.43 ± 0.22, AUC � 0.85 ± 0.04) data
sets. For both age and gender predictions, models trained on
ADHD-200 data had slightly higher performance than those
trained on ABIDE-II, including when we evaluated the bestperforming cross-validation models from one data set across
the other distinct full data set (MAE � 1.57, AUC � 0.89 vs
MAE � 1.64, AUC � 0.79).
For the age prediction, the ADHD-200 models evaluated
in a 10-fold cross-validation scheme on the test set obtained
an MAE (mean absolute error) of 1.43 years, reaching a
mean Pearson correlation of 0.84 between the correct targets
and the models’ predictions and a mean R2-score (also
known as prediction R2, cross-validation R2 or q2) of 0.62.
The best-performing model of the aforementioned crossvalidation, which was trained with ADHD-200 data,
achieved an MAE of 1.21 years on its corresponding test set,
and when evaluated across the full ABIDE-II data set, it
reached an MAE of 1.57 years and a Pearson correlation of
0.75 between targets and predictions (see Figure 3).
For gender prediction, the ADHD-200 models evaluated
in a 10-fold cross-validation scheme on the test set obtained
a mean AUC-ROC of 0.85, with precision � 0.84, recall� 0.81, and F1-score � 0.83. The best-performing model of
the above-mentioned cross-validation, which was trained
with ADHD-200 data, achieved an AUC-ROC of 0.91 on its
corresponding test set, and when evaluated across the full
ABIDE-II data set, it achieved an AUC-ROC of 0.89, with
precision � 0.90, recall � 0.87, and F1-score � 0.89 (see
Figure S2 in the Supplementary Materials).
For psychiatric disorder classiﬁcations, the models had
poor learning, performing close to the random guessing. The
ADHD-200 models evaluated in 10-fold cross-validation on
the test set obtained a slightly better performance predicting
ADHD (AUC-ROC � 0.61), while the models trained on

Computational Intelligence and Neuroscience

18

7

n = 92, MAE = 1.21, r = 0.88

30
25

16
14

Prediction

Prediction

n = 588, MAE = 1.57, r = 0.75

12
10
8

20
15
10

6

5
8

10

12

14
Target

16

18

6

8

10

12
14
Target

16

18

20

Model linear fit
Ideal linear fit

Model linear fit
Ideal linear fit
(a)

(b)

Figure 3: Scatter plots between predicted and target ages. (a) Ages prediction on the test set from the best-performing model of ADHD-200
10-fold cross-validation. (b) The same best-performing model, which was trained with ADHD-200 data, evaluated across the full ABIDE-II
data set. Note. r: Pearson’s correlation between predicted and target ages, MAE: the mean absolute error of the predictions, and n: the
evaluated sample size.

ABIDE-II to predict ASD obtained a mean AUC-ROC � 0.54.
All the evaluated metrics are presented in Table 2.
To access the statistical impact of the total brain volume
on estimations, we calculated the AUC-ROC and Person’s
correlation (r), respectively, to gender and age concerning
the sum of brain voxels from each subject. Thus, the ABIDEII data (N � 588) yielded AUC-ROC � 0.76 and r � 0.03,
while the ADHD-200 data (N � 922) resulted in AUCROC � 0.79 and r < 0.001. These results show that total brain
volume is not related to age, while it may have inﬂuenced
gender estimations. However, the focus of our work is the
study of neurodevelopment, which is assessed mainly
through age estimations.
The top 10 most representative ROIs from ADHD-200
models to classify gender are cingulate posterior gyrus (left
and right), anteroventral thalamus (left and right), lateral
posterior thalamus (right), mediodorsal lateral thalamus
(right), mediodorsal medial thalamus (left and right), ventral
anterior thalamus (right), and ventral lateral thalamus
(right). In the ABIDE-II sample, the top 10 most representative ROIs comprised calcarine ﬁssure (right), cingulate
posterior gyrus (right), cerebellum lobe III (left), lingual
gyrus (right), rolandic operculum (left), substantia nigra
pars reticulata (left), pulvinar lateral thalamus (right), pulvinar medial thalamus (right), and vermis (lobes III and IVV). The cingulate posterior gyrus (right) emerged as a top
ROI on both ADHD-200 and ABIDE-II models for gender
prediction.
Among age prediction models, the substantia nigra pars
reticulata (left) arose in the top ROIs of both ADHD-200 and
ABIDE-II models. ADHD-200 models retrieved the following regions as the top 10 ROIs: cingulate posterior gyrus
(right), precentral gyrus (right), rolandic operculum (right),
globus pallidus (left), substantia nigra pars reticulata (left),
intralaminar thalamus (left), lateral geniculate thalamus
(left), medial geniculate thalamus (left), pulvinar lateral

thalamus (left), and vermis (lobes IV-V). ABIDE-II models
top 10 focused ROIs comprised the following regions: the
amygdala (right), middle cingulate (right), olfactory cortex
(right), paracentral lobule (right), ventral tegmental area
(right), vermis (lobes III and X), substantia nigra pars
compacta (right), and substantia nigra pars reticulata (left
and right). Interestingly, the vermis lobe III arose as a focused top 10 prediction ROI for gender and age in ABIDE-II
models, and the vermis lobes IV-V emerged for both gender
and age predictions in both samples. A compilation of the
top-focused ROIs is depicted in Figure S3 in the Supplementary Materials.
As previously explained, model interpretability of artiﬁcial
neural networks is sometimes challenging, which limits its
applicability in clinical scenarios. Therefore, these models are
deemed to be “black box,” with little practical impact. However,
we implemented a visualization approach to add to the models’
interpretability. In Figure 4, we present an implementation of
this procedure by adding the averaged gradients’ attention
maps as an overlayed layer of an MRIcron’s brain template. It
shows a practical example of visual outputs from artiﬁcial
neural networks, where the top 10 predictive ROIs from
gradients attention maps were accurately plotted in a clinically
relevant representation of the brain.

4. Discussion
In this study, we transformed brain sMRI of youth via VBM,
from large and heterogeneous data sets, and used the resultant GM and WM as input for training 3D’s convolutional neural network with multitask learning models to
predict age, gender, and psychiatric disorder. Then, the
resultant trained models were used to map the top representative ROIs for the tasks of predicting age and gender. To
achieve consistency and avoid biased results, we used a set of
methods in line with the literature’s best practices.
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Table 2: Performance metrics of the test procedure.

Regression models
Age: ABIDE-II 10-fold CV on test set
Age: ABIDE-II model on ADHD-200 full data
Age: ADHD-200 10-fold CV on test set
Age: ADHD-200 model on ABIDE-II full data
Classiﬁcation models
Gender: ABIDE-II, 10-fold CV on test set
Gender: ABIDE-II model on ADHD-200 full data
Gender: ADHD-200, 10-fold CV on test set
Gender: ADHD-200 model on ABIDE-II full data
ASD: ABIDE-II, 10-fold CV on test set
ADHD: ADHD-200, 10-fold CV on test set

n
58
922
92
580
n
58
922
92
580
58
92

MAE, y
1.63 ± 0.28
1.64
1.43 ± 0.22
1.57
Precision
0.87 ± 0.06
0.76
0.84 ± 0.03
0.90
0.46 ± 0.04
0.48 ± 0.07

r
0.76 ± 0.07
0.72
0.84 ± 0.04
0.75
Recall
0.80 ± 0.08
0.80
0.81 ± 0.06
0.87
0.70 ± 0.18
0.55 ± 0.20

P value
<0.001
<0.001
<0.001
<0.001
F1-scr
0.83 ± 0.04
0.78
0.83 ± 0.03
0.89
0.55 ± 0.06
0.50 ± 0.11

R2-scr
0.54 ± 0.1
0.50
0.62 ± 0.08
0.56
AUC-ROC
0.82 ± 0.06
0.79
0.85 ± 0.04
0.89
0.54 ± 0.06
0.61 ± 0.07

The performance indicators from 10-fold cross-validation are presented in their averaged values ± standard deviation. The chosen model for the cross-data set
evaluation is the best-performing model of 10-fold cross-validation. For the column titles, r is the Pearson’s correlation between predicted and target ages, n is
the sample size, and R2-scr is the prediction R2 (also known as cross-validation R2 or q2). Values in bold are metrics of the best-performing trained models.
ASD: autism spectrum disorder; ADHD: attention deﬁcit hyperactivity disorder.
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Figure 4: Top ROIs from gradients’ attention maps perspective. (a) Top regions to predict the age by averaged attention of 10-fold ADHD200 models. (b) Top regions to predict the gender by averaged attention of 10-fold ABIDE-II models. L: left, A: anterior, P: posterior, S:
superior.

The ADHD-200-trained models had a slightly better
performance than the models trained with ABIDE-II data,
possibly because the ﬁrst data set has higher homogeneity in
data than the second [12]. The cross-data set evaluation
proved the models’ generalization capability to predict age
and gender with high conﬁdence even in unknown data sets
with distinct confounding variables such as type of psychiatric disorder, scanner acquisition parameters, and
subjects’ distribution of age and gender.
To the best of our knowledge, the performance of our
approach is in line with the state-of-the-art in brain aging
detection, achieving an MAE � 1.43 years in 10-fold crossvalidation on the test set. A study of Wang and coworkers [42]
reached an MAE � 1.38 years in a subset from ADHD-200
with a similar age range to ours; however, their results were
only based on healthy individuals, and their approach
employed handcrafted feature extraction and selection based
mainly on cortical thickness and curvatures. Another study,
by Franke and colleagues [43], achieved an impressive

MAE � 1.1 years in one of their test partitions and an
MAE � 1.22 years from the averaged performance from all six
test partitions. Unlike our work, Frank and coworkers
employed a data set [44] acquired using a uniﬁed set of
scanner parameters, from healthy subjects only, after rigorous
ﬁltering for dozens of confounding factors that could inﬂuence the healthy brain maturation during childhood and
adolescence (i.e., individuals with preterm birth, alcohol or
drug abuse during the gestational period, low IQ, and dozens
of other confounding factors were excluded). Greater data
uniformity, combined with smaller sample sizes, than that
employed by us possibly provided good conditions so that
both studies could achieve high accuracy [42,43], although it
may have occurred at the cost of generalizability [12]. Different from our approach, these studies [42,43] employed a
machine learning algorithm called relevance vector machine
(RVM) [45], which is a Bayesian alternative to support vector
machine. Therefore, RVM has the advantage of requiring less
computational power than CNN3D.
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Another study employed a CNN3D to predict age from
brain sMRI in raw format versus sMRI processed by VBM.
Cole and colleagues [46] achieved slightly better performance when they used VBM (MAE � 4.16 years) in comparison to raw sMRI (MAE � 4.66 years). However, they
have only evaluated healthy subjects, with ages ranging from
18 to 90 years of age. Therefore, these diﬀerences do not
allow a direct comparison of the model performance to our
work. Additionally, unlike our study, Cole and coworkers
[46] did not assess brain biomarkers (ROIs) from their
model’s predictions.
Although our approach presented a high capability to
learn how to estimate age and gender, it did not perform well
in classifying psychiatric disorders, achieving modest AUCROC and F1-score metrics when diﬀerentiating between
HC, ASD, and ADHD. Therefore, the results show that our
models were close to the random guessing for these tasks.
Possibly, the underlying structural alterations from these
conditions are subtle enough so that they are not eﬃciently
detectable by CNN3D trained with sMRI from large and
heterogeneous data sets. In psychiatric disorders, large and
heterogeneous data samples tend to deliver high conﬁdence
and generalization power. However, at the same time, they
tend to lead to low accuracies, which is an important limitation that possibly has also aﬀected our main results [12].
Another source for investigation, in future work, is to
evaluate the eﬀect of tuning the weights from the objective
loss function to prioritize the mental health status classiﬁcation. The dynamic task prioritization for multitask
learning [47] seems to be an interesting approach for this
goal. This method proposes the dynamic adjustment of loss
weights across the training process to prioritize the most
diﬃcult tasks.
The brain ROIs we identiﬁed (see Results) as being most
representative for gender and age detection come in line
with several distinct studies that reported these regions as
being related to diﬀerentiation of gender, aging, or both
[48–54].
For gender, Witte and coworkers [48] used Statistical
Parametric Mapping to calculate GM volume diﬀerences
between men and women, and among other statistically
signiﬁcant ﬁndings, they discovered that men had more GM
than women in vermis, cerebellum, and right calcarine,
while women had more GM than men in the lingual gyrus.
Another study, by Menzler and colleagues [49], employed
diﬀusion tensor MRI to discover microstructural diﬀerences
between genders in the WM of the thalamus; Menzler and
coworkers [49] also found diﬀerences in the cingulum
conﬁrming previous works, suggested that their ﬁndings
were due to diﬀerences in myelination or glial cell morphometry, and stated that previous functional MRI studies
found gender diﬀerences in thalamic activation during the
processing of emotional stimuli or unpleasant linguistic
information. Recent ﬁndings suggest that not only gender
but also pubertal status may inﬂuence brain development
[55]. Thus, the role of these features can be a source of
further exploration in future work.
For age-related ROIs, Tomasi and Volkow [53] used
functional MRI to evaluate the functional connectivity
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density (FCD) of networks concerning brain aging of
healthy subjects and found that a long-range FCD in the
default-mode network (DMN), which includes the posterior
cingulate, decreased with age, while FCD in other two
subcortical networks including thalamus and amygdala
increased with age; more recently, an improved neuroanatomical model of DMN [56] not only included amygdala and
thalamus in DMN but found that the thalamus has a centrality role in DMN. Another study used functional MRI [54]
to ﬁnd that in children the ventral tegmental area had lower
connectivity to the amygdala and higher ventral tegmental
area connectivity to the thalamus, globus pallidus, and
vermis than in adults; this study [54] also revealed that in
children the substantia nigra had higher connectivity to the
amygdala, globus pallidus, and thalamus than in adults, and
similarly the connectivity of language areas (including
rolandic operculum) and middle cingulate was weaker with
the ventral tegmental area than with substantia nigra for
adults.
Taking it collectively, the morphological changes detected by our models and conﬁrmed in other studies [48–54]
are possibly related to the highly coordinated and sequenced
events characterized by both progressive (myelination) and
regressive (synaptic pruning) processes, which alter WM
and GM volumes with diﬀerent patterns for each gender,
and are most dynamic from childhood to early adulthood
[57].
These ﬁndings reinforce our hypothesis that CNN3D is
able to detect complex brain morphological features, previously detectable by high-resolution diﬀusion tensor MRI
and by functional MRI. Following Pinaya [15], while the
standard mass-univariate techniques consider each brain
structure as an independent unit, multivariate methods
(such as the one we used) may be additionally based on
interregional correlations leading individual regions to
present high discriminative power due to two possible
reasons: (a) a diﬀerence in volume/thickness between groups
in that region; (b) a diﬀerence in the correlation between that
region and other areas between groups. Therefore, discriminative brain networks are best interpreted as a spatially
distributed pattern rather than as individual regions.
As our multitask learning architecture is optimized to
perform all tasks at the same time (i.e., predicting gender,
age, and psychiatric disorder), the learning process in the
common model’s body may favor the extraction of the brain
features that are relevant to more than one task. On the other
hand, each speciﬁc output block is exclusively optimized,
selecting only the appropriate set of features that best help to
accomplish its unique individual task.
Due to the complexity arising from the nonlinearity of
artiﬁcial neural networks, our methods do not allow mapping the diﬀerences inside ROIs that are relevant to the
models’ decisions, that is, which patterns of increase/decrease in cortical volume of focused ROIs are accountable for
a given model decision. Another limitation of the current
study is that it does not explain the obtained performance
results, that is, which methods are accountable for which
performance improvements. Therefore, this topic is still
open and can be further explored in future work.
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Our approach was not suﬃcient to adequately classify
ASD and ADHD. In contrast, the performance and generalization power achieved in predicting age (i.e., neurodevelopment) can pave the way for future work through the
indirect estimation of psychiatric disorders. By training our
model to predict the age of healthy individuals only (to be
done), psychiatric conditions can be estimated by calculating
the diﬀerence between the brain’s predicted age and the
individual’s chronological age [46]. Increased brain predicted age has been detected in individuals progressing to
Alzheimer’s, in schizophrenia, in epilepsy, and Down’s
syndrome [58–61]. At the same time, decreased brain predicted age has been used to highlight the protective inﬂuences exerted by meditation, by increase in education levels,
and by physical exercises [62, 63].

5. Conclusions
In conclusion, this study proved the ability of CNN3D
models trained with GM and WM, processed via VBM, to
accurately estimate age (i.e., neurodevelopment) and gender.
Therefore, the achieved results endorse the hypothesis that
our approach is able to detect complex brain patterns. Although the models were not able to eﬃciently diﬀerentiate
between HC, ASD, and ADHD, the high performance and
generalization power achieved in age estimation can pave the
way for future work, through the indirect estimation of
psychiatric disorders. The strategy of generating 3D brain
saliency maps via SmoothGrad [21] and intersecting the
results with the 3D AAL3 brain atlas [22] was successfully
achieved. Therefore, it provided clinically relevant identiﬁcation of most representative biomarkers (ROIs) during
models’ decisions and proved to be a viable alternative to
deal with the well-known low interpretability problem of
deep learning models. Finally, the results achieved by the
presented approach reinforce the hypothesis that it can be
successfully adapted to tackle a varying set of problems
involving brain morphological alterations.

Data Availability
The data used in this study were obtained from two public
data sets: Autism Brain Imaging Data Exchange II (ABIDEII) and Attention Deﬁcit Hyperactivity Disorder (ADHD200). Both data sets can be downloaded from the NeuroImaging Tools & Resources Collaboratory Image Repository
(NITRC-IR: https://www.nitrc.org/ir/). The data were collected and made publicly available according to the responsibility and approval of the given local ethics by each
project. Detailed information for these data sets and their
acquisition parameters can be retrieved from ABIDE-II
(http://fcon_1000.projects.nitrc.org/indi/abide/abide_II.
html) and ADHD-200 (http://fcon_1000.projects.nitrc.org/
indi/adhd200/).
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Supplementary Materials
Figure S1 schematically demonstrates the adopted custom
validation scheme, which takes advantage of the robustness
of a nested cross-validation while preserving lower time
consumption. Figure S2 displays the confusion matrices
from the best-performing ADHD-200 model classifying
gender on its test set and across the full ABIDE-II data set.
Figure S3 presents the most representative brain regions to
estimate age and gender from ADHD-200- and ABIDE-IItrained models. (Supplementary Materials)
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[58] C. Gaser, K. Franke, S. Klöppel, N. Koutsouleris, and H. Sauer,
“Brain AGE in mild cognitive impaired patients: predicting
the conversion to alzheimer’s disease,” PLoS One, vol. 8, 2013.
[59] N. Koutsouleris, C. Davatzikos, S. Borgwardt et al.,
“Accelerated brain aging in schizophrenia and beyond: a
neuroanatomical marker of psychiatric disorders,” Schizophrenia Bulletin, vol. 40, no. 5, pp. 1140–1153, 2014.
[60] H. R. Pardoe, J. H. Cole, K. Blackmon, T. Thesen, and
R. Kuzniecky, “Structural brain changes in medically refractory focal epilepsy resemble premature brain aging,”
Epilepsy Research, vol. 133, pp. 28–32, 2017.
[61] J. H. Cole, T. Annus, L. R. Wilson et al., “Brain-predicted age
in Down syndrome is associated with beta amyloid deposition
and cognitive decline,” Neurobiology of Aging, vol. 56,
pp. 41–49, 2017.

Computational Intelligence and Neuroscience
[62] J. Steﬀener, C. Habeck, D. O’Shea, Q. Razlighi, L. Bherer, and
Y. Stern, “Diﬀerences between chronological and brain age are
related to education and self-reported physical activity,”
Neurobiology of Aging, vol. 40, pp. 138–144, 2016.
[63] E. Luders, N. Cherbuin, and C. Gaser, “Estimating brain age
using high-resolution pattern recognition: younger brains in
long-term meditation practitioners,” Neuroimage, vol. 134,
pp. 508–513, 2016.

Hindawi
Computational Intelligence and Neuroscience
Volume 2021, Article ID 5577956, 18 pages
https://doi.org/10.1155/2021/5577956

Research Article
Denoising of 3D Brain MR Images with Parallel Residual
Learning of Convolutional Neural Network Using Global and Local
Feature Extraction
Liang Wu ,1 Shunbo Hu ,2 and Changchun Liu
1
2

1

School of Control Science and Engineering, Shandong University, Jinan 250061, China
School of Information Science and Engineering, Linyi University, Linyi 276005, China

Correspondence should be addressed to Shunbo Hu; 84961103@qq.com and Changchun Liu; changchunliu@sdu.edu.cn
Received 23 January 2021; Revised 15 April 2021; Accepted 21 April 2021; Published 4 May 2021
Academic Editor: Vahid Rakhshan
Copyright © 2021 Liang Wu et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.
Magnetic resonance (MR) images often suﬀer from random noise pollution during image acquisition and transmission, which
impairs disease diagnosis by doctors or automated systems. In recent years, many noise removal algorithms with impressive
performances have been proposed. In this work, inspired by the idea of deep learning, we propose a denoising method named 3DParallel-RicianNet, which will combine global and local information to remove noise in MR images. Speciﬁcally, we introduce a
powerful dilated convolution residual (DCR) module to expand the receptive ﬁeld of the network and to avoid the loss of global
features. Then, to extract more local information and reduce the computational complexity, we design the depthwise separable
convolution residual (DSCR) module to learn the channel and position information in the image, which not only reduces
parameters dramatically but also improves the local denoising performance. In addition, a parallel network is constructed by
fusing the features extracted from each DCR module and DSCR module to improve the eﬃciency and reduce the complexity for
training a denoising model. Finally, a reconstruction (REC) module aims to construct the clean image through the obtained noise
deviation and the given noisy image. Due to the lack of ground-truth images in the real MR dataset, the performance of the
proposed model was tested qualitatively and quantitatively on one simulated T1-weighted MR image dataset and then expanded to
four real datasets. The experimental results show that the proposed 3D-Parallel-RicianNet network achieves performance superior
to that of several state-of-the-art methods in terms of the peak signal-to-noise ratio, structural similarity index, and entropy
metric. In particular, our method demonstrates powerful abilities in both noise suppression and structure preservation.

1. Introduction
Medical image information is playing an increasingly important role in disease diagnosis. However, during the image
acquisition process, due to the improper actions of patients
or staﬀ, strong random noise will inevitably be generated.
This noise not only reduces the resolution of the image but
also aﬀects the precision of clinician diagnosis [1, 2].
At present, popular magnetic resonance (MR) imaging
technology is commonly used as a medical imaging technology for visualizing human tissues and organs. It does not
pose any radiation hazard, unlike CT imaging [3], and it
achieves multiaspect, multiparameter, and high-contrastresolution images without bone artifacts. However, the

random noise will aﬀect the inspection quality in clinical
diagnosis, as well as image processing and analysis tasks such
as image segmentation, registration, and visualization.
Hence, solving the problem of MR image denoising is
critical.
The purpose of image denoising is to remove background noise and retain valuable information [4]. Many
conventional ﬁltering techniques are often used, such as
Wiener ﬁltering [5], bilateral ﬁltering [6], and total variation
ﬁltering [7]. Yang and Fei proposed a multiscale wavelet
denoising method based on the Radon transform to denoise
MR images [8]. Phophalia et al. mitigated the problem of
medical image denoising by using rough set theory (RST)
[9]. Awate and Whitaker devised a Bayesian denoising
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method and veriﬁed it on diﬀusion-weighted MR images
[10]. Satheesh et al. developed an MR image denoising algorithm using the contourlet transform, which achieved a
higher peak signal-to-noise ratio than the wavelet transform
[11]. Zhang et al. used an improved singular value decomposition method to denoise simulated and real 3D
images. The experimental results showed that their method
was superior to the existing denoising methods [12]. Leal
et al. presented a method based on sparse representations
and singular value decomposition (SVD) for nonlocally
denoising MR images. This method prevents blurring, artifacts, and residual noise [13]. In addition, by extending the
local region to a nonlocal scheme, the nonlocal means
(NLM) strategy was used for MR image denoising [14–16].
Gautam et al. proposed a novel denoising technique for MR
images based on the advanced NLM method with nonsubsampled shearlet transform (NSST) [17]. Kanoun et al.
proposed an enhanced NLM ﬁlter using the KolmogorovSmirnov (KS) distance. The experimental results provided
excellent noise reduction and image-detail preservation [18].
In recent years, the explosive development of deep
learning has suggested a new methodology for image
denoising. It can use multiple convolution ﬁlters to automatically extract features, with large receptive ﬁelds, to
reconstruct high-resolution images. In [19], the authors used
the self-encoder to train the image features of diﬀerent
resolutions to achieve adaptive denoising. Zhang et al.
exploited denoising convolutional neural networks
(DnCNNs) for Gaussian noise removal and achieved excellent performance by using residual learning strategy [20].
Cherukuri et al. applied a deep learning network that leveraged the prior spatial structure of images to reconstruct
high-resolution images [21]. Manjo′ n et al. proposed a novel
automatic MR image denoising method by combining a
convolutional neural network (CNN) with a traditional ﬁlter
[22].
Deep learning-based denoising methods can grasp
richer contextual information in large regions to improve
performance. With very deep architectures, it can expand
the receptive ﬁeld of the network to capture more global
contextual information over large image regions. Liu et al.
utilized the multiscale fusion convolution network
(MFCN) to perform super-resolution reconstruction of
MR images [23]. Pham et al. used a deep 3D CNN model
with residual learning to reconstruct MR images [24]. Their
model exploited a very deep architecture with a large receptive ﬁeld to acquire a powerful learning ability. Jiang
et al. described a multichannel denoising convolutional
neural network (MCDnCNN) that directly learned the
process of denoising and performed experiments on
simulation and real MR data [25]. In [26], Ran et al.
suggested a residual encoder-decoder Wasserstein generated countermeasure network (RED-WGAN) for MR
image denoising. Hong et al. designed a spatial attention
mechanism to obtain the area of interest in MR images,
which made use of the multilevel structure and boosted the
expressive ability of the network [27]. Tripathi and Bag
proposed a novel CNN for MR image denoising. The
proposed model consisted of multiple convolutions that
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captured diﬀerent image features while separating inherent
noise [28]. Li et al. designed a progressive network learning
strategy by ﬁtting the distribution of pixel-level and feature-level intensities. Their experimental results demonstrated the great potential of the proposed network [29].
Gregory et al. created HydraNet, a multibranch deep neural
network architecture that learned to denoise MR images at
a multitude of noise levels, and proved the superiority of
the network on denoising complex noise distributions
compared to some deep learning-based methods [30].
Aetesam and Maji proposed a neural framework for MR
images denoising, using an ensemble-based residual
learning strategy. High metric value and high-quality visual
results were obtained in both synthetic and real noisy
datasets [31].
In the above reported deep learning denoising tasks, the
depth and width of the networks were often increased to
capture more contextual information. However, these
methods introduced a number of parameters, which made it
diﬃcult to train the denoising models. Some of the methods
learned the Rician noise distribution solely by stacking
convolution layers, which easily overlooked much local
information and led to unsatisfactory denoising results at
some key local anatomical positions.
To address the above shortcomings, this work proposes
a novel network termed 3D-Parallel-RicianNet that is used
to remove the noise of MR images. First, to expand the
receptive ﬁeld without introducing more parameters, we
design a dilated convolution residual (DCR) module and
use it to build a subnetwork (DCRNet) that can extract
global information by cascading. Then a depthwise separable convolution residual (DSCR) module is designed and
used to construct a subnetwork (DSCRNet) to extract local
information. Finally, the features of each module of
DCRNet and DSCRNet are merged and cascaded to obtain
full-scale mappings between image appearances and noise
deviation.
The main contributions of this work are summarized as
follows:
(1) DCRNet expands the receptive ﬁeld to extract rich
context information through cascading DCR modules, which capture the real Rician distribution in the
global area
(2) DSCRNet uses the DSCR module to focus on the
local area of the image and eﬀectively removes local
anatomical noise. Each DSCR module of this subnetwork is added to the output part of each DCR
module of the corresponding DCRNet
(3) The 3D-Parallel-RicianNet uses a residual learning
mechanism to prevent vanishing and exploding
gradient problems
The remainder of this work is organized as follows. In
Section 2, we describe the proposed denoising networks
and loss function. Then, in Section 3, we present the
experimental tests of our approach on synthetic and real
MR noisy data. Additionally, a comparison of our method
with state-of-the-art algorithms is provided. Finally, in
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Section 4, we discuss our conclusions and give future
directions.

2. Materials and Methods
2.1. Noise Reduction Model. MR magnitude image is corrupted by independent Gaussian distribution noise in the
real part and the imaginary part of images [32–34]. Previous
studies suggest that the probability distribution of noisy MR
image pixel intensity can be represented as a Rician distribution [35, 36]. Deep learning can ignore the physical
process and model this procedure corruption by learning
from the samples [26]. Hence, the MR image degradation
model with noise can be described as
Y � X + δ(Y),

(1)

where Y is the noisy MR image, X is the noise-free image,
and δ(Y) is the deviation between X and Y inﬂuenced by the
Rician distribution. According to equation (1), δ(Y) can be
expressed as (Y − X), so it was employed to train a residual
mapping f(Y; Θ) ≈ δ(Y), and we can obtain
X ≈ Y − f(Y; Θ). Figure 1 shows that the probability
density distribution (PDF) of noisy MR images varies in
global and local regions. It can be seen from the top left
image that the noise reduces the quality of the MR image and
blurs the boundaries of some tissue structures, which results
in increased diﬃculty in recognizing the image details. Liu
et al. pointed out that the PDFs of Rician noise vary spatially
in diﬀerent anatomical regions of brain MR images [37].
Hence, the nonlinear mappings between image appearances
and Rician distributions vary in global and local regions.
Based on this conclusion, we propose the 3D-ParallelRicianNet MR image denoising model, which combines the
global and local feature information on global regions and
local regions.
2.2. DCR Module for Global Feature Representation. It is
known that context information is important to reconstruct
corrupted pixels for image denoising. Speciﬁcally, it is a
common way to capture more global context information by
expanding the receptive ﬁeld [38]. In the reported deep
learning denoising tasks, increasing the depth and width of
the deep networks can enlarge the receptive ﬁeld. However,
the width-adding methods may produce more parameters,
which results in overﬁtting of the network. The depthadding methods may lead to vanishing gradients when the
depth of the network is enormous.
To solve these problems, dilated convolutions have been
developed [39]. The dilation rate of the convolution kernel
can be controlled to obtain receptive ﬁelds of diﬀerent sizes,
as shown in Figure 2. The size of the receptive ﬁeld, v, is
denoted as
v � ksize − 1 ×(R − 1) + ksize d ,

(2)

where ksize is the size of the ﬁlter, R is the dilated rate, and d is
the dimension (2 or 3) of the image. The receptive ﬁeld of the
convolution operation can be expanded by setting diﬀerent
R. This creates a tradeoﬀ between increasing the depth and

width of CNNs. In [40], Peng proposed dilated residual
networks with symmetric skip connection (DSNet). The
experiments demonstrated that the model was more feasible
for the task of image denoising, especially for Gaussian
noise. Zhang et al. proposed a dual-domain multiscale CNN
(DMCNN) for JPEG artifacts based on dilated convolution.
This also proved that dilated convolution had advantages in
restoring image quality [41].
In this study, we construct the DCR module as one
component of our 3D-Parallel-RicianNet. It exploits dilated
convolutions to extract global features, as shown in Figure 3.
The DCR module consists of dilated convolution, residual
learning, batch normalization (BN), and leaky rectiﬁed
linear unit (LeakReLU). Residual learning fundamentally
breaks the symmetry of the network, thereby improving the
ability of the representation network. By setting the BN
layer, the generalization ability of the network is improved.
Due to the problem of vanishing gradients using the ReLU
activation function, we use LeakReLU as the activation
function of the network. The input and output of a two-level
dilated convolution are brieﬂy connected to construct a DCR
module.
2.3. DSCR Module for Local Feature Representation. It is very
important to recover the local ﬁne details in image
denoising. When some local features are not well extracted,
the local denoising eﬀect will be degraded. Recently,
depthwise separable convolution (DSConv) has been used in
many advanced neural networks, such as Xception [42],
MobileNets [43], and MobileNets2 [44], to replace the
standard convolutional layer, aiming to reduce CNN
computational cost and to extract local features [45].
DSConv consists of two parts: depthwise convolution
and pointwise convolution. As shown in Figure 4, the
depthwise convolution acts on each input channel separately, to exact local features, followed by a pointwise
convolution that uses 1 × 1/1 × 1 × 1 convolution to weight
the features among channels at every point. Hence, this
would eﬃciently extract the local features among diﬀerent
channels. The input feature map is I � I1 , I2 , . . . , In . First,
using
depthwise
convolutions
with
n
ﬁlters
K � K1 , K2 , . . . , Kn , an intermediate result J � J1 , J2 ,
. . . , Jn } is produced, which is then processed into the output
feature map O � O1 , O2 , . . . , Om  by means of the pointwise
convolutions using m ﬁlters k � k1 , k2 , . . . , km .
DSConv can extract local delicate features of the image
by considering the information of the position and channel
separately. Imamura et al. designed a denoising network for
hyperspectral images using DSConv and demonstrated its
ability to realize eﬃcient restoration [46]. The advantage of
DSConv is that it reduces the number of network parameters
and the computational complexity in convolution operations [42–44].
The model designed by using dilated convolution can
restore the image quality globally [40, 41] but can easily
ignore local information. To solve this problem, inspired by
DSConv, we extend the technique to the DSCR module to
extract the local information of the MR images, as shown in
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Figure 1: PDFs in diﬀerent sizes of subwindows. The height of each vertical bar is the proportion of the corresponding pixel value. The lines
represent the ﬁtted pixel distribution. Top row from left to right: a 3D T1-weighted MR image with 7% Rician noise, a 1/2-voxel T1-weighted
MR image, a 1/4-voxel T1-weighted MR image, and a 1/8-voxel T1-weighted MR image. Bottom row PDFs are of intensity in the corresponding voxels. As shown, the PDF (1/2 voxels) within the red region tends to be similar for the whole image. However, the PDFs in the
small local green region (1/4 voxels) and local blue region (1/8 voxels) are diﬀerent from those in the global region.
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image through a convolution operation. (b) The receptive ﬁeld of the convolution kernel with an R of 2. (c) The receptive ﬁeld of the
convolution kernel with an R of 3.

Figure 3: The structure of the DCR module.

Figure 5. We utilize the residual strategic idea and take the
depthwise separable convolutions as the main construction
module. On the one hand, we design two continuous
depthwise separable convolutions with the BN layer after

each convolution layer to improve the generalization ability
of the network. On the other hand, we use another depthwise
separable convolution to shortcut the module to prevent
vanishing gradients.
2.4. The Proposed 3D-Parallel-RicianNet Model. The proposed 3D-Parallel-RicianNet framework consists of a global
feature extraction network DCRNet, a local feature extraction network DSCRNet, and a reconstruction (REC)
module. Under this framework, the pipeline of MR image
denoising is composed of three major steps (see Figure 6).
First, we apply DCRNet and DSCRNet to extract the global
features and local features, respectively. Then, we fuse the
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convolution [47]. To solve these problems, considering the
size of the input in our experiments, we applied DCR
modules with diﬀerent dilation rates. Therefore, the dilated
rate of each layer is set to 1, 1, 1, 1, 1, 1, 2, 3, 1, 2, 3, 1, 2, 3, 1, 2,
3, and 1. The ﬁnal receptive ﬁeld is 61. Multiscale global
features are extracted by using multiple DCR modules with
diﬀerent dilation rates. Each module has 16 ﬁlters. The
implementations can avoid the gridding eﬀects and reduce
the inﬂuence of unrelated information.
BN

DSConv

LeakyReLU

BN

DSConv

DSConv

Figure 4: Depthwise separable convolutions (DSConv).

Depthwise separable convolutions (DSCov)
Kernel (3 × 3) / (3 × 3 × 3)
Depthwise separable convolutions (DSCov)
Kernel (1 × 1)/ (1 × 1 × 1)
Add

Figure 5: The structure of the DSCR module.

global and local features through an additional layer to
obtain real Rician distribution features. Finally, we use the

REC module to obtain a predicted clean MR image X.
DCRNet. The proposed DCRNet framework is a cascade of
18 DCR modules with diﬀerent R. The kernel size is 3 ×
3/3 × 3 × 3 for 2D slices/3D patches. Dilated convolution
with a large R behaves well for low-frequency noise removal.
When R is too large, it is diﬃcult to capture some small
contextual information, which will cause the waste of receptive ﬁelds. If R is 1, it is the same as the traditional
convolution in each channel. In DCRNet, to ensure that all
feature maps have the same size as the input, we symmetrically pad zeros around the boundaries before applying the
convolution operation. As the convolutional layer increases,
the range of the receptive ﬁeld will gradually increase. In
addition, a gridding problem is known to exist in dilated

DSCRNet. DSCRNet is further used to compensate for the
local information ignored by expanding the receptive ﬁeld. It
is a cascade of 18 DSCR modules. The size of the convolution
kernel of each module is 3 × 3/3 × 3 × 3. Each module also
has 16 ﬁlters.
We fused the features extracted from each module of
DCRNet and DSCRNet to gradually realize the complementarity of global and local information. This process particularly
helps to preserve critical image features in global regions and
local regions. Therefore, the proposed 3D-Parallel-RicianNet
model will have better denoising ability than other methods.
REC Module. After a convolution layer, we obtain the
 � Y − f(Y; Θ)
estimated deviation f(Y; Θ) and then use X
to obtain a predicted clean MR image.
2.5. Loss Function. Our loss function uses the mean squared
error (MSE) as follows:
ι(Θ) �

1 N
2
 Y − f Y i ; Θ − X i .
N i�1 i

(3)

where Xi is the ith noise-free image, Yi is the corresponding
noisy image, and Θ denotes the network parameters. We
minimize this loss function to learn the output noise-free
image (Yi − f(Yi ; Θ)).

3. Experiments Results and Analysis
3.1. Dataset Description. To validate the performance of the
proposed 3D-Parallel-RicianNet, extensive experiments
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Figure 6: The proposed network architecture for MR image denoising.

were performed on both public simulated and clinical
datasets.
For simulated experiments, the BrainWeb dataset
[48, 49] was used. In this work, we obtained 18 T1-weighted
(T1w) MR images with diﬀerent noise levels (1%, 3%, 5%,
7%, and 9%). The size of the image is 181 × 217 × 181, and its
resolution is 1 × 1 × 1mm3 . The brain skull is stripped by the
skull mask. To further speed up the training process and
obtain fewer redundant areas, we cropped the edges of the
image, and the image size is 160 × 192 × 160.
One critical problem of the deep learning approach is
weak generalization applicability. Networks trained on one
dataset from a speciﬁc manufacturer or setting may not
perform well for a diﬀerent dataset. The noise in the simulation dataset is assumed to come from single coil acquisition systems. However, clinical MR image noise
distributions come from multiple coils, and these noises
are subject to a noncentral Chi distribution with a sumof-squares (SoS) reconstruction. Actually, the Rician distribution is a special case of the noncentral Chi distribution
[50] and varies spatially in real MR images [37].
To verify the generalization ability of the proposed
model, we carried out experiments on real datasets. For the
ﬁrst clinical experiment, the well-known IXI dataset [51] was
used, which was collected from 3 diﬀerent hospitals. We
randomly selected 100 T1w brain images from the Hammersmith dataset. The image size is 256 × 256 × 150, and the
voxel resolution is 0.9375 × 0.9375 × 1.2mm3 . Sixty images
were randomly selected as the training set, 20 images for
validation, and the other 20 images for testing. In this
dataset, we manually added diﬀerent levels of Rician noise to
simulate the noisy image [26]. The brain skull was stripped
by the VolBrain method [52].
For another experiment, we randomly selected 35 T1w
images in ADNI [53]. Each of these samples contained 192 ×
192 × 160 voxels with 1.2 × 1.25 × 1.25mm3 voxel resolution. For the experiment, the original scan was resized to
dimensions of 256 × 256 × 128. The brain skull was also
stripped by the VolBrain method. Due to the lack of
knowledge about the noise level in real data, we used the
variance-stabilization approach to estimate the Rician noise

level of ADNI data, which was approximately 3% [54].
Hence, we selected IXI models trained with a 3% noise level
to test ADNI data.
The last dataset comes from the Combined Healthy
Abdominal Organ Segmentation (CHAOS) challenge
[55, 56]. The dataset included 40 abdominal T1w MR images.
On average, each volume size is 256 × 256 × 36, and the
noise level is unknown. We adjusted the image to
256 × 256 × 64 through zero-padding operations to be uniform. To substantiate the robustness and generalization
capability of the proposed framework, we employed this
dataset for our experiments, splitting it into subsets of 25, 5,
and 10 subjects that were used for training, validation, and
testing.
3.2. Training Details. We use two strategies for training on
the three datasets of BrainWeb, IXI-Hammersmith, and
CHAOS: 2D slice-based training and 3D patch-based
training. For 2D training, we extracted 2D coronal slices
from 3D data in the BrainWeb dataset. We obtained 2880
slices by rotating 90° and mirroring, with 1920 slices for
training, 384 slices for validation, and 576 slices for testing.
In the IXI-Hammersmith dataset, we cropped the image to
256 × 256 × 128 and tested it in all clinical brain datasets. We
extracted 7680 slices for training, 2560 slices for validation,
and 2560 slices for testing in the sagittal plane. In the
CHAOS dataset, using rotation and mirroring to expand the
data, we obtained 6400 sagittal slices for training, 1280
sagittal slices for validation, and 640 sagittal slices for testing.
For patch-based training, 3D data in the BrainWeb
dataset was also expanded by rotation and mirroring. To
reduce memory burden, we used patches with a size of
64 × 64 × 64 voxels. A sliding window strategy with a stride
of 16 × 32 × 16 was then used to obtain 3675 patches to train
the 3D model. Using the same strategy as the BrainWeb
dataset, 4500 training patches, 1500 validation patches, and
1500 test patches were extracted from IXI-Hammersmith
with a step size of 48 × 48 × 32. We used rotating and
mirroring to expand the CHAOS dataset before extracting
patches and ﬁnally obtained 4900 training patches, 980
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validation patches, and 490 test patches with a stride of
32 × 32 × 64. In the training stage, since the CHAOS dataset
did not have clean images and the noise level was unknown,
we used the 5% noise model trained by IXI-Hammersmith to
estimate clean images as ground truth. In the testing stage,
we applied the trained network to patches of the test set. The
resultant predictions were averaged in the overlapping
regions.
All training was conducted using a deep learning acceleration computing service, which is conﬁgured with a
2.20 GHz Core i7-8750H CPU, an NVIDIA GeForce GTX
1070 (8G) GPU, and 16 GB RAM. All the deep learning
models were implemented with the publicly available TensorFlow framework and Keras artiﬁcial neural network library. In the training process, the learning rate was set to 1e3. We used Adam optimization.
3.3. Evaluation Methods. Six kinds of deep learning models
were trained: CNN-DMRI [28], RicianNet [29], 2DDCRNet, 2D-Parallel-RicianNet, 3D-DCRNet, and 3DParallel-RicianNet. We compared these six deep learning
models with four traditional denoising methods: NLM,
BM3D, ODCT3D [57], and PRI-NLM3D [57]. In the NLM
method, the fastNLMMeansDenoising function is selected,
where the template size is 7 × 7 and the ﬁlter strength is 15.
Three quantitative metrics were employed to evaluate the
denoising performance of these methods. The ﬁrst was the
peak signal-to-noise ratio (PSNR). A high PSNR generally
denotes good denoising performance. The second was the
structural similarity index (SSIM), which measured the
structural similarity between the ground-truth and denoised
images. The last one was entropy, which reﬂected the
amount of image information. We used the natural logarithm in the entropy metric.
3.4. Simulated Results. The quantitative results of NLM,
BM3D, ODCT3D, PRI-NLM3D, CNN-DMRI, 2DDCRNet, 2D-Parallel-RicianNet, 3D-DCRNet, and 3DParallel-RicianNet on T1w images with diﬀerent noise
levels (1%, 3%, 5%, 7%, 9%) are illustrated in Tables 1–3.
Tables 1 and 2 depict the PSNR and SSIM results, respectively. We can observe that the PSNR values of 3DParallel-RicianNet are obviously higher than those of the
other methods at all noise levels. In Table 2, the SSIM values
of 3D-Parallel-RicianNet are closer to 1, which is higher than
those of the other methods under all noise levels except PRINLM3D at the 7% noise level. This indicates that our
proposed model has good denoising performance with good
anatomical structure preservation.
Table 3 shows the entropy results of 10 methods. We ﬁnd
that the proposed 3D-Parallel-RicianNet can obtain the
lowest entropy under all ﬁve noise levels. Hence, considering
the three metrics in 3 tables, we ﬁnd that our method has
better noise reduction performance. In addition to visual
quality, another important aspect of the MR image denoising
method is the time complexity. We give running times for
diﬀerent methods in Table 4. It is clear that 3D-DCRNet and
our proposed 3D-Parallel-RicianNet are much faster than
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other methods. Once the deep learning-based method ﬁnishes training, forward propagation is very fast. In Table 5,
our method has the fewest parameters, which means that our
network does not need too much computational power.
From this, we can see that our model has competitive advantages for small data sets.
Figures 7 and 8 provide a visual comparison for T1w
images from testing data under 3% and 9% noise levels using
10 methods. The zoomed-in regions of the denoised images
are shown to observe noticeable details. In Figure 7, all
methods can achieve good performance under low-level
noise circumstances. However, traditional methods suﬀer
from obvious oversmoothing eﬀects and distort some
important details. Among deep learning methods, the
images processed by CNN-DMRI, 2D-DCRNet, 2DParallel-RicianNet, and 3D-DCRNet have obvious Rician
noise. RicianNet increases the brightness of the brain area
and makes it diﬃcult to clearly observe the anatomical
structure. Figure 7 shows that the 3D-Parallel-RicianNet
denoising method gives better results and preserves the
key information in the image.
While the noise level increases, the traditional methods
suﬀer from obvious oversmoothing eﬀects, as shown in
Figure 8. CNN-MRI and RicianNet models still have some
noise and suﬀer from slight oversmoothing of textured
regions. By using the DCR module, 2D-DCRNet and 3DDCRNet have a strong denoising ability globally for 2D slicebased and 3D patch-based cases. However, without considering local structural features, the DCRNet model loses
some important local details in the denoising process.
Hence, by combining global features of DCRNet and local
features of DSCRNet, the proposed 3D-Parallel-RicianNet
can preserve ﬁner detailed structures in homogeneous areas,
and it obtains the most consistent results with noise-free
images. Hence, our 3D-Parallel-RicianNet method can
better retain the key information in denoised MR images,
which is useful for improving the precision of clinician
diagnosis.

3.5. Clinical Results
3.5.1. Results from the IXI-Hammersmith Dataset. To validate the performance of the proposed 3D-Parallel-RicianNet,
ten denoising methods were compared on diﬀerent clinical
data sets.
Figures 9–11 summarize the three metrics in the IXIHammersmith dataset with 10 methods under diﬀerent
noise levels. At a noise level of 1%, the PRI-NLM algorithm achieves denoising performance comparable to that
of 3D-Parallel-RicianNet in terms of PSNR. At noise levels
above 5%, the proposed model produces higher PSNRs
than the competing methods. In particular, in Figure 10,
we can see that the 3D-Parallel-RicianNet model consistently yields SSIMs higher than the other nine methods
for all noise levels. From the perspective of entropy, our
method had a low entropy value. These results indicated
that the 3D-Parallel-RicianNet model had a strong
denoising ability.
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Table 1: PSNRs on diﬀerent noise levels from BrainWeb dataset
with 10 methods.

Table 4: Execution time on diﬀerent noise levels from BrainWeb
dataset with 10 methods.

Methods
NLM
BM3D
ODCT3D
PRI-NLM3D
CNN-DMRI
RicianNet
2D-DCRNet
2D-ParallelRicianNet
3D-DCRNet
3D-ParallelRicianNet

Methods
NLM
BM3D
ODCT3D
PRI-NLM3D
CNN-DMRI
RicianNet
2D-DCRNet
2D-ParallelRicianNet
3D-DCRNet
3D-ParallelRicianNet

1%
34.1381
35.3151
48.1295
49.8923
47.8125
43.4145
46.8168

3%
32.1259
33.1937
36.2756
36.8192
35.4720
37.0095
38.6786

5%
29.9717
31.0144
31.5857
31.9597
30.8958
27.4807
34.6277

7%
29.4599
30.4890
30.5124
30.9418
29.3533
27.6777
32.4664

9%
27.8319
28.9093
28.2452
28.5961
27.2152
28.8616
30.5232

50.9072 41.8099 38.8218 35.9767 34.5207
48.5120 39.1336 35.1466 32.7280 31.0916
51.7192 43.9950 40.9218 37.6896 37.1069

Table 2: SSIMs on diﬀerent noise levels from BrainWeb dataset
with 10 methods.
Methods
NLM
BM3D
ODCT3D
PRI-NLM3D
CNN-DMRI
RicianNet
2D-DCRNet
2D-Parallel-RicianNet
3D-DCRNet
3D-Parallel-RicianNet

1%
0.9669
0.9768
0.9992
0.9995
0.9987
0.9606
0.9986
0.9992
0.9985
0.9995

3%
0.9605
0.9725
0.9959
0.9967
0.9891
0.8906
0.9900
0.9933
0.9898
0.9982

5%
0.9539
0.9673
0.9903
0.9922
0.9727
0.9221
0.9906
0.9864
0.9587
0.9942

7%
0.9521
0.9649
0.9857
0.9889
0.9533
0.7246
0.9535
0.9685
0.9561
0.9883

9%
0.9454
0.9584
0.9778
0.9823
0.9312
0.6319
0.9346
0.9722
0.9373
0.9859

Table 3: Entropy on diﬀerent noise levels from BrainWeb dataset
with 10 methods.
Methods
Noisy image
NLM
BM3D
ODCT3D
PRI-NLM3D
CNN-DMRI
RicianNet
2D-DCRNet
2D-Parallel-RicianNet
3D-DCRNet
3D-Parallel-RicianNet

1%
2.4787
2.4721
2.4532
2.4516
2.4447
2.4499
2.4629
2.4624
2.4693
2.4556
2.4364

3%
2.5067
2.4581
2.4476
2.4844
2.4415
2.4869
2.4715
2.4701
2.3995
2.4488
2.3469

5%
2.5266
2.4474
2.4849
2.4988
2.4291
2.5086
2.4519
2.4742
2.4073
2.4331
2.3275

7%
2.5482
2.4470
2.4676
2.5102
2.4330
2.5313
2.4511
2.3481
2.4631
2.3340
2.2890

9%
2.5556
2.4324
2.4803
2.5033
2.4201
2.5406
2.4606
2.4142
2.1374
2.1787
2.0642

Figure 12 shows an example of denoising results using 10
methods on the IXI-Hammersmith dataset with 3% noise. It
can be seen in the ﬁgure that the proposed 3D-ParallelRicianNet model gives the best denoising results and the
denoised image is virtually identical to the ground-truth image.
After visual inspection, it can be deduced that the outcome of
our proposed 3D-Parallel-RicianNet is improved compared to
the others in terms of ﬁne-structure retention and edges.
3.5.2. Results from the IXI-Guys Dataset. Figures 13–15
summarize the PSNR, SSIM, and entropy values using 10
methods on the IXI-Guys dataset. We test the trained model

1%
10.55
28.26
23.54
14.07
1.13
1.71
1.27

3%
10.54
28.13
17.56
12.50
1.11
1.65
1.32

5%
10.58
27.29
18.02
12.92
1.13
1.65
1.34

7%
10.54
27.37
14.75
13.59
1.12
1.69
1.33

9% Average
10.55 10.55
28.25 27.86
14.54 17.68
13.28 13.27
1.12
1.12
1.66
1.67
1.29
1.31

1.18

1.14

1.13

1.12

1.12

1.14

0.94

0.92

0.91

0.91

0.92

0.92

0.89

0.89

0.89

0.89

0.89

0.89

Table 5: Number of parameters of diﬀerent networks.
Method
Number of
parameters

CNNDMRI

RicianNet

3D-ParallelRicianNet

1,444,929

5,346,114

395,405

with the IXI-Hammersmith dataset on this IXI-Guys
dataset, which reﬂects network generalization on other
nontrained datasets. The 3D-Parallel-RicianNet shows the
most robust performance among the tested methods in
terms of PSNR, SSIM, and entropy. In particular, our model
still achieves better denoising ability than other methods at
higher noise levels.
Figure 16 shows an example of denoising results obtained with 10 methods on data from the IXI-Guys dataset at
the 3% noise level. Consistent with the denoising performance on the IXI-Hammersmith dataset, the proposed 3DParallel-RicianNet method provided the best denoising result and removed the image noise more robustly than the
other methods on the IXI-Guys dataset. Particularly in the
region indicated by the red line, the 3D-Parallel-RicianNet
model achieved better visual results.
3.5.3. Results from the ADNI Dataset. This subsection is
devoted to verifying the consistency of the proposed approach on the ADNI dataset. Because noise-free images are
unavailable, entropy is measured and used as the quantitative metric. The results are shown in Figures 17 and 18.
As shown in Figure 17, although the RicianNet and 2DDCRNet remove noise, they suﬀer from obvious oversmoothing eﬀects, and it is diﬃcult to identify the key
anatomical structures. In addition, the denoising eﬀect is not
satisfactory when using BM3D, ODCT3D, PRI-NLM3D,
CNN-DMRI, 2D-Parallel-RicianNet, and 3D-DCRNet. The
results of these methods still contain substantial noise and
miss some of the structural details. It can be noted that 3DParallel-RicianNet retains the details better than other
methods.
According to Figure 18, the entropy results of denoised
MR images in the ADNI dataset using diﬀerent processing
methods are compared. We ﬁnd that 3D-Parallel-RicianNet
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Figure 7: Denoising eﬀect of diﬀerent methods with 3% noise level. (a) Noisy image; (b) noise-free image; (c) NLM; (d) BM3D;
(e) ODCT3D; (f ) PRI-NLM3D; (g) CNN-DMRI; (h) RicianNet; (i) 2D-DCRNet; (j) 2D-Parallel-RicianNet; (k) 3D-DCRNet; (l) 3D-ParallelRicianNet.
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Figure 8: Denoising eﬀect of diﬀerent methods with 9% noise level. (a) Noisy image; (b) noise-free image; (c) NLM; (d) BM3D;
(e) ODCT3D; (f ) PRI-NLM3D; (g) CNN-DMRI; (h) RicianNet; (i) 2D-DCRNet; (j) 2D-Parallel-RicianNet; (k) 3D-DCRNet; (l) 3D-ParallelRicianNet.

achieves the lowest entropy value. Combined with Figure 17,
we ﬁnd that our method not only eﬀectively removes noise
but also preserves more useful key information in images.
Hence, our 3D-Parallel-RicianNet method has strong generalization ability and strong robustness. These experimental
results once again demonstrate the advantages of our proposed model.

3.5.4. Denoising of Real Abdominal MR Data. In this subsection, we performed denoising for abdominal MR images
by the proposed network. We compared three denoising
methods, and the experimental results are shown in Table 6.
Table 6 shows that the PSNR of our method can reach
39.7090, which is higher than those of BM3D, CNN-DMRI,
and RicianNet. On SSIM, RicianNet is lower than BM3D and
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Figure 9: PSNRs using 10 methods under diﬀerent noise levels for
the IXI-Hammersmith dataset.
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Figure 10: SSIMs using 10 methods under diﬀerent noise levels for
the IXI-Hammersmith dataset.

CNN-DMRI, indicating that although RicianNet can
remove noise, it cannot retain the structure information of
the image. Our method can still obtain the highest SSIM
value. We show the denoising results of the four methods in
Figure 19. It can be seen from the ﬁgure that our method can
not only remove noise but also preserve the key anatomical
position information in the image completely.

0
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Noisy image

Figure 11: Entropy using 10 methods under diﬀerent noise levels
for the IXI-Hammersmith dataset.

3.6. Comparisons of the Results with Diﬀerent Spatial
Resolutions. The image resolution aﬀects the quality of the
image. Generally, when the image resolution is smaller, the
denoising ability of the model is signiﬁcantly reduced. In this
part, we use the BrainWeb dataset to verify the denoising
eﬀect of images with diﬀerent resolutions at a noise level of
3%. The results are shown in Table 7.
From Table 7, it can be observed that the proposed 3DParallel-RicianNet outperforms other methods tested among
the diﬀerent spatial resolutions. For BM3D and RicianNet, they
are diﬃcult to remove noise at low spatial resolutions. It is
noted that noise cleaning appears to have a consistent eﬀect
when diﬀerent spatial resolutions are relatively close, such as
0.9375 × 0.9375 × 0.9375mm3 and 1 × 1 × 1mm3 . However, it
should be noted that some loss of contrast and spatial resolution is possible. Once the diﬀerence between the resolutions
becomes larger, the denoising eﬀect will also change signiﬁcantly, such as 1 × 1 × 1mm3 and 2 × 2 × 2mm3 . In addition,
the PSNRs of deep learning methods decrease signiﬁcantly with
decreasing spatial resolution, while the SSIM values are relatively close, indicating that deep learning methods recover most
of the complex anatomical structures. Compared to other
methods, our model has a more balanced denoising ability at
diﬀerent spatial resolutions, and the mean value of PSNR can
reach 41.6373. Since the proposed 3D-Parallel-RicianNet can
extract the global and local features in the noisy image and
restore the clean image, it can still maintain denoising ability at
low spatial resolution.
3.7. Comparisons of the Results with Diﬀerent Brain Tissues.
Based on MR imaging technique, key brain tissues like
gray matter (GM), white matter (WM), and cerebrospinal
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Figure 12: The denoising eﬀect for IXI-Hammersmith dataset with diﬀerent methods at 3% noise level. (a) Noisy image; (b) noise-free
image; (c) NLM; (d) BM3D; (e) ODCT3D; (f ) PRI-NLM3D; (g) CNN-DMRI; (h) RicianNet; (i) 2D-DCRNet; (j) 2D-Parallel-RicianNet;
(k) 3D-DCRNet; (l) 3D-Parallel-RicianNet. Each method below shows the corresponding edge detection image of the enlarged area (green),
and the yellow represents the overlapping area with the noise-free image (red).
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Figure 13: PSNRs using 10 methods under diﬀerent noise levels for the IXI-Guys dataset.
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Figure 14: SSIMs using 10 methods under diﬀerent noise levels for the IXI-Guys dataset.
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Figure 15: Entropy using 10 methods under diﬀerent noise levels for the IXI-Guys dataset.

ﬂuid (CSF) become visible. These three tissues help visualize brain structures and guide surgery but noise can
aﬀect the interpretation of brain tissue [58]. To evaluate
the denoising eﬀectiveness of 3D-Parallel-RicianNet on
diﬀerent brain tissues, state-of-the-art methods BM3D,
CNN-DMRI, and RicianNet are compared in Table 8. The
proposed model can achieve better PSNR and SSIM

results than the competing methods in diﬀerent brain
tissues. In particular, in CSF, we can see that the PSNR of
3D-Parallel-RicianNet can reach 51.9105. We also show
the diﬀerent brain tissue denoising results of four
denoising methods in Figure 20. These experimental results once again demonstrate the advantages of the proposed model.
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Figure 16: The denoising eﬀect for IXI-Guys dataset with diﬀerent methods at 3% noise level. (a) Noisy image; (b) noise-free image;
(c) NLM; (d) BM3D; (e) ODCT3D; (f ) PRI-NLM3D; (g) CNN-DMRI; (h) RicianNet; (i) 2D-DCRNet; (j) 2D-Parallel-RicianNet; (k) 3DDCRNet; (l) 3D-Parallel-RicianNet.
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Figure 17: The denoising eﬀect of ADNI set with diﬀerent methods at 3% noise level. (a) Noisy image; (b) NLM; (c) BM3D; (d) ODCT3D;
(e) PRI-NLM3D; (f ) CNN-DMRI; (g) RicianNet; (h) 2D-DCRNet; (i) 2D-Parallel-RicianNet; (j) 3D-DCRNet; (k) 3D-Parallel-RicianNet.

3.8. Variants of the R Setting in the DCR Module. In our
model, the DCR module of diﬀerent R is our key component.
The PSNR and SSIM are recorded in Table 9 by diﬀerent R
settings at the 3% noise level in the BrainWeb dataset. We
conducted three experiments, each using the same dilation rate
for the 18 DCR modules. The ﬁnal receptive ﬁelds are 37, 73,
and 109. Combining Tables 1 and 2 and Table 8, we can ﬁnd

that our hybrid dilation rate can reach the highest PSNR and
SSIM. When R � 2 and 3, the receptive ﬁeld has already caused
waste. In addition, using the same dilation rates can easily cause
gridding eﬀects. There is a lack of correlation between the
feature maps extracted in this way, and an accurately predicted
result cannot be obtained in the end. Therefore, our model can
achieve superior denoising performance.
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Figure 18: The entropy of the denoised images from the ADNI database.
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Figure 19: The denoising eﬀect of CHAOS set with diﬀerent methods at 3% noise level. (a) Noisy image; (b) noise-free image; (c) BM3D;
(d) CNN-DMRI; (e) RicianNet; (f ) 3D-Parallel-RicianNet.

Table 6: The PSNR and SSIM on diﬀerent noise levels from CHAOS dataset with 4 methods.
Method
PSNR
SSIM

BM3D
31.9167
0.9862

CNN-DMRI
32.0655
0.9867

RicianNet
35.2577
0.9258

3D-Parallel-RicianNet
39.7090
0.9941
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Table 7: PSNR (top) and SSIM (bottom) comparisons of diﬀerent algorithms with diﬀerent spatial resolutions.
Spatial resolutions (mm3 )
0.9 × 0.9 × 0.9
0.9375 × 0.9375 × 0.9375
1×1×1
1.1 × 1.1 × 1.1
1.25 × 1.25 × 1.25
1.5 × 1.5 × 1.5
2×2×2

Method
BM3D
31.8908 0.9709
32.1794 0.9718
33.1937 0.9725
31.7986 0.9677
31.3591 0.9633
29.8656 0.9481
28.2362 0.9230

CNN-DMRI
34.7330 0.9890
35.2350 0.9903
35.4720 0.9891
35.6006 0.9917
34.0402 0.9917
35.1568 0.9918
34.5695 0.9900

RicianNet
35.7466 0.9233
36.4030 0.9117
37.0095 0.8906
36.6172 0.9078
36.0542 0.9070
31.4012 0.9180
23.4731 0.9038

3D-Parallel-RicianNet
41.5169 0.9970
41.9756 0.9973
43.9950 0.9982
42.2193 0.9976
41.9259 0.9974
40.3297 0.9961
38.4990 0.9933

Table 8: PSNR and SSIM comparisons of diﬀerent methods in diﬀerent brain tissues.
CSF

Method
BM3D
CNN-DMRI
RicianNet
3D-Parallel-RicianNet

PSNR
27.0765
45.8322
44.8454
51.9105

GM
SSIM
0.9213
0.9981
0.9982
0.9996

PSNR
19.1709
39.1790
41.9853
47.5288

WM
SSIM
0.9114
0.9976
0.9988
0.9996

PSNR
18.2741
38.7420
43.6082
48.6238

SSIM
0.9350
0.9973
0.9986
0.9998

Figure 20: The denoising eﬀect of brain tissues with diﬀerent methods at 3% noise level. Noisy image (1st column); noise-free image (2nd
column); BM3D (3rd column); CNN-DMRI (4th column); RicianNet (5th column); 3D-Parallel-RicianNet (6th column).
Table 9: PSNR and SSIM comparisons in diﬀerent R settings.
PSNR
SSIM

R�1
41.0253
0.9956

R�2
40.4788
0.9661

R�3
39.3627
0.9946

4. Discussion and Conclusions
In this work, we propose a parallel denoising residual
network based on cascaded DCR and DSCR modules to

address the random noise in MR images. The global and
local features are extracted by the designed DCRNet and
DSCRNet, and then these features are fused together. Hence,
global and local information is captured to drive the
denoising progress of brain MR images by supervised
network learning.
The PSNR, SSIM, and entropy are calculated to compare
the proposed method with many existing methods, and the
denoising eﬀect of the proposed method is veriﬁed on the
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BrainWeb simulation data under diﬀerent noise levels. To
test the practicability of the proposed network, experiments
on real clinical MR images show that the proposed method is
superior to other methods for the IXI-Hammersmith, IXIGuys, ADNI, and CHAOS datasets.
In this work, one of our limitations is that although
structural information can be retained at high noise levels,
there is still a small amount of local noise, as shown in
Figure 8. Next, we will continue to study to ﬁnd a balance
between noise removal and structure maintenance at different noise levels. Another critical limitation of our method
is the requirement for high-quality noise-free ground-truth
images, which are diﬃcult to obtain in real applications.
Incorporation of prior knowledge about organ shape and
location is key to improving the performance of image
analysis approaches. However, in most recently developed
medical image analysis techniques, it is not obvious how to
incorporate such prior knowledge [59]. Oktay et al. incorporated anatomical prior knowledge into a deep learning
method through a new regularization model, and this
method showed that the approach can be easily adapted to
diﬀerent medical image analysis tasks (e.g., image enhancement and segmentation) [59]. Furthermore, in [60],
the author used morphological component analysis (MCA)
to decompose noisy images into cartoon, texture, and residual parts that were considered noise components.
Therefore, to circumvent the limitations of our method, we
will verify it using multimodality images and incorporate
other meaningful priors, such as residual parts, organ shape,
and location to mitigate semisupervised denoising tasks in
the future.
In conclusion, the results obtained in this paper are
encouraging and eﬃciently demonstrate the potential of our
3D-Parallel-RicianNet method for MR image denoising.
This method can not only eﬀectively remove noise in MR
images but also preserve enough detailed structural information, which can help to provide high-quality MR images
for clinical diagnosis.

Data Availability
The BrainWeb, IXI, ADNI, and CHAOS datasets are publicly
available (BrainWeb, https://brainweb.bic.mni.mcgill.ca/
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ADNI, http://adni.loni.usc.edu/; and CHAOS, https://chaos.
grand-challenge.org/).
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pp. 111–124, InTech, Zagreb, Croatia, 2018.
[6] K. N. Chaudhury and S. D. Dabhade, “Fast and provably
accurate bilateral ﬁltering,” IEEE Transactions on Image
Processing, vol. 25, no. 6, pp. 2519–2528, 2016.
[7] L. I. Rudin, S. Osher, and E. Fatemi, “Nonlinear total variation
based noise removal algorithms,” Physica D: Nonlinear
Phenomena, vol. 60, no. 1-4, pp. 259–268, 1992.
[8] X. Yang and B. Fei, “A wavelet multi-scale denoising algorithm for magnetic resonance (MR) images,” Measurement
Science and Technology, vol. 22, no. 2, Article ID 025803, 2011.
[9] A. Phophalia, A. Rajwade, and S. K. Mitra, “Rough set based
image denoising for brain MR images,” Signal Processing,
vol. 103, pp. 24–35, 2014.
[10] S. P. Awate and R. T. Whitaker, “Feature-preserving MRI
denoising: a nonparametric empirical Bayes approach,”
IEEE Transactions on Medical Imaging, vol. 26, no. 9,
pp. 1242–1255, 2007.
[11] S. Satheesh and K. V. S. V. R. Prasad, “Medical image
denoising using adaptive threshold based on contourlet
transform,” 2011, https://arxiv.org/abs/1103.4907.
[12] X. Zhang, Z. Xu, N. Jia et al., “Denoising of 3D magnetic
resonance images by using higher-order singular value decomposition,” Medical Image Analysis, vol. 19, no. 1,
pp. 75–86, 2015.
[13] N. Leal, E. Zurek, E. Leal, and Esmeide, “Non-Local SVD
denoising of MRI based on sparse representations,” Sensors,
vol. 20, no. 5, p. 1536, 2020.
[14] H. V. Bhujle and B. H. Vadavadagi, “NLM based magnetic
resonance image denoising - a review,” Biomedical Signal
Processing and Control, vol. 47, pp. 252–261, 2019.
[15] J. Hu, Y. Pu, X. Wu, Y. Zhang, and J. Zhou, “Improved DCTbased nonlocal means ﬁlter for MR images denoising,”
Computational and Mathematical Methods in Medicine,
vol. 2012, Article ID 232685, 14 pages, 2012.

Computational Intelligence and Neuroscience
[16] X. Zhang, G. Hou, J. Ma et al., “Denoising MR images using
non-local means ﬁlter with combined patch and pixel similarity,” PLoS One, vol. 9, no. 6, Article ID e100240, 2014.
[17] A. Gautam and M. M. Mathur, “Implementation of NLM and
PNLM for de-noising of MRI images,” International Journal
of Computer Science and Mobile Computing, vol. 8, no. 11,
pp. 31–37, 2019.
[18] B. Kanoun, M. Ambrosanio, F. Baselice, G. Ferraioli,
V. Pascazio, and L. Gomez, “Anisotropic weighted KS-NLM
ﬁlter for noise reduction in MRI,” IEEE Access, vol. 8,
pp. 184866–184884, 2020.
[19] K. G. Lore, A. Akintayo, and S. Sarkar, “LLNet: a deep
autoencoder approach to natural low-light image enhancement,” Pattern Recognition, vol. 61, pp. 650–662, 2017.
[20] K. Zhang, W. Zuo, Y. Chen, D. Meng, and L. Zhang, “Beyond
a Gaussian denoiser: residual learning of deep CNN for image
denoising,” IEEE Transactions on Image Processing, vol. 26,
no. 7, pp. 3142–3155, 2017.
[21] V. Cherukuri, T. Guo, S. J. Schiﬀ et al., “Deep MR brain image
super-resolution using spatio-structural priors,” IEEE
Transactions on Image Processing, vol. 29, pp. 1368–1383,
2020.
[22] J. V. Manj, n and P. Coupe, o“MRI denoising using deep
learning and nonlocal averaging,” 2019, https://arxiv.org/abs/
1911.04798.
[23] C. Liu, X. Wu, X. Yu et al., “Fusing multiscale information in
convolution network for MR image super-resolution reconstruction,” Biomedical Engineering Online, vol. 17, no. 1,
p. 114, 2018.
[24] C. H. Pham, A. Ducournau, R. Fablet et al., “Brain MRI
super-resolution using deep 3D convolutional networks,”
in Proceedings of the IEEE International Symposium on
Biomedical Imaging IEEE, pp. 197–200, Melbourne, Australia, April 2017.
[25] D. Jiang, W. Dou, L. Vosters, X. Xu, Y. Sun, and T. Tan,
“Denoising of 3D magnetic resonance images with multichannel residual learning of convolutional neural network,”
Japanese Journal of Radiology, vol. 36, no. 9, pp. 566–574,
2018.
[26] M. Ran, J. Hu, Y. Chen et al., “Denoising of 3D magnetic
resonance images using a residual encoder-decoder Wasserstein generative adversarial network,” Medical Image
Analysis, vol. 55, pp. 165–180, 2019.
[27] D. Hong, C. Huang, C. Yang et al., “FFA-DMRI: A network
based on feature fusion and attention mechanism for brain
MRI denoising,” Frontiers in Neuroscience, vol. 14, Article ID
577937, 2020.
[28] P. C. Tripathi and S. Bag, “CNN-DMRI: a convolutional
neural network for denoising of magnetic resonance images,”
Pattern Recognition Letters, vol. 135, pp. 57–63, 2020.
[29] S. Li, J. Zhou, D. Liang, and Q. Liu, “MRI denoising using
progressively distribution-based neural network,” Magnetic
Resonance Imaging, vol. 71, pp. 55–68, 2020.
[30] S. Gregory, Y. Gan, H. Cheng et al., “HydraNet: a multibranch convolutional neural network architecture for MRI
denoising,” Medical Imaging 2021: Image Processing,
vol. 11596, 2021.
[31] H. Aetesam and S. K. Maji, “Noise dependent training for
deep parallel ensemble denoising in magnetic resonance
images,” Biomedical Signal Processing and Control, vol. 66,
Article ID 102405, 2021.
[32] J. Yang, J. Fan, D. Ai, S. Zhou, S. Tang, and Y. Wang, “Brain
MR image denoising for Rician noise using pre-smooth non-

17

[33]

[34]

[35]

[36]

[37]

[38]

[39]
[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

local means ﬁlter,” Biomedical Engineering Online, vol. 14,
no. 1, p. 2, 2015.
L. He and I. R. Greenshields, “A non-local maximum likelihood estimation method for Rician noise reduction in MR
images,” IEEE Transactions on Medical Imaging, vol. 28, no. 2,
pp. 165–172, 2008.
T. Kalaiselvi and N. Kalaichelvi, “Investigation on image
denoising techniques of magnetic resonance images,” International Journal of Computer Sciences and Engineering, vol. 6,
no. 4, pp. 104–111, 2018.
S. Aja-Fernandez, C. Alberola-Lopez, and C.-F. Westin,
“Noise and signal estimation in magnitude MRI and rician
distributed images: a LMMSE approach,” IEEE Transactions
on Image Processing, vol. 17, no. 8, pp. 1383–1398, 2008.
H. Gudbjartsson and S. Patz, “The Rician distribution of noisy
MRI data,” Magnetic Resonance in Medicine, vol. 34, no. 6,
pp. 910–914, 1995.
R. W. Liu, L. Shi, W. Huang et al., “Generalized total variation-based MRI Rician denoising model with spatially
adaptive regularization parameters,” Magnetic Resonance
Imaging, vol. 32, no. 6, pp. 702–720, 2014.
M. Xu, J. Alirezaie, and P. Babyn, “Low-dose CT denoising
with dilated residual network,” in Proceedings of the 2018 40th
Annual International Conference of the IEEE Engineering in
Medicine and Biology Society (EMBC), pp. 5117–5120, Honolulu, HI, USA, July 2018.
F. Yu and V. Koltun, “Multi-scale context aggregation by
dilated convolutions,” 2015, https://arxiv.org/abs/1511.07122.
Y. Peng, L. Zhang, S. Liu, X. Wu, Y. Zhang, and X. Wang,
“Dilated residual networks with symmetric skip connection
for image denoising,” Neurocomputing, vol. 345, pp. 67–76,
2019.
X. Zhang, W. Yang, Y. Hu et al., “DMCNN: Dual-domain
multi-scale convolutional neural network for compression
artifacts removal,” in Proceedings of the 2018 25th IEEE International Conference on Image Processing (ICIP), pp. 390–
394, Athens, Greece, October 2018.
F. Chollet, “Xception: deep learning with depthwise separable
convolutions,” in Proceedings of the 2017 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR),
pp. 1800–1807, Honolulu, HI, USA, July 2017.
A. G. Howard, M. Zhu, B. Chen et al., “Mobilenets: eﬃcient
convolutional neural networks for mobile vision applications,” 2017, https://arxiv.org/abs/1704.04861.
M. Sandler, A. Howard, M. Zhu et al., “Mobilenetv2: inverted
residuals and linear bottlenecks,” in Proceedings of the 2018
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 4510–4520, Salt Lake City, UT, USA, June 2018.
S. Angizi, Z. He, A. S. Rakin et al., “CMP-PIM: an energyeﬃcient comparator-based processing-in-memory neural
network accelerator,” in Proceedings of the 2018 55th ACM/
ESDA/IEEE Design Automation Conference (DAC), pp. 1–6,
San Francisco, CA, USA, June 2018.
R. Imamura, T. Itasaka, and M. Okuda, “Zero-Shot Hyperspectral Image Denoising with Separable Image Prior,” in
Proceedings of the 2019 IEEE/CVF International Conference on
Computer Vision Workshop (ICCVW), pp. 1416–1420, Seoul,
South Korea, October 2019.
L.-C. Chen, G. Papandreou, I. Kokkinos, K. Murphy, and
A. L. Yuille, “DeepLab: semantic image segmentation with
deep convolutional nets, atrous convolution, and fully connected CRFs,” IEEE Transactions on Pattern Analysis and
Machine Intelligence, vol. 40, no. 4, pp. 834–848, 2018.

18
[48] C. A. Cocosco, V. Kollokian, R. K. S. Kwan et al., “Brainweb:
online interface to a 3D MRI simulated brain database,”
NeuroImage, vol. 5, p. 425, 1997.
[49] R. K.-S. Kwan, A. C. Evans, and G. B. Pike, “An extensible
MRI simulator for post-processing evaluation,” in Lecture
Notes in Computer Science, pp. 135–140, Springer, Berlin,
Germany, 1996.
[50] C. D. Constantinides, E. Atalar, and E. R. McVeigh, “Signalto-noise measurements in magnitude images from NMR
phased arrays,” Magnetic Resonance in Medicine, vol. 38,
no. 5, pp. 852–857, 1997.
[51] A. Hammers, C.-H. Chen, L. Lemieux et al., “Statistical
neuroanatomy of the human inferior frontal gyrus and
probabilistic atlas in a standard stereotaxic space,” Human
Brain Mapping, vol. 28, no. 1, pp. 34–48, 2007.
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Glioma is the main type of malignant brain tumor in adults, and the status of isocitrate dehydrogenase (IDH) mutation highly
aﬀects the diagnosis, treatment, and prognosis of gliomas. Radiographic medical imaging provides a noninvasive platform for
sampling both inter and intralesion heterogeneity of gliomas, and previous research has shown that the IDH genotype can be
predicted from the fusion of multimodality radiology images. The features of medical images and IDH genotype are vital for
medical treatment; however, it still lacks a multitask framework for the segmentation of the lesion areas of gliomas and the
prediction of IDH genotype. In this paper, we propose a novel three-dimensional (3D) multitask deep learning model for
segmentation and genotype prediction (SGPNet). The residual units are also introduced into the SGPNet that allows the output
blocks to extract hierarchical features for diﬀerent tasks and facilitate the information propagation. Our model reduces 26.6%
classiﬁcation error rates comparing with previous models on the datasets of Multimodal Brain Tumor Segmentation Challenge
(BRATS) 2020 and The Cancer Genome Atlas (TCGA) gliomas’ databases. Furthermore, we ﬁrst practically investigate the
inﬂuence of lesion areas on the performance of IDH genotype prediction by setting diﬀerent groups of learning targets. The
experimental results indicate that the information of lesion areas is more important for the IDH genotype prediction. Our
framework is eﬀective and generalizable, which can serve as a highly automated tool to be applied in clinical decision making.

1. Introduction
Glioma is the main type of malignant brain tumor in
adults which accounted for approximately 80% of them,
and it can be divided into four grades from I to IV
according to the World Health Organization (WHO) [1].
Despite the frequency of gliomas, the histology and
molecular etiology are variable even in a single pathology
class [2]; hence, recognizing the status is crucial for
precision medicine. Isocitrate dehydrogenase (IDH) is a
general term for IDH1 and IDH2, and previous studies
have proved that the IDH genotype (wild-type or mutation) shows signiﬁcant impacts on the diagnosis,
treatment, and prognosis of glioma patients [3–6].
However, identifying the IDH genotype by a biopsy is an

invasive and costly procedure that needs a sample of cells
from a patient’s lesion, while radiographic medical imaging provides a noninvasive platform for sampling both
inter and intralesion heterogeneity of gliomas. Previous
research has demonstrated the strong correlation between phenotypes (extracted from medical images) and
genotypes (extracted from gene expression ﬁles), and the
prediction of genotypes from phenotypes becomes a fastdeveloping research ﬁeld [7].
At present, there have been constructed high-performance models to predict the genotypes of gliomas
patients across medical images. Regarding this task, an
eﬀective approach is based on radiomics and machine
learning algorithms [8, 9]. Radiomics is a method that
extracted lesion-related features from medical images by
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experienced radiologists using professional software and
data-characterization algorithms [10]. The high-dimensional images’ data are well represented by the low-dimensional radiomics features after the processing of
radiologists, and using these radiomics features allows
researchers to build IDH prediction models more easily.
Although the radiomics feature-based models perform
well on genotype prediction, they still have some limitations. For example, extracting radiomics features depends on radiologists’ judgment is a subjective procedure,
and it is also aﬀected by factors of the environment of
hardware and software. Diﬀerent radiologists using different software and algorithms may result in slightly
diﬀerent descriptions of the details of the lesion. Besides,
all raw images should be processed before the predicting
phase, and the low-dimensional features restrict the
models for further investigations. Overall, the model’s
generalization ability and reproducibility are limited by
the high-dependency on manual intervention.
Based on the above observations, researchers introduced deep learning (DL) algorithms into genotype
prediction tasks. DL, as a subclass of machine learning
(ML), reveals a more powerful learning ability. The annotated data are only required for the training phase, and
the well-trained models could receive raw images as input
for various tasks. The raw images preserve all the information about the lesions and the organism that allow
the models to ﬁnish more complex tasks. Chang et al.
developed a residual convolutional neural network
(CNN) using magnetic resonance (MR) sequence images
[11]. However, in Chang’s work, the MR sequence images
are manually selected from whole 3D brain MR images.
To directly handle the 3D brain MR images, Liang et al.
developed a 3D DenseNet for IDH genotype prediction of
low-grade (grade II and III, known as low-grade gliomas,
LGG) and high-grade (grade IV, known as glioblastoma
multiform, GBM) gliomas’ MR images and achieved an
accuracy of 84.6% on the validation dataset [12]. DL
algorithms also perform well on automatic segmentation
tasks, and previous studies have established many highperformance models to segment lesion areas from
medical images [13, 14]. Soltaninejad et al. combined DL
and ML algorithms to build superpixel-based and
supervoxel-based models for brain tumor segmentation
and detection [15]. However, these models are incompetent to predict gene mutation statuses which are also
important for the treatment of glioma patients. The attention mechanism is also introduced to improve the
performance of segmentation. Although the attention
mechanism shows potential to be applied to medical
image tasks, it signiﬁcantly increases the computational
complexity of models, especially for the 3D MR images. It
means that the attention-based models need more cases,
and they are more diﬃcult to be well-trained. Liu et al.
developed a multitask model including segmentation of
brainstem gliomas and prediction of H3 K27M mutation
[16]. The phenotypes of MR images and IDH genotype are
both important criteria for gliomas’ patients to receive
proper medical treatment; however, it still lacks a
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multitask framework for the segmentation of the lesion
areas of gliomas and the prediction of IDH genotype.
The brain MR images contain the details of normal
tissues and lesion areas. Both normal tissues and lesion areas
may aﬀect the performance of genotype prediction. However, previous research studies only focused on conducting
the black-box models for the genotype prediction due to
constrained by the single-task model structure, which limits
the reliability as a computer-aided tool for diagnosis and
treatment. Due to the multitask architecture in the SGPNet,
we set up controlled experiments to discuss the inﬂuence of
lesion areas for IDH genotype prediction by setting diﬀerent
groups of learning targets.
In this paper, we focus on a multitask CNN model to
address the challenges of the automatic segmentation of lowgrade gliomas (LGG) and glioblastoma multiform (GBM)
tumor volumes and the prediction of IDH mutation from
MR images (SGPNet). Four types of modalities of MR
images including T1, T1Gd, T2, and T2-FLAIR are preprocessed and then fed into the SGPNet, and our model
consists of a single backbone with two output blocks, one
each for segmentation and IDH status. In order to eﬀectively
train such a multitask model, we apply a multiloss function
for our network and diﬀerent learning rates for the diﬀerent
blocks. The experimental results indicate that our model
reduces 26.6% classiﬁcation error rates comparing with
previous models on the datasets of Multimodal Brain Tumor
Segmentation Challenge (BRATS) and The Cancer Genome
Atlas (TCGA) gliomas’ databases. In addition, we further
study the features of lesion areas which inﬂuence the performance of IDH genotype prediction. We believe that these
experiments can prove the information of lesions which is
important for the IDH genotypes prediction and increase the
reliability of the IDH genotypes prediction.

2. Materials and Methods
2.1. Gene Proﬁles and Medical Images Dataset. In this paper,
we used two datasets of The Cancer Genome Atlas (TCGA)
and Brain Tumor Segmentation Challenge (BRATS) 2020
databases to conduct our experiments. The genotype-related
dataset used in this paper is The Cancer Genome Atlas
(TCGA) [17] which provides various gene data types, including gene expression proﬁling, copy number variation
proﬁling, and so on. More speciﬁcally, The TCGA dataset
provides four methods to identify gene mutation status in
parallel, including MuSE [18], MuTect2 [19], SomaticSniper
[20], and VarScan2 [21]. We considered one gene to be in
mutation status when more than one of these methods
indicated this gene is mutated. The BRATS 2020 dataset
[22–24] provides multimodalities brain MR images of LGG
and GBM patients, including T1, T1Gd, T2, and T2-FLAIR
volumes. One of the sources in the BRATS dataset is The
Cancer Imaging Archive (TCIA) dataset [25], which allows
us to build cross-referenced MR images and gene expression
proﬁles data according to the project ID in both datasets. The
subtypes of the segmentation labels include the necrotic and
the nonenhancing (NCR and NET), the peritumoral edema
(ED), the enhancing tumor (ET), and the background. In
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this paper, considering the scale of the datasets and our
research content, we integrate the NCR and NET, ED, and
ET into the lesion label, and it can make the evaluation of our
experimental results more concise. Totally, 121 cross-referenced patients’ data are collected from the above datasets
which include 56 mutant cases and 65 wild-type cases,
respectively.
2.2. Data Processing. The original MR images have been
manually annotated by clinical experts; each entity consists
of four modalities volumes (T1, T1Gd, T2, and T2-FLAIR)
and the ground-truth segmentation labels, and all those
images have the same shape of 155∗ 240∗ 240 pixels. The data
preprocessing procedure has the following steps. (1) Every
image is cropped to remove the black background. (2)
Following the cropped image is reshaped into the uniﬁed
shape of 144∗ 144∗ 144 pixels, and then all images except for
segmentation labels are normalized to zero mean and unit
standard deviation. (3) The four modalities are concatenated
as four input channels. Figure 1 shows the above steps of the
preprocessing procedure. Considering the scale of dataset
size, we also apply the data augmentation technique, and the
operations of shift and ﬂip are randomly chosen with a ﬁfty
percent chance in each training step.
2.3. Model Architecture. In the segmentation task, using
low-level details of the input image is proved to be important
when the size of datasets is limited; as a result, U-Net has
achieved high performance and been widely applied on
medical image segmentation [26–28]. Besides, degradation
is also a common problem when the network architecture is
deep [29]. Inspired by this research, we modify the hyperparameters of 3D U-Net and introduce skip-connection into
our model. The basic shape of our framework is based on the
standard U-Net containing two paths called contracting path
(left side) and expansive path (right side). There are ﬁve pairs
of blocks employed in the two paths, where the output of the
block in the contracting path is concatenated as part of the
input of the block in the corresponding expansive path.
These connections create a quick pathway for information
between high-level and low-level feature maps which is
facilitating the gradient backward propagation and compensating ﬁner details into high-level semantic features [30].
Besides, these connections allow the output blocks to extract
multilevel features for diﬀerent tasks from the backbone of
SGPNet.
Our proposed network is consisting of one backbone and
two output blocks, illustrated in Figure 2. More speciﬁcally,
[Conv (in, out, kernel size, stride)] represents the 3D convolution layer; the items in four-tuple (in, out, kernel size, stride)
represent input channels, output channels, kernel size, and
stride of the convolutional layer, respectively. IN represents the
instance normalization (IN) layer which is designed to remove
the instance-speciﬁc contrast information from the input
image [31], and Up is the up-sampling layer. FC represents the
fully connected layer for the prediction of IDH genotype. LR is
the following leaky rectiﬁed linear unit (LeakyReLU) activation
function:

3

LR : ϕ(x) � 

x,

if x > 0,

0.1x,

otherwise.

(1)

The segmentation task and the IDH genotype prediction
task share most of the weights in the backbone. In general,
our network is an end-to-end model, which receives four
channels of MR images as input and outputs the segmentation labels and predicted IDH mutation status.
In the contracting path, we replace the max-pooling
layer in the standard U-Net, with one 3∗ 3∗ 3 convolution
with a stride of 2 for down-sampling and double the number
of output channels, followed by two repeated 3∗ 3∗ 3 convolutions with a stride of 1. LR and IN are also added after
the convolution layer. The blue dotted line represents the
skip-connection; it adds the output of the ﬁrst convolution
layer with the output of the last convolution layer in each
block. In the expansive path, the input of each block is the
concatenation of the previous block and the corresponding
feature map from the paired contracting path. The ﬁrst
3∗ 3∗ 3 convolution integrates the information of concatenated input, followed by a 1∗ 1∗ 1 convolution that halves the
number of input channels. The upsampling layer follows
these two convolutions and uses the nearest neighbor interpolation algorithm to double the width and height of the
input features, followed by a 3∗ 3∗ 3 convolution to further
half the number of input channels. These two output blocks
have also introduced the idea of skip-connection. For the
segmentation and IDH genotype output blocks, the input of
these blocks is from three diﬀerent levels’ blocks in the
expansive path of the backbone.
2.4. Evaluation Metrics. In this section, we use four metrics
to assess SGPNet including speciﬁcity (SP), sensitivity (SN),
accuracy (ACC), and area under the receiver operating
characteristic curve (AUC) for IDH status prediction task
and dice similarity coeﬃcient (DSC) for segmentation task.
Speciﬁcity (SP) measures the proportion of negatives that are
correctly predicted, as in equation (2), and sensitivity (SN) is
the measurements of true positive rate, as in equation (3).
ACC is the fraction of the total samples that are identiﬁed
correctly, as in equation (4). AUC calculates the probability
that a randomly selected positive example ranked above a
randomly selected negative one. Dice similarity coeﬃcient
(DSC) is designed to score how closely the predicted segmentation labels matched the annotated ground-truth
segmentation labels, as in equation (5).
SP �

TN
,
TN + FP

(2)

SN �

TP
,
TP + FN

(3)

TN + TP
,
TN + TP + FN + FP

(4)

2 ∗ TP
.
(TP + FP) +(TP + FN)

(5)

ACC �
DSC �

4
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T2Flair

T1Gd
Crop

Resize and
normalization

Concatenation

T1

T2

Figure 1: The diagram of our image preprocessing procedure of four modalities volumes (T2-Flair, T1Gd, T1, and T2) which includes
following steps. Crop: remove the black background; Resize and Normalization: each modality volume is resized into a uniﬁed shape and
then normalized to zero mean and unit standard deviation; Concatenation: each modality volume is concatenated into one image.

There are four deﬁnitions introduced to calculate the
above items: true positive (TP) is the quantity of the correctly
predicted positive class, likewise, true negative (TN) is the
number of correctly predicted negative class. False positive
(FP) is the quantity of incorrectly predicted positive class,
and false negative (FN) is the quantity of incorrectly predicted negative class.

2.5. Implementation Details. Considering the evaluation
metrics, cross-entropy and dice loss are the objective
functions of our network. In the task of gene mutation
prediction, the IDH status is encoded into two labels (wildtype and mutation). The binary cross-entropy (BCE) loss
function L1 is used to calculate the similarity between the
predicted labels and ground-truth labels, which is deﬁned as
follows:
) ,
L1 � −  y log
y +(1 − y)log(1 − y

(6)

 represents the model’s prediction of class possiwhere y
bilities and y represents the ground-truth labels.
The dice loss function is aimed to calculate the spatial
overlap accuracy of predicted segmentation labels compared
with manually annotated labels which are deﬁned as follows:
L2 � 1 − DSC � 1 −

2 ∗ TP
.
(TP + FP) +(TP + FN)

(7)

The ground-truth segmentation labels contain more
information than the IDH mutation status, so it may be not
ideal to weigh segmentation error equally with classiﬁcation
error. In order to integrate the above loss functions, we
deﬁne the total loss as follows:
L � L1 + k ∗ L2 ,

(8)

where k is the parameter to balance the segmentation error
and classiﬁcation error. In order to dynamically balance the
dice loss and classiﬁcation loss, the parameter k in the total
loss function is deﬁned as (L2 /L1 + L2 ), so the total loss
function can be given by the following formula:
L � L1 +

L2
∗ L2 .
L1 + L2

(9)

We set diﬀerent learning rates for diﬀerent parts of our
network. In particular, the learning rate is set to 0.0001 for
the backbone and segmentation labels output block, and it is
set to 0.00005 for the IDH status prediction block. Moreover,
we adopt learning rate scheduling with cosine annealing
during the training phase. The weights of our network are
optimized by the Adam [32] method with a minibatch size of
two.

3. Experiments and Results
In this section, we present a series of experiments to
demonstrate the performance of the proposed multitask
model; we test SGPNet on the BRAST and TCGA datasets
and compare SGPNet with three existing models. Furthermore, we discuss the impact of the lesion’s information
for the IDH status prediction task. Overall, 121 gliomas cases
are involved including 56 mutant cases and 65 wild-type
cases. The reproducibility of the results is veriﬁed in ﬁvefold
cross-validations, and the ﬁnal results are the average of the
cross-validations.
3.1. Multitask Model for Segmentation and IDH Genotype
Prediction. In order to evaluate the performance of our
proposed model, we compare SGPNet with three diﬀerent
models. ACC, SE, SP, and AUC metrics are utilized to
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Figure 2: Architecture of the SGPNet and the details of parameters. The SGPNet consists of a single backbone with two output blocks, one
each for segmentation and IDH status. The backbone contains two paths called contracting path (left side) and expansive path (right side).

quantitatively evaluate the performance of the prediction of
IDH genotype, and the DSC metric is used to evaluate the
performance of the segmentation task. Table 1 shows the

ACC, SN, SP, AUC, and DSC of all models on the performance of the IDH genotype prediction task and segmentation task. Figure 3 illustrates the qualitative
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Table 1: Comparisons of the proposed and other deep learning-based models on cross-referenced TCGA and BRATS datasets.

Method
Liang et al. [12]
Chang et al. [11]
3D U-Net [27]
SGPNet (only segment)
SGPNet (multitasks)

ACC
0.846
0.857
—
—
0.895

SN
0.785
—
—
—
0.907

SP
0.880
—
—
—
0.883

(a)

(b)

(c)

(d)

(e)

(f )

AUC
0.857
0.940
—
—
0.949

DSC
—
—
0.920
0.937
0.935

Figure 3: Illustration of the performance of segmentation task of the SGPNet: (a–d) the 3D T2-Flair, T1Gd, T1, and T2 volumes of a glioma
patient in the axial, coronal, and sagittal slices after data preprocessing; (e) the ground-truth segmentation labels of the lesion; (f ) the
segmentation results are predicted by the SGPNet.
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segmentation results of lesion areas with our SGPNet, which
demonstrates that the SGPNet can determine the boundary
of the lesion accurately.
Diﬀerent from single-task segmentation and classiﬁcation models, the SGPNet not only can segment the lesions of
gliomas but also predicts the IDH genotype depending on
the brain MR images. The positive predictive value (PPV)
and negative predictive value (NPV) of the SGPNet achieve
0.894 and 0.908, respectively. Moreover, these experimental
results show that our proposed model reduced 26.6%
classiﬁcation error rates compared with previous models and
performed well on gliomas’ lesions segmentation.
3.2. The Comparisons with Diﬀerent Groups of Learning
Targets. The brain MR images contain the details of normal
tissues and lesion areas. Both normal and lesion areas may
possibly inﬂuence genotype prediction. The multitask model
structure allows us to set diﬀerent groups of learning targets
to investigate if the information of lesion areas or the wholebrain MR images may be more likely to inﬂuence the
genotype prediction, which might increase the reliability as a
computer-aided tool for diagnosis and treatment. In this
section, we carry out three controlled experiments for
analysing the relationship between the genotypes and
phenotypes by training SGPNet with diﬀerent groups of
learning targets: (1) SGPNet is only trained with IDH genotype; (2) SGPNet is trained with ground-truth segmentation labels and IDH genotype; and (3) SGPNet is trained
with randomly generated tensor as segmentation labels and
IDH genotype. Table 2 shows the performance of IDH
genotype prediction across three controlled experiments.
Figure 4 compares the comparative ROC curves of diﬀerent
experiments.
The total loss function is simpliﬁed as a single-task objective function L1 when SGPNet is only trained with IDH
genotype labels. After that, SGPNet is considered as a classiﬁer
of IDH genotype, and the performance of SGPNet is worse
than Liang et al. and Chang et al. [11, 12]. One important
reason is that Liang et al. and Chang et al. crop the lesion areas
as the models’ input, while our model receives whole-brain
MR images as input, which increases the diﬃculty for the
model to extract useful features considering the limited information of IDH genotype labels. When the ground-truth
segmentation labels are added as learning targets, the performance of the model is signiﬁcantly improved. However,
the ﬁrst experiment uses a single-task objective function L1 ,
while the second experiment uses the multitask objective
function L. To further discuss the inﬂuence of the objective
function, we set up the third experiment that regards randomly generated segmentation labels as learning targets. It
means that the segmentation output block learns the wrong
features of lesion areas while the IDH status output block can
still learn the features of the whole MR images; as a result, the
performance of the model is signiﬁcantly cut down. After
comparing these experimental results, we can infer that the
ground-truth segmentation labels promote the performance
of IDH genotype prediction, and the lesions information is
more important to predict the IDH genotype.

7

4. Discussion
Developing an automatic segmentation of 3D gliomas lesion
is a challenging task, considering the wide variability in
tumor size, form, and strength. Furthermore, the mutation
status of IDH can be used as a qualiﬁed biomarker for
selecting diagnostic and therapeutic approaches for gliomas
patients. Previous studies have focused on the prediction of
genotypes from medical images [8, 9, 11, 12]; however, these
single-task models show the limitation of their practicality
and scalability. However, it still lacks a multitask model for
segmentation and IDH genotype prediction of gliomas.
Besides, there is no research to compare the inﬂuence of the
images’ features of whole MR images and lesion areas to the
prediction of IDH genotype.
The SGPNet is an end-to-end framework designed to
address the challenges of segmentation and IDH genotype
prediction of gliomas. In Section 3.1, the experimental results
indicate the signiﬁcant improvement of the performance of
IDH genotype prediction, and the prediction error rates
reduce 26.6%, comparing to the models of Liang et al. and
Chang et al. [11, 12]. Due to the multitask model architecture,
in Section 3.2, we further discuss if the information of
gliomas’ lesions or whole MR images is more likely to aﬀect
the prediction of IDH genotype by setting diﬀerent learning
target groups. The experimental results indicate that providing the ground-truth segmentation labels as learning
targets will promote the performance of IDH genotype
prediction comparing with other experiments. Overall, we
infer that the information of lesion areas is more important
for IDH genotype prediction, which increases the reliability as
a computer-aided tool for diagnosis and treatment.
In clinical practice, the diagnosis of glioma is usually
made by experts based on the various MR images and gene
mutation statuses. The diﬀerent modalities of MR images
can reﬂect diﬀerent characteristics of the lesions. For
example, T1 provides anatomical information, and T2 is
sensitive to the edema area and reﬂects the morphological
information of tumors [33]. The SGPNet can integrate
multimodality MR images to predict the boundary of
lesion areas and the IDH genotype of the patients, and it
can reduce doctors’ workload and help doctors to choose
the proper treatment for the patients. The SGPNet is
feasible for segmentation and genotype prediction because the backbone of our framework is designed to learn
the intrinsic information of patients’ lesions. Meanwhile,
the framework of SGPNet can be used to segment other
tissue lesions or predict other genotypes when it is welltrained on the corresponding dataset. The SGPNet can be
also applied to multicenters and larger-scale multisequence MR image datasets because the backbone in our
models is generic for any MR image collected from different institutions, equipment, and modalities. Moreover,
increasing the scale of training datasets can improve the
generalization ability of the SGPNet. Generating probability density distributions for diﬀerent tissue types is also
an eﬀective approach to reduce noise reduce environmental noise and improve generalization ability [34].
Therefore, the design of an automatic multitask model for
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Table 2: ACC, SN, and SP of SGPNet across diﬀerent groups of learning targets.

Learning targets
Only IDH genotype
IDH genotype + segmentation labels (baseline)
IDH genotype + random generated segmentation labels

ACC
0.803
0.895
0.720

SN
0.799
0.907
0.642

SP
0.807
0.883
0.780

AUC
0.825
0.949
0.727

Data Availability
1.0

The MRI data used to support the ﬁndings of this study have
been deposited in the BRATS repository (http://
braintumorsegmentation.org/), and the gene proﬁles data
used to support the ﬁndings of this study have been deposited in the TCGA-GBM and TCGA-LGG repositories
(https://portal.gdc.cancer.gov/projects/TCGA-GBM
and
https://portal.gdc.cancer.gov/projects/TCGA-LGG).
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Figure 4: The ROC curves of the SGPNet across diﬀerent groups of
learning targets, which indicate that the SGPNet performs best
when the ground-truth segmentation labels are provided as the
learning target.

gliomas has superior clinical value. In the future, we will
further develop our framework and apply the SGPNet to
more types of diseases and genes.

5. Conclusion
In this paper, we present a novel multitask 3D framework
named SGPNet for automatic segmentation of gliomas
lesions and prediction of IDH mutation status from MR
images. Our framework employs a backbone for learning
the intrinsic MR image information, two output blocks for
segmentation and IDH genotype prediction of gliomas.
The experimental results indicate that our architecture
achieves a better IDH genotype prediction performance
on public TCGA and BRATS 2020 datasets comparing
with previous studies and achieves a good result on the
segmentation task. Furthermore, we compare the inﬂuence of the images’ features of whole MR images and
lesion areas to the prediction of genotype and the experimental results, indicating that the information of
patients’ lesions is more signiﬁcant for the prediction of
IDH genotype. In summary, the accurate segmentation of
glioma lesion regions and prediction of IDH mutation
status will improve therapeutic criteria and assist doctors
in diagnosis and treatment.
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Breast cancer is a fatal disease and is a leading cause of death in women worldwide. The process of diagnosis based on biopsy tissue
is nontrivial, time-consuming, and prone to human error, and there may be conﬂict about the ﬁnal diagnosis due to interobserver
variability. Computer-aided diagnosis systems have been designed and implemented to combat these issues. These systems
contribute signiﬁcantly to increasing the eﬃciency and accuracy and reducing the cost of diagnosis. Moreover, these systems must
perform better so that their determined diagnosis can be more reliable. This research investigates the application of the EﬃcientNet architecture for the classiﬁcation of hematoxylin and eosin-stained breast cancer histology images provided by the
ICIAR2018 dataset. Speciﬁcally, seven EﬃcientNets were ﬁne-tuned and evaluated on their ability to classify images into four
classes: normal, benign, in situ carcinoma, and invasive carcinoma. Moreover, two standard stain normalization techniques,
Reinhard and Macenko, were observed to measure the impact of stain normalization on performance. The outcome of this
approach reveals that the EﬃcientNet-B2 model yielded an accuracy and sensitivity of 98.33% using Reinhard stain normalization
method on the training images and an accuracy and sensitivity of 96.67% using the Macenko stain normalization method. These
satisfactory results indicate that transferring generic features from natural images to medical images through ﬁne-tuning on
EﬃcientNets can achieve satisfactory results.

1. Introduction and Background
One of the leading causes of death in women throughout the
world is breast cancer [1]. It is deﬁned as a group of diseases
in which cells within the tissue of the breast alter and divide
in an uncontrolled manner, generally resulting in lumps or
growths. This type of cancer often begins in the milk glands
or ducts connecting these glands to the nipple. In the beginning stages of the illness, the small tumour that appears is
much easier to treat eﬀectively, averting the disease’s progression and decreasing the morbidity rates; this is why
screening is crucial for early detection [2].
The process of breast cancer diagnosis begins with
palpation, periodic mammography, and ultrasonic imaging
inspection. The results of these procedures indicate whether
further testing is required. If cancer is suspected in a patient,

a biopsy is performed and tissue for microscopic analysis is
procured so that a pathologist may conduct a histological
examination of the extracted tissue to conﬁrm the diagnosis
[2, 3]. Once the biopsy is complete, the tissue is analyzed in a
laboratory. The tissue preparation process must begin with
formalin ﬁxation and, after that, embedding in paraﬃn
sections. The paraﬃn blocks are then sliced and ﬁxed on
glass slides. Unfortunately, interesting structures such as the
cytoplasm and nuclei in the tissue are not yet apparent at this
point. The lack of clarity in the tissue necessitates staining of
the tissue so that the structures can become more visible.
Typically, a standard and well-known staining protocol,
using hematoxylin and eosin, is applied. When added to the
tissue, the hematoxylin can bind itself to deoxyribonucleic
acid, which results in the nuclei in the tissue being dyed a
blue/purple color. On the other hand, the eosin can bind
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itself to proteins, and, as a result, other relevant structures
such as the stroma and cytoplasm are dyed a pink color.
Traditionally, after staining, the glass slide is coverslipped
and forwarded to a pathologist for examination [4]. Routinely, the expert gathers information on the texture, size,
shape, organization, interactions, and spatial arrangements
of the nuclei. Additionally, the variability within, density of,
and overall structure of the tissue is analyzed. In particular,
the information concerning the nuclei features is relevant for
distinguishing between noncarcinoma and carcinoma cells.
In contrast, the information concerning the tissue structure
is relevant for distinguishing between in situ and invasive
carcinoma cells [5].
The noncarcinoma class consists of normal tissue and
benign lesions; these tissues are nonmalignant and do not
require immediate medical attention. In situ and invasive
carcinoma, on the other hand, are malignant and become
continuously more lethal without treatment. Speciﬁcally, in
situ carcinoma refers to the presence of atypical cells that are
conﬁned to the layer of tissue in the breast from which it
stemmed. Invasive carcinoma refers to the presence of
atypical cells that invades the surrounding normal tissue,
beyond the glands or ducts from where the cells originated
[2]. Invasive carcinoma is complicated to treat, as it poses a
risk to the entire body [3]. This threat means that the odds of
surviving this level of cancer decreases as the progression
stages increase. Moreover, without proper and adequate
treatment, a patient’s in situ carcinoma tissue can develop
into invasive carcinoma tissue. Therefore, it is of paramount
importance that biopsy tissue is examined correctly and
eﬃciently so that a diagnosis can be conﬁrmed and, subsequently, treatment can begin. Examples of histology images belonging to each of these classes are shown in Figure 1.
The task of performing a practical examination on the
tissue is not simple and straightforward. On the contrary, it
is rather time-consuming and, above all, prone to human
error. The average diagnostic accuracy between professionals
is around 75% [6]. These issues can result in severe and fatal
consequences for patients who are incorrectly diagnosed [7].
The advancement of image acquisition devices that
create whole slide images (WSI) from scanning conventional
glass slides has promoted digital pathology [8]. The ﬁeld of
digital pathology focuses on bringing improvement in accuracy and eﬃciency to the pathology practice [9] by associating histopathological analysis with the study of WSI
[8].
An excellent solution to address the limitations of human diagnosis is computer-aided diagnosis (CAD) systems,
which are developed to automatically analyze the WSI and
provide a potential diagnosis based on the image. These
systems currently contribute to improving eﬃciency and
reducing both the cost of diagnosis and interobserver variability [5, 10]. Even though current CAD systems that
operate at high sensitivity provide relatively good performance, they will remain a second-opinion clinical procedure
until the performance is signiﬁcantly improved [10].
Recently, deep learning approaches to the development
of CAD systems have produced promising results. Previous
attempts to classify breast cancer histology images using a

Computational Intelligence and Neuroscience
combination of handcrafted feature extraction methods and
traditional machine learning algorithms required additional
knowledge and were time-consuming to develop. Conversely, deep learning methods automate this process. These
systems allow pathologists to focus on diﬃcult diagnosis
cases [11].
Hence, to ensure early diagnosis in breast cancer candidates, increase treatment success, and lower mortality
rates, early detection is imperative. Although the advent of
and advancements in computer-aided systems have
beneﬁted the medical ﬁeld, there is plenty of room for
improvement.
1.1. Research Problem. In general, the shortage of available
medical experts [12], the time-consuming quest to reach a
ﬁnal decision on a diagnosis, and the issue of interobserver
variability justify the need for a system that can automatically and accurately classify breast cancer histopathology
images. Previous approaches to this problem have been
relatively successful considering the available data and
return adequate classiﬁcation accuracies but tend to be
computationally expensive. Thus, this work will explore the
use of seven lightweight architectures within the EﬃcientNet
family [13]. Since the EﬃcientNet models were designed to
optimize available resources, while maintaining high accuracies, a CAD system that performs at the level of the current
state-of-the-art deep learning approaches, while consuming
less space and training time, is desirable. Transfer learning
techniques have become a popular addition to deep learning
solutions for classiﬁcation tasks. In particular, many stateof-the-art approaches utilize ﬁne-tuning to enhance performance [14]. Therefore, this research explores the application of seven pretrained EﬃcientNets for the classiﬁcation
of breast cancer histology images. Furthermore, the addition
of stain normalization to the preprocessing step will be
evaluated. Hence, the primary question that this research
will answer is, “Can ﬁne-tuned EﬃcientNets achieve similar
results to current state-of-the-art approaches for the application of classifying breast cancer histology images?”
1.2. Research Contributions. In this research, the application
of seven versions of EﬃcientNets with transfer learning for
breast cancer histology image classiﬁcation is investigated.
The proposed architecture was able to eﬀectively extract and
learn the global features in an image, such as the tissue and
nuclei organization. Of the seven models tested, the EﬃcientNet-B2 architecture produced superior results with an
accuracy of 98.33% and sensitivity of 98.44%.
The key takeaway from this investigation is that the
simple and straightforward approach to using EﬃcientNets
for the classiﬁcation of breast cancer histology images reduces training time while maintaining similar accuracies to
previously proposed computationally expensive approaches.
1.3. Paper Structure. The remainder of the paper is structured as follows: Section 2, the literature review, provides
details on previous successful approaches. Section 3, the
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Figure 1: Diﬀerent classes of histology microscopy images: (a) normal; (b) benign; (c) in situ; (d) invasive.

methods and techniques, provides insight into the framework followed in this study. Section 4, the results, provides
details of the results that were obtained during the research.
Finally, section 5 elaborates on the insights of this work and
concludes the paper.

2. Literature Review
Currently, computer-aided diagnosis (CAD) systems occupy
the position of aiding physicians during the process of diagnosis, by easing their workload and reducing the disagreement that stems from the subjective interpretation of
pathologists. However, the performance of these systems
must be enhanced before they can be considered more
dependable than a second-opinion system [10].
2.1. Traditional Approaches. In the traditional approach,
expert domain knowledge is required so that the correct
features may be handcrafted; this is a time-consuming endeavor. Nevertheless, the approach yields acceptable results
on the datasets used. For instance, Kowal [15] used multiple
clustering algorithms to achieve nuclei segmentation on
microscopic images. Segmentation made it possible to extract microscopic, textural, and topological features so that
classiﬁers could be trained and images could be classiﬁed as
either benign or malignant. The accuracy of patient-wise
classiﬁcation was in the range of 96–100%. It is worth noting
that this method performs poorly when an image contains
overlapping nuclei or a small number of nuclei. In this case,
either the approach fails to identify the nuclei or the clustering algorithms could return unreliable results. Therefore,
in order to attain an acceptable detection accuracy, a large
number of sample images are required. Hence, it is evident
that accurate nuclei segmentation is not a straightforward
task; this can also be attributed to the variability in tissue
appearance or the presence of clustered or tightly clumped
nuclei [5].
An alternative approach is utilizing information on
tissue organization as in the work by Belsare et al. [16], which
presents a framework to classify images into malignant and
nonmalignant. Firstly, segmentation was done using spatiocolor-texture graphs. After that, statistical feature analysis
was employed, and classiﬁcation was achieved with a linear
discriminant classiﬁer. The choice of this classiﬁer considerably impacted the outcome of this approach, as the result
outperformed the use of k-nearest-neighbor and state vector

machine classiﬁers, especially for the detection of nonmalignant tissue. Accuracies of 100% and 80% were achieved
for nonmalignant and malignant images, respectively.
2.2. Deep Learning Approaches. The increase in the availability of computing power has led to the emergence of
advanced architectures called convolutional neural networks
(CNNs). Contrary to the conventional approach, no expert
domain knowledge is required to deﬁne algorithms for
segmentation, feature extraction, and classiﬁcation, but
instead expert knowledge is needed to annotate the dataset
for a CNN to achieve superior results. Instead, these networks can automatically determine and extract discriminative features in an image that contribute to the
classiﬁcation of the image. Generally, a CNN will use a
training set of images to learn features that are unique to
each class so that when a similar feature is detected in an
unseen image, the network will be able to assign the image to
a class with conﬁdence.
2.2.1. Convolutional Neural Network Approaches. The success of convolutional neural networks (CNNs) with general
computer vision tasks motivated researchers to employ these
models for classifying histopathology images. For the classiﬁcation of hematoxylin and eosin-stained breast cancer
histology images, both Araújo et al. [5] and Vo et al. [17]
used the Bioimaging 2015 dataset [18] and classiﬁed the
images into four classes (normal, benign, in situ, and invasive) and two groups (carcinoma and noncarcinoma). The
former work [5] proposes a CNN that can integrate information from multiple histological scales. The process
begins with stain normalization via the method proposed by
Macenko et al. [19] in a bid to correct color discrepancies.
After that, 12 512 × 512 overlapping patches were extracted
from each image. The chosen size of the patches ensures that
no relevant information is lost during extraction and,
therefore, every patch can be appropriately labeled. Then,
data augmentation was used to increase the number of
images in the dataset. Finally, a patch-wise trained CNN and
a fusion of a CNN and support vector machine classiﬁer
(CNN + SVM) were used to determine the patch class
probability. Image-wise classiﬁcation was attained through a
patch probability fusion method. The evaluation showed that
using majority voting strategy as the fusion method produced the best results. Considering all four classes, patchwise classiﬁcation with the CNN achieved an accuracy rate of
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66.7%, while the CNN + SVM achieved an accuracy rate of
65%. The image-wise classiﬁcation achieved higher results at
77.8% accuracy for both classiﬁers. With only two classes,
patch-wise accuracy for the CNN was 77.6%, and for the
CNN + SVM, the approach yielded 76.9% accuracy. The
image-wise classiﬁcation for the 2-class task produced the
best results at 80.6% for the CNN and 83.3% for the
CNN + SVM. The reason for the lower patch-wise classiﬁcation is that images may contain sections of normal-looking
tissue. Since during patch generation the extracted patches
inherit the image’s label, this may confuse the CNN. The
increase in image-wise classiﬁcation accuracy is due to the
fusion method that is applied. The authors also recorded the
sensitivity rates for each of the classes. It is worth noting that
overall, for image-wise classiﬁcation, the approach was more
sensitive to the carcinoma class than the noncarcinoma class.
This outcome, although not ideal, is preferable since the
architecture that was proposed focuses on correctly classifying the carcinoma (malignant) instances [5].
The approach taken by Vo and Nguyen [17] proposed a
combination of an ensemble of deep CNNs and gradient
boosting tree classiﬁers (GBTCs). Stain normalization via
Macenko et al. [19] and data augmentation were the initial steps
of the process. Unlike the standard data augmentation method
of rotating and ﬂipping images, the proposed method [17]
incorporates reﬂection, translation, and random cropping of the
images. The normalized and augmented data was then used to
train the proposed architecture. Speciﬁcally, three deep CNNs
(Inception-ResNet-v2) were trained using three diﬀerent input
sizes: 600 × 600, 450 × 450, and 300 × 300. Then, visual features
were extracted and fed into GBTCs, which increased classiﬁcation performance. The majority voting strategy was used to
merge the outputs of the GBTCs, resulting in a much more
robust solution. Recognition rates of 96.4% for the 4-class
classiﬁcation and 99.5% for the 2-class classiﬁcation were reported. This result surpasses state-of-the-art achievements. An
interesting note is that the authors added global average pooling
layers in place of dense (fully connected) layers, and this did not
negatively impact the accuracy of the ensemble. Similar to
Araújo et al. [5], the authors of this work recorded the sensitivities of their approach. The results indicate that, for the 4-class
task, the proposed method struggles with the classiﬁcation of the
in situ instances, while the other three classes have incredibly
high sensitivities. For the 2-class task, the approach yields a
100% sensitivity on carcinoma instances and 98.9% on noncarcinoma instances. These results indicate that the approach
was able to successfully learn both local and global features for
the multiclass and binary classiﬁcation. However, the downfall
of this approach is the computational expense.
2.2.2. Convolutional Neural Network with Transfer Learning
Approaches. For the TK-AlexNet proposed by Nawaz et al.
[3] to classify breast cancer histology images, the classiﬁcation layers of the AlexNet architecture were replaced with
a single convolutional layer, and a max-pooling layer was
added before the three fully connected layers with 256, 100,
and 4 neurons, respectively. The input size of the proposed
network [3] was increased to 512×512. The transfer learning
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technique used in this application was to ﬁne-tune the last
three layers on the ICIAR2018 dataset after having the entire
network trained on the ImageNet dataset. The images were
stain-normalized with the method proposed in Macenko
et al. [19]. An interesting fact is that the authors compared
the performance of the model with both non-stain-normalized and stain-normalized images and concluded that
using the latter resulted in a gain in performance. After that,
data augmentation techniques such as mirroring and rotation were applied, and overlapping patches of size 512 ×
512 were extracted from each image. Hence, there was a total
of 38400 images generated. Evaluation of the model was
done using a train-test split of 80%–20%.
The image-wise accuracy reported in [3] was 81.25%, and
the patch-wise accuracy was 75.73%. A noteworthy observation is that the normal and benign classes were classiﬁed
with 85% sensitivity; however, the in situ and invasive
carcinoma classes were classiﬁed with 75% sensitivity. For a
model to be practical as a second-opinion system, it should
ideally have a higher sensitivity to the carcinoma class given
the dangers of misdiagnosis.
For this classiﬁcation task, the Inception-ResNet-v2 was
used by Ferreria et al. [20]. The classiﬁcation layers of the
base model were replaced by a global average pooling layer, a
dense (or fully connected) layer with 256 neurons, a dropout
layer with a dropout rate of 0.5, and a ﬁnal dense layer of 4
neurons. Moreover, the input size of the network was
changed to 244 × 244. Reshaping the images does not signiﬁcantly impact the form of the cellular structures; however, it does reduce computational cost [20]. The authors did
not incorporate stain normalization into their experiments.
Data augmentation techniques such as image ﬂips (horizontal and vertical), a 10% zoom range, and shifts (horizontal and vertical) were used to increase the dataset. These
particular techniques were chosen with care because if the
augmentation causes too much distortion, the anatomical
structures in the image could be destroyed [20], and this may
result in the network having diﬃculty extracting discriminative features during training.
Two forms of transfer learning were used in this experiment. At ﬁrst, only the dense (fully connected) layers of
the model were trained. This technique is referred to as
feature extraction since the network is using pretrained
features (from ImageNet) to classify the breast cancer histology images. The result of this step is that only the weights
of the dense layers were adjusted. This aids in overﬁtting
[20]. Afterwards, a certain number of layers were unfrozen
so that the network could be ﬁne-tuned. Early stopping with
a patience of 20 epochs, and a checkpoint callback monitoring minimum validation loss were the additional techniques implemented to avoid overﬁtting. The dataset was
randomly split into 70% training, 20% validation, and 10%
testing. The test set achieved an accuracy of 90%.
In a study by Kassani et al. [21], ﬁve diﬀerent architectures (Inception-v3, Inception-ResNet-v2, Xception,
VGG16, and VGG19) were investigated for the classiﬁcation
of the ICIAR2018 dataset. Two stain normalization methods
were observed in this study: Macenko et al. [19] and
Reinhard et al. [22]. Data augmentation included vertical

Computational Intelligence and Neuroscience
ﬂips, contrast adjustment, rotation, and brightness correction. The data was split into 75% and 25% for training and
testing, respectively. The images were resized to 512 × 512
pixels with the help of bicubic interpolation. For each of the
models, features were extracted from speciﬁc blocks, particularly the layer after a max-pooling layer. The extracted
features were put through a global average pooling layer and
then concatenated to form a feature vector which was fed
into an MLP (multilayer perceptron) set with 256 neurons
for ﬁnal classiﬁcation. Of these models, the modiﬁed
Xception network trained with Reinhard stain-normalized
images performed the best, with a reported accuracy score of
94%. Overall, the Xception architecture performed the best
for both of the stain normalization methods, and the
Reinhard [22] technique produced higher accuracies than
Macenko [19]. The other architectures ranked in the following order: Inception-v3, Inception-ResNet-v2, VGG16,
and VGG19. Interestingly, the approximate parameters for
these architectures are 23 million, 54 million, 138 million,
and 143 million, respectively. One could hypothesize that an
increase in parameter count translates to a decrease in accuracy of this dataset. This indicates that the bigger architectures may have more diﬃculty extracting critical features
from training images, even if measures are taken to enlarge
the dataset being used. The results of this study also emphasize the beneﬁt of incorporating stain normalization into
preprocessing and how choosing the correct method improves accuracy signiﬁcantly. Table 1 shows a comparison
summary of related deep learning techniques in the
literature.

3. Methods and Techniques
The process followed in this research is depicted in Figure 2.
The method consisted of two major phases. In the ﬁrst phase,
all the images in the ICIAR2018 dataset were stain-normalized using two techniques: Reinhard [22] and Macenko
[19]. For a better understanding of the impact of stain
normalization, experiments with nonnormalized images
were also conducted. Then speciﬁc data augmentation
techniques were randomly applied to the images. These
augmentation techniques were chosen so that the images
would not be too distorted, to avoid the risk of losing
distinguishing features. For the second phase, the EﬃcientNet models were extended to perform classiﬁcation.
For this architecture, suﬃcient regularization was necessary
as the dataset used was relatively small compared to what
deep learning models require. This limitation introduces the
possibility of overﬁtting, and employing regularization
techniques counteracts this. Figure 3 depicts the proposed
method.
3.1. Dataset. The dataset used in this research is called the
ICIAR2018 breast cancer histology images dataset [14] and is an
extension of the 2015 Bioimaging breast cancer histology images
dataset [5]. It contains 400 high-resolution microscopy images
and is separated into four classes: normal, benign, in situ
carcinoma, and invasive carcinoma. All four classes are equally
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represented. Two medical professionals annotated each image,
and if the professionals disagreed on a particular image’s annotation, the image was either discarded or conﬁrmed through
immunohistochemical analysis. The dataset is available in
RGB.tiﬀ format, and each image is 2048 × 1536 pixels in size,
with a pixel scale of 0.42μm × 0.42μm (which refers to the area
of tissue covered by a pixel) with a magniﬁcation of 200×.
3.2. Preprocessing. Preprocessing is crucial for the classiﬁcation of histology images. The images in the dataset [14] are
rather large while convolutional neural networks are typically designed to take in much smaller inputs. Therefore, the
resolution of the images must be decreased so that the
network is able to receive the input while maintaining the
important features. The size of the dataset is much smaller
than what is generally required to train a deep learning
model properly; data augmentation is utilized to increase the
amount of unique data in the set. This technique contributes
toward avoiding overﬁtting, a phenomenon whereby the
model learns the training data well but is entirely unable to
generalize and classify unseen images.
3.2.1. Stain Normalization. Many factors contribute to color
inconsistencies in histology images, but they are primarily
due to the tissue preparation and histology staining process.
Other factors may include the conditions and small differences in the labs where the slides are prepared. The
techniques used in the process and ﬁxation delays as well as
the conditions during slide digitization using a scanner, such
as changes in light sources, detectors, or optics, contribute to
the discrepancies [4]. These discrepancies in colors in the
images could negatively impact the training process in
CNNS. [23]. There have been many stain normalization
techniques proposed. In this research, two techniques were
applied, proposed by Reinhard et al. [22] and Macenko et al.
[19].
These techniques aid in improving the eﬃciency and
accuracy of a network by reducing the color inconsistencies
in the images. Moreover, without stain normalization, the
network may learn staining patterns instead of extracting the
relevant features [14].
However, the majority of the top performing methods
reported in the “ICIAR2018 Grand Challenge” paper [14]
did not use any form of stain normalization, so we also
conducted experiments with images that were not
normalized.
Images must be converted from the BGR color space to
the RGB color space in order for the stain normalization
techniques to function as expected.
(1) Macenko Stain Normalization. This technique [19]
accounts for the staining protocol used during the preparation of the tissue slide. Firstly, the colors are converted to
optical density (OD) via the simple logarithmic
transformation.
A value, β, is speciﬁed and used as a threshold to remove
data with higher OD intensity. Singular value decomposition
(SVD) is applied to the optical density tuples from the ﬁrst
step in order to determine a plane. This plane corresponds to
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Table 1: Summary of related techniques in the literature.

Reference

Dataset

Pretrained

Architecture

Input size Stain normalization Image-wise accuracy
4-class: 77.8%
512 × 512
Macenko
2-class: 80.6%

Araújo et al. [5]

Bioimaging 2015

No

Custom CNN

Vo et al. [17]

Bioimaging 2015

No

3 × Inception-ResNet-v2

Nawaz et al. [3]
Ferreria et al. [20]

ICIAR2018
ICIAR2018

Yes
Yes

AlexNet
Inception-ResNet-v2

600 × 600
450 × 450
300 × 300
512 × 512
244 × 244

Kassani et al. [21]

ICIAR2018

Yes

VGG16

512 × 512

Kassani et al. [21]

ICIAR2018

Yes

VGG19

512 × 512

Kassani et al. [21]

ICIAR2018

Yes

Inception-ResNet-v2

512 × 512

Kassani et al. [21]

ICIAR2018

Yes

Xception

512 × 512

Kassani et al. [21]

ICIAR2018

Yes

Inception-v3

512 × 512

4-class: 96.4%
Macenko
Macenko
Nonnormalized
Macenko
Reinhard
Macenko
Reinhard
Macenko
Reinhard
Macenko
Reinhard
Macenko
Reinhard

2-class: 99.5%
81.25%
90%
83%
87%
80%
84%
90%
88%
91%
94%
90%
90%

Figure 2: Training process of the experiments.

(2) Reinhard Stain Normalization. This technique [22]
focuses on mapping the color distribution of an over- or
under-stained image to a well-stained image. The use of
linear transformation from RGB to lαβ color space by
matching mean and standard deviation values of the color
channels achieves this. Essentially, the mean color within the
selected target image is transferred onto the source image.
This method preserves the intensity variation of the original
image. This, in turn, preserves its structure, while its contrast
is adjusted to that of the target. In the lαβ color space, the
stains are not precisely separated. The lαβ color space must
be converted back into RGB to attain the normalized image.
Figure 4 shows examples of the stain normalization
techniques applied in this study. In this ﬁgure, (a) represents
the target image that was used for both techniques. Essentially, the techniques aim to normalize the colors in the
original images to those of the target. An example of the
original image is shown in (b). The subﬁgures (c) and (d)
show the result of using (a) on (b) with the Macenko and
Reinhard techniques, respectively.

the two largest singular values found. The optical densitytransformed pixels are then projected onto this plane so that
the angle at every point concerning the ﬁrst SVD direction
can be determined. Then, the color space transform resulting
from the previous steps is applied to the original breast
cancer histology image, and the histogram of the image is
stretched such that the range covers the lower (100–α)% of
the data. Minimum and maximum vectors are calculated
and projected back into the optical density space. The hematoxylin stain corresponds to the former vector, and the
eosin stain corresponds to the latter vector. The concentrations of the stains are appropriately determined, and the
resulting matrix represents the RGB channels and OD intensity. The values α and β are recommended to be set to 1
and 0.15, respectively, and are kept the same for these
experiments.

3.2.2. Data Augmentation. For this step, combinations of
methods that are provided by the Keras library were
tested to observe the impact on overﬁtting and contribution to improving classiﬁcation accuracy. The process
of analyzing histology images is rotationally invariant,
which means that, irrespective of the angle at which a
pathologist views a microscopy image, he/she is still able
to examine the image. Therefore, applying a rotation
augmentation to the image should not negatively impact
the training of the architecture. The rotation augmentation is customized (as in the approach in [5]) such that
an image is rotated (90k)° in a clockwise direction where
k � {0, 1, 2, 3}. Additionally, a width and height shift,
zoom range, and horizontal and vertical ﬂips were randomly applied to rescaled images. This step is implemented in a way that allows the augmentation to be done

Hematoxylin and Eosin-stained
histology images

Stain-normalize and augment data

Train efficientNet models with new
classification layers

Convert probabilities into
predictions

Evaluate the model
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7

Original dataset

Stain-normalized,
resized, and
augmented
dataset

Benign
In situ
Invasive
Normal
EfficientNet architecture
Global average pooling
Dropout layer
Fully connected layer

Figure 3: Proposed model for classiﬁcation of histology microscopy images using deep learning.

dynamically; therefore, no extra storage is required. The
normalized images are randomly augmented as they are
fed into the model for training. Figure 5 shows an image
normalized with Reinhard [22], resized, and randomly
augmented with the methods mentioned in Table 2. The
images were resized according to the recommended input
size of each EﬃcientNet architecture as shown in Table 3.
Table 3 contains the relevant information for each EﬃcientNet resolution. Resizing the images directly causes a
loss of local features but preserves global features in the
image. Therefore, the success of the experiments depend
on the architecture’s ability to recognize and learn these
global features [23].

3.3. Transfer Learning. Transfer learning (TL) can be described as follows: “given a source domain DS and learning
task TS , a target domain DT and learning task TT , transfer
learning aims to help improve the learning of the target
predictive function fT (·) in DT using the knowledge in DS
and TS , where DS ≠ DT , or TS ≠ TT ” [24].
The earlier and middle layers of a CNN detect edges and
generic shapes, while the layers toward the end of a CNN
detect problem-speciﬁc features. The concept of transfer
learning is based on utilizing the general features learned in
the earlier layers from the source dataset, and a speciﬁed
number of layers at the end of the model are retrained on the
target dataset. The main beneﬁts of TL are saving training
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(a)

(b)

(c)

(d)

Figure 4: Examples of original and normalized images: (a) target image; (b) original image; (c) Macenko-normalized; (d) Reinhardnormalized.
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Figure 5: Random data augmentation applied to a normalized image.
Table 2: Values for data augmentation applied to the stain-normalized images.
Augmentation type
Rescaling
Rotation range
Width shift range
Height shift range
Zoom range
Horizontal ﬂip
Vertical ﬂip
Additional rotation

Value
1./255
5°
0.1
0.1
0.3
True
True
0° , 90° , 180° , 270°

Table 3: The number of parameters in each EﬃcientNet and the
recommended input size.
Models
B0
B1
B2
B3
B4
B5
B6

Trainable parameters (million)
∼4.3
∼6.8
∼8.0
∼11.0
∼17.9
∼28.7
∼41.1

Input size
224 × 224
240 × 240
260 × 260
300 × 300
380 × 380
456 × 456
528 × 528

time, improving performance of the neural network, and
circumventing the limitations caused by lack of data [25].
This technique has been eﬀective in overcoming the issue of
small datasets [26].
In the work of Shallu et al. [27], the application of
transfer learning for breast cancer histology image classiﬁcation was investigated. The pretrained networks used in this
study were VGG16, VGG19, and ResNet-50. In order to
evaluate the eﬀect of using pretrained weights with these
models, the authors used the networks as feature generators,
extracted features from the images, and used these features
to train a logistic regression classiﬁer. The results of these

tests were then compared to the results of a full-trained
network (trained from scratch with randomly initialized
weights). It was proven that ﬁne-tuning signiﬁcantly impacted the reported precision, recall, F1, accuracy, AUC, and
APS scores. The VGG16 model, which is the smallest model
investigated (depth-wise, having only 16 convolutional
layers) in the experiment, performed the best on the ﬁnetuning tests, reaching an accuracy of 92.6%. A supposition
one can make from the reported ﬁne-tuning results of this
study is that the CNN architectures that were larger (depthwise) had lower accuracy scores: VGG16 obtained 92.6%
accuracy, VGG19 obtained 90% accuracy, and ResNet-50
obtained 79.4% accuracy with a train-test split of 90%–10%.
This indicates that network capacity is an important factor to
consider when choosing a network to ﬁne-tune. A conclusion made in this study was that the ﬁne-tuned networks
were more robust to the diﬀerent sizes of train-test splits
than the fully trained networks were.
There are, of course, various challenges with the application of transfer learning to medical image classiﬁcation, as
reported in [28]. One challenge is that medical image
classiﬁcation tasks do not have a suﬃcient amount of annotated data that is available for training CNNs [29]. This
can be attributed to the expense and complexity of the
process of annotating images [14]. This lack of data means
that large CNNs that generally perform well in applications
such as ImageNet would have diﬃculty avoiding overﬁtting
on these datasets. Therefore, an ample amount of regularization in diﬀerent forms is needed. Overparameterization
is another one of these challenges, and it refers to the great
number of parameters in a network. The more trainable
parameters a network has, the longer the network will require training, the larger the number of required epochs will
be, and the more computation it will require. This is not ideal
in the real-world application of these models. A possible way
to circumvent these challenges is to use lightweight
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architectures that are smaller in size and have fewer parameters, which results in more eﬃcient use of computational power [28]. EﬃcientNet [13], SqueezeNet [30], and
MobileNet-v2 [31] are a few of the recently proposed
lightweight architectures.
Multiple forms of transfer learning have been proposed. This includes weight initialization, feature extraction, and ﬁne-tuning. For this application, empirical
observations revealed that the combination of feature
extraction and ﬁne-tuning did not enhance accuracy. On
the contrary, the feature extraction phase could not effectively transfer features from the source dataset to
classify the breast cancer histology images. This outcome
can be attributed to the fact that the source dataset
consists of natural images which bear no resemblance to
the histology images. Therefore, high-level features found
in the pretrained model’s upper layers do not contribute
to this speciﬁc classiﬁcation task. These experiments
resulted in extreme overﬁtting even though the various
preventative measures were taken. Hence, we can conclude that ﬁne-tuning the architecture with the dataset
and utilizing the source dataset’s low-level features yield
far more acceptable results in this study.
Fine-tuning is described as freezing a certain number of
layers in the model such that the generic features extracted at
the beginning layers are well utilized. For this study, these
generic features come from training on the ImageNet dataset
[3, 20]. This dataset contains approximately 14 million
natural images with 22 thousand visual categories. Figure 6
depicts the process of ﬁne-tuning.
Choosing the most suitable layer to begin ﬁne-tuning
from requires extensive testing. Studies such as [12] have
investigated which block to tune from such that results are
optimal. The authors [12] concluded that ﬁne-tuning the top
layers of a network is much more beneﬁcial than the entire
network. However, for this study, ﬁne-tuning began at the
third block. We note that beginning ﬁne-tuning from higher
blocks results in slight overﬁtting.
In addition to ImageNet weights, noisy-student weights
[32] were also employed to train the models. Empirical
observations showed that ImageNet weights were more
appropriate for this application.
3.4. EﬃcientNet. The process of scaling convolutional neural
networks is not well understood and is sometimes done
arbitrarily until a satisfactory result is found. This process
can be tedious because manual tweaking of the relevant
parameters is required [13]. The earlier proposed methods of
scaling a network include scaling a model by depth [33], by
width [34], and by image resolution [35]. Tan and Quoc [13]
studied the inﬂuence of these scaling methods in a bid to
develop a more systematic way of scaling network architecture. The key ﬁndings of their research can be summarized into two speciﬁc notes: Firstly, scaling up any single
dimension of network resolution, depth, or width will improve accuracy; however, this accuracy gain will diminish for
larger models. Secondly, to achieve improved accuracy and
eﬃciency, it is essential to balance the dimensions of a
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network’s depth, width, and resolution, instead of focusing
on just one of these. Considering these ﬁndings, the authors
presented a novel scaling method that uses a robust compound coeﬃcient, ϕ, to scale up the networks in a much
more structured manner. Equation (1) represents how the
authors [13] suggest scaling the depth, width, and resolution
with respect to ϕ.
d � αϕ ,
w � βϕ ,
r � cϕ ,
s.t.

(1)

α · β2 · c2 ≈ 2,

α ≥ 1, β ≥ 1, c ≥ 1,
where d, w, and r represent the depth, width, and resolution
of the network, respectively, while the constant terms α, β,
and c are determined by a hyperparameter tuning technique
called grid search. The coeﬃcient ϕ is user-speciﬁed and
manages the resources that are available for model scaling.
The constants deﬁne how the additional resources are
assigned to the dimensions in the network. The “ﬂoating
point operations per second” (FLOPS) is a measure of
computer performance [36] and essentially measures how
many operations are required to execute the network. If the
network’s depth is doubled, the number of FLOPS required
is doubled too. If the network’s width or resolution is
doubled, the number of FLOPS required is quadrupled.
Therefore, the constraint in (1) indicates that, for any increase in the ϕ value, the new number of FLOPS will increase
by 2ϕ . Furthermore, the constant terms must be greater than
or equal to one because none of the dimensions should be
allowed to be scaled down. The aim of this method [13] is to
scale network depth, resolution, and width, such that the
accuracy of the network, and the consumption of memory
and FLOPS are optimized according to the available
resources.
To solidify the concept and prove the eﬀectiveness of the
compound scaling method, the authors [13] then developed
a mobile-sized baseline network by applying the neural
architecture search (a technique used to optimize eﬃciency
and accuracy with respect to FLOPS), which was called the
EﬃcientNet-B0. The model uses inverted residual blocks,
consisting of squeeze-and-excitation optimization [37] and
swish activation [38]. Swish is deﬁned as
Swish(x) � x ∗ sigmoid(x).

(2)

The inverted residual block was introduced in the
MobileNet-v2 architecture [31] and makes use of depth-wise
separable convolution to decrease the number of parameters
and multiplications needed to execute the network. This
modiﬁcation results in faster computation without adversely
aﬀecting performance. The inverted block consists of three
major components: a convolutional layer (called the expansion layer) which expands the number of channels to
prepare the data for the next layer, a depth-wise convolutional layer, and another convolutional layer (the projection
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Figure 6: Visualization of ﬁne-tuning.

layer) which is meant to project the data from a large
number of channels to a small number of channels. The ﬁrst
and last layers of a residual block are connected via a skip
connection. Therefore, during ﬁne-tuning, it is imperative to
train entire blocks. Disobeying this restriction can damage
the way the network learns [39]. The squeeze-and-excition
block consists of a global average pooling (GAP), a
reshaping, and two convolutional layers. The GAP layer
extracts global features, and then the number of channels is
squeezed according to a predeﬁned squeeze ratio.
The compound scaling method was then used to create
the EﬃcientNet family which included the versions B1 to B7;
the constants α, β , and c were ﬁxed; and ϕ was scaled.
The eﬃcacies of the models were tested on the
ImageNet dataset and surpassed state-of-the-art convolutional neural networks, with magnitudes being
smaller and faster on CPU inference. The outcome
(shown in Figure 7) revealed that even though the models
have smaller magnitudes than established models in both
number of parameters and number of FLOPS, they
performed phenomenally.
These models have been successfully used for other
histopathology image classiﬁcation [40–45]. However, at the
time of this research, the EﬃcientNet architecture had not
yet been investigated for classiﬁcation of the ICIAR2018
dataset. We limit our experimentation to the ﬁrst six EﬃcientNets due to computational resource restrictions.
3.5. Experimental Settings. In order to ensure that results
were reproducible, seeds were set for all packages and
methods that allowed this. Speciﬁcally, a function was used
to split the dataset into the training and validation subsets
and was seeded; this value was kept constant throughout all
experiments. Therefore, all training and validation images
across all experiments are the same.
The dataset was divided into train-test sets with split of
85%–15%, as this split produced the highest results and had
less diﬃculty with overﬁtting. The images in both subsets
were stratiﬁed, meaning that the classes were equally

represented. Stain normalization of the images was accomplished using a package provided by [46].
The implementation of this approach was dependent on
the Keras package within the TensorFlow Python library.
Speciﬁcally, the Keras ImageDataGenerator [47] was used to
create augmentation generators for the training and validation data. Publicly available pretrained EﬃcientNet
models were utilized [48].
Each EﬃcientNet was extended with a global average
pooling layer, a dropout layer with a rate of 0.5, followed by a
dense layer of 256 neurons with the ReLU activation
function, then another dropout layer with a rate of 0.4, and
ﬁnally a dense layer of 4 neurons with the softmax activation
function. The pooling layer performs subsampling. Essentially, the layer reduces the dimensions of the previous layer
by combining the neuron clusters into a single neuron [49].
A dropout rate represents the rate at which input units are
set to 0 in a dropout layer. If the units are not set to 0, they
are updated and scaled up by a value of 1 − 1/dropoutrate to
ensure that the sum over all the inputs does not change. Each
neuron in a dense layer is connected to every neuron in the
previous layer. Therefore, these layers increase the parameter
count in a network substantially. The softmax function
enables the output of the network to be a vector of probabilities of the input image belonging to each of the four
classes. The Adam optimizer was used with a learning rate of
0.0001; this value was empirically tested and found to
produce the best results. When the learning rate is too high,
the network learns recklessly and is not able to retain information. When the learning rate is too low, the model
training progresses very slowly, which means that more
epochs, computational resources, and training time are
required. Moreover, early stopping with a patience of 10
epochs, reducing learning rate on plateau with a patience of
8 epochs and minimum learning rate set of 0.000001, and
model checkpoints were used during each experiment.
Therefore, models with the lowest validation losses were
saved while training continued until early stopping ended
the execution. The batch size was ﬁxed to 16 for the EﬃcientNets-B0–B4, the size was set to 5 for the B5 and B6 (due
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Figure 7: A comparison of EﬃcientNets with established architectures on the classiﬁcation of the ImageNet dataset (source: [13]).

to memory constraints), and all models were set to train for
50 epochs. Categorical cross-entropy was employed as the
loss function, as it is best suited for multiclass classiﬁcation.
This function is deﬁned as
1 ⎛N
⎞,
CCE � − ⎝
 log Pmodel yi ∈ Cyi ⎠
N i�1

(3)

where N represents the number of instances and
log Pmo de l [yi ∈ Cyi ] represents the probability predicted by
the model for the ith instance.
All tests were run on the Google Colaboratory platform
which provides 25 GB RAM and a 12 GB NVIDIA Tesla K80
graphics processing unit.

4. Results and Discussion
4.1. Evaluation Criteria. The performance of each model was
evaluated by calculating the precision, recall, F1-score, and
accuracy. The equations below represent the manner in
which these metrics are determined.
Accuracy �

TP + TN
× 100,
TP + TN + FP + FN

(4)

Precision �

TP
× 100,
TP + FP

(5)

Recall �

TP
× 100,
TP + FN

(6)

F1 − score � 2 ×

Precision × Recall
,
Precision + Recall

(7)

where TP, TN, FP, and FN represent true positives, true
negatives, false positives, and false negatives, respectively.
The precision and recall scores recorded are averaged over all
four classes.
4.2. Experimental Results. Table 4 provides the average
precision and recall (across the four classes) and the accuracy
of each model with the stain normalization methods.
Moreover, the average accuracy obtained by the EﬃcientNet
model is calculated.
Accuracy and sensitivity (precision) are of paramount
importance in this task. Hence, these metrics will be further
analyzed and discussed.
4.3. Discussion
4.3.1. Analysis of Results. The Grand Challenge [14] outcomes revealed that the best performing models were pretrained on ImageNet and ﬁne-tuned. Even though many
approaches incorporate patch-wise classiﬁcation to utilize
local features, [3, 5, 14] state that using the entire image for
classiﬁcation was found to produce better results. This insight implies that extracting nuclei and tissue organization
features is more valuable for deciphering the image classes
than nuclei-scale features [14]. The image-level classiﬁcation
in this research observes the ability of the architecture to
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Table 4: Results for the EﬃcientNet architectures with each stain normalization method.

EﬃcientNet
B0

B1

B2

B3

B4

B5

B6

Stain normalization technique
Reinhard
Macenko

Precision
93.65
91.67

Recall
93.33
91.67

F1-score
93.32%
91.67%

Nonnormalized

92.37

91.67

91.37%

Reinhard
Macenko

94.99
94.99

95.00
95.00

94.94%
94.94%

Nonnormalized

93.32

93.33

93.27%

Reinhard
Macenko

98.44
96.88

98.33
96.67

98.33%
96.66%

Nonnormalized

94.03

93.33

93.29%

Reinhard
Macenko

92.50
93.54

91.67%
93.33

91.62%
93.27%

Nonnormalized

91.94

91.67

91.66%

Reinhard
Macenko

92.38
91.94

91.67
91.67

91.69%
91.66%

Nonnormalized

88.56

88.33

88.31%

Reinhard
Macenko

88.44
91.80

88.33
91.67

88.14%
91.53%

Nonnormalized

92.49

91.67

91.56%

Reinhard
Macenko

92.65
92.46

91.67
91.67

91.67%
91.68%

Nonnormalized

93.54

93.33

93.39%

extract global features in the breast cancer histology images
and use it to classify unseen images.
The results of the experiments show that the EﬃcientNet
models perform well on the ICIAR2018 dataset. The Reinhard technique [22] outperforms Macenko in the EﬃcientNet-B0, -B2, and -B4. The Macenko technique [19]
returned the highest accuracy for the EﬃcientNet-B3, and
nonnormalized images performed the best for the EﬃcientNet-B5 and -B6. For the EﬃcientNet-B1, both Macenko
and Reinhard produced the same results. Table 5 shows the
average accuracy results obtained by each stain normalization method. In this table, the average results of the
nonnormalized method are inferior to that of those Reinhard and Macenko techniques. Therefore, it can be concluded that, on average, applying stain normalization to
images as part of the preprocessing step is beneﬁcial.
Notably, the EﬃcientNet-B2 model produced superior
results compared to the other six, which indicates that this
architecture was the most successful at extracting and
learning the global features in the training set. The average
accuracy achieved by this model (95.83%) is higher than
those reported in the literature. The additional beneﬁt of this
approach is that it is simple, requiring fewer parameters,
which implies less training time compared to the previous
approaches. The use of images normalized with the Reinhard
technique returned the highest sensitivity and accuracy for
this model, at 98.33%. Following closely is the result from the

Accuracy
93.33%
91.67%
91.67%
92.9%
95.00%
95.00%
93.33%
94.7%
98.33%
96.67%
93.33%
95.3%
91.67%
93.33%
91.67%
92.2%
91.67%
91.67%
88.33%
90.6%
88.33%
91.67%
91.67%
90.6%
91.67%
91.67%
93.33%
92.2%

use of images stained with the Macenko technique, with a
sensitivity and accuracy of 96.67%. The EﬃcientNet-B1
returns identical results for training the images stained with
Reinhard and Macenko, with a sensitivity and accuracy of
95.00%. The diﬀerence between the number of parameters in
the EﬃcientNets-B1 and -B2, and the input size both models
receive are similar. For this speciﬁc dataset, the input sizes of
240 × 240 and 260 × 260 are appropriate for successfully
extracting global features in the histology images. From
Table 4, it is interesting to note that the average accuracy gain
seems to increase at ﬁrst (for EﬃcientNets-B0–B2), decrease
with larger models (for EﬃcientNets-B3–B5), and then pick
up slightly (EﬃcientNet-B6). The EﬃcientNet-B0 model has
the fewest parameters but does not perform the best. This
may be owing to the small input size that the model receives.
Resizing the large images to 224×224 may aﬀect the
structures in the image, making it more diﬃcult for the
model to capture the features. For the larger models that did
not perform as well, this may be a consequence of overparameterization relative to the size of the dataset.
Table 6 provides additional insight by showing the
models’ sensitivity and speciﬁcity concerning each class. The
R, M, and N next to each model name refer to the stain
normalization method used on the dataset (Reinhard,
Macenko, and nonnormalized). As previously mentioned,
high sensitivity is crucial for this problem. It is a widely used
metric to determine the proportion of correctly identiﬁed
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Table 5: The average accuracy results of the stain normalization techniques, Reinhard and Macenko.
Stain normalization technique
Reinhard
Macenko
Nonnormalized

Accuracy (avg)
92, 86%
93, 10%
91, 90%

Table 6: Speciﬁcity (spec.) and sensitivity (sens.) of the EﬃcientNet models.
Model
B0 (R)
B1 (R)
B2 (R)
B3 (M)
B4 (R)
B5 (N)
6 (N)

Normal
Spec. (%)
Sens. (%)
93.33
93.33
92.86
86.7
93.5
100
100
6.67
100
6.67
100
0.00
93.33
93.33

Benign
Spec. (%)
Sens. (%)
87.0
93.33
93.75
100
100
100
86.67
86.7
92.86
86.7
92.86
86.7
87.50
93.33

positives (as shown in (6)). As expected, the EﬃcientNet-B2
model shows consistent high sensitivity throughout all four
classes; however, it is less sensitive toward the in situ carcinoma class. The EﬃcientNet-B4 and -B5 return the lowest
sensitivity to all four classes but especially to the noncarcinoma classes. The sensitivity toward the carcinoma
class must be maximized, as an incorrect prediction of this
tissue could lead to misdiagnosis and severe consequences.
Aresta et al. [14] state that the benign class aﬀects the
performance of the networks due to the structural similarity
with normal tissue. This class contains more morphological
variability than the others, which translates to increased
diﬃculty in learning discriminative features. This statement
is consistent with the results reported in this study, as the
benign class typically returns the lowest sensitivity relative to
the other classes.
4.3.2. Analysis of Accuracy and Loss Curves. The graphs in
Figure 8 show the accuracy and loss curves for three models:
the EﬃcientNet-B2, -B4, and -B6 trained with Reinhardnormalized images. The curves represent the progress of the
training and validation accuracy and loss during the training
of the models. These metrics are recorded per epoch.
In graphs (a) and (b), both curves are very close to each
other. The evident noise in the curves is caused by the data
augmentation, as no single image is fed into the convolutional neural network twice. In graphs (c) and (d), it is
obvious that the training is proceeding well; however, the
validation accuracy and loss are not. This indicates that the
B4 architecture is learning features adequately but it is not
able to generalize at the same level. Hence, the validation loss
curve is extremely noisy and does not ﬁt perfectly. Finally, in
graphs (e) and (f ), the architecture clearly has diﬃculty
learning the distinguishing features. The training curve in (e)
does not increase at the same rate that (a) and (c) do.
Similarly, in (f ), the validation loss does not descend below
0.2 as it does for the B2 and B4 models in (b) and (d),
respectively. A possible reason for the validation loss curve
being below the training loss curve in (f ) is that the architecture ﬁnds the validation set to be unrepresentative of

In situ
Spec. (%)
Sens. (%)
100
6.7
3.3
93.3
00
93.3
93.75
100
83.33
100
83.33
100
93.3
93.33

Invasive
Spec. (%)
Sens. (%)
93.75
100
100
100
100
100
93.75
100
3.33
93.3
93.75
100
100
93.33

the entire dataset and easier to predict than the training set
[52].
Figure 9 shows the confusion matrices corresponding to
the graphs in Figure 8. From these matrices, it can be seen
that the larger models do not predict the noncarcinoma
classes well. This indicates that the larger models do not
learn the features from the normal and benign classes well.
4.3.3. Comparison with Previous Approaches. The results of
this study must be compared with similar approaches to
understand the eﬀect of using the EﬃcientNets instead of
other architectures. Table 7 summarizes the pretrained architectures used in previous approaches and the accuracies
obtained for four-class, image-wise classiﬁcation. It is worth
noting that, among the architectures listed in this table, the
EﬃcientNet-B2 has the lowest number of parameters (approximately 8 million) and is computationally cheaper than
the other approaches, as it is a lightweight model. The
ResNet-50 and Inception-v3 networks also perform well on
this dataset, and both architectures have around 23 million
parameters. On the other hand, the VGG16 and VGG19
architectures have over 100 million parameters and produce
inferior results. This shows that smaller architectures produce higher accuracies for this dataset. The results prove that
transfer learning with the EﬃcientNet-B2 yielded superior
results in comparison to other architectures. Both the
Reinhard stain normalization technique and Macenko stain
normalization technique yielded satisfactory results on the
EﬃcientNet-B2.
4.3.4. Challenges with This Approach. The major challenge
faced in these experiments was combatting overﬁtting. Due
to the size of the dataset, overﬁtting on the large architectures was ensured. Incorporating data augmentation techniques to increase the number of unique samples that the
CNN would see was not suﬃcient, so other forms of regularization had to be explored. These forms include dropout
layers, early stopping, and model checkpointing. The appropriate dropout rate was found through a grid search,
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Figure 8: Noteworthy accuracy and loss graphs: (a) EﬃcientNet-B2 Reinhard accuracy graph; (b) EﬃcientNet-B2 Reinhard loss
graph; (c) EﬃcientNet-B4 Reinhard accuracy graph; (d) EﬃcientNet-B4 Reinhard loss graph; (e) EﬃcientNet-B6 Reinhard accuracy
graph; (f ) EﬃcientNet-B6 Reinhard loss graph.
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Figure 9: Confusion matrices for the three models: (a) EﬃcientNet-B2; (b) EﬃcientNet-B4; (c) EﬃcientNet-B6.
Table 7: Comparison with previous approaches using pretrained
architectures for classiﬁcation of the ICIAR2018 dataset.
Reference
Nawaz et al. [3]
Ferreria et al.
[20]
Kassani et al.
[21]
Kassani et al.
[21]
Kassani et al.
[21]
Kassani et al.
[21]
Kassani et al.
[21]
Golatkar et al.
[50]
Vesal et al. [51]
Vesal et al. [51]
Our approach
Our approach

Architecture
AlexNet
InceptionResNet-v2

Stain
normalization
Macenko

Accuracy
81.25%

binary classiﬁcation. A reasonable explanation for this is that
the loss of information caused by resizing images translated
to the network having diﬃculty in locating discriminative
local features.

None

90%

5. Conclusion

Macenko
Reinhard
Macenko
Reinhard
Macenko
Reinhard
Macenko
Reinhard
Macenko
Reinhard

83%
87%
80%
84%
90%
88%
91%
94%
90%
90%

Inception-v3

Vahadane

85%

Inception-v3
ResNet-50
EﬃcientNet-B2
EﬃcientNet-B2

Reinhard
Reinhard
Reinhard
Macenko

97.08%
96.66%
98.33%
96.67%

The EﬃcientNet family is a set of state-of-the-art convolutional neural networks that achieved preeminent results
on established image datasets by carefully balancing the
crucial dimensions in a network such that accuracy and
eﬃciency were maximized. The ﬁeld of medical image
analysis suﬀers from a paucity of publicly available data,
which results in researchers having to utilize small and,
often, unbalanced datasets. Transfer learning techniques
oﬀer support in this area by enabling the reuse of generic
features from large source datasets for small target datasets.
In this research, the application of seven versions of
EﬃcientNets with transfer learning for breast cancer histology image classiﬁcation was investigated. Transfer
learning was employed in the form of ﬁne-tuning. The
experimental results conﬁrm that this architecture was able
to eﬀectively extract and learn the global features in an
image, such as the tissue and nuclei organization. These
features were then used to classify an image into four classes:
normal, benign, invasive carcinoma, and in situ carcinoma.
Among the seven models tested, the EﬃcientNet-B2 architecture which has approximately 8 million parameters
produced superior results with an accuracy of 98.33% and
sensitivity of 98.44%. The results achieved showed that the
number of feature maps and the number of parameters (8.0
million) for EﬃcientNet-B2 are optimum for the research
problem in question. Furthermore, the eﬀects of two different stain normalization techniques were observed, and
the outcomes were compared to the use of nonnormalized
images. From the results of the experiments, no speciﬁc stain
normalization proved to be superior to the other. Instead,
the smaller models performed better with the Reinhard
technique, and the larger models performed better with no
stain normalization.
For future work, considering the results of this research,
it would be interesting to observe the impact of an ensemble

VGG16
VGG19
InceptionResNet-v2
Xception
Inception-v3

along with optimal batch size and number of dense layers.
Alternative loss and activation functions were investigated
but contributed more to overﬁtting and unstable learning.
ReLU was chosen as the activation function for this network
as it is computationally eﬃcient, is simple, and has been
empirically proven to work well [53].
4.3.5. Limitations of the Study. The main objective of this
research was to observe the ability of EﬃcientNet architecture to classify the images of the ICIAR2018 dataset into
four classes: normal, benign, invasive carcinoma, and in situ
carcinoma. However, classifying the images into the groups
carcinoma and noncarcinoma is valuable and helpful pursuit
and should return improved accuracies [5, 17]. This binary
classiﬁcation requires the eﬃcient extraction of local features
in the images. The architectural additions proposed in this
study perform well in extracting global features for the
multiclass classiﬁcation but do not perform equally in the
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of EﬃcientNets for this application. Furthermore, the
possibility of these lightweight architectures performing well
on other histology image datasets such as PatchCamelyon
would be worth exploring [54]. Since multistage transfer
learning has proved to be advantageous [55], investigating
this technique for breast cancer histology images may
produce similar enhanced accuracies. Therefore, this is also a
path worth pursuing. Lastly, we expect to explore whether
the proposed model is suitable for incremental learning.
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The unavailability of large amounts of well-labeled data poses a signiﬁcant challenge in many medical imaging tasks. Even in the
likelihood of having access to suﬃcient data, the process of accurately labeling the data is an arduous and time-consuming one,
requiring expertise skills. Again, the issue of unbalanced data further compounds the abovementioned problems and presents a
considerable challenge for many machine learning algorithms. In lieu of this, the ability to develop algorithms that can exploit
large amounts of unlabeled data together with a small amount of labeled data, while demonstrating robustness to data imbalance,
can oﬀer promising prospects in building highly eﬃcient classiﬁers. This work proposes a semisupervised learning method that
integrates self-training and self-paced learning to generate and select pseudolabeled samples for classifying breast cancer histopathological images. A novel pseudolabel generation and selection algorithm is introduced in the learning scheme to generate
and select highly conﬁdent pseudolabeled samples from both well-represented classes to less-represented classes. Such a learning
approach improves the performance by jointly learning a model and optimizing the generation of pseudolabels on unlabeledtarget data to augment the training data and retraining the model with the generated labels. A class balancing framework that
normalizes the class-wise conﬁdence scores is also proposed to prevent the model from ignoring samples from less represented
classes (hard-to-learn samples), hence eﬀectively handling the issue of data imbalance. Extensive experimental evaluation of the
proposed method on the BreakHis dataset demonstrates the eﬀectiveness of the proposed method.

1. Introduction
Breast cancer is one of the most frequent cancers among
women and the second most common cancer globally, affecting about 2.1 million women yearly. Statistics from a
global cancer report recorded that an estimated 627,000
women died from breast cancer in 2018 [1]. This ﬁgure is
approximately 15% of all cancer deaths among women. Also,
a recent report from the American Cancer Society’s forecast
for 2019 predicts that there will be almost 286,600 new cases
of invasive breast cancer, about 63,930 new noninvasive
cases, and about 41,760 deaths among women in the United
States [2]. This worrisome trend necessitates the need for
automated breast cancer detection and diagnosis [3].
Computer-aided detection or diagnosis (CAD) systems can
contribute signiﬁcantly in the early detection of breast

cancer. Early detection is vital as it can help in reducing the
morbidity rates among breast cancer patients [4].
Existing manual methods for breast cancer diagnosis
include the use of radiology images in identifying areas of
abnormalities. These images, however, cannot be used to
accurately determine cancerous areas [5]. Biopsy [6] does
help to identify a cancerous area in an image. Breast tissue
biopsies help pathologists to histologically assess the microscopic structure and elements of breast tissues. The
outcome of biopsy still requires a histopathologist to doublecheck on the results since a conﬁrmation from a histopathologist is the only clinically accepted method. However,
since the diagnosis provided by biopsy tissue and hematoxylin and eosin stained images is nontrivial, there is often
some disagreements on the ﬁnal diagnosis by histopathologists [7]. The drawbacks associated with the methods
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mentioned above drive the need for computer-aided systems
for breast cancer diagnosis systems to improve diagnosis
eﬃciency, increase the diagnosis concordance between
specialists, reduce time, and lessen the burden on histopathologists [4, 8].
Deep convolutional neural networks (CNNs) have
achieved tremendous successes in several disciplines including but not limited to object detection [9, 10], segmentation [11], and classiﬁcation [12, 13]. Recent advancements in
machine learning and deep learning in medical diagnosis are
motivating lots of research in the classiﬁcation of breast
cancer histopathological images [14, 15]. The build nature of
CNNs makes them capable of learning hierarchical feature
representation from categorical data, and this is the underlying principle behind the success of CNNs in accomplishing
tasks. In the speciﬁc case of breast cancer classiﬁcation,
existing work in the literature has adopted CNNs in achieving
state-of-the-art results. Some of these methods mentioned in
the literature are based on hand-engineered features [16–18].
However, methods that rely on hand-crafted features are
ineﬃcient and not robust, and they merely extract suﬃcient
features that are beneﬁcial in classifying histopathological
images, not to mention that the entire process is a laborious
and computationally expensive one. Other methods mentioned in the literature adopt deep learning approaches for
classifying breast cancer histopathological images. Deep
learning methods oﬀer a better alternative to methods that
rely on hand-engineered features, achieving excellent performances in many classiﬁcation tasks [19–22]. Convolutional
neural networks in particular have achieved state-of-the-art
performances in classifying breast cancer histopathological
images. In [23], the authors compared two machine learning
schemes for binary and multiclass classiﬁcation of breast
cancer histology images. In the ﬁrst approach, the authors
extracted a set of hand-crafted features via bag of words and
locality-constrained linear coding. They trained these features
with support vector machines. Next, they experimented with a
combination of hand-engineered features with a CNN as well
as CNN features with the classiﬁer’s conﬁguration. On the
BreakHis dataset, the authors reported accuracy between
96.15% and 98.33% for binary classiﬁcation and accuracy
between 83.31% and 88.23% for multiclassiﬁcation. Similar
successes have also been reported in [8, 24, 25].
In spite of these successes, it is also pertinent to note that
the deep layers associated with CNN models imply the fact
that they require large amounts of well-labeled data during
training to achieve satisfactory results. Training on relatively
small amount of data leaves the models prone to overﬁtting
and, subsequently, poor generalization. In the medical
imaging domain, obtaining abundant labels for image
samples is a major challenge, not to mention that a large
amount of image samples are also required to aid in a
model’s ability to generalize well on data. Again, the process
of labeling image samples is a time-consuming and an expensive one, requiring expertise knowledge. Existing
methods mentioned in the literature that perform classiﬁcation of histopathological images resort to training CNN
models with random initialization and data augmentation
techniques in a bid to improve a model’s performance
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[23, 25, 26]. Such an approach enables a model to adapt to
new data patterns on its own with augmented data samples
that improve the number of training samples. These
methods typically use only labeled data, since the learning
process involved is a supervised one. However, an eﬀective
way of reducing labeling cost and generating more training
samples is to make use of labeled and unlabeled data, via
semisupervised learning (SSL) [27, 28]. Semisupervised
learning aims to incorporate both labeled and unlabeled data
in building better learners by fully considering the supervised knowledge delivered by labeled data and unsupervised
data structure under unlabeled ones [27]. At the heart of
semisupervised learning is training a learner on labeled data
and using the learner to predict labels for unlabeled data.
Moreover, compared to the process of obtaining well-labeled
data, unlabeled data is rather inexpensive and abundant.
Semisupervised learning algorithms have been adopted in
some works mentioned in the literature for some classiﬁcation tasks [27, 29–34].
In [35], the authors reported a cost-eﬀective active
learning approach for classifying deep images. Their proposed approach ﬁrst progressively feeds samples from the
unlabeled data into the CNN. Then clearly classiﬁed samples
and the most informative samples are selected via a selected
criterion and applied on the classiﬁer of the CNN. The CNN
model is then updated after adding user-annotated minority
uncertain samples to the labeled set and pseudolabeling the
majority certain samples. However, this approach acquires
the least certain unlabeled examples for labeling and while
simultaneously assigning predicted pseudolabels to most
certain examples, and such a technique is not always helpful
[36]. In [30], the authors use both labeled and unlabeled data
for training a deep model across learning cycles. The authors
employed both unsupervised feature learning and semisupervised learning. Unsupervised feature learning is used
on all data once at the beginning of the active learning
pipeline and the resulting parameters are used to initialize
the model at each active learning cycle. The authors used
semisupervised learning on all data at every learning cycle,
replacing supervised learning on labeled examples alone,
which is typical of tradition active learning methods. The
approach adopted in this work parallels the works in [30, 37]
in that a pseudolabel is generated for each unlabeled example
but it diﬀers from the work in [37] in that all unlabeled ones
are pseudolabeled as opposed to only the majority highconﬁdence samples. This work employs semisupervised
learning with self-training for training a classiﬁer, rather
than employing active learning. The work in [29] tackles the
issue of classical multimedia annotation problems ignoring
the correlations between diﬀerent labels by combining label
correlation mining and semisupervised feature selection into
a single framework. Their approach utilizes both labeled and
unlabeled data to select features while label correlations and
feature corrections are simultaneously mined. In contrast,
unlike selecting features via semisupervised learning, our
work generates pseudolabels for the unlabeled samples and
selects the most conﬁdent pseudolabeled samples via the
pseudolabel generation and selection algorithm. By incorporating the self-paced learning concept into the selection
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process, the model learns samples from both well- and lessrepresented classes, which tackles the issue of model bias
when selecting samples. The base model then learns features
from both the labeled data and the selected pseudolabeled
samples during training. We also solve the issue of class
imbalance by introducing a class balancing framework.
These two issues were not addressed in their work.
In [31], the authors proposed a semisupervised model
named adaptive semisupervised feature selection for cross
modal retrieval. In their semisupervised framework, the labels
for unlabeled data are predicted by the graph-based label
propagation. Then the unlabeled data with the predicted labels
are combined with the labeled data to learn the mapping
matrices. Meanwhile, the mapping matrices update the predicted label matrices, which can ensure that the raw feature
distribution will be as consistent as possible with the semantic
distribution in the subspace after several iterations. Our work
parallels this proposed work with respect to predicting labels
for unlabeled data and combining both the predicted labels
with labeled data in updating training data for another iterative.
The diﬀerences lie in the fact that our approach ﬁrst uses the
base learner to predict pseudolabels for the unlabeled samples
after ﬁrst training the learner with labeled samples, rather than
graph-based label propagation. Then, a pseudolabel selection
algorithm selects the most conﬁdent pseudolabeled sampled
samples before updating the training samples with these selected pseudolabeled samples and labeled samples via selftraining. This contrasts mapping matrices which are used to
update the predicted label matrices in their approach. Again,
our work focuses on generating conﬁdent pseudolabeled
samples to augment the training data, making more reliable
data available to the learner during training, as well as solving
the issue of class imbalance in the data set while ensuring the
fact that the model exhibits fairness in the selection process by
learning from both well- and less-represented samples. Also,
the work in [32] introduces a novel discriminative least squares
regression (LSR) which equips each label with an adjustment
vector. This technique avoids incorrect penalization on samples
that are far from the boundary and at the same time facilitates
multiclass classiﬁcation by enlarging the geometrical distance
of instances belonging to diﬀerent classes. The authors assign a
probabilistic vector ﬁt each sample, hence ensuring the importance of labeled data while characterizing the contribution
of unlabeled instance according to its uncertainty. Our approach primarily focuses on the generation of reliable pseudolabeled samples in augmenting the training data. The
reliability of a pseudolabeled sample is determined by the
pseudolabel selection algorithm which ensures the selection of
pseudolabeled samples with the most conﬁdent probability.
This prevents the situation where incorrectly labeled samples
are added to the training samples. Also, our semisupervised
learning approach hinges on the concept self-training and selfpaced learning, which distinguishes our approach from the one
reported in our work. The similarities lie in the fact that their
proposed work and ours utilize both labeled and unlabeled data
in the learning process.
To this end, this work proposes a novel semisupervised
learning framework that uses self-training and self-paced
learning (SPL) [38] to classify breast cancer

3
histopathological images. Self-training is a semisupervised
technique capable of learning a better decision boundary for
labeled and unlabeled data. Self-training is accomplished by
alternating between the generation of a set of pseudolabels
corresponding to a large selection scores in the unlabeledtarget domain and training a network (usually by ﬁnetuning) based on these selected pseudolabels and their
corresponding pseudolabeled samples and labeled training
data. The assumption here is that the target samples with
higher prediction probability are right and have better
prediction accuracy. In the proposed method, the process of
generating and selecting pseudolabels is achieved via a novel
pseudolabel generation and selection algorithm that selects
only pseudolabels with the highest probability. The selection
process is based on SPL, where in the initial learning stage,
“easy” samples are selected and then “hard-to-transfer”
samples are gradually added in a meaningful manner,
making the classiﬁer more robust. In a nutshell, the main
contributions of this work are as follows:
We propose a novel semisupervised learning framework that utilizes self-training with self-paced learning
in classifying breast cancer histopathological images by
formulating the problem as a loss minimization scheme
which can be solved using an end-to-end approach.
We introduce a novel pseudolabel generation and selection algorithm for selecting pseudolabels with relatively high-conﬁdence probabilities to augment the
training samples for retraining the model. In retraining
the model, the optimization process begins by selecting
pseudolabeled samples with relatively higher conﬁdence (“easy” samples) then gradually adds “hard”
samples to the training data. This ensures the selection
of pseudolabels with high precision and prevents
mistake reinforcement.
To tackle the issue of class imbalance associated with
self-training methods when generating and selecting
pseudolabels, we implement conﬁdence scores that use
class-wise normalization in generating and selecting
pseudolabels with balanced distribution.
We obtain signiﬁcant accuracy performance on the
BreakHis dataset compared to the state-of-the-art
approaches.

2. Methods
We provide an overview of the formulation of the problem
as a loss minimization scheme which can be solved using an
end-to-end approach. The concepts of self-training and selfpaced learning as applied to the proposed scheme are also
presented.
2.1. Preliminaries. For a given number of sample classes, the
classiﬁcation task is deﬁned as a standard softmax loss on the
labeled source data as inputs xs , ys and the target data xt , yt :
Lc χ, y: θc W � −  1[y � k]log Pk .
k

(1)
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In equation (1), the aim is to produce a classiﬁer θc that
can correctly classify target samples at the time of testing, with
minimal loss. Nonetheless, based on the assumption that
there is usually a limited amount of labeled target data
(potentially from only a small subset of the categories of
interest), eﬀective transfer of representations becomes limited. Consequently, a classiﬁer abandons the less-represented
class samples in the learning process, focusing only on wellrepresented class samples. This ultimately impedes the classiﬁer’s ability to learn robust representations. The two key
issues of learning the classiﬁer lie in an eﬀective formulation
of a score function and a robust formulation of the loss
function. Again, the robustness of a learner depends on the
formulation of the loss function to relieve the inﬂuence of
noisy and confusing data [39]. Moreover, the works in [40, 41]
proved that the optimization problem of SPL solved by the
alternative optimization algorithm is equivalent to a robust
loss minimization problem solved by a majorization-minimization algorithm. In view of this, the problem is formulated
as minimizing the loss function:
L N

min Lc (W)W � −  YLl,n log Pn W, Il 
l�1 n�1

(2)

T N

−

  YTt,n log
t�1n�1

Pn W, It .

Il denotes the image in the source domain indexed by
l � 1, 2, 3, . . . , L. Yl,n represents the true labels for the nth
image (n � 1,2, . . ., N) for Il . W denotes the network weights.
Pn (w, Il ) is the softmax output containing the class probabilities. Similar deﬁnitions hold for It , Yt,n and pn (w, It )
during evaluation. This problem formulation is diﬀerent
from [35] where the number of samples is represented as
union of self-labeled high-conﬁdence samples and manually
annotated samples by an active user. We further formulate to
minimize the loss function in equation (3). In the case where
some target labels are unavailable, these labels are assumed
to be hidden and the model learns from approximate target

L

 for C
 (number of samples). In equation (3), Y
 is
labels Y
termed as pseudolabels:
L N
L

min Lc (W, Y)
 � −  Yl,n log Pn W, Il 
W,Y
l�1 n�1

(3)

T N

−

 T log
Y
t,n
t�1n�1

Pn W, It .

2.2.
Self-Training
with
Self-Paced
Learning.
Semisupervised learning approaches typically adopt selftraining to utilize unlabeled samples [42–45]. Based on the
assumption of conventional self-training, an early mistake
by the learner can reinforce wrong predictions into the
training set for the next training iteration. To tackle this
problem, a better alternative is to resort to adding samples by
adopting an “easy-to-hard” approach via self-paced learning.
The principal idea in self-paced learning is generating
pseudolabels from “easy” predictions on the grounds that
these approximate labels are right and correctly approximate
the ground truth labels, then later exploring the “hard” or
less-conﬁdent pseudolabels to update the model. The selftraining process used in this work is outlined in Algorithm 1.
A deep CNN model is ﬁrst trained with labeled samples. The
model then is then used to make predictions on the unlabeled data to generate pseudolabels It . Similar to [30], all
unlabeled samples are pseudolabeled. A novel selection algorithm with a class balancing mechanism is then used to
select the nonannotated samples with the highest-conﬁdent
probability predictions. These samples together with their
approximated labels are added to the training set for the next
training iteration. This cycle is executed iteratively until a
stopping criterion is met. The overall workﬂow of our
method is illustrated in Figure 1.
To incorporate the self-paced learning and self-training
scheme, the loss function is modiﬁed as follows:

N

T

N

L
(c)
T

min Lc (W, Y)
 � −   Yl,n log Pn W, Il  −   Yt,n log Pn W, It  + kc Yt,n 
W,Y
l�1 n�1

s.t.

(i)

Yt,n ∈ e

(4)

t�1 n�1

C

∈ R , kc > 0.


During training, Y is assigned to zero, implying that Y
is ignored. To regulate the amount of pseudolabeled samples
to be selected from the classes, kc is introduced. The selection
of a large quantity of pseudolabels is synonymous to a large
value of kc . Adding kc in equation (4) introduces a class-wise
bias scheme that handles the issue of class imbalance when
selecting pseudolabels. The pseudolabel selection process is
accomplished in two steps: (1) initialize W and minimize the
 t,n and (2) set Y
 t,n and optimize
loss (in equation (4)) w.r.t. Y
the objective function in w.r.t. W. We considered the process
of executing steps 1 and 2 as a single iteration and the two
steps were repeated alternatively for several iterations. The

task of solving Step 1 requires a nonlinear function and as
such, Step 1 was reexpressed as
T

N

C

(c)

(c)

 log pn C|wt, nIt  + kc Y
 
min  −   Y
t,y
t,n
Y

s.t.

t�1 n�1 c�1

 (1) , . . . , Y
 (c) 
 � Y
Y
t,n
t,n
t,n

(i)

∈ e

(5)

C

∈ R , kc > 0.

The introduction of a class-wise bias by normalizing
class-wise conﬁdence scores distinguishes this formulation
from the one proposed in [21] where the authors adopted an
L1 regularizer in a bid to avoid the scenario where most of
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input: Deep Learning Network D(w), unlabeled Images It , amount Kc
output: Trained Classiﬁer (C)
Train a deep network D(w) with labeled samples Il
for k ⟵ 1 to N do
Test and predict on unlabeled samples It ;
Generate pseudolabels for It using predictions;
Select Kc pseudolabeled samples after ﬁltering out balancing class-wise scores
Augment labeled training set (Il + Kc (It )) with selected Kc pseudolabeled samples
Retrain D(w) with Il and Kc pseudolabeled samples (Il + Kc (It ))
end
C � updated(D(w));
Return C
ALGORITHM 1: Self-paced learning workﬂow.

Unlabeled data samples

Generated
pseudolabels

Pseudolabel
generation

Prediction
on unlabeled
samples

pseudolabel
selection

PL

C1
Training

Cn

Initial training on
labeled samples
Selected pseudolabeled
samples

Labeled data samples

Figure 1: Workﬂow of the proposed approach. A deep CNN model is ﬁrst trained with labeled data samples. The trained model is then
evaluated on unlabeled data to generate pseudolabels for the unlabeled data. A pseudolabel selection algorithm that integrates a class
balancing mechanism is used to select pseudosamples that have the highest conﬁdence probability conﬁdence score. The selected samples
together with their pseudolabels are used to augment the training sample for the next training iteration and the cycle is repeated iteratively
until a stopping criterion is met.

the pseudolabels are ignored. In solving the pseudolabel
framework optimizer, the work in [21] utilized the solver
expressed in the following equation:
 (c∗) � 
Y
t,y

1,

if c � arg max pn c|w, It , pn c|w, It  > exp(−k)

0,

otherwise.

handle the issue of class imbalance. To resolve this, equation
(3) is reexpressed as follows:
L N
L

min Lc (W, Y)
 � −  Yl,n log Pn W, Il 
W,Y
l�1 n�1

T N C

(6)

T

(c)

 log Pn W, It  + kc Y
 
−   Y
t,n
t,n
u�1n�1c�1

With such a formulation, the process of generating and
selecting pseudolabels hinges on the output probability
(pn (c|wt, nIt )). Inherently, such an approach does not

 t,n � Y
 (1) , . . . , Y
 (c)  ∈ e(i) ∈ RC , kc > 0.
s.t.Y
t,n
t,n

(7)
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Minimizing the optimization framework in equation (7)
was accomplished by using the loss function in equation (5)
but with a solver that incorporates the class-wise normalizing term (diﬀerent from the one proposed in [21])
expressed as
 (c∗)
Y
u,y

⎪
⎧
⎪
⎪
1,
⎪
⎨
�⎪
⎪
⎪
⎪
⎩
0,

if c � arg max

pn c|w, Iu  pn c|w, Iu 
,
>1
exp −kc  exp −kc 

otherwise.
(8)

The process of generating and selecting pseudolabeled
samples is dependent on the normalized class-wise output
(pn (c|w, Iu ))/(exp(−kc )) in equation (8). Using the normalized output ensures a balance towards classes with relatively
low score but with a high intraclass conﬁdence score during the
process of assigning pseudolabels to an unlabeled sample.
To regulate the amount of pseudolabeled samples to be
selected to update the model in each training iteration, Kc is
set using the process in Algorithm 2. In ﬁnding and ﬁxing a
value for Kc , the algorithm ranks the class C probabilities on
all the image samples predicted as class C. Kc is set such that
exp(−Kc ) is equivalent to the probability ranked at iteration
(p ∗ Nc ), with Nc being the number of images predicted as
class C. For each unlabeled sample, the maximum output
probability M was taken in descending order and these
probabilities are sorted out across all samples. Optimizing
the pseudolabels resulted in the p × 100% most conﬁdent
pseudolabeled samples to be used in training the model
(where p is a scaled proportion between [0, 1]). Such a
scheme ensures that the probability ranked at p × 100% is
taken independently from each class to (1) threshold the
conﬁdence scores and (2) normalize the conﬁdence scores. p
is ﬁrst initialized with 10% of the most conﬁdent predictions
and at each additional round, the top 5% is added to the next
pseudolabel generation and selection process.

3. Materials and Experiments
3.1. Dataset. We have carried out experiments on the
BreakHis dataset [18]. The BreakHis dataset contains microscopic biopsy images of benign and malignant breast
tumors totaling 7909 images. The image samples were generated from breast tissue biopsy slides, stained with hematoxylin and eosin (HE). Each image has a pixel size of
700 × 460 (in PNG format), with a 3-channel RGB, and 8-bit
depth in each channel. The benign and malignant classes are
each further subdivided into four distinct types. The subtypes
for the benign class are adenosis, ﬁbroadenoma, phyllodes
tumors, and tabular adenoma. The malignant class subtypes
are ductal carcinoma, lobular carcinoma, mucinous carcinoma, and papillary carcinoma. The images are obtained
using four magniﬁcation factors −40X, 100X, 200X, and 400X.
The images exhibit ﬁne-grained characteristics with only
subtle diﬀerences between images from diﬀerent classes as
well as high coherency, which is typical of cancerous cells.
These factors, compounded with the fact that images in the
same class have diﬀerent contrasts and resolutions, make the

BreakHis dataset challenging, not to mention the high imbalance in subtype classes (2,480 images belong to the benign
class and 5,429 images belong to the malignant class). Figure 2
shows sample images from each subtype class and Table 1
shows the distribution of images per each class.

3.2. Experimental Settings. The pretrained Inception_ResNetV2 [46], a variant of the Inception_V3 model [47],
was used as the baseline model for all experiments.
Inception_ResNetV2 is able to greatly improve classiﬁcation and recognition performance at low computational
costs. Input images are resized to 299 × 299 before being
fed to the model. At the fully supervised learning phase,
the baseline model is ﬁne-tuned to initialize the model
weights and also reduces variance. Fine-tuning of pretrained models has demonstrated to be an eﬀective approach for achieving signiﬁcantly higher results even on
small-scale data. For the supervised learning phase, the
model is trained for a total of ﬁfty (50) epochs using the
Adam optimizer [48], β1 � 0.9, β2 � 0.99 and an initial
learning rate of 0.001 which is decayed via a polynomial
decay scheduling (expressed in equation (9)). A polynomial decay scheduling allows the learning rate to decay
over a ﬁxed number of epochs:
p

α � initLR ∗ 1 −

epoch
 ,
Tepochs

(9)

initLR is the base learning rate, Tepochs is the total number of
epochs, and p is the exponential power, which is set to 1. The
model is trained with a batch size of 32. Random rotation
with a range of 90° and horizontal ﬂipping have been
implemented as data augmentation techniques to help
combat overﬁtting. For the self-training phase, the model is
also retrained with hyperparameters for top Kc using 5%,
10%, and 20% of the pseudolabeled samples of the unlabeled
data. 70% of the data is used as training data and 30% is
added to the test samples to be used as the unlabeled data for
the self-training scheme. The training data was further split
into 70 : 30 percent ratio as training and validation data,
respectively. The model is trained for a total of 5 iterations
during the semisupervised phase. We experimented with 5,
8, and 10 iterations and realized that not only did the 8 and
10 iterations take too much time to train, they also did not
contribute signiﬁcantly to the accuracy of the model compared to training for 5 iterations. To eﬃciently optimize
training time, we decided to train for 5 iterations as this
resulted in excellent accuracy within a limited time. Each
experiment is repeated three times and the results are averaged. The iterations were stopped when there was no
further improvement in accuracy.
The proposed approach does not add extra computational overhead during training, allowing training to be
completed in an eﬃcient manner. The averaged total
training time for all experiments is shown in Tables 2 and 3,
respectively. All experiments are carried out using Keras
(version 2.2.4) with TensorFlow backend (version 1.12) and
CUDA 9.0. Two RTX 2080 graphic cards, each with 8 GB
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input: Deep CNN D(w), unlabeled samples It , selected pseudolabels p
output: Kc
for t ⟵ 1 to T do
PIt � D(w, It );
LPIt � argmax(P, axis � 0);
MPIt � max(P, axis � 0);
M � [M, from − matrix − to − vector(MPIt )]for c ⟵ 1 to C do
MPc , It � MPIt (LPIt �� c);
Mc � [Mc , Matrix − to − vector(MPc , It )]
end
end
for c ⟵ 1 to C do
Mc � sort(Mc , order � descending);
lenc,th � length(Mc ) × p;
Kc � −log(Mc [lenc,th ])
end
return(Kc )
ALGORITHM 2: Determining Kc .

Adenosis

Fibroadenoma

Phyllodes tumor

Tubular adenoma

Ductal carcinoma

Lobular carcinoma

Mucinous carcinoma

Papillary carcinoma

Figure 2: Sample image from each of the eight cancer subtypes in the BreakHis dataset. The images have subtle diﬀerences across classes due
to their ﬁne-grained nature, with diﬀerent contrast and resolutions. These characteristics, coupled with the high coherency of the cancerous
cells, make the dataset a challenging one. The images are obtained at a magniﬁcation factor of 200X.
Table 1: The distribution of images per individual subtype classes
of the BreakHis histopathological images dataset.
Class

Benign

Malignant

Subtype
Adenosis
Fibroadenoma
Phyllodes tumors
Tabular adenoma
Ductal carcinoma
Lobular carcinoma
Mucinous carcinoma
Papillary carcinoma

Magniﬁcation factors
40X 100X 200X 400X
114
113
111
106
193
260
264
137
149
150
140
130
109
121
108
115
864
903
896
788
156
170
163
137
205
222
196
169
145
142
135
138

Table 2: Average training times for the binary classiﬁcation task
based on the amount of selected pseudolabels.
% of pseudolabels
K(top-5)
pseudolabels
K(top-10)
pseudolabels
K(top-20)
pseudolabels
All pseudolabels

40X
1 hour
59 min
1hour
56 min
1 hour
59 min
1 hour
58 min

100X
2 hours
2 min
2 hours
2 min
2 hours
3 min
2 hours
4 min

200X
400X
2 hours
1 hour 50 min
4 min
1 hour
1 hour 50 min
59 min
2 hours 1 hour 53 min
1 hour
57 min

1 hour 49 min

min represents minutes.

The distribution shows unequal number of image distribution per classes,
resulting in class imbalance which makes the dataset a challenging one.

memory and a 32 GB RAM, served as the hardware platforms. The evaluation metrics used in accessing the model
were classiﬁcation accuracy, precision, recall, F1-score, and
confusion matrix. These parameters are related to the true

positive (TP), true negative (TN), false positive (FP), and
false negative (FN) rates, respectively. True positive measures how correctly a classiﬁer predicts the positive class.
True negative measures how correctly a classiﬁer predicts the
negative class. False positive measures how, incorrectly, a
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Table 3: Average training times for the multiclass classiﬁcation task based on the amount of selected pseudolabels.

% of pseudolabels
K(top-5) pseudolabels
K(top-10) pseudolabels
K(top-20) pseudolabels
All pseudolabels

40X
2 hours
1hour 58 min
2 hours 1 min
2 hours

100X
2 hours 5 min
2 hours 5 min
2 hours
2 hours 5 min

200X
2 hours 1 min
1 hour 57 min
2 hours 2 min
2 hours

1
1
1
1

400X
hour 47 min
hour 49 min
hour 49 min
hour 49 min

min represents minutes.

classiﬁer predicts the positive class. False negative measures
how, incorrectly, a classiﬁer predicts the negative class.

4. Results and Discussion
The proposed scheme was evaluated using the top 5%, 10%,
and 20% pseudolabeled samples. For purposes of reporting
and investigation, we also report on values obtained when all
pseudolabeled samples (100%) were used. We present and
discuss results for both binary and multiclass classiﬁcation
tasks.
4.1. Binary Classiﬁcation. The experimental outcomes for
the binary classiﬁcation task are shown in Table 4. For
images with magniﬁcation factor of 40X, the best accuracy
result was 99.52% when the top-10% pseudolabeled samples
were selected. Similarly, for a magniﬁcation factor of 100X,
the best accuracy result was 99.44% with the top-5%
pseudolabeled samples. Using the top-10% pseudolabeled
samples resulted in 99.48% accuracy for images with a
magniﬁcation factor of 200X, and using the top-10% yielded
an accuracy result of 99.47% with images scanned at 400X.
The generation and selection of the top Kc pseudolabeled
samples via the proposed schemed was a vital key in controlling and determining the amount of pseudolabeled
samples to be selected in updating the model at the next
iteration. The selection scheme, coupled with the self-paced
learning and self-training approach ensured that classes with
the least representations which would have otherwise been
ignored, was still selected and added to the training samples.
This proved to be an eﬀective and eﬃcient step in the
learning process. Again, the results in Table 4 show that
selecting the top Kc pseudolabels proved to be a more effective approach rather than using all the pseudolabeled
samples. The accuracy results obtained with the proposed
approach show signiﬁcant accuracy gains.
The accuracy and loss plots for 40X and 100X are shown
in Figures 3 and 4 denotes plots for 200X and 400X, respectively. When training deep networks, overﬁtting remains a vital issue that needs to be addressed as it aﬀects the
ability of a trained model to generalize well on new data. It is
observed from the plots that both accuracy and loss values
were unstable until after epoch thirty (during the supervised
learning stage). Values kept bouncing within diﬀerent intervals from the start of training till the epoch thirty. We
attribute this to the distance disparity between the source
and target data. In ﬁne-tuning a pretrained model on a
secondary task, there is the assumption that the source and

target domains are related to each other. However, in cases
where this assumption is not met, brute-force transfer
learning may not be successful and even in the worst case,
degrading learning performance in the target domain [49].
The pretrained model used as the baseline model was
trained on the ImageNet dataset (which consists of natural
images) as against the BreakHis dataset which contains
breast cancer histopathological images. As such, at the start
of supervised training stage, the model begins to learn the
relatively new patterns from the target domain (breast
cancer images) resulting in the spikes as depicted in the
plots. However, past epoch thirty, a drastic drop in loss value
is observed and the accuracy values increase steadily. At the
end of epoch ﬁfty, the loss value is greatly reduced and the
training and validation accuracy (for both the supervised
learning stage and the self-training stage) are almost aligned.
This is an indication that the proposed approach also effectively curbs overﬁtting. The imbalanced nature of the
BreakHis dataset implies that accuracy alone cannot be used
to access the performance of the model. Results for precision, recall, and F1-score values are also presented in Table 5.
The confusion matrices are also presented in Figure 5. The
BreakHis dataset contains more samples for the malignant
class compared to the benign class, and this is also reﬂected
in the confusion matrices. Nonetheless, the selection process
together with the class balancing framework adopted in this
work ensured the fact that the model accurately classiﬁed the
respective classes with minimal misrepresentations.
4.2. Multiclass Classiﬁcation. The accuracy results for the
multiclass classiﬁcation are summarized in Table 6. For
images scanned at 40X, the highest accuracy obtained was
94.28% when the top-10% pseudolabels were selected. For
100X, the best accuracy was 93.84% when the top-20%
pseudolabels were selected. Selecting the top-5% pseudolabels yielded an accuracy of 94.93% for images scanned at a
magniﬁcation factor of 200X. For images scanned at a
magniﬁcation factor of 400X, the best accuracy was 93.75%
when the top-10% pseudolabels were selected. Similar to the
binary classiﬁcation task, selecting the top Kc pseudolabels
to augment the training samples in the next training iteration proved to be more eﬀective than selecting all the
pseudolabels. This outcome further rubber-stamps the signiﬁcance of Kc in the proposed approach.
The plots for loss and accuracy (for images scanned at
40X and 100X) are shown in Figure 6 and the corresponding
plots for 200X and 400X are shown in Figure 7. The nature of
the plots follow from the explanations provided for the
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Table 4: Accuracy (%) performance for binary classiﬁcation. Baseline indicates that the model was ﬁne-tuned with labeled samples only. Kc
(top-N) indicates the portion of the most conﬁdent pseudolabels used. Best results are indicated in italics.
ST approach
Baseline
Kc (Top-5%) pseudolabels
Kc (Top-10%) pseudolabels
Kc (Top-20%) pseudolabels
All pseudolabels

40X
97.14 ± 0.33
99.28 ± 0.6
99.52 ± 0.33
99.27 ± 0.37
98.09 ± 0.21

100X
98.22 ± 0.40
99.44 ± 0.41
98.85 ± 0.32
97.95 ± 0.01
98.20 ± 0.13

7

0.9
Accuracy value

5
4
3
2

0.8
0.7
0.6
0.5

1

0.4

0
0

10

20
30
Epochs

Train_loss
Val _loss

40

0

50

10

20
30
Epochs

Train_acc
Val _acc

ST_train_loss
ST_val_loss
(a)

40

50

ST_train_acc
ST_val_acc
(b)

1.00

2.5

0.95
Accuracy value

2.0
Loss value

400X
98.43 ± 0.44
99.04 ± 0.73
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98.69 ± 0.58
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6
Loss value
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98.55 ± 0.57
99.03 ± 0.34
99.48 ± 0.30
98.79 ± 0.68
98.5 ± 0.72
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Figure 3: Accuracy plot for images scanned at 40X and 100X for the binary classiﬁcation task. (a) The loss plot for 40X and (b) the
corresponding accuracy plot. (c) The loss plot for 100X and (d) the corresponding accuracy plot. ST represents the self-training plot.

binary classiﬁcation plot. The precision, recall, and F1-score
values are provided in Table 7 and the confusion matrices for
all magniﬁcation factors are provided in Figure 8.
The confusion matrices also bring out the imbalance in
the dataset. The ductal carcinoma class has more samples
than the remaining classes with the adenosis class having the
least number of samples. As a result, these two classes
represent the most and least number of samples, as depicted
in Figure 8. Again, the subtle nature of the appearance of the
diﬀerent images per diﬀerent classes also does pose challenges for models in accurately discriminating between
classes. In [23], the authors pointed out this diﬃculty, especially when discriminating between ductal carcinoma and

lobular carcinoma as well as ﬁbroadenoma and tabular
adenoma. However, from the confusion matrices, it is observed that such misrepresentations are eﬀectively handled
by the proposed approach. Between ductal carcinoma and
lobular carcinoma, an average of four samples are misrepresented while between ﬁbroadenoma and tubular adenoma, only two samples are misrepresented for images
scanned at a magniﬁcation factor of 200X.
The accuracy, precision, recall, and F1-score values as
well as the confusion matrices all show the eﬀectiveness of
using Kc in determining the proportions of pseudolabels to
be used in updating the model in each training iteration and
also prove that adding samples in an “easy-to-hard”
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Figure 4: Accuracy plot for images scanned at 200X and 400X for the binary classiﬁcation task. (a) The loss plot for 200X and (b) the
corresponding accuracy plot. (c) The loss plot for 400X and (d) the corresponding accuracy plot. ST represents the self-training plot.
Table 5: Precision (Prec.), recall (R), and F1-score (F1) values for
binary classiﬁcation.
Mag. factor
40X

100X

200X

400X

% of pseudolabels
Kc (top-5%)
Kc (top-10%)
Kc (top-20%)
All pseudolabels
Kc (top-5%)
Kc (top-10%)
Kc (top-20%)
All pseudolabels
Kc (top-5%)
Kc (top-10%)
Kc (top-20%)
All pseudolabels
Kc (top-5%)
Kc (top-10%)
Kc (top-20%)
All pseudolabels

Prec. (%)
99.50
99.89
99.50
98.72
99.73
99.28
98.62
99.12
99.43
99.84
99.27
99.18
99.40
99.85
99.25
99.20

R (%)
99.23
99.79
99.21
98.63
99.58
99.17
98.24
99.06
98.91
99.80
99.00
99.10
99.17
99.77
99.18
99.00

F1 (%)
99.38
99.81
99.36
98.49
99.69
99.23
98.71
99.19
99.18
99.49
99.13
99.22
99.20
99.54
99.21
99.14

approach ensures that even the least-represented samples are
still considered in the training process. Overall, these
schemes resulted in the model being very versatile and

robust even in the face of the similarities and coherence
between the images samples in the dataset.
4.3. Comparison with Other Works. We compare the performance of the proposed approach with other works
mentioned in the literature as shown in Table 8 for the binary
classiﬁcation task) and Table 9 (for the multiclass classiﬁcation task), respectively. All these underlisted state-of-theart methods were evaluated on the BreakHis dataset, oﬀering
a fair comparison and assessment with the proposed approach in this work. The work in [23] used a CNN model
consisting of ﬁve convolutional layers and two fully connected layers for both binary and multiclass classiﬁcation
tasks. Using an ensemble method, the authors report accuracy of 98.33%, 97.12%, 97.85%, and 96.15% for magniﬁcation factors 40X, 100X, 200X, and 400X for the binary
classiﬁcation task. For the multiclass classiﬁcation, they
reported accuracy of 88.23%, 84.64%, 83.31%, and 83.39%
for magniﬁcation factors of 40X, 100X, 200X, and 400X.
In [24], the authors proposed a structured deep learning
model for classifying breast cancer histopathological images.
In their work, the authors considered the feature space
similarities of histopathological images by leveraging intra-
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Figure 5: Confusion matrix for binary classiﬁcation. (a) 40X. (b) 100X. (c) 200X. (d) 400X.

Table 6: Accuracy (%) for multiclass classiﬁcation.
ST approach
Baseline
Kc (top-5%) pseudolabels
Kc (top-10%) pseudolabels
Kc (top-20%) pseudolabels
All pseudolabels

40X
91.42 ± 0.54
94.27 ± 0.28
94.28 ± 0.29
94.14 ± 0.14
92.87 ± 0.71

100X
89.04 ± 0.70
91.78 ± 0.61
92.46 ± 0.48
93.84 ± 0.35
90.41 ± 0.63

200X
90.07 ± 0.21
94.93 ± 0.17
94.32 ± 0.22
91.48 ± 0.28
92.19 ± 0.38

400X
90.70 ± 0.63
92.97 ± 0.37
93.75 ± 0.72
92.19 ± 0.16
91.40 ± 0.11

Baseline indicates that the model was ﬁne-tuned with labeled samples only. Kc (top-N) indicates the portion of the most conﬁdent pseudolabels used. Best
results are indicated in italics.

and interclass labels as prior knowledge. They also adopted a
data augmentation scheme that generated more data for the
model during training. Using a pretrained deep CNN model
as their base network, the authors reported accuracy of
95.8%, 96.9%, 96.7%, and 94.9% for the binary classiﬁcation
task. For the multiclass task, they reported accuracy of
92.8%, 93.9%, 93.7%, and 92.9% for magniﬁcation factors of
40X, 100X, 200X, and 400X, respectively. It can be observed
that their approach yielded a 0.06% gain in accuracy for
images scanned at 100X for the multiclass task compared to
our approach. The data augmentation approach used in their
work amassed more data for model during the ﬁne-tuning
stage compared to our approach and their overall approach
was a supervised one (meaning only labeled data was used)
as opposed the semisupervised fashion in ours (SSL dwells
on the assumption that there are more unlabeled samples
than labeled samples [27]). That notwithstanding, our approach yielded signiﬁcant accuracy improvements for all the
other magniﬁcation factors.

In [51], the authors proposed a novel L-Isomap-aided
manifold learning and stacked sparse autoencoder
framework for a robust BC classiﬁcation using HIs. The
authors reported accuracy of 96.8%, 98.1%, 98.2%, and
97.5% for images with magniﬁcation factors 40X, 100X,
200X, and 400X, respectively. In [50], the authors used a
CNN model to extract local and frequency domain information from input images for classifying breast
cancer images on the BreakHis dataset. They report
accuracy of 94.40%, 95.93%, 97.19%, and 96.00% for the
binary classiﬁcation task. These algorithms mentioned in
the literature only utilize supervised learning
approaches.
In this work, we have used 70% of the data for training at
the supervised learning stage and the remaining 30% was
added to the test set which was used as unlabeled data for the
self-training stage. The selection of the most conﬁdent
pseudolabeled samples to augment the training sample has
been proven eﬀective in providing the model with reliable
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Figure 6: Accuracy and loss plot for images scanned at 40X and 100X for the multiclass classiﬁcation. (a) The loss plot for 40X and (b) the
corresponding accuracy plot. (c) The loss plot for 100X and (d) is the corresponding accuracy plot. ST represents the self-training plot.
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Figure 7: Accuracy plot for images scanned at 200X and 400X for the multiclass classiﬁcation task. (a) The loss plot for 200X and (b) the
corresponding accuracy plot. (c) The loss plot for 400X and (d) the corresponding accuracy plot. ST represents the self-training plot.

Table 7: Precision (Prec.), recall (R), and F1-score (F1) values for multiclass classiﬁcation.
% of Pseudolabels
Kc (top-5%)
Kc (top-10%)
Kc (top-20%)
All pseudolabels
Kc (top-5%)
Kc (top-10%)
Kc (top-20%)
All pseudolabels
Kc (top-5%)
Kc (top-10%)
Kc (top-20%)
All pseudolabels
Kc (top-5%)
Kc (top-10%)
Kc (top-20%)
All pseudolabels

40X

100X

200X

True label

400X

Prec. (%)
94.96
95.15
94.63
93.25
91.85
93.14
94.24
90.63
95.85
95.47
91.44
92.65
93.48
94.36
92.69
90.63
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Figure 8: Confusion matrix for multiclass classiﬁcation for the respective magniﬁcation factors. The imbalance in the sample distribution is
evident in the plot. Nonetheless, there are not so many misrepresentations among classes. Order of class names: 1: adenosis, 2: ductal
carcinoma, 3: ﬁbroadenoma, 4: lobular carcinoma, 5: mucinous carcinoma, 6: papillary carcinoma, 7: phyllodes tumor, and 8: tubular
adenoma. (a) 40X. (b) 100X. (c) 200X. (d) 400X.

Table 8: Accuracy comparison with some state-of-the-art algorithms for the binary classiﬁcation task on the BreakHis dataset.
Ref.
Nahid and Kong
[50]

Han et al. [24]

Pratiher and
Chattoraj [51]

Bardou et al. [23]
Kc (top-10%
pseudolabels)
Kc (top-5%
pseudolabels)
Kc (top-10%
pseudolabels)
Kc (top-10%
pseudolabels)

Mag.
fac.
40X
100X
200X
400X
40X
100X
200X
400X
40X
100X
200X
400X
40X
100X
200X
400X

94.40
95.93
97.19
96.00
95.8 ± 3.1
96.9 ± 1.9
96.7 ± 2.0
94.9 ± 2.8
96.8
98.1
98.2
97.5
98.33
97.12
97.85
96.15

Prec.
(%)
94.00
98.00
98.00
95.00
—
—
—
—
—
—
—
—
97.80
95.58
95.61
97.54

R
(%)
96.00
96.36
98.20
97.79
—
—
—
—
—
—
—
—
97.57
96.98
99.28
96.49

40X

99.52 ± 0.33

99.50

99.23 99.38

100X

99.44 ± 0.41

99.73

99.58 99.69

200X

99.48 ± 0.30

99.84

99.80 99.49

400X

99.47 ± 0.37

99.85

99.77 99.54

Acc. (%)

F1
(%)
95.00
97.00
98.00
96.00
—
—
—
—
—
—
—
—
97.68
97.77
97.41
97.07

Acc. denotes the accuracy, Prec. is the precision, R is the recall, and F1 is the
F1-score.

samples, and ultimately expanding the training set, thereby
making more data available to the model (to satisfy the
hunger of deep models for more data). The eﬀectiveness of
the proposed method is evident in the results obtained,

Table 9: Accuracy comparison with some state-of-the-art algorithms for the multiclass classiﬁcation task on the BreakHis dataset.
Ref.

Han et al. [24]

Bardou et al. [23]
Kc (top-10%
pseudolabels)
Kc (top-20%
pseudolabels)
Kc (top-5%
pseudolabels)
Kc (top-10%
pseudolabels)

Mag.
fac.
40X
100X
200X
400X
40X
100X
200X
400X

92.8 ± 2.1
93.9 ± 1.9
93.7 ± 2.2
92.9 ± 1.8
88.23
84.64
83.31
83.98

Prec.
(%)
—
—
—
—
84.27
84.29
81.85
80.84

R
(%)
—
—
—
—
83.79
84.48
80.83
81.03

40X

94.28 ± 0.29

95.15

94.78 94.80

100X

93.84 ± 0.41

94.24

94.71 94.33

200X

94.93 ± 0.17

95.85

95.90 95.56

400X

93.75 ± 0.72

94.36

92.28 94.38

Acc. (%)

F1
(%)
92.9
88.9
88.7
85.9
83.74
84.31
80.48
80.63

Acc. denotes the accuracy, Prec. is the precision, R is the recall, and F1 is the
F1-score.

which depict signiﬁcant accuracy improvements compared
to the abovementioned methods which are mostly supervised learning approach where only labeled data was used.
The proposed algorithm has been tested on breast cancer
histopathological images since it is in line with our research
objective. Therefore, we are quick to add that, the signiﬁcance of the proposed algorithm is not limited or speciﬁcally
designed for breast cancer classiﬁcation. Based on the results
obtained, we are conﬁdent that this algorithm can be extended to other classiﬁcation tasks in medical imaging or
computer vision that seek to employ semisupervised
learning techniques in solving various tasks.
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5. Conclusion
Obtaining a signiﬁcant amount of well-labeled data in the
medical domain is a challenging task and more tedious is the
task of accurately providing labels to data. In this work, we
have proposed a semisupervised learning scheme that integrates self-paced learning paradigm and self-training for
training a model on both labeled and unlabeled data. Selfpaced learning plays a vital role in curbing the issue of
mistake reinforcement, where wrongly generated pseudolabels are reinforced into the training sample. In the light of
selecting pseudolabels with the most conﬁdent probabilities,
we show a novel selection algorithm was proposed to present
the CNN model with only the most conﬁdent pseudolabels.
Experimental results obtained using the top 5%, 10%, and
20% generated pseudolabels for training showed signiﬁcant
accuracy improvements for both binary and multiclass
classiﬁcation task when compared with state-of-the-art
approaches. For future work, we intend to incorporate diversity into the self-paced learning scheme and as well as
incorporate the similarities in feature space of histopathological images. A combination of these elements into the
self-paced learning scheme will result in a versatile and
robust learner.
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We propose a new method for EEG source localization. An eﬃcient solution to this problem requires choosing an appropriate
regularization term in order to constraint the original problem. In our work, we adopt the Bayesian framework to place
constraints; hence, the regularization term is closely connected to the prior distribution. More speciﬁcally, we propose a new
sparse prior for the localization of EEG sources. The proposed prior distribution has sparse properties favoring focal EEG sources.
In order to obtain an eﬃcient algorithm, we use the variational Bayesian (VB) framework which provides us with a tractable
iterative algorithm of closed-form equations. Additionally, we provide extensions of our method in cases where we observe group
structures and spatially extended EEG sources. We have performed experiments using synthetic EEG data and real EEG data from
three publicly available datasets. The real EEG data are produced due to the presentation of auditory and visual stimulus. We
compare the proposed method with well-known approaches of EEG source localization and the results have shown that our
method presents state-of-the-art performance, especially in cases where we expect few activated brain regions. The proposed
method can eﬀectively detect EEG sources in various circumstances. Overall, the proposed sparse prior for EEG source localization results in more accurate localization of EEG sources than state-of-the-art approaches.

1. Introduction
Brain imaging techniques are important tools since they give
us the ability to understand the neural mechanisms of
complex human behavior in cognitive neuroscience. Also,
they have clinical applications in patients with brain tumors
and epilepsy where functional brain imaging is useful for
neurosurgical planning and navigation [1–4]. Among various brain imaging techniques, electroencephalography
(EEG) is preferable due to the low cost of EEG devices, the
high temporal resolution of EEG signal, and the portability
of EEG devices. The EEG is a noninvasive brain imaging
technique that measures the scalp electric potentials produced by the ﬁring of a very large number of neurons
functioning inside the brain. The identiﬁcation of ﬁring
neurons is very crucial since it gives us the ability to study
brain dynamics in time scales of milliseconds. The identiﬁcation of the electric current sources responsible for the
electrical activity inside the brain based on the EEG activity
recorded at the scalp (through electrodes) is one of the major

problems in EEG processing. This problem is referred to as
the EEG source localization [3, 4] or EEG inverse problem
[3, 5].
The EEG inverse problem involves the calculation of
locations and amplitudes of EEG sources given the EEG
activity and the geometry and conductivity properties of the
head. During the last two decades, a wide range of methods
have been developed for the identiﬁcation of EEG sources.
These can be classiﬁed into two large groups: (a) dipoleﬁtting models and (b) distributed-source models. Dipoleﬁtting models represent the brain activity using a small
number of dipoles and try to estimate the amplitudes, the
orientations, and the position of a few dipoles that explain
the data [4, 5]. However, these methods are sensitive to the
initial guess of the number of dipoles and their initial locations. On the other hand, distributed-source methods use
a large number of dipoles with ﬁxed positions and try to
estimate their amplitudes by solving a linear inverse problem
[4, 5]. The EEG linear inverse problem is ill-posed since the
number of EEG sources is much larger than the number of
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EEG sensors. Also, the problem is becoming more diﬃcult
due to the presence of noise.
The distributed-source methods can be divided into two
large families, reﬂecting how they deal with the dimension of
time. From one side, we have methods that estimate the
spatial source distribution instant by instant [3], while on the
other side, we have the spatiotemporal modelling approaches [3, 4]. Both families have their advantages and
disadvantages. For example, instant-by-instant (or instantaneous) methods are suitable for continuous brain scanning
[3], while spatiotemporal methods are suitable for EEG
sources with oscillatory activity [3]. Among the ﬁrst reported
instantaneous methods is that of the Minimum Norm Estimation (MNE) [6]. However, this method tends to prefer
low-activity EEG sources close to the surface over strongactivity EEG sources in depth. To correct this problem,
various methods have been proposed including weighted
minimum norm, Loretta [7] and sLoretta [8]. The above
methods need to adjust the regularization parameter
through a cross-validation procedure or the L-curve method
[5]. To account for the time evolution of an EEG source,
authors have used spatiotemporal models [4, 9, 10]. Representative algorithms of this family are the Multiple Sparse
Priors algorithm [11], the Champagne algorithm [12], and
algorithms based on the Kalman Filtering [9]. Assuming that
we have much larger time points than sensors, these algorithms provide us with accurate estimates on how a source
evolves across time.
EEG sources could possess various properties related to
the induced brain activity. For an EEG source, it is critical to
know if it is focal or not [13, 14], its spatial pattern (how its
neighborhood is aﬀected) [11, 15, 16], and if the oscillatory
activity is present or not across time [3, 9–11, 15]. Furthermore, a combination of EEG sources produces complex
brain activity that spans across multiple spatial (and/or time)
scales [15]. All these properties could be observed either in
conjunction or in disjunction depending on the underlying
EEG study. Furthermore, these properties are included in
the overall analysis through the assumed EEG sources’
model and various assumptions about the model. Clearly,
the linear observation model [17, 18], the linear dynamical
model (or Kalman Filters) [17, 18], and the multiple measurement vector (MMV) model [19] make diﬀerent generative modelling assumptions about the underlying
mechanisms that produce the EEG data.
The spatial properties of EEG sources are encoded into
the linear observation model through the use of prior distributions or regularization terms. In cases where we expect
localized activity (i.e., in certain types of epilepsy), a suitable
assumption is to assume that EEG sources are sparse,
meaning that a few of them are activated at a speciﬁc time
instant. In that case, sparse prior distributions could be used
[13] or regularization terms in the form of L1-norm [14, 20].
However, EEG sources can also be both sparse and spatially
distributed. Based on that, many authors develop various
sparsity-promoting methods by including in their method
the spatially diﬀused property by segmenting the brain into
diﬀerent predeﬁned regions [11], by using regularization
terms that take into account the spatial extension of EEG
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sources [21], by extending the lead ﬁeld matrix to multiple
spatial scales [15, 16]. However, the spatial scale over which
sparsity might apply remains an area of investigation.
In the present work, we propose a new framework to deal
with localized (focal) activity, which can be extended in
multiple spatial scales. Our contributions, with respect to the
EEG source localization, are (a) a new sparse prior for the
localization of EEG sources [22] and its extension to include
group-sparse structures, (b) an extended (or modiﬁed) lead
ﬁeld matrix for the case of spatially extended EEG sources,
and (c) extensive experiments using three real EEG datasets
with various properties and diﬀerences between them. A
preliminary version of this work has been reported in [22].
The remainder of this paper is organized as follows. In
Section 2, we describe the proposed algorithmic approach
for the solution of the inverse EEG problem. Then in Section
3, we present the experiments of our approach on synthetic
and real EEG data. Also, a comparison of our algorithms
with baseline and state-of-the-art algorithms is provided.
Finally, in Section 4, we discuss our conclusions and future
directions of our work.

2. Materials and Methods
2.1. Linear Observation Model. In EEG inverse problem, we
desire to ﬁnd the brain activity given the EEG measurements
and the geometry and conductivity properties of the head. In
our work, we use the distributed-source model. This means
that we use a ﬁnite number of dipoles in the cortex at given
locations. Hence, the potential at the scalp is a linear
combination of dipoles amplitudes, represented by the
following equation:
y � Hx + e,

(1)

where y ∈ RN is the EEG measurement vector acquired by
the N electrodes, x ∈ R3M contains the amplitudes of M
dipoles along the three spatial dimensions, and H ∈ RN×3M
is the lead ﬁeld matrix that describes the propagation of
electromagnetic ﬁeld from the sources to the sensors and it
contains information related to the geometry and conductivity properties of the head. The vector e is an additive white
Gaussian noise. The EEG inverse problem of the observation
model of equation (1) consists of estimating the vector x
given the data y and the lead ﬁeld matrix H. In the next
subsection, we describe an approach for this process by using
the variational Bayesian (VB) framework. More speciﬁcally,
we deﬁne the hierarchical sparse prior over the amplitudes of
EEG sources, the likelihood of the model, and its hyperparameters. Also, we can observe here that our instantaneous linear observation model is suitable for cases where we
do not have a correlation between time samples, the noise,
and sources which are nonstationary quantities, and the
number of time samples is smaller than the number of
sensors.
Distributed EEG source localization represents a highly
ill-posed problem since the measurements are in order of 102
while unknowns are in order larger than 104 . One approach
to reducing the complexity of the problem is to restrict the
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solutions space by reducing the number of unknowns. In
this direction, two approaches are used considerably: the
restriction of solutions (or EEG sources) to the cortical
surface of the brain and the placement of constraints in
dipole orientation [23, 24]. The above restrictions are reﬂected in the construction of the lead ﬁeld matrix H. In our
work, we examine both the aforementioned cases.
2.2. Sparse Bayesian Learning. From a machine learning
perspective, sparsity is a very helpful property since the
processing is faster in a sparse representation where few
coeﬃcients reveal the information we are looking for. Hence,
sparse priors help us to determine the model order in an
automatic way and reduce its complexity. In addition to the
above, from a brain imaging perspective, the motivation of
using sparse priors is based on the localized (or focal) activity
that can be observed in certain types of epilepsy and on
observed sparse activations in the brain during high cognitive processing as revealed by various brain imaging
techniques. In [13], sparse priors, based on a Bernoulli
Laplacian prior, are used resulting in a posterior distribution
where the estimators cannot be computed with close-form
expressions. For this reason, the authors in [13] use the
Markov Chain Monte Carlo framework.
In this work, the EEG sources x are treated as a random
variable following a Gaussian distribution of zero mean and
−1
variance a−1
i λi :
3M

−1
p(x|a; λ) � N(x|0, Λ) �  Nxi |0, a−1
i λi ,

(2)

i�1

where N is the symbol for Gaussian distribution. In Sparse
Bayesian Learning literature [18, 25, 26], a common approach is
to assume that the covariance matrix Λ is a diagonal matrix with
elements a−1
i , i � 1, . . . , 3M. Each parameter ai , which controls
the prior distribution of the EEG sources x, follows a Gamma
distribution, so the overall prior over all ai is a product of
Gamma distributions given by p(a) � 3M
i�1 Gamma(ai ; ba , ca ).
However, in our study, we introduce one more parameter into
the distribution. More speciﬁcally, we assume that the covariance
matrix Λ is a diagonal matrix with elements
−1
a−1
i λi , i � 1,... , 3M. In our analysis, parameters λi are assumed
to be known and deterministic quantities.
At this point, it is worth examining the marginal prior
distribution of EEG source xi by eliminating the hyperparameters ai :

Equation (3) can be recognized as a Student-t distribution with zero mean, shape parameter ca , and scale
parameter ba /λi . We can see that parameter λi controls
the scale of the Student-t distribution. In addition, by
adopting a procedure similar to [25], we can show that
the EEG sources have the improper prior
p(xi ) ∝ 1/(λ1/2
i · |xi |). Now, by setting λi ⟶ 1/|xi |, we
obtain p(xi ) ∝ 1/ · |xi |1/2 which can be recognized as an
extremely “sparse” prior.
The overall precision (inverse variance) β of the noise
follows a Gamma distribution: p(β) � Gamma(β; b, c) �
(1/(Γ(c)))((β(c− 1) )/bc )exp−β/b, where b and c are the scale
and the shape of the Gamma distribution, respectively. We
use the Gamma distribution for the noise components for
two reasons: ﬁrst, this distribution is conjugate to the
Gaussian distribution, which helps us in the derivation of
closed-form solutions, and second, it places the positivity
restriction on the overall variance and the scaling
parameters.
So, the overall prior over model parameters x, a, β is
given by p(x, a, β; λ) � p(x|a; λ)3M
i�1 p(ai )p(β). The likelihood of the data is given by
p(y|x, β; λ) �

βN/2
N/2

(2π)

(4)
To apply the VB methodology [17], we need to deﬁne an
approximate posterior based on one factorization over the
parameters x, a, β. In our study, we choose the following
factorization: q(x, a, β; λ) � q(x|a; λ)3M
i�1 q(ai )q(β).
Applying the VB methodology and taking into account
the above factorization, the following posteriors are
obtained:
q(x) � N x, Cx ,
q(β) � Gamma β; b′ , c′ ,
q(a) �  Gammaai ; ba′ i , ca′ i .
i�1

The moments of each distribution are calculated by
applying iteratively the following equations until
convergence:
(k)

1/2
− c +1/2
λ
λ x2 ( a )
.
∝  i  1 + i i 
ba
ba

(5)

D

(k+1) −1


C(k+1)
� β HT H + Λ
x

p xi ; λi  �  p xi |ai ; λi p ai dai
−1
�  Nxi |0, a−1
i λi Gamma ai ; ba , ca dai

β
· exp− (y − Hx)T (y − Hx).
2

 ,

(6)

−1

(3)

(k)
 T y,
 (k+1)  βH
x(k+1) � β HT H + Λ

1
b(k+1)
ai

′

�

2
λ(k+1)
1
(k+1)
i
 (k+1)
 + Cx (i, i) + ,
 x
i
2
ba

(7)

(8)
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1
′
c(k+1)
� + ca ,
ai
2
D

q(a) �  Gammaai ; ba′i , ca′i ,
i�1

1
b(k+1)
β

′
′

T
1
1
� y − Hx(k+1)  y − Hx(k+1)  + trHT HC(k+1)
+ ,
x
2
b

c(k+1)
�
β

N
+ c,
2

(k+1)
′ (k+1)′
� b(k+1)
cβ
.
β
β

(9)
(k+1)


In the above equations, the matrix Λ
is a diagonal
(k)
(k+1)
matrix with ai · λi
in its main diagonal. For λ(k+1)
, we
i
follow the considerations of [27] and we set them to 1/|
x(k)
i |.
With respect to other similar approaches [25, 28], we can
observe the diﬀerence in equations (7) and (8). More speciﬁcally, in our approach, the parameter ba′ i is weighted by
the corresponding parameter λi . Observe here that this
parameter is aﬀecting the scale of marginal Student-t distribution (see equation (3)).
2.3. Group-Sparse Priors. In the subsequent analysis, we
assume that the EEG sources x have a group structure. More
speciﬁcally, we deﬁne G groups of EEG sources such that the
vector xg contains dg coeﬃcients assigned to group g.
Sparsity between groups can be achieved by selecting
carefully the prior distribution over them. Assuming a priori
independence between groups and that each group follows a
Gaussian distribution with zero mean and covariance matrix
a−1
g Idg , the prior over coeﬃcients is given by
G

p(x|a) �  Nxg | 0dg , a−1
g Idg ,

(10)

g�1

where N is the symbol for Gaussian distribution. Furthermore, we assume that each parameter ag , which controls
the group sparsity of the EEG sources x, follows a Gamma
distribution, so the overall prior over all ag is a product of
Gamma
distributions
given
by
p(a) �
Gg�1 Gamma(ag ; ba , ca ). The above hierarchical prior belongs to the family of conjugate distributions and it is well
known for its sparse properties [25, 26] with respect to the
groups. As before (see Section 2.2), we change the above
prior by introducing one more parameter. More speciﬁcally,
we assume that the prior covariance matrix is a diagonal
−1
matrix with elements a−1
g λg . In our analysis, parameters λg
are assumed to be known and deterministic quantities. Now,
the prior distribution of coeﬃcients is given by
G

p(x|a; λ) �

−1
 Nxg | 0, a−1
g λg Idg .
g�1

(11)

Using the above group-sparse prior and following a
similar VB procedure as that in the previous section, we can
derive an iterative algorithm. More information about the
derivation of the group-based algorithm can be found in

[29]. Also, with respect to the above algorithm, a coeﬃcient
could potentially belong to several groups. Overlapping
between groups is permitted; however, special care must be
taken in order to reﬂect the anatomical and functional
properties of the brain.
It interesting at this point to examine possible group
strategies with respect to the inverse EEG problem. We can
observe here that in equation (1) each dipole is represented by
three components in the lead ﬁeld matrix, one for each of the
three spatial dimensions. So, an obvious choice of grouping is
to deﬁne one group for each dipole. In that case, we have
G � M and dg � 3 for the group-sparse prior. Another choice
of grouping is to use an anatomical (or functional) template
(or brain maps) to deﬁne the groups. Finally, a third option is
to deﬁne the groups by using a criterion based on distances
between the dipoles (i.e., dipoles in close distance are expected
to behave in a similar fashion). Observe here that the ﬁrst two
group creation strategies are based on information related to
the brain’s structure, organization, and function. Also, in
these cases, one dipole belongs only to one group (the groups
are disjointed sets and there is no overlap between them),
while in the distance-based grouping, one dipole could belong
to various groups (overlapping between groups exists). In all
the above cases, the structure of groups is considered known
before the application of the algorithm.
2.4. Spatially Extended EEG Sources. In the above sections,
we have assumed that the EEG sources are focal in nature and
we examined their sparseness in the original EEG source
domain. However, EEG sources could be spatially extended in
cases such as in cognitive tasks or spontaneous states [3]. In
this subsection, we borrow one of the general ideas from the
Compress Sensing framework [30]. More speciﬁcally, we
assume that EEG sources, x, are sparse in another domain
which we call it ψ-domain. In our approach, the ψ-domain
could be the wavelet domain, Fourier domain, discrete cosine
domain, or any other linear transformation and it is represented by the matrix Ψ. The EEG sources, x, can be written as
x � Ψz,

(12)

where z is a vector that contains the coeﬃcients of EEG
sources in the ψ-domain and also this vector has sparse
nature due to the assumption of sources’ sparseness in the
ψ-domain. Now, the basic equation of our work (equation
(1)) can be written in the ψ-domain as
y � Hx + e
� HΨz + e

(13)

� Hψ z + e.
We can observe here that the original lead ﬁeld matrix
has been modiﬁed by the transformation matrix Ψ,
Hψ � HΨ. Using one of the previous algorithms (or any
other sparsity induced algorithm), we can ﬁnd the coeﬃcients z, and ﬁnally, the EEG sources can be obtained by
using equation (12).
The choice of ψ-domain (which is reﬂected in the
structure of matrix Ψ) is crucial for the properties of
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original EEG sources, x. Also, this choice must incorporate some prior knowledge about the original EEG
sources. Observe here that the EEG sources are positioned
on a grid in 3D space; hence, direct use of wavelet
transform or Fourier transform is not an easy task.
Furthermore, interpretation of the results from a neurophysiological viewpoint is more diﬃcult. Since our goal
is to ﬁnd spatially extended EEG sources, we adopt a local
spatial smoothing kernel [16]. More speciﬁcally, for i-th
EEG source, we deﬁne
⎨ 1,
⎧
ψ ij � ⎩
exp−r · d2ij ,

if i � j,
if i ≠ j,

(14)

where dij , i � 1, . . . , N, j � 1, . . . , N is the spatial distance
between the i-th and j-th EEG sources, while r is a parameter
that controls the extension of spatial smoothness between
individual EEG sources. In our work, the parameter r is
assumed to be known; however, we can estimate it by using a
cross-validation approach or methods based on multiple
kernel learning [31, 32]. Looking at equation (12), we can
verify that the original EEG sources are spatially extended
due to Ψz and the properties of the vector z (sparsity) and
the matrix Ψ (spatially extended).
Concluding this section, we want to mention that
three approaches, using the Bayesian framework, are
provided. The ﬁrst approach (we call it Fan) is described in
Section 2.1 and it presents the backbone of our overall
methodology. This method is suitable for ﬁnding focal
EEG sources due to its sparse properties. The second
approach (we call it FanGr) is an extension of Fan approach. The main characteristic of this method is that now
we can deﬁne groups over EEG sources. Finally, the third
approach (we call it FanSmooth) is similar to the ﬁrst
approach but with one critical diﬀerence in the lead ﬁeld
matrix. In this last approach, we use a modiﬁed lead ﬁeld
matrix using ideas from CS framework.

3. Experiments and Results
In this section, we present our experiments with the corresponding results using synthetic EEG data and real EEG
data from three EEG experiments. The real EEG data are
produced due to the presentation of auditory and visual
stimulus on the participants. In all our experiments, we have
used the FieldTrip toolbox [33] to preprocess the EEG data
and to construct the lead ﬁeld matrices. In our study, we
adopted two approaches for the construction of lead ﬁeld
matrices, the cortical-based approach, and the volumetricbased approach.
3.1. Experiments Using Synthetic EEG Data. Synthetic data
with few pointwise source activations (see equation (1)) were
generated using realistic head models with electrodes placed
according to the 10–10 international system of electrode
placement. In our study, we investigate two cases of, with
respect to the number of channels, 128 channels and 256
channels.

3.1.1. Activations. In our work, we investigated two diﬀerent
kinds of activations: (1) single dipole activations, and (2)
multiple dipole activations. The ﬁrst case represents a situation where one dipole is activated among many, and the
second case represents a situation where many dipoles
(possibly distant) are activated. The amplitudes of active
EEG sources were samples from a Gaussian distribution with
zero mean and variance one. Finally, with respect to EEG
measurements, we examine two cases: noise-free measurements and noisy measurements. In noisy measurements, we
added white Gaussian noise and the signal-to-noise ratio
(SNR) was deﬁned to 60 dB.
3.1.2. Lead Field Matrix. With respect to the lead ﬁeld
matrix, we examined two cases for its construction: the
cortical-based case and the volumetric-based case. Cortical
based: in this case, the dipoles are placed on a spatial grid
covering the cortical surface. The positions and orientations
of dipoles are ﬁxed. In addition, orientations are normals to
the cortical surface [13, 24]. Finally, from the perspective of
neurophysiology, the source space is the cortex (i.e., we
assume that the observed electrical activity is produced by a
speciﬁc brain structure). The number of dipoles was 5124;
hence, the resulting lead ﬁeld matrix is H ∈ R128×5124 or
H ∈ R256×5124 . Volumetric (or grid) based: in this case, the
dipoles are placed on a spatial grid covering the entire brain.
Also, the positions of dipoles are ﬁxed but the orientations
are free. In addition, the source space includes the cortex,
subcortical structures, and the cerebellum. The grid resolution was set to 1 cm resulting in 2020 dipoles; hence, the
resulting lead ﬁeld matrix is H ∈ R128×6060 or H ∈ R256×6060 .
Overall, in this set of experiments, we examine conﬁgurations of inverse EEG problems with respect to the number of
channels, the type of lead ﬁeld matrix, the presence (or not)
of noise, and the type of activations. Each conﬁguration is
repeated 50 times in order to obtain averaged results with
respect to the performance of each method.
3.1.3. Performance Measures. In order to evaluate the performance of an algorithm, we adopt the following measures.
Reconstruction error: we use the reconstruction error between the true EEG sources, xtrue , and the estimated EEG
sources, xest , given by ‖xest − xtrue ‖22 /‖xtrue ‖22 . This measure
will determine whether the algorithm recovers the source
energy. Localization error [20]: we use the Euclidean distance between the simulated source and the maximum of the
estimated activity within the sphere neighboring the simulated source. This measure will determine whether the
algorithm is able to ﬁnd the point of the simulated source. In
our study, the neighbor was set to 25 mm [20]. A′ metric
[16]: this metric is computed as A′ � ((HR − FR )/2) + (1/2),
where HR is the hit rate and FR is the false positive rate. This
measure estimates the area under the Receiver Operator
Characteristic (ROC) curve and it is related to the detection
accuracy of the algorithm (if the area under the ROC is large,
then the hit rate is high compared to the false positive rate).
In order to deﬁne the hit rates, we follow a similar procedure
to that of [16], where we included in the calculation of hit
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Figure 1: Obtained performance measures in the case of cortical-based lead ﬁeld matrix.

rates voxels that are at least 0.1% of the maximum activation
of the localization result. Finally, we compared our methods
with the following approaches: (a) the Minimum Norm
Estimator (MNE) [4, 6], a classical approach for the EEG
inverse problem, (b) the Relevance Vector Machines using
the VB approach (RVM-VB) [28], and (c) the plain
Champagne (Champ) [4, 12] using the available code from
the NUTMEG toolbox [34].
3.1.4. Results on Synthetic EEG Data. In Figure 1, we provide
the obtained results when a cortical-based lead ﬁeld matrix is
used with respect to all performance measures. The results
are shown with respect to the measures, the number of active
EEG sources, the number of channels, and the presence (or
not) of noise. We can see that the proposed approach
presents the best performance compared to other methods.
More speciﬁcally, the proposed method presents the smallest
reconstruction and location error and the highest value for
A′ metric. This is observed in all cases irrespective of the
number of active EEG sources or the number of channels or
to the presence of noise. Additionally, in Figure 2, we present
the obtained results when the volumetric-based lead ﬁeld
matrix is used. In this set of experiments, we use, also, the
group version of our method since one dipole can be

considered as a group of three elementary dipoles (one for
each of three spatial dimensions). We observe that both
versions of our approach present better performance (in
terms of reconstruction error, location error, and A′ metric)
than the other methods. Also, we can see that, for the
majority of activation proﬁles, the adoption of grouping
structures increases the performance of our analysis, especially when we have multiple activations. Clearly, the proposed approach is able to reconstruct more accurately the
spatial pattern of EEG sources without introducing error in
the location of EEG source(s) resulting in high detection
accuracy.
3.2. Experiments Using Real EEG Data. In this section, we
provide our results from experiments using real EEG data
from three EEG datasets. The EEG experiments were
designed to study brain responses with respect to auditory
and visual stimuli. Furthermore, in this section, we include
in our analysis the FanSmooth (r � 0.05) method. The value
for spatial smoothness r has been determined after the
empirical evaluation of obtained brain maps.
3.2.1. Experiments Using Auditory EEG Data. In this section,
we perform experiments using EEG data that corresponds to
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Figure 2: Obtained performance measures in the case of volumetric-based lead ﬁeld matrix.

an auditory oddball paradigm and they can be downloaded
from the homepage of the FieldTrip toolbox2. The raw EEG
data consist in 600 trials. The duration of each trial was
2 secs, 1sec of EEG data preceding the acoustic stimulus, and
1sec of EEG data following the stimulus. The EEG activity
was recorded using 128 channels at 1000 Hz. The EEG trials
were band-pass ﬁltered at 1–40 Hz and downsampled at
250 Hz. A realistic head model was used based on cortical
surface approach. The number of dipoles was 5124; hence,
the resulting lead ﬁeld matrix is H ∈ R128×5124 . ERPs were
formed by averaging over all trials. In this experiment, brain
sources are detected by algorithms for the time point that
corresponds to the peak of the electrical activity in the
frontal-central scalp in the time range between 100 ms and
200 ms.
The estimated brain activity using the aforementioned
methods is shown in Figure 3. The Fan, FanSmooth, RVMVB, and Champ methods present activations in the temporal
lobe, as expected in auditory experiments. However, the Fan,
the FanSmooth, and the Champ methods provide activations
on both hemispheres of the temporal lobe, while the RVMVB method provides activations only to the right temporal

lobe. The MNE method does not show activation in the
temporal lobe. In addition to the above, we observe that all
methods, besides Champ, present activations in the right
frontal lobe. This type of activation is not unusual in auditory
experiments, especially when deviant tones are involved
[35, 36].
3.2.2. Experiments Using Visual (Facial) Evoked Potentials
EEG Data. The EEG data used in this section is part of the
Multimodal Face Dataset available in the SPM software 3.
This dataset was acquired from a face perception study in
which the subject had to judge the symmetry of a mixed set
of faces and scrambled faces. More details about the dataset
can be found in [37]. The EEG acquisition system was a 128channel ActiveTwo Biosemi system with a sampling frequency equal to 2048 Hz. The data were downsampled to
256 Hz, and after artifact rejection, the 309 epochs were
averaged and low-pass ﬁltered at 20 Hz. A realistic head
model was used based on cortical surface approach. The
number of dipoles was 5124; hence, the resulting lead ﬁeld
matrix is H ∈ R128×5124 .
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(a)

(a)

(b)

(b)

(c)
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(d)

(d)

(e)

(e)

Figure 3: Brain maps showing EEG sources in the case of auditory
EEG data. (a) Fan. (b) Fan smooth. (c) MNE. (d) RVM-VB. (e)
Champ.

Figure 4: Brain maps showing EEG sources in the case of Visual
(Faces) EEG data. (a) Fan. (b) Fan smooth. (c) MNE. (d) RVM-VB.
(e) Champ.

The estimated activities from all methods are shown in
Figure 4 (at 100 ms). Careful inspection of these images
reveals that all methods present their primary activations on
the occipital lobe as expected in this kind of experiment.
However, we can also observe substantial diﬀerences with respect to the type of activation. More speciﬁcally, the RVM-VB
and the Fan methods present the most compact activated area
compared to other methods. Additionally, the Fan, the FanSmooth, and the Champ methods present bilateral activation on
the occipital lobe, while the RVM-VB and the MNE methods
present activation only to the right occipital lobe. Furthermore,
the Fan and the MNE methods present secondary activations on
the frontal lobe. In addition to that, the MNE method presents
activations to the Supplementary Motor Area.

3.2.3. Experiments Using Steady-State Visual Evoked Potentials EEG Data. In this subsection, the EEG data corresponds to a Steady-State Visual Evoked Potentials (SSVEP)
Brain-Computer Interface (BCI) paradigm [38]. In this dataset,
40-target visual stimuli were presented on a 23.6 in LCD
monitor. Thirty-ﬁve healthy subjects with normal or correctedto-normal vision participated in this study. EEG data were
recorded with 64 electrodes according to an extended 10–20
system in order to record whole-head EEG. Data epochs were
extracted according to event triggers generated by the stimulus
program. All data epochs were downsampled to 250 Hz. The
EEG data have been band-pass (zero phases) ﬁltered from 4 Hz
to 90 Hz with an inﬁnite impulse response (IIR) ﬁlter (by using
the ﬁltﬁlt function in MATLAB). From this dataset for our
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Figure 6: Brain maps (projected on the cortical surface) showing
EEG sources in the case of Visual (Faces) EEG data when a volumetric-based lead ﬁeld matrix is used. (a) Fan. (b) FanGr. (c)
Champ.

(d)

(e)

Figure 5: Brain maps showing EEG sources in the case of SSVEP
EEG data. (a) Fan. (b) Fan smooth. (c) MNE. (d) RVM-VB. (e)
Champ.

analysis, we have used the EEG trials from the ﬁrst subject
which are corresponding to the ﬁrst target.
In this experiment, brain sources are detected by calculating the average scalp electrical activity between 1 sec
and 4 sec. The estimated brain activity for all algorithms is
shown in Figure 5. We can observe that all algorithms
provide activated areas in the left part of the occipital lobe. In
addition to that, the MNE methods provide also activations
on the right part of the occipital lobe. Furthermore, we can
observe activations on the frontal lobe from FanSmooth and
MNE methods, while the Fan and FanSmooth methods
provide an additional activation on the temporal lobe.
Concluding this section with real EEG data, it is worth
providing a qualitative comparison between the methods

and their properties. The Fan algorithm provides the most
compact activated areas compared to other methods due to
their inherent characteristic of sparseness. This observation
is justiﬁed by observing the results when real EEG data are
used as well as the “theoretical” implications of equation (3).
On the other side, the FanSmooth algorithm provides a
spatially extended activated area. Between these two extreme
cases lie the RVM-VB algorithm and the Champ algorithm.
However, this was expected due to the fact that (1) the RVMVB algorithm and the Champ algorithm use a similar prior
for EEG sources, which does not encourage sparsest solutions than our proposed prior, and (2) the basic version of
them cannot handle spatially extended sources.
3.2.4. Volumetric Lead Field Matrix. In this section, we
provide experiments using the Faces EEG data. However, we
have used a volumetric lead ﬁeld matrix where the dipoles
are placed on a spatial grid covering the entire brain. The
grid resolution was set to 1 cm resulting in 2020 dipoles;
hence, the resulting lead ﬁeld matrix is H ∈ R128×(3×2020) .
Our goal in these experiments is to explore the behavior of
our algorithms when groups of elementary dipoles are
present. We perform a comparison between FanGr, Fan, and
Champ algorithms. The FanGr algorithm is an extension of
Fan algorithm when we want to utilize groups of dipoles,
while we have used Champ algorithm as a baseline algorithm
for comparative purposes.
In Figure 6, we provide the estimated activity of the
aforementioned algorithms for the Faces EEG data. The
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preprocessing steps of EEG data are described in Section
3.2.2. We can observe that all algorithms provide activation
in the occipital lobe as expected. However, we can observe
diﬀerences in the pattern of activations. The activated area is
larger in the Champ algorithm, followed by Fan algorithm,
and, lastly, the FanGr algorithm provides the smallest activated area in the occipital lobe. We can, also, observe that
the strength of activation is stronger in the left part of the
occipital lobe for the FanGr and Champ algorithms, while
the Fan algorithm presents strong activations on both parts
of the occipital lobe. In addition to the above, we can observe
that the Champ algorithm provides a secondary activation in
the parietal lobe which cannot be justiﬁed by the type of
experiments and the results that we obtained by all other
algorithms and the two lead ﬁeld matrices; hence, we assume
that this activation is a spurious one. Concluding this section, we want to mention that both types of lead ﬁeld
matrices do not aﬀect considerably the obtained results,
irrelevant to the method that it was used to solve the inverse
EEG problem. However, this observation is also aﬀected by
the type of EEG experiment.

4. Conclusions
In this work, we proposed a new algorithm (and its gradual
extensions) to solve the EEG inverse problem. In this type of
inverse problems, crucial part has the regularization term. In
order to regularize the EEG inverse problem, we adopt the
Bayesian approach; hence, regularizations are incorporated
into the overall procedure in terms of prior distributions.
Furthermore, we proposed new sparse priors for the
modelling of EEG sources. The main contribution of these
priors is that now we are able to examine the notion of
sparseness in EEG source modelling, using structures of
groups. Additionally, the basic idea of CS framework was
used to provide us with modiﬁed lead ﬁeld matrices specialized in modelling spatially extended EEG sources. Under
the Bayesian formulation, the posterior distribution in our
problem was intractable and to ﬁgure out this problem, we
adopted the VB framework. The proposed Bayesian methods
have been tested using head models with diﬀerent geometries. The obtained results, using synthetic and real EEG data,
show the merits of our methods in the estimation of EEG
sources.
In the future, our research will be focused on accurate
modelling of the head’s properties and spatiotemporal extensions of our method with applications in the BCI domain
[39–41]. More speciﬁcally, we intend to combine head
models with diﬀerent head geometries and tissue conductivities by adopting the multikernel learning methodology.
The multikernel approach could lead us to the simultaneous
estimation of the extended (or composite) lead ﬁeld matrix
and the EEG sources in an iterative fashion. Furthermore,
spatiotemporal versions of our model based on the MMV
model [1, 2, 19] could be devised in order to study EEG
microstates [42] in BCI domain. In addition to the above,
borrowing ideas from image superresolution [43], we could
provide brain imaging techniques with increased spatial
resolution. Finally, the EEG source localization has close
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connections with CS theory [30, 44]. However, typical approaches on the construction of lead ﬁeld matrix do not
produce a sensing matrix with the two basic properties of CS
theory, the incoherence and the restricted isometry property.
It is important to investigate procedures that could provide
us with a lead ﬁeld matrix that possesses these two
properties.

Data Availability
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edu.cn/download.html.
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