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ABSTRACT In recent years, deep learning has found widespread applications in tasks such as segmentation
and classification. Fine-tuning hyperparameters is crucial to improve performance, with the learning rate
being a key parameter. Various methods, including adaptive learning rates, learning rate scheduling, and
cyclical learning rates, have been used to optimize learning rates. Cyclical learning rates offer significant
benefits with minimal computational cost, as seen in previous research. This study introduces a novel
approach to tuning the cyclical learning rate, which incorporates the exponential moving average. These
methods are applied to the BraTS 2021 dataset for segmentation tasks, resulting in superior performance
compared to the previous approach. Our proposed method reduces the epochs required to reach convergence
by 19 and 54 epochs for U-Net and Dense U-net, respectively. For Res U-net, the epoch needed to
convergence is 10 epochs more. However, the proposed method produces lower loss values with 0.707,
0.657, and 0.665 compared to the previous method with 0.712, 0.685, and 0.725 for U-net, Res U-net, and
Dense U-net, respectively.

INDEX TERMS 3D image data, deep learning, exponential moving average, information and
communication technology, learning rate, scientific research.

I. INTRODUCTION
Research on medical image has recently taken the hotspot.
Medical images are commonly found in the form of
Digital Imaging andCommunications inMedicine (DICOM).
However, for brain medical images, the image may be in
the form of Neuroimaging Informatics Technology Initiative
(NIfTI) images. Many tasks involving medical image have
been significantly performed in recent years [1], [2], [3], [4],
[5]. Tasks such as segmentation [6], [7], [8], classification [9],
[10], [11], [12], and reconstruction [13] have been performed
for the subject using both private and public datasets.

The associate editor coordinating the review of this manuscript and
approving it for publication was Vishal Srivastava.

Segmentation and classification tasks are done mostly
using deep learning with different architectures and modi-
fications [14], [15]. U-net is one of the most widely used
architectures in medical image processing [16], [17], [18].
Thus, modifications on the U-net architecture emerged such
as residual U-net (Res U-net) [19] and dense U-net [20]. One
of the most important elements when building a deep learning
model is the hyperparameters. The learning rate is considered
the most important hyperparameter to adjust when training
a deep learning model [21], [22], [23]. While setting the
learning rate too low will slowly try to set the deep learning
model to reach the most optimal result, setting the learning
rate too high is not an option, since the result will diverge
even after convergence.
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There are multiple learning rate optimization methods,
namely adaptive learning rates, time-based learning rate
schedule, step-based learning rate schedule, and cyclical
learning rate [24]. However, recent studies on learning rate
optimization work on adaptive learning rate [25], [26].
Although the adaptive learning rate is effective, it is compu-
tationally expensive when processing large 3D image data.
Moreover, the needs to optimize the initial learning rate using
grid search are both time consuming and computationally
expensive. Therefore, the alternative of adaptive learning
rates is the Cyclical Learning Rates (CLR).

CLR are better compared to other learning rate tuning
methods in terms of computational power and training results
[21]. CLR uses lower computational power compared to
the adaptive learning rate, yet still produces respectable
training outcomes. Other learning rate optimization schedul-
ing methods can vary the learning rate used while training
similarly to CLR. However, they need scheduling techniques
to determine when to reduce or increase the learning rate.
In addition, several training sessions are needed to determine
the schedule. This is not feasible while training data with
high memory consumption and computational power. CLR
reduces and increases the learning rate at set intervals and
shows near-optimal results in the classification task in a
previous study [21], [27].

Therefore, with the aforementioned benefit of the cyclical
learning rate, this study proposes a method to improve CLR.
The contributions of the study are the following:

1. This study introduces a methodology to establish the
optimal range of initial learning rates for CLR by combining
the learning rate test with the Exponential Moving Average
(EMA). This approach obviates the necessity of iterative
model training, such as grid searching, which is notorious for
its time-intensive nature. Grid search can take several months
to determine the optimal learning rate, since a single-model
training iteration typically takes approximately one to two
weeks.

2. This study also introduces a newmethod for the learning
rate test. Using the learning rate we obtained from each
training step of the epochs used for the learning rate test
instead of the learning rate when each epoch ends.

3. Using the proposed method on the deep learning
model for tumor segmentation using MICCAI Brain Tumor
Segmentation (BraTS) 2021 data.

BraTS has been one of the most widely used public
datasets with 1251 and 219 3D NIfTI images in the BraTS
2021 training and validation dataset, respectively [28], [29].
Tasks are divided into segmentation and classification with
an online validation system. Thus, the results of the model
can be uploaded and scored objectively. The 3D images in
the segmentation dataset are brain imaging with tumors in
4 different modalities for each patient. The modalities are
FLAIR, T1, T1 contrast-enhanced, and T2. Segmentation
ground truths are provided in the training dataset, while
in the validation dataset only the four brain modalities are
provided.

II. PREVIOUS STUDIES
Previous research on learning rate optimization uses different
approaches such as time-based learning rate schedule, step-
based learning rate schedule, adaptive learning rates, and
cyclical learning rate. The time-based learning rate schedule
reduces the learning rate over time based on the set decay
rate (d). Thus, it is a function with linear denominator [30] as
shown in (1).

ηn+1 =
ηn

1 + dn
(1)

where n is the number of iterations and ηn denotes the current
learning rate on the n iteration. Thus, using (1) the learning
rate will be reduced over time.

The step-based learning rate schedule is based on the
time-based learning rate schedule with some modifications.
However, the step-based learning rate schedule uses an
exponential function instead of a simple rational function.
The step-based learning rate schedule can be calculated
using (2).

ηn = η0dfloor(
1+n
r ) (2)

where n denotes the step, η0 shows the value of the initialized
learning rate, d is the decay rate, and r denoted the drop
rate [31].

Adaptive learning rates are based on changing the learning
rates in the optimization step. Adaptive learning rates such
as Adaptive Gradient (Adagrad) change the learning rate by
dividing the learning rate with the square of the gradient in
each step. Thus, resulting in a higher denominator as training
progresses [32].

Another method of adaptive learning rates is Root Mean
Square Propagation (RMSProp). This adaptive learning rate
divides the learning rate using the square root of the
exponential moving average of the gradient square. This
exponential moving average is also used in the most popular
adaptive learning rate method, Adaptive Moment Estimation
(Adam). Adam is based on the same update rule used in
Adagrad and the use of the exponential moving average of
RMSProp [33], [34].

Cyclical learning rates (CLR) aim to decrease and increase
the learning rate over time. This method may have a
short-term negative effect on the training process, shown by
the increase in the loss value. However, in the long term, it is
beneficial to make such a change in the learning rate as shown
in previous studies [21], [27]. Cyclical learning rates may
have different functional forms, such as triangular, parabolic,
sinusoidal, and trapezoidal.

What is interesting about the cyclical learning rate is that
we can set the maximum and minimum learning rates for
the CLR. Therefore, optimizing the maximum and minimum
bounds of the learning rate is crucial. Previous study [21]
shows that using the learning rate range test may provide
the model with the optimal learning rate range. This is done
by plotting the accuracy of the classification task and the
learning rate. However, the learning rate test can produce
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FIGURE 1. Flowchart of this research.

different graphs based on the datapoints used. These different
ranges can result in different accuracy results. This study will
examine how the learning rate range can be chosen.

The moving average and its variants have been used in
several tasks, such as forecasting and trend analyzing. The
simple moving average takes the average values of the given
period [35]. Resulting in datapoints which shows the trend
based on the time window used. A variant of a simple
moving average is the Exponential Moving Average (EMA).
The EMA has been used to calculate the trend of power
consumption [36]. The difference between both methods is
in the use of a time window for the simple moving average
and a smoothing value for the EMA. The EMA is better for
complex data as it responds to data trends more quickly.

III. METHODS
In this section we will explain our approach to segment the
BraTS 2021 dataset using the proposed method shown in
Figure 1.

A. PROPOSED METHOD
Our proposed method consists of the use of an improved
learning rate test and trends of the learning rate tests to
determine the lower and upper bounds of the CLR.

1) LEARNING RATE TEST
The learning rate test requires a training session with a
number of epochs equal to half the cycle length of the CLR.
To determine the cycle length, we used the method of the
previous study [21]. The starting learning rate range used is
0.0001 to 0.01. Therefore, the learning rate test result has a
wide range of learning rate that can be used. The difference
between our proposed method and the previous is the number
of datapoints used. In this study, we take the learning rate
of each training step within each epoch. Producing graphs
with more datapoints. The result of the learning rate test
is then used to determine the optimal learning rate for the
current architecture with the given dataset. The learning rate
tests using our proposed method produce graphs as shown in
Figure 2.

Figure 2 shows the results of the learning rate test for
3 different architectures. Figure 2 shows the learning rate
test of (a) U-Net, (b) Res U-net, and (c) Dense U-Net. The
learning rate tests were performed in 10 epochs while we
record the learning rate of each training step. From 2 we can
learn that each architecture has a different optimal learning
rate. Based on a previous study [21], the optimal learning
rate for the U-Net architecture based on the learning rate test
in Figure 2(a) would be 0.003 to 0.004 since the loss value
starts to decrease when the learning rate is 0.003, and starts
to increase when the learning rate is 0.004. However, using
a cyclical learning rate with small difference between the
lower and upper bounds might keep the gradient stuck at a
local minimum. Thus, instead of using the learning rate range
where the loss value starts to decrease for the lower bounds
and the learning rate where the loss starts to increase for the
upper bounds for each architecture, we propose a different
approach.

2) EXPONENTIAL MOVING AVERAGE
In this study, we used the trends of the learning rate
to determine the lower and upper bounds of the CLR.
To calculate the trends, we used the Exponential Moving
Average (EMA) as shown in (3).

yn = (1 − αn)yn−1 + αnx (3)

where:
an = learning rate at time n

x = smoothing value in range of 0 < x < 1

yn = EMA at time n

EMA calculates the short-term trends of the data. There-
fore, it is suitable for the learning rate test since the use
of a method that calculates long-term trends would make
the learning rate range test too long and require more
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FIGURE 2. Learning rate test of (a) U-Net; (b) Res U-Net; and (c) Dense U-Net.

computational power, which is contrary to the objective of
this study. With the trends of each set of data with the given
architecture, we select the learning rate range that decreases
the loss value the most throughout the training sessions.
Thus, it gives information on the most optimal learning rate
range for the whole dataset when it is trained using the given
architecture.

IV. RESULTS AND DISCUSSION
In this section we will discuss the results of the proposed
method with the methodology mentioned in the methods
section.

A. DATA PREPROCESSING
The data we used in this study is the BraTS 2021 dataset
with 1251 training data for segmentation tasks. We trained
the whole 3D image data of size 240 × 240 × 240. Since
BraTS data included in the dataset have 240 × 240 × 155,
only 155 voxels in the last dimension, we add zero padding
to the images for the last dimension. We divided the ground
truth into 4 segments. The number of segments is based on the
number of unique voxels in the ground truth. Each ground
truth provided by BraTS only has voxels values of 0, 1, 2,
and 4. These segments are comprised of background (BG)
with voxels value of 0, tumor core (TC) with voxels value
of 1, peritumoral edema (ED) with voxels value of 2, and
GD-enhancing tumor (ET) with voxels value of 4. This is
done to increase the precision of the segmentation while
training the model. Dividing the ground truth into 4 segments
can increase the precision of the segmentation results, since
each segment now consists of only 0 and 1 valued voxels.
Each architecture used ReLU for the activation function
of each layer and softmax for the activation function of
the last layer to produce 4 images as segments for the
segmentation result. Figure 3 shows the divided ground truth
images.

Figure 3 shows the divided ground truth image in four
segments. These four segments will be compared with
the segments produced by each deep learning architecture,
and the result will be calculated using the Dice Similarity
Coefficient (DSC).

FIGURE 3. BraTS 2021 ground truth images divided into 4 parts, (a), (b),
(c), (d), and the original ground truth shown in (e).

B. TRAINING SETUP
The training processes were carried out using a computer
utilizing a NVIDIA Quadro 8000 with 48 GB dedicated
memory for the GPU, 64 GB RAM and Intel I9 for the
processor. For the software, we are using Python 3.7.0 and
Tensorflow 2.7.0 with a custom training loop.

In this study, we used the triangular learning rate cycle as
the functional form for the CLR. The CLR step size is set
to 10 epochs with a cycle length of 20. The CLR step size
determines the number of epochs in which the learning rate
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FIGURE 4. Learning rate test result of (a) U-Net, (b) Res U-net, and (c) Dense U-Net architecture.

test is performed. We decayed the learning rate after each
cycle, as decayed cyclic learning rates show the best result
over the nondecayed cyclic learning rates in the previous
studies. The architecture used in this study is the U-Net
architecture and its modifications such as Res U-Net and
Dense U-Net with DSC as the loss function. However, the
memory required to train 3D image data with the mentioned
size is huge. Thus, to avoid memory exhaustion, a custom
training loop was created. The custom training loop loads
a batch of 4 images and divides it into 75:25 for training
and validation data for each training step in an epoch. Then,
another 4 images will be retrieved for the next training step
until all the data are trained in an epoch. We proposed an
improved learning rate test to optimize the learning rate used
for the model. We also set an early stop to the training if the
validation loss does not improve after 20 epochs.

C. LOSS FUNCTION
For this study, the loss function used is the Dice Similarity
Coefficient (DSC). However, since our deep learning net-
works produce 4 segments, the DSC of each segment is
calculated, and the total value of the DSC from all segments
is used as the loss value of the epoch. Equation (4) shows how
the DSC is calculated for each segment, while (5) shows how
the total DSC is calculated at the end of each epoch.

DSC =
2 × |X ∩ Y |

|X | + |Y |
(4)

DSCtotal = 4 − (dbg + dTC + dED + dET ) (5)

where, DSC denotes the DSC of a segment, while dtotal
denotes the total loss value. Based on DSCtotal , the loss value
of each training step will be summed and divided by the
number of training steps to obtain the total loss value of
the epoch. Based on (5), the maximum loss value is 4 and
the minimum is 0.

D. LEARNING RATE TEST RESULTS
Using our proposed method, we created the learning rate test
graphs and calculated the EMA of the learning rate test for
each architecture. The CLR will use the learning rate in the
range we set for a cycle, then decay the upper bounds for the
next cycle. However, for the learning rate test, we only train

the model for half of the cycle. The result of the learning rate
test used in our proposed method is shown in Figure 4.

Figure 4 shows the learning rate test for different
architecture results. The blue and orange lines indicate the
effect of the learning rate on the loss value and the loss value
EMAof the current learning rate test, respectively. The results
of the learning rate test and the loss value EMA of (a) U-Net,
(b) Res U-net, and (c) Dense U-Net show different start when
the loss value starts to decrease and increase. Based on the
results shown by the orange line in Figure 3 (a), the learning
rate range that is the most optimal is between 0.0035 where
the loss value starts to decrease and 0.0055 where the loss
value starts to increase. Figure 3 (b) shows 0.004 to 0.005 as
the most optimal. Figure 3 (c) shows that 0.0045 to 0.006 is
the most optimal. Thus, we can decide the learning rate range
of each architecture for the given dataset.

In Figure 4 (a), the orange line in the learning rate range of
0.0035 to 0.0055 shows that the trend of the loss value is still
decreasing or constant. The loss value is the lowest when the
learning rate is in the range of 0.004 and 0.005, then starts to
increase at the learning rate of 0.0055. On the other hand,
the previous study [21] performed the learning rate test to
determine the lower and upper bounds differently. Instead of
using the learning rate used in each training step, the previous
study takes the learning rate used in each epoch ends. Figure 5
shows how the previous research performed the learning rate
test.

Based on Figure 5, each architecture has a different optimal
learning rate range. In Figure 5 (a), the upper bound will be
set at 0.0055 as the loss value begins to increase at the given
learning rate, while the lower bound is set at about 0.0045.
Figure 5 (b) shows the most optimal learning rate range of
0.0065 to 0.0075, and Figure 5 (c) shows that the best range
is at 0.0095 to 0.01.

E. TRAINING RESULT
The time needed for each epoch of training of each model
is different. For each training step within each epoch, U-Net
needs about 14.20 seconds to 14.30 seconds, Res U-net
needs 14.40 to 14.50 seconds, and Dense U-Net needs
15.00 seconds on average. Thus, U-Net is the fastest for the
training time on each epoch. Figure 6 shows the training
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FIGURE 5. Learning rate tests of (a) U-Net, (b) Res U-Net, and (c) Dense U-Net using method used in previous study.

FIGURE 6. Loss graph of Res U-Net with (a) tuned using method on
previous research, and (b) tuned using proposed method.

loss result of the Res U-net architecture using (a) the method
used in the previous study and (b) tuned using the proposed
method. The final model of bothmethods starts to converge in
about 120 epochs. However, the proposed method produces a
lower loss value on the same epoch than the previous method
and improved after several epochs. Thus, indicating that the
proposed method is better and converges faster. The final
training loss for each architecture is shown in Table 1.

Table 1 shows that our proposed method is better during
model training. The loss value is in the range of 0 to 4. Both
the loss value and the DSC show that the proposed method
produces better results in the validation results during the
training process. The training time required for each model
to converge is shown in Table 2.

Table 2 shows that our proposed method can reach conver-
gence faster than the previous method except for Res U-Net.
All architectures that employ the proposed method attain
the optimal validation result of the previous method faster
and consistently exhibit superior performance, resulting in
improved validation results. Using the previous method, Res
U-Net produced the best loss value in the validation set
generated from the training dataset in 142 epochs. However,
by using our proposed approach, the architecture achieves
almost identical results, with a loss value of 0.6838005 over
125 epochs. Thereafter, it continues to improve and displays
the best results at 152 epochs. The Dense U-Net result shows
the most significant results. Since Dense U-Net requires
higher computational power due to the dense block used, the
training time of this architecture is generally slower than two
other architectures. Using our proposed method, the network
training time can be significantly faster. However, our method
produces better segmentation results and requires a shorter
training time based on the results on 2. Figure 7 shows the
segmentation result of the previous method and the proposed
method for the Res U-Net architecture.

Based on Figure 7, the result of the segmentation of the
proposed method shown in Figure 7 (b) and the result of
the previous method in Figure 7 (c) compared to the ground
truth shown in Figure 7 (a) shows only few differences.
Figure 8 shows the detailed results of the segmentation
difference.

Figure 8 shows how the results of the segmentation
overlapped each other. The orange line surrounds the area
in which all images in 7 show the most obvious difference
of the TC and ET segment, while red and turquoise show
the difference in the ED segment. Based on Figure 8, the
segmentation result produced by our proposed method is
more similar to ground truth compared to the previous study
in areas within the orange and turquoise line. However, the
previous study showed a better segmentation result in the area
surrounded by the red line.
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TABLE 1. Validation results during training process.

TABLE 2. Time performance result of the methods used.

TABLE 3. Online validation results.

FIGURE 7. Images of (a) ground truth, (b) segmentation result using proposed method, and (c) segmentation result using method in previous study using
Res U-Net architecture.

FIGURE 8. Overlapping parts of a segmentation result.

F. ONLINE VALIDATION RESULT
BraTS 2021 has a separate dataset that contains 219 sets of
data for the validation dataset. This dataset does not provide

the ground truth image. Instead, the segmentation result is
sent to a system to validate the model. The segmentation
result is divided into Enhancing Tumor (ET), Tumor Core
(TC), and Whole Tumor (WT). Table 3 shows the result of
the online validation system.

Based on Table 3, the proposed method has achieved better
results in several metrics. DSC of ET and TC of every
architecture that is using the proposed method is superior
to the previous method, except for the DSC of TC with the
U-Net architecture. However, the DSC of WT for the U-Net
architecture is best when the proposed method is used. The
sensitivity of the segmentation result tends to be similar to
that of the DSC of each segment. Therefore, resulting in
higher sensitivity compared to the other method when the
DSC of the given method is higher. Almost all architectures
produce high specificity.With the highest value of 0.9996 and
the lowest value of 0.9982. However, for the precision metric,
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our proposed method increases the result in almost every
architecture, except for the precision of WT with Res U-net
architecture. Based on the training result, the image produced
by architectures when using our proposed method might have
a lower DSC in the ED area but performed better when
segmenting the ET area. Therefore, the lower the DSC value
when segmenting the WT, since ED makes up the largest part
of the WT.

V. CONCLUSION
We proposed a new method to tune the learning rate of
deep learning models using CLR and EMA. EMA is used
to determine the trend of a set of data. Using the learning
rate trend toward the loss value, we were able to produce a
better result than in the previous study. Our proposed method
reduces the epochs required to reach convergence by 19 and
54 epochs for U-Net and Dense U-net, respectively. For
Res U-net, the epoch needed to convergence is 10 epochs
more. However, the proposed method produces lower loss
values with 0.707, 0.657, and 0.665 compared to the previous
method with 0.712, 0.685, and 0.725 for U-net, Res U-net,
and Dense U-net, respectively.

We used the method in a previous study to determine
the CLR cycle length. However, in our opinion the cycle
length set can be more suited if it was determined by the
architecture used. In our research, Dense U-net, as the most
computationally expensive and slowest to train, requires a
longer training time. Therefore, the learning rate is too low
even before reaching near the end of the training, resulting in
a longer training time. Hence, future work of this research can
tackle the problem mentioned in optimizing the cycle length
based on how computationally expensive the architecture is.
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