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Abstract

Precise recognition and classification of pathological features in medical imag-
ing are fundamental to the development of automated diagnostic systems and
computer-aided clinical decision-making. While Convolutional Neural Networks
(CNNs) utilizing standard activation functions such as ReLU, Leaky ReLU, and
ELU have demonstrated significant success, a critical research gap remains in
exploring alternative functions that can better capture the complex, non-linear
patterns inherent in medical imagery. In this work, we address this gap by propos-
ing a novel sinusoidal-based activation function named the Rectified Sine Unit
(RSU). The proposed RSU is evaluated across four diverse medical datasets:
Brain Cancer (MRI), Lung Cancer (CT), Colon Cancer (Histopathology), and
Breast Cancer. Experimental findings validated that CNN models integrated
with the proposed activation function consistently outperform or remain highly
competitive with the current state of the art. Specifically, RSU achieved a peak
accuracy of 85.31% in Brain Cancer classification (outperforming the ReLU-
based model at 83.00%), a near-perfect 99.55% in Lung Cancer (surpassing Leaky
ReLU’s 98.64%), and 97.88% in Breast Cancer (exceeding Leaky ReLU’s 97.27%).
In the Colon Cancer dataset, RSU demonstrated high robustness with a test



accuracy of 99.77%. These results demonstrate that the periodic nature of the
proposed activation function facilitates the exploitation of more intricate spatial
features, resulting in an enhanced understanding and feature extraction at deeper
network levels. This study contributes a compelling case for the adoption of new
activation functions to advance the search for efficient and reliable CNNs in the
field of automated medical diagnosis.

Keywords: image processing, convolutional neural network, activation function, relu,
leaky relu, elu, rectified sine unit, pathological feature

1 Introduction

CNNs represent a pivotal advancement in deep learning and serve as a fundamen-
tal pillar of computer vision. These architectures are designed to automatically learn
hierarchical feature representations from raw image data [1], enabling superior perfor-
mance in tasks such as object detection and recognition [2]. Unlike traditional machine
learning models that rely on handcrafted features, CNNs extract features directly from
data through multiple layers of convolutions, pooling, and nonlinear activations [3, 4].
Consequently, CNNs have become the dominant framework for complex image clas-
sification, particularly in automated medical diagnostics, where high-fidelity feature
extraction is essential for accurate and efficient pathological identification [5].

The fundamental performance gain in CNNs is introduced by activation functions,
since they provide non-linearity to the network [6, 7]. A CNN without activation func-
tions is equivalent to a linear model, and no matter how deep the architecture, it
would not be able to learn complex nonlinear patterns [8]. However, this can severely
restrict it in modeling complex data distributions and relationships, so it would per-
form poorly on more complicated tasks such as image classification, object detection,
or medical image analysis. Activation functions introduce non-linearity into the model
[9], allowing it to approximate a wide range of functions. This non-linearity allows
CNNs to capture and represent complex patterns in images, such as edges, textures,
and spatial or temporal structures [10]. It is important in applications where subtle
form changes, such as pathological features, must be flagged with precision.

Using something such as the ReLU activation function, which goes to zero when
the inputs are negative, and, in general, just outputs its input if positive [11-13].
This introduces non-linearity but also helps prevent vanishing gradient problems. This
happens when the gradients become so small during backpropagation that they slow
or stop the learning process [14, 15]. Given that this function helps ReLU keep larger
gradients, particularly in deeper networks, it has become the most popular activation
for many CNN architectures [16].

Thus, ReLUs and their derivatives, like Leaky ReLLU and Parametric ReLLUs, work
very well in many situations. Typically, the choice of activation function will have a
large performance impact on your CNN, especially if you are using it for specialized
tasks such as medical image analysis. Some functions, such as the sigmoid or hyperbolic
tangent (tanh), can be better choices in cases where a smoother gradient is needed



and also if the function range needs to be contained within a specific interval [17-19].
Choosing an appropriate activation function can help in faster convergence during
training, better accuracy of the model, and generalization to unseen data. Hence, it is
important to know the advantages and drawbacks of different activation functions to
develop CNNs suitable for general-purpose customized applications.

Under closer inspection, it also becomes clear that the RSU not only brings a
new activation function but also extra benefits for CNNs, particularly in fine-grained
feature extraction tasks such as medical image analysis. The proposed system is named
RSU because it combines the terms of rectification and sinusoidal transformation.
It takes any input data, performs a fixed centerpoint combination, and results in a
nonlinear unit exhibiting the characteristics of rectification and sinusoidality. Thus,
the RSU shows a cyclic behavior oscillating between 0 and 2. This makes it particularly
good for identifying patterns that have a cyclical or repetitive nature, just as in the
case of visual data.

By using this activation function, the workflow becomes fully differentiable, dealing
with common concerns, such as the vanishing gradient problem. It does not simply
produce zero, as in the case for ReLU, when inputs are negative, but due to its sine
nature, it keeps a non-zero gradient for all positive input values. Since it zeros out
negative values and the sin transformation is used for positive inputs, this will ensure
that small differences in input lead to large changes in output. This sensitivity to small
variations is particularly advantageous in tasks that require high precision, such as
medical diagnostics, where small differences in size or orientation are critical.

In addition, the periodicity of RSU naturally provides a kind of flexibility to learn
complex patterns. Manners, since the RSU can be beneficial for enabling our model to
learn both high-frequency and low-frequency features as a network traverses through
layers, which is important when you want to understand different abstraction lev-
els in images. It is highly beneficial for CNNs, especially for the hierarchical feature
extraction conducted by them. The RSU can capture these fine variations and sub-
tleties, making it a potential competitor to better CNN performance in specialized
applications, such as outperforming conventional activation functions from time to
time.

The gradient preservation property of the RSU also provides significant adaptabil-
ity to CNN architectures. Since the RSU can oscillate between different values, it can
dynamically tune feature responses within an image. This adaptability is particularly
advantageous when models must discern between highly similar visual patterns—for
instance, in medical diagnostics where subtle variations in cellular morphology, tissue
density, or tumor margins can determine the difference between a correct diagnosis and
a misclassification. Once integrated into the network, this periodic behavior ensures
that the model maintains high sensitivity to these pathological nuances, leading to
higher accuracy in tasks requiring fine-grained medical image analysis.

Additionally, as the RSU gently transitions between outputs, this reduces sud-
den extreme changes in gradients and helps to create more controlled and predictable
training dynamics. Such stability is useful for deep learning because small changes in
gradient behavior can propagate large differences in learned model performance. The



RSU maintains the gradient flow with consistency and continuity that effectively con-
trols the learning process overall, limiting erratic updates from occurring to destabilize
network functionalities. This not only makes the RSU a powerful tool for individual
task implementation but also an attractive candidate for any general-purpose CNN
architecture.

The RSU provides a testament to significant innovation and deployment of solu-
tions in deep learning. In contrast, with the advancement of CNNs into increasingly
complex and nuanced tasks, selecting a suitable activation function plays a great role
in determining performance and robustness. In this way, in addition to maintaining
gradient flow as a gated RNN does through time and facilitating the discovery of long-
term patterns, it introduces periodicity by design, with RSU being inherently regularly
recurrent over all input scales.

Additionally, the ability of RSU to maintain consistent gradient behavior within
different layers of a neural network leads to substantially more stable and predictable
training dynamics. This makes the RSU a better mechanism since it also helps remove
issues such as vanishing or exploding gradients, which hinder stable and faster learn-
ing. That makes it a great option not just for special tasks, but also for high-end
applications where the training process has to be trusted. The RSU is a good illus-
tration of making small targeted innovations to activation functions. This can achieve
large gains in neural network performance and this serves as an exemplar for the deep
learning world that it need not be just about pushing from architecture asymptotes.

2 Literature Review

In recent years, the integration of deep learning into medical oncology has fun-
damentally changed the paradigm of pathological identification and cancer classifi-
cation. Automated diagnostic systems, primarily powered by CNNs, have demon-
strated remarkable efficacy in deciphering intricate features within radiological and
histopathological images that are often imperceptible to the human eye. The follow-
ing literature review explores the current advances in automated cancer classification,
focusing on diverse imaging modalities such as Magnetic Resonance Imaging (MRI),
Computed Tomography (CT), and histopathological slides. By examining studies in
brain, lung, breast, and colon cancers, this review highlights the transition from tra-
ditional machine learning approaches to sophisticated neural architectures and the
exploration of novel optimization strategies designed to enhance diagnostic robustness
and learning efficiency.

The study in [20] introduced ”DeepNodule-Detect,” an ensemble-based deep learn-
ing framework designed to automate the detection of lung cancer from chest Computed
Tomography (CT) scans. The methodology utilizes a linear ensemble of three distinct
2D CNN architectures to enhance diagnostic confidence and reduce false positive rates.
To optimize performance on a relatively restricted dataset, researchers employed a
rigorous segmentation pipeline to isolate lung regions of interest (ROI) and applied
extensive data augmentation techniques, including horizontal and vertical flips, image
rotations, and oversampling of minority classes. The models were evaluated using the
publicly available IQ-OTH/NCCD dataset, which contains 1,097 CT scans categorized



into benign, malignant, and normal classes. Experimental results indicated that the
proposed ensemble achieved a high binary classification accuracy of 98.17% (cancer-
ous vs. non-cancerous) and a multi-class accuracy of 95.43% for the differentiation of
specific nodule types. Despite these robust performance metrics, the study is limited
by the small size of the dataset relative to massive global benchmarks and the inherent
"black-box” nature of the CNN architectures, which lack the clinical interpretabil-
ity required for seamless medical integration. Furthermore, the authors acknowledged
that the framework currently relies solely on CT imagery and does not yet incorporate
multi-modal clinical data, such as genomic markers or patient health records, which
could further refine diagnostic precision.

The researchers in [21] introduced an automated diagnosis system utilizing trans-
fer learning with EfficientNetV2-S as the backbone architecture, using pre-trained on
ImageNet. The model was fine-tuned to address the inherent class imbalance of med-
ical data while minimizing time consumption during training. The research utilized
the IQ-OTHNCCD lung computed tomography dataset for experimental verification
through a balanced data split and 5-fold stratified cross-validation. The proposed
model achieved an accuracy of 94.8% =+ 0.3%, significantly outperforming traditional
architectures such as ResNet-50 and VGG-16. However, the authors noted that the
manifesting symptoms of early-stage lung cancer remain subtle and difficult to detect,
and the system’s reliance on large-scale computational resources might hinder its
deployment in low-resource clinical settings.

The authors in [22] developed a deep learning-based model for the automatic clas-
sification of brain tumor types using a CNN integrated with a hard swish-based ReLLU
activation function. The methodology combines image normalization and Histogram
of Oriented Gradients (HOG) feature descriptors to extract edge and contour features
from raw MRI data. The model was evaluated in the T1-weighted contrast-enhanced
magnetic resonance image dataset, containing 3,064 slices in three tumor categories.
The proposed approach achieved a classification accuracy of 98.6%, demonstrating
improved learning speeds. A notable limitation of this research is the reliance on hand-
crafted feature descriptors like HOG, which may fail to capture the high-level abstract
representations that end-to-end deep learning models typically extract, potentially
leading to overfitting in larger, more complex datasets.

The study in [23] proposed a new self-organized operational neural network
(Self-ONN) for the precise classification of lung and colon cancer from histopatho-
logical images. The methodology substituted traditional multilayer perceptrons with
Self-MLP components to introduce non-linearity similar to human neurons while main-
taining a shallow architecture. The model was rigorously tested using the LC25000
dataset, which contains 25,000 images of lung and colon tissues in five categories.
The proposed Self-ONN achieved an exceptional accuracy of 99.74%, surpassing sev-
eral state-of-the-art pretrained models, including DenseNet201 and InceptionV3. A
significant weakness identified in this work is the exclusive focus on histopathologi-
cal imaging, neglecting other diagnostic biomarkers such as genomic information or
patient health records, which are essential for a holistic clinical diagnosis.

The authors in [24] investigated the synergistic effects of model integration by
hybridizing Inception V3 with a custom CNN and ResNet50 for the prediction of colon



cancer. The core methodology utilizes a novel concatenation strategy to leverage the
distinct feature recognition capabilities of different architectures, aiming to address
image quality variability. Evaluation was conducted on the LC25000 dataset, where
the integration of Inception V3-CNN yielded a test accuracy of 99.27%. Although
the study demonstrated substantial advances over standalone models, the researchers
observed that the increased architectural complexity of hybrid models could lead to
overfitting, particularly when the dataset size is finite. This suggests that the added
complexity does not always guaranty better generalization on unseen clinical samples.

The study in [25] evaluated five state-of-the-art CNN architectures—VGG19,
ResNet50, InceptionV3, MobileNetV2, and EfficientNet-B4—specifically for the clas-
sification of lung and colon cancers. The study utilized six different datasets derived
from the LC25000 benchmark through various data augmentation and standardization
techniques. The experimental results indicated that EfficientNet-B4 achieved the high-
est classification accuracy at 95.08%. Despite this high accuracy, the study revealed
a significant weakness: models showed relatively lower recall and precision in certain
cases, particularly when trying to distinguish between morphologically similar tissue
types such as adenocarcinoma and squamous cell carcinoma. This indicates a per-
sistent struggle with systematic bias in ambiguous image regions that high accuracy
alone cannot resolve.

The authors in [26] developed a modified LeNet CNN architecture for breast cancer
diagnosis, specifically using ultrasound images. The methodology involved replacing
the traditional ReLLU activation function with a corrected version to address the ”dying
ReLU” problem and incorporating batch normalization to enhance training stabil-
ity. The model was evaluated using the Kaggle Breast Ultrasound Images Dataset,
which contains 971 images categorized into normal, benign, and malignant classes.
The designed classifier produced an accuracy of 89.91%. A primary weakness of this
approach is the use of a small and relatively shallow architecture like LeNet, which,
despite the modifications, may lack the capacity to capture the highly complex and
abstract patterns found in more challenging medical imaging datasets compared to
modern, deeper architectures.

The researchers in [27] conducted a comprehensive systematic benchmark of nearly
30 state-of-the-art CNN and ViT architectures to evaluate their efficacy on ultrasound
(BUSI) and histological (BACH) datasets. The methodology used identical training
protocols, including transfer learning and advanced data augmentation, to ensure a
fair comparison. The results showed that EfficientNetV2-Small was most effective for
ultrasound images with 90.52% accuracy, while MViTv2-Base excelled in histologi-
cal images with 91.67% accuracy. The primary conclusion of the study was that the
suitability of the architecture is highly modality-dependent. However, a weakness of
the work is its reliance on public datasets that are relatively small and homogeneous,
which raises questions about how well these high-performance models would generalize
to the "real-world” heterogeneity found in different clinical settings and hardware.

In summary, the current body of research underscores a collective move toward
increasingly complex hybrid, ensemble, and transformer-based architectures to over-
come the inherent limitations of standard convolutional frameworks. Although sig-
nificant accuracy gains have been achieved across various types of cancer, several



recurring challenges persist, including the mitigation of problem vanishing gradients,
the requirement for large-scale annotated data, and the lack of model interpretabil-
ity in high-stakes clinical settings. Furthermore, reliance on standard, monotonic
activation functions has been identified as a potential bottleneck in capturing the
nuanced, oscillatory features essential for medical texture analysis. These findings
collectively emphasize the necessity for continued innovation in fundamental net-
work components—specifically in the development of alternative activation functions
and multi-modal fusion strategies—to ensure that automated diagnostic tools remain
resilient, efficient, and generalizable within real-world clinical environments.

3 RectifiedSineUnit (RSU)

In the realm of deep learning, the choice of activation function is crucial to the per-
formance of neural networks. Traditional activation functions, such as ReLU, sigmoid,
and tanh, have been widely used due to their simplicity and effectiveness. However,
each of these functions has limitations, particularly when it comes to addressing issues
such as vanishing or exploding gradients [28]. This paper introduces a new activation
function, expressed as in equation 1

f(z) = 2sin®(x) (1)

However, since the activation function does not accept negative input values, we
redefine it using a piecewise approach to ensure that for x < 0, the function outputs
0, while for = > 0, it follows the original formulation. This yields the equation 2, a
piecewise-defined function.

f(m){o if 2 <0 @

2sin?(z), ifx >0
Scaling coefficient 2 is strategically employed to ensure the RSU achieves a max-
imum output of 2.0, thus providing a broader dynamic range for feature activation
compared to conventional units bounded between 0 and 1; furthermore, this ensures
that the maximum derivative is sufficiently high to maintain robust gradient flow and
drive effective learning in the early convolutional layers.
Now we will formally prove that this custom activation function satisfies all the
necessary conditions, which means that it is a promising candidate to improve deep
learning models.

3.1 Non-linearity

For activation functions, non-linearity means that the function does not adhere to lin-
earity, additivity, and homogeneity [29]. Unlike traditional monotonic functions like
ReLU, RSU is non-monotonic, allowing it to capture high-frequency oscillatory fea-
tures in histopathological images that are otherwise smoothed out by linear units. To
prove that the RSU activation function is nonlinear, we will prove whether it satisfies
the properties of linear functions or not. A function f(z) is linear if it satisfies the
following conditions for all z and y, and for any scalar «:



o Additivity: f(z +y) = f(z) + f(v)
e Homogeneity: f(az) = af(z)

We will test these properties for f(x) = 2sin®(z).

3.1.1 Additivity
For f(x) = 2sin®(z), we need to check if f(x +y) = f(z) + f(y).

fla+y) =2sin*(z +y)
Using the trigonometric identity:

sin(z + y) = sin(x) cos(y) + cos(z) sin(y)
We get:

sin?(z +y) = (sin(z) cos(y) + cos(z) sin(y))?

Expanding this:

sin?(z + y) = sin®(x) cos?(y) + cos?(x) sin®(y) + 2sin(x) cos(x) sin(y) cos(y)

Thus:

flat+y) =2 [sinz(a:) cos®(y) + cos?(z) sin(y) + 2sin(z) cos(z) sin(y) cos(y)]
Compare this with:

fl@) + f(y) = 2sin*(z) + 2sin*(y)
Clearly:

flx+y) # f@) + f(y)

Thus, the function 2sin®(x) does not satisfy the additivity condition.

3.1.2 Homogeneity
For f(x) = 2sin®(z), we need to check if f(azx) = af(z).

f(az) = 2sin®(ax)

Compare this with:

af(x) = a-2sin*(x) = 2asin?(z)

In general:

sin?(ax) # asin’(x)



Thus:

flox) # af(x)

The function 2sin?(z) also does not satisfy the homogeneity condition. Thus, RSU
is nonlinear because it does not satisfy the properties of additivity and homogeneity
required for linear functions. This non-linearity allows the function to capture com-
plex patterns and relationships, which is advantageous in neural networks for learning
diverse data representations. Figure 1 shows the non-linearity of RSU.

RectifiedSineUnit (RSU)
2.00
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X

Fig. 1: Non-linear behavior of the RSU, illustrating its role in enabling the model to
learn complex patterns by mapping inputs to non-linear outputs

3.2 Bounded

In [29], researchers provide an overview of neural networks and emphasize why
bounded activation functions are crucial for maintaining training stability and pre-
venting issues such as the vanishing gradient problem.
To determine whether the RSU is output-bounded, we need to find the range of its
output values.

The sine function sin(z) has a range of:



—1 <sin(z) <1

Squaring this range:

0 <sin?(z) <1
The given activation function is 2sin?(z). To find the range of this function, we
multiply the range of sin2(x) by 2:

2 x0<2sin*(z) <2x1
Simplifying this:

0 < 2sin?(z) <2
The function 2sin?(x) is within the interval [0, 2]. Therefore, the function is output-

bounded because the output of the function always falls within this finite interval
regardless of the input z. Figure 1 shows the bounded interval [0,2] of the RSU.

3.3 Derivation

In [30], the author explains that a differentiable activation function is essential to
calculate gradients during backpropagation, allowing the network to learn from errors
and optimize its weights accordingly. To find the derivative of the function 2sin?(x)
with respect to z, follow these steps:

The given function is:

f(z) = 2sin®(x)

To differentiate 2sin?(z), apply the chain rule directly. We recognize that sin®(z)
is a composition of functions where g(z) = sin(x) and h(g) = g°.

The function can be written as:

f(z) =2 (sin(x))”
First, differentiate the outer function with respect to the inner function sin(z):

d . (sin(2))?] = .7d sin(z))?
T 2 G =2 et (sin(o))

Now, differentiate (sin(x))? with respect to sin(z):

—— [(sin(z))?] = 2sin(x
Ty ()] = 26in(2)

Thus:
d

mp - (sin(x))?] = 2 - 2sin(x) = 4sin(z)
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Multiply by the derivative of sin(x) with respect to x:

e [sin(z)] = cos(x)

Combine the results from the chain rule:

d . :
- [2510%(2)] = 4sin(z) - cos(x)

So the derivative of 2sin?(z) with respect to z is:

d .. ., .
%[2 sin®(x)] = 4sin(x) cos(x)

3.4 Convergence Analysis

In [31], the author explains that the activation functions should converge to ensure sta-
bility and efficiency during the training process. This property is crucial for enabling
neural networks to learn effectively from the data and achieve optimal performance.
The convergence of a deep learning model significantly depends on the choice of acti-
vation function, as it influences the gradient flow during backpropagation. So, we
introduce a custom activation function RSU as defined in equation 2. This activation
function, RSU, is smooth and non-linear, with the derivative given in equation 3.

f'(x) = 4sin(x) cos(x) = 2sin(27) (3)

Compared to the widely used activation functions such as ReLU, Leaky ReLU,
and ELU, our custom function maintains non-zero gradients across its entire domain,
which helps in overcoming the vanishing gradient and dead neuron problems that can
occur with ReLU-based functions.

ReLU’s zero gradients for negative inputs can lead to dead neurons, impeding
learning in certain network layers. Leaky ReLU and ELU attempt to alleviate this
issue by allowing small negative slopes, but they can still exhibit slow convergence,
especially in highly non-linear regions.

Figures 4, 3, 2, and 5 show the loss of training of the models using the activation
functions of RSU, ReLU, Leaky ReLLU, and ELU. It can be observed that the proposed
RSU activation function leads to faster convergence and lower final loss values. The
smooth nature of the gradient for RSU facilitates a more stable optimization process,
particularly in deeper networks, where traditional ReLLU-based functions can struggle
to propagate meaningful gradients.

The empirical results observed are aligned with theoretical expectations. Our cus-
tom activation function maintains non-zero gradients throughout, thus ensuring that
weight updates remain substantial across all regions of the input space. This con-
trasts with ReLLU’s tendency to stagnate for large negative inputs, as shown by its flat
derivative. Additionally, the periodic nature of the sine function introduces an oscilla-
tory component to the gradient, which may help the model explore the loss landscape
more effectively.
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Furthermore, validation loss curves show that models using 2sin®(z) generalize
better to unseen data, suggesting that the function helps to escape the local minima in
which ReLU, Leaky ReLU, and ELU may become trapped. The overall convergence is
faster and smoother, as seen by the steeper loss reduction in the early training epochs.

Brain Cancer: ‘Training Loss Comparison Lung Cancer: Training Loss Comparison

2 4 3 H 10 2 4 3 H 10
Epoch Epoch

Fig. 2: Brain Cancer Training Loss. Fig. 3: Lung Cancer Training Loss.

Colon Cancer: Training Loss Comparison Training Loss Comparison

2 1 13 H 10 2 4 13 H 10
Epoch Epoch

Fig. 4: Colon Cancer Training Loss. Fig. 5: Breast Cancer Training Loss.

3.5 Analysis of Vanishing Gradient

This study in [32] highlights the significant impact of different activation functions on
convergence and performance in deep learning models, specifically focusing on their
role in overcoming the problem of vanishing gradient.

The vanishing gradient problem is a long-standing issue when successfully training
deep neural networks, in which gradients become very small as they are pushed further
back through the network during training. This issue can significantly impede the
learning process, or even completely halt the ability of the network to effectively update
its weights, especially in early layers.

In order to determine whether the vanishing gradient problem affects our custom
RSU activation function, we monitored the gradient magnitudes in the first convolu-
tional layer throughout the training process. Figure 6 illustrates the evolution of these
gradients, from which several key observations can be made:

High-Magnitude Initial Phase: During the early training steps (approximately
0 to 500), the gradients exhibit high volatility and peak magnitudes (reaching up to

12



0.030). This indicates a vigorous initial weight adjustment phase, common when a
model begins learning from a random initialization.

Controlled Gradient Decay: As the model converges (from step 1000 onward),
the average gradient magnitude naturally decreases. However, unlike the vanishing
gradient problem, where signals drop to near-zero levels prematurely, the RSU gradi-
ents maintain a healthy, non-zero baseline. Even in the final stages of training, frequent
spikes in magnitude are observed, suggesting that the ”sine-based” nature of RSU
keeps the neurons active and responsive.

Absence of Vanishing Gradients: The primary evidence for the robustness
of RSU is that the magnitudes of gradients remain within a functional range (10~3
to 1072) throughout the duration of training. The signal continues to flow back to
the lower-level layers, ensuring that feature extraction remains dynamic and that the
network does not suffer from ”dead” neurons.

The sustained activity shown in Figure 6 confirms that the RSU activation func-
tion effectively mitigates the problem of vanishing gradient. The RSU maintains a
gradient magnitude in the 1072-1072 range, corresponding to a “Goldilocks zone”
that avoids both gradient explosion and vanishing. By providing a stable gradient flow,
RSU enables the network to learn intricate medical features more effectively across
all layers, leading to superior classification performance and stable convergence, as
observed in our experimental results.

Gradient Magnitude Over Epochs (First Layer) - RSU

0.030 -

0.025 -

0.020 -

0.015 -

0.010 -

Average Gradient Magnitude

0.005 -

0.000 -

0 500 1000 1500 2000
Training Steps

Fig. 6: Training step-wise gradient magnitudes for the RSU (breast cancer dataset).
The non-zero baseline and frequent spikes indicate robust backpropagation and resis-
tance to vanishing gradients.
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3.6 Periodicity

In their study [33], the authors investigate the potential of oscillating activation func-
tions to enhance performance in deep learning models, offering valuable insights into
their application and effectiveness in various architectures.
To explain mathematically how a periodic activation function limits the model’s
expressiveness, we can analyze its output range and the implications for function
approximation in machine learning.

1. Output Range: The function 2sin?(z) oscillates between 0 and 2. This can be
expressed mathematically as:

0 < 2sin*(z) <2

This means that regardless of the input x, the output of the activation function is
limited to the interval [0, 2].

2. Limitation on Function Approximation: In machine learning, the ability of a
model to approximate functions is often related to its expressiveness. A model that
can produce a wide range of outputs can fit more complex functions. However, since
2sin?(z) is bounded, it restricts the model’s capacity to learn and represent output
outside this range.

3. Impact on High-Frequency Patterns: High-frequency patterns in the data often
correspond to rapid changes in output values. Because 2 sin? (z) is periodic and oscil-
latory, it cannot effectively capture these rapid changes. Mathematically, if a target
function f(x) has high-frequency components, the model defined by:

m
Smodel (z;0) = Z w; - 2sin? (al-Tx +b;)
i=1

Will struggle to approximate f(x) if f(z) takes values outside the range [0,2] or
exhibits rapid oscillations that exceed the periodic nature of 2sin?(z).

4. Generalization: Limiting the model’s expressiveness helps in preventing overfit-
ting. A model that can only produce outputs within a certain range is less likely to
memorize the noise in the training data, thus improving its ability to generalize to
unseen data.

3.7 Regularization

Periodic activation functions can introduce a form of regularization in CNNs by
establishing connections to stationary Gaussian process priors. In [34], these periodic
functions improve the robustness and performance of the model, particularly in deep
layers, by using inductive biases that mitigate overfitting and improve generalization
capabilities.

A function f(x) is periodic if there exists a positive constant T' such that:

fla+T) = f(z)
for all z. The smallest positive T that satifies this condition is called the period of

f(@).
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In machine learning, regularization is often introduced to the optimization problem
to prevent overfitting. A common form of regularization is the addition of a penalty
term to the loss function:

min{L(0) + AR(0)}

where L(6) is the original loss function, R(#) is the regularization term, and A is
the regularization parameter.

Consider a neural network with periodic activation function o (x), such as 2sin’(x).
The output of the network can be written as:

0) = Z wio(al x + b;)
i=1

where 0 = {w;, a;, b;}, are the parameters of the network.
Since o(x) is periodic, we have:

o(lx+T)=o(x)
for all z, where T is the period of o(x). This means that:

fla+T;0) = Zwl Tx+1T)+b) sz (aTz +b;) = f(z;0)

In other words, the output of the network is also periodic with the same period T'
as the activation function.
Now, consider the optimization problem:

mmZZ (x:0),9;)

where ¢ is a loss function, (x;, yj) are training examples, and n is the number of
training examples.

Since f(x;60) is periodic, it can be shown that the optimization problem is
equivalent to:

ngn;é(f(xj;f)),yj) +A; Jwi|
Jj= =

where A is a constant that depends on the period T and the number of training
examples n.

This shows that the periodic nature of the activation function automatically
introduces a form of regularization, similar to L1 regularization, into the optimiza-
tion problem. The magnitude of regularization is controlled by the period T' of the
activation function.

In summary, the periodic nature of an activation function like 2sin®(x) automat-
ically introduces a form of regularization into the optimization problem, which can
help prevent overfitting and improve generalization.
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4 Methodology

The methodology proposed in this work focuses on the classification of various medi-
cal pathologies using a CNN architecture. Unlike traditional approaches that rely on
standard activation functions, this study introduces and evaluates a custom activation
function named the RSU. The RSU is designed to combine the half-rectified nature of
classical units (such as ReLU) with the oscillatory properties of sinusoidal functions,
in order to enhance feature extraction and gradient flow in complex medical images.

To validate the robustness of the RSU, we implemented a standardized CNN archi-
tecture consisting of multiple convolutional layers, pooling layers, and fully connected
dense layers. For each experiment, the RSU systematically replaced the standard
activation functions (ReLU, Leaky ReLU, and ELU), to perform a comparative per-
formance analysis. The evaluation was conducted in four distinct medical domains:
Brain Cancer, Lung Cancer, Colon Cancer, and Breast Cancer, ensuring a compre-
hensive evaluation of the effectiveness of the proposed activation function in clinical
diagnostics.

4.1 Dataset Description

A critical component of this research is the use of four distinct medical datasets to
ensure the generalizability of the RSU activation function. These datasets represent
various imaging modalities and pathological conditions.

The datasets were pre-processed by resizing images to a uniform 64 x 64 pixel
dimension and normalizing pixel intensities to a range of [0, 1] to facilitate faster con-
vergence. For the Brain, Lung, and Breast cancer datasets, an 80/20 stratified split was
utilized for training and validation. For the Colon cancer dataset, a dedicated three-
way split (Train, Validation, and Test) was used according to standard benchmarking
protocols.

The detailed distribution of the datasets, including the specific classes and image
counts, is summarized in Table 1.

Table 1: Summary of Medical Datasets Used for Evaluating RSU Performance

Dataset Classes | Class Labels Total Images | Split (Tr/Val/Ts)
Brain Cancer [35] 3 Glioma, Meningioma, Tumor 6,056 4,845 /1,211 / -
Lung Cancer [36] 3 Benign, Normal, Malignant 1,097 878 /219 / -
Colon Cancer [37] 2 Non-Cancer, Cancer 11,340 7,937 /1,701 / 1,702
Breast Cancer [38] 2 Non-Cancer, Cancer 9,689 7,751 / 1,938 / -

Once the data was prepared, the CNN models were constructed from scratch for
each activation function. This allowed a controlled environment to isolate the impact
of the activation function on the model’s ability to learn intricate pathological features
such as tissue density, cellular irregularity, and tumor margins.
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4.2 Model Architecture

The CNN architecture designed for this study is optimized to process medical images
with an input resolution of 64 x 64 pixels and three color channels (RGB). The detailed
structural summary, specifically configured for the 3-class classification required for
the Brain Cancer dataset, is provided in Table 2.

The architecture begins with a convolutional layer comprising 128 filters with a
3 x 3 kernel and a padding of 1 to maintain spatial dimensions. This layer generates
3,584 trainable parameters. Immediately following this is the experimental activation
layer (RSU) and a 2 x 2 Max-Pooling operation, which downsamples the feature map
to a 32 x 32 resolution.

The second stage utilizes another convolutional layer with 64 filters of size 3 x 3,
resulting in 73,792 parameters. After a subsequent activation and the Max-Pooling
phase 2 x 2, the spatial dimensions are reduced to 16 x 16. The resulting feature maps
are then transformed into a one-dimensional vector via a Flattening layer, producing
16,384 nodes.

The classifier portion of the network consists of a fully connected (Linear) layer
with 128 neurons, which accounts for the majority of the model’s complexity with
2,097,280 parameters. Following a final activation, the output layer maps these features
to the target classes (3 for Brain and Lung Cancer; 2 for Colon and Breast Cancer).
As shown in Table 2, the total number of trainable parameters is 2,175,043, which
represents a balance between the model capacity to learn intricate medical textures
and computational efficiency.

Table 2: Detailed CNN Model Summary illustrating the architectural
configuration and parameter distribution for a 64 x 64 x 3 input.

Layer (type) Output Shape Kernel/Stride Param #
Conv2d-1 [1, 128, 64, 64] 3 x 3, Pad 1 3,584
RSU / Activation [-1, 128, 64, 64] - 0
MaxPool2d-3 [1,128,32,32] 2 x2 0
Conv2d-4 [1,64,32,32] 3 x 3, Pad1l 73,792
RSU / Activation [-1, 64, 32, 32] - 0
MaxPool2d-6 [1, 64, 16, 16] 2 x 2 0
Flatten-7 [-1, 16384] - 0
Linear-8 (Dense) [-1, 128] - 2,097,280
RSU / Activation  [-1, 128] _ 0
Linear-10 (Output)*  [-1, 3] - 387
Total Params: 2,175,043 Size (MB): 18.60

*Qutput layer parameters calculated for 3-class classification (Brain
Cancer). For binary classification datasets (Colon/Breast), the output
layer consists of 258 parameters.

The consistency of this architecture across all experiments ensures that perfor-
mance variations are exclusively due to the unique mathematical properties of the
activation functions.
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4.3 Evaluation Metrics and Training Dynamics

To evaluate the efficacy of the proposed RSU activation function against standard
benchmarks, we analyze the training dynamics and generalization performance over
10 epochs. Convergence is assessed by monitoring the minimization of the categorical
cross-entropy loss and the corresponding gain in validation accuracy. The loss curves
are specifically scrutinized for fluctuations; stable, monotonic decreases in loss indicate
robust gradient flow, while high volatility may suggest optimization instability.
Furthermore, given the critical nature of the medical diagnosis, accuracy alone
is insufficient for a comprehensive evaluation. Therefore, we employ a suite of per-
formance metrics, including Precision, Recall, and the Fl-score, calculated on the
macro-average to ensure fair representation across all pathological classes. These met-
rics provide insight into the model’s sensitivity (Recall) and specificity, which are
paramount in clinical settings to minimize false negatives and false positives. Finally,
we record the total execution time for each activation function to assess the trade-off
between computational efficiency and classification performance. This multi-faceted
evaluation framework allows for a rigorous comparison of how each activation function
influences the network’s ability to extract complex features from medical imagery.

4.3.1 Loss Function: Categorical Cross-Entropy

In this work, we use the categorical cross-entropy loss function, which is widely applied
in multi-class classification problems. Equation 4 shows the mathematical notation of
the categorical cross-entropy loss function.

N
Ly, §) =— Z@h log(9:) (4)
i=1

where y; is the true label (one-hot encoded), g; is the predicted probability for class
i, and N is the total number of classes. The categorical cross-entropy measures the
dissimilarity between the true labels and the predicted probabilities, and the objective
of the model is to minimize this loss function.

4.3.2 Optimizer: Adam

To optimize the model’s parameters, we employ the Adam optimizer, which is an
adaptive learning rate optimization algorithm. Adam combines the advantages of two
other popular optimization methods: AdaGrad and RMSProp. It computes adaptive
learning rates for each parameter using estimates of the first and second moments of
the gradients.

The update rule for Adam is defined mathematically by the equation 5.

O[mt

0 = 0;_1 — m
t

Where:

® (), are the parameters at step t,
® ( is the learning rate,
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® 7, is the bias-corrected first-moment estimate (moving average of the gradient),

® ¢, is the bias-corrected second-moment estimate (moving average of the squared
gradient),

® ¢ is a small constant to prevent division by zero.

The first and second-moment estimates are computed by equation 6 and equation
7.

me = Pimg—1 + (1 — B1)ge (6)
vy = Povy_1 + (1 — 52)9:&2 (7)

Where ¢; is the gradient at time step ¢, and 81 and Py are the decay rates for
the first and second-moment estimates, respectively. The bias-corrected estimates are
defined by equation 8 and equation 9.

S 1-4

Ut

(®)
9)

The Adam optimizer is known for its computational efficiency and ability to handle
non-stationary objectives, making it a popular choice for deep learning models.

4.4 Activation Functions

In this section, we investigate the different activation functions to find out how they
impact performance. In this experiment, the following activation functions are evalu-
ated: ReLU, Leaky ReLLU, ELU, and the proposed activation function RSU, which we
have introduced for the purpose of serving as a comparison. Each activation function
has distinct properties, and those can influence key parameters such as convergence
speed, stability, or even model accuracy. We compare continuous representation with
one-hot-based methods and analyze how effectively each function improves model
training and performance.

4.4.1 Rectified Linear Unit (ReLU)

ReLU is one of the commonly used activation functions in deep learning because it has
a simple rectification compared to an exact solve function. ReLU is the best technique
that provides non-linearity to the model and also keeps it computationally efficient.
The mathematical formula of ReLU is defined by the equation 10.

ReLU(x) = max(0, z) (10)

Equation 11 shows the derivative
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Activation Functions
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Fig. 7: Graphical comparison of the RSU, ReLLU, Leaky ReL.U, and ELU

1
ReLU/(z) = 4 L 12 >0
0 ifz<0

Where x is the input used for the activation function. This function simply outputs
x if that is greater than zero, otherwise it is zero, as shown in Figure 7 (a). This
property allows ReLU to tackle the common problem of vanishing gradients that
occurs with sigmoid and tanh activation functions, making it possible to achieve faster
convergence and better results in deep neural network training. Also, as a simple
function in practice, it incurs very low computational overhead, which makes ReLLU
fit nicely into modern neural network architectures. Nevertheless, ReLU can still have
problems of ”dying”, in which some neurons become inactive and output zero for all
inputs during the early stages, or with a bad initialization.

(11)

4.4.2 Exponential Linear Unit (ELU)

The Exponential Linear Unit (ELU), is an activation function that aims to accelerate
the learning of the network by avoiding the vanishing gradient problem. ELU is similar
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to ReLU but gives a smoother curve of negative inputs, so it actually produces more
robust predictions. ELU has a mathematical formula, which is defined in equation 12.

x ifx>0

f@) {04(6"‘c —-1) ifz<0 (12)
where « is a positive constant to control the saturation value as a function of negative
inputs, usually it is 1. If x is positive, the output will be linear, so it behaves like
ReLU. For negative inputs, the function eventually becomes a(e®* — 1), which helps
ELU prevent dead neurons and allows it to learn more complex patterns. In Figure 7
(b), the smooth gradient for the negative inputs supports the stability of learning to
approximate the sign terms faster.

4.4.3 Leaky Rectified Linear Unit (Leaky ReLU)

Leaky ReLU is an extension of the standard ReLU activation function designed to
address the issue of inactive neurons by allowing a small, non-zero gradient when the
input is negative. This modification helps to prevent neurons from becoming entirely
inactive. The mathematical formula for Leaky ReLU is given in equation 13.

T ifz>0

fz) = { (13)

ar ifz<0

Here « is a small positive constant, typically set to 0.01. This function outputs the
input « when it is positive, and ax when it is negative. As shown in Figure 7 (c), by
providing a small slope for negative inputs, Leaky ReLU ensures that gradients can
flow through the network even when neurons are not activated, which helps maintain
the learning process and improves the efficiency of model training.

4.4.4 RectifiedSineUnit (RSU)

The RSU 2sin?(z) is a custom activation function introduced in this work, designed to
combine the benefits of traditional rectified functions with the oscillatory properties of
trigonometric functions. The mathematical formulation of RSU is given in equation 2.

In deep learning, this function has multiple benefits. The use of the sine function
also introduces periodicity, which enables better model generalization over traditional
activation functions like ReLU, and does a much better job. Squaring of the sine
function ensures that the output is non-negative, as can be seen in Figure 7 (d), similar
to ReLLU, while providing a smoother transition near zero. This smooth behavior helps
to avoid the dying neurons problem of ReLU, while still enabling effective non-linear
learning.

Furthermore, due to its oscillatory property, RSU stabilizes the training and pre-
vents vanishing gradients over a large portion of the input range. This facilitates faster
convergence during training and helps the model learn more discriminative features.
However, as RSU is more complex than ReLU, it is still computationally efficient; It
can be utilized in today’s neural network architectures. RSU is a really good alterna-
tive to activation functions because it can handle common problems in the standard
activation function.
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In this study, we utilized four different medical imaging datasets—Brain Cancer,
Lung Cancer, Colon Cancer, and Breast Cancer—to train and evaluate our models.
The data was preprocessed by normalizing pixel intensities to a range [0, 1] and resizing
all images to a uniform 64 x 64 x 3 resolution to align with the input requirements of
the CNN architecture detailed in Table 2.

For evaluation, we assessed the models on unseen validation and test sets using a
comprehensive suite of metrics, including macro-averaged Accuracy, Precision, Recall,
and Fl-score. The inclusion of the Fl-score was particularly vital to ensure that the
models performed reliably across imbalanced pathological classes. The proposed RSU-
based CNN successfully achieved high classification scores in all medical domains,
demonstrating a superior ability to generalize to complex clinical textures and morpho-
logical variations compared to standard activation functions. These results validate the
robustness of our approach in high-stakes medical diagnostics, providing a solid foun-
dation for the deployment of alternative activation functions in automated healthcare
systems.

5 Results and Discussion

5.1 Accuracy and Convergence

In this study, the proposed CNN model was evaluated in four different medical imaging
modalities. As illustrated in the experimental logs, the RSU consistently demonstrated
superior or highly competitive accuracy compared to standard activation functions.

In the Brain Cancer dataset, the RSU-based model achieved a validation accuracy
of 85.31%, noticeably outperforming the best standard model (ReLU at 83.00%). For
the Lung Cancer dataset, RSU reached a near-perfect accuracy of 99.55%, surpassing
Leaky ReLU (98.64%) and significantly outperforming ELU (87.73%). Similar trends
were observed in the Breast Cancer dataset, where RSU achieved 97.88%, and the
Colon Cancer test set, where it maintained a robust 99.77% accuracy. Although ReLU
achieved the highest terminal accuracy for the Colon Cancer dataset, RSU demon-
strated more stable loss convergence in the early epochs, suggesting a lower sensitivity
to weight initialization as shown in Figure 4. These results, visualized in the cat-
egorical comparison tables, suggest that RSU possesses a unique ability to capture
high-frequency morphological features in medical textures that standard monotonic
functions may overlook.

The superiority of the RSU activation function is further evidenced by the vali-
dation accuracy trajectories shown in Figure 8. As observed in these learning curves,
the RSU model (indicated in blue) consistently maintains a higher accuracy baseline
from the early epochs and exhibits a more stable convergence path compared to the
fluctuating patterns seen in standard units like ReLU and Leaky ReLU.
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Fig. 8: Validation accuracy comparison across 10 epochs for the four medical datasets.
The RSU activation function (blue) demonstrates superior learning efficiency and
higher terminal accuracy across all pathological modalities.

5.2 Loss Convergence Analysis

The progression of the loss function was tracked across 10 epochs for all datasets.
Reference to training loss plots (Figures 2, 3, 4, and 5) reveals that the RSU activation
function (depicted by the blue line) consistently achieves the steepest decline and the
lowest final loss values.

For example, in the Brain Cancer experiment, RSU began with a loss of 0.6805
and successfully converged to 0.0226 by the tenth epoch. In contrast, the standard
ReLU model remained significantly higher at 0.3309. In the Lung Cancer dataset, RSU
demonstrated exceptional optimization efficiency, dropping from 0.7983 to 0.0173. The
smooth and rapid descent of the RSU loss curves across all modalities indicates a
stable gradient flow and an effective mitigation of the vanishing gradient problem,
allowing the network to reach a more optimal global minimum.

5.3 Precision, Recall, and F1-Score

To evaluate the clinical reliability of the RSU, we calculated Precision, Recall, and F1-
score to assess the model’s sensitivity to malignant features. Precision measures the
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model’s ability to avoid false positives, while Recall (Sensitivity) indicates its ability
to detect all actual cancer cases.

As summarized in Table 3, RSU outperformed standard functions in nearly every
macro-averaged metric. In the Breast Cancer dataset, RSU achieved an F1-score of
0.9613, providing a better balance between precision and recall than ReLU (0.9351).
In Lung Cancer classification, RSU reached a Recall of 0.9861, which is critical for
medical screening, where missing a malignant case (false negative) carries a high risk.

Table 3: Comprehensive Performance Metrics across four medical
datasets comparing RSU, ReLU, Leaky ReLLU, and ELU activation func-

tions.

Dataset Model Accuracy Precision Recall F1-Score

Brain RSU 0.8531 0.8537 0.8526 0.8525
ReLU 0.8300 0.8308 0.8298 0.8291
Leaky ReLU 0.8267 0.8274 0.8261 0.8258
ELU 0.8127 0.8115 0.8121 0.8091

Lung RSU 0.9955 0.9960 0.9861 0.9909
ReLU 0.9682 0.9519 0.9335 0.9421
Leaky ReLLU 0.9864 0.9901 0.9781 0.9839
ELU 0.8773 0.9139 0.6656 0.6396

Colon RSU 0.9977 0.9973 0.9978 0.9976
ReLU 0.9988 0.9988 0.9988 0.9988
Leaky ReLLU 0.9977 0.9973 0.9978 0.9976
ELU 0.9953 0.9961 0.9941 0.9951

Breast RSU 0.9788 0.9716 0.9517 0.9613
ReLU 0.9659 0.9666 0.9095 0.9351
Leaky ReLLU 0.9727 0.9738 0.9271 0.9485
ELU 0.9603 0.9480 0.9061 0.9254

5.4 Confusion Matrix Analysis

The confusion matrices for the proposed RSU, together with ReLLU, Leaky ReLU, and
ELU, are presented in Figure 9 to provide a detailed view of class-specific performance
in the Brain Cancer dataset. In medical imaging, the ability of a model to distinguish
between tumor types with overlapping morphological features is a critical metric of
reliability.

A detailed inspection of the matrices reveals that the RSU activation function
achieved the highest number of correct predictions for the brain_tumor (377) and
brain_menin (326) classes. In contrast, while ReLU showed high sensitivity for the
brain_glioma class (357), it struggled significantly with the meningioma class, mis-
classifying 75 actual meningioma cases as glioma. This type of error is clinically
significant, as it indicates confusion between tissue types that the RSU activation
function effectively mitigates.
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Furthermore, ELU demonstrated the weakest performance in the meningioma class,
with only 269 correct classifications, often confusing them with glioma and tumor
cases. Leaky ReLU performed moderately well, but could not match the balanced
accuracy of the RSU. The diagonal dominance in the RSU confusion matrix (Figure
9a) underscores its ability to capture the subtle pathological nuances required to dif-
ferentiate between Glioma, Meningioma, and general Tumors, thereby providing a
more trustworthy diagnostic tool compared to traditional activation units.The con-
fusion matrices for the proposed RSU, together with ReLLU, Leaky ReLU, and ELU,
are presented in Figure 9 to provide a detailed view of class-specific performance in
the Brain Cancer dataset. In medical imaging, the ability of a model to distinguish
between tumor types with overlapping morphological features is a critical metric of
reliability.

A detailed inspection of the matrices reveals that the RSU activation function
achieved the highest number of correct predictions for the brain_tumor (377) and
brain_menin (326) classes. In contrast, while ReLU showed high sensitivity for the
brain_glioma class (357), it struggled significantly with the meningioma class, mis-
classifying 75 actual meningioma cases as glioma. This type of error is clinically
significant, as it indicates confusion between tissue types that the RSU activation
function effectively mitigates.

Furthermore, ELU demonstrated the weakest performance in the meningioma class,
with only 269 correct classifications, often confusing them with glioma and tumor
cases. Leaky ReLU performed moderately well, but could not match the balanced
accuracy of the RSU. The diagonal dominance in the RSU confusion matrix (Figure
9a) underscores its ability to capture the subtle pathological nuances required to dif-
ferentiate between Glioma, Meningioma, and general Tumors, thereby providing a
more trustworthy diagnostic tool compared to traditional activation units.The con-
fusion matrices for the proposed RSU, together with ReLLU, Leaky ReLU, and ELU,
are presented in Figure 9 to provide a detailed view of class-specific performance in
the Brain Cancer dataset. In medical imaging, the ability of a model to distinguish
between tumor types with overlapping morphological features is a critical metric of
reliability.

A detailed inspection of the matrices reveals that the RSU activation function
achieved the highest number of correct predictions for the brain_tumor (377) and
brain_menin (326) classes. In contrast, while ReLU showed high sensitivity for the
brain_glioma class (357), it struggled significantly with the meningioma class, mis-
classifying 75 actual meningioma cases as glioma. This type of error is clinically
significant, as it indicates confusion between tissue types that the RSU activation
function effectively mitigates.

Furthermore, ELU demonstrated the weakest performance in the meningioma class,
with only 269 correct classifications, often confusing them with glioma and tumor
cases. Leaky ReLU performed moderately well, but could not match the balanced
accuracy of the RSU. The diagonal dominance in the RSU confusion matrix (Figure
9a) underscores its ability to capture the subtle pathological nuances required to dif-
ferentiate between Glioma, Meningioma, and general Tumors, thereby providing a
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more trustworthy diagnostic tool compared to traditional activation units.The con-
fusion matrices for the proposed RSU, together with ReLLU, Leaky ReLU, and ELU,
are presented in Figure 9 to provide a detailed view of class-specific performance in
the Brain Cancer dataset. In medical imaging, the ability of a model to distinguish
between tumor types with overlapping morphological features is a critical metric of
reliability.

A detailed inspection of the matrices reveals that the RSU activation function
achieved the highest number of correct predictions for the brain_tumor (377) and
brain_menin (326) classes. In contrast, while ReLU showed high sensitivity for the
brain_glioma class (357), it struggled significantly with the meningioma class, mis-
classifying 75 actual meningioma cases as glioma. This type of error is clinically
significant, as it indicates confusion between tissue types that the RSU activation
function effectively mitigates.

Furthermore, ELU demonstrated the weakest performance in the meningioma class,
with only 269 correct classifications, often confusing them with glioma and tumor
cases. Leaky ReLU performed moderately well, but could not match the balanced
accuracy of the RSU. The diagonal dominance in the RSU confusion matrix (Figure
9a) underscores its ability to capture the subtle pathological nuances required to dif-
ferentiate between Glioma, Meningioma, and general Tumors, thereby providing a
more trustworthy diagnostic tool compared to traditional activation units.The con-
fusion matrices for the proposed RSU, together with ReLLU, Leaky ReLU, and ELU,
are presented in Figure 9 to provide a detailed view of class-specific performance in
the Brain Cancer dataset. In medical imaging, the ability of a model to distinguish
between tumor types with overlapping morphological features is a critical metric of
reliability.

A detailed inspection of the matrices reveals that the RSU activation function
achieved the highest number of correct predictions for the brain_tumor (377) and
brain_menin (326) classes. In contrast, while ReLU showed high sensitivity for the
brain_glioma class (357), it struggled significantly with the meningioma class, mis-
classifying 75 actual meningioma cases as glioma. This type of error is clinically
significant, as it indicates confusion between tissue types that the RSU activation
function effectively mitigates.

Furthermore, ELU demonstrated the weakest performance in the meningioma class,
with only 269 correct classifications, often confusing them with glioma and tumor
cases. Leaky ReLU performed moderately well, but could not match the balanced
accuracy of the RSU. The diagonal dominance in the RSU confusion matrix (Figure
9a) underscores its ability to capture the subtle pathological nuances required to differ-
entiate between Glioma, Meningioma, and general Tumors, thereby providing a more
trustworthy diagnostic tool compared to traditional activation units.

5.5 Comparison With State of the Art Studies

In recent years, the application of deep learning in oncology has seen significant break-
throughs. As summarized in Table 4, researchers have achieved varying levels of success
using custom and pre-trained architectures. Earlier frameworks established baseline
accuracies in the range of 89% to 95% on specialized datasets. Integration of the RSU
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Fig. 9: Confusion matrix comparison of different activation functions on the Brain
Cancer dataset. The RSU-based model exhibits stronger diagonal dominance, indicat-
ing superior classification performance compared to conventional activation functions.

activation function in our proposed CNN architecture allowed for a more nuanced
extraction of features from complex medical textures. Our results demonstrate that
RSU-based models consistently outperform or match state-of-the-art results in four
distinct cancer domains. Specifically, our model achieved a validation accuracy of
85.31% for Brain Cancer (MRI) and 99.55% for Lung Cancer (CT).

It is important to note that while some existing literature reports higher absolute
accuracies using multi-million parameter pre-trained ensembles or transfer learning,
the architecture utilized in this study is a baseline CNN designed to evaluate the intrin-
sic optimization power of the RSU activation function in an isolated, non-pretrained
environment. This controlled approach ensures that performance gains are directly
attributable to the activation unit rather than external weights or complex architec-
tural depth. This is particularly relevant for the Brain Cancer MRI dataset; while
large-scale models benefit from features learned on diverse non-medical data, our
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baseline model achieved 85.31% accuracy solely by leveraging the RSU’s ability to cap-
ture the subtle, high-frequency textural differences between glioma and meningioma.
This demonstrates that the RSU provides a more efficient learning path for capturing
pathological nuances in complex radiological imagery.

Table 4: Comparison of State-of-the-Art Models for Cancer Classifi-

cation
Reference Year Dataset Used Accuracy
[22] 2021  Brain MRI (3 Classes) 98.60%
[26] 2023  Breast Ultrasound (BUSI) 89.91%
[23] 2024  Histopathology (LC25000) 99.74%
[24] 2024  Histopathology (LC25000) 99.27%
[20] 2025 Lung CT (IQ-OTH/NCCD)  98.17%
[21] 2025 Lung CT (IQ-OTH/NCCD)  94.80%
[25] 2025  Histopathology (LC25000) 95.08%
[27] 2025 Histopathology (BACH) 91.67%
Proposed (RSU) 2025 Brain Cancer (MRI) 85.31%
Proposed (RSU) 2025 Lung Cancer (CT) 99.55%
Proposed (RSU) 2025 Colon Cancer (Histo) 99.77%
Proposed (RSU) 2025 Breast Cancer (Histo) 97.88%

6 Conclusions

In this study, we implemented and evaluated the custom RSU activation function,
defined as f(z) = 2sin®(z), across four diverse medical imaging benchmarks. The
RSU was integrated into the convolutional and dense layers of a specialized CNN
architecture to assess its diagnostic efficacy in comparison to established activation
functions, namely ReLU, Leaky ReLU, and ELU.

Experimental results across the Brain, Lung, Colon, and Breast cancer datasets
demonstrated that the RSU function significantly enhances classification robustness.
Notably, RSU achieved peak accuracies of 85.31% in Brain cancer MRI analysis and
99.55% in Lung cancer CT diagnostics, outperforming standard rectified units. Fur-
thermore, the model maintained high macro-averaged precision and recall, signifying
a superior ability to minimize false negatives—a critical requirement in clinical oncol-
ogy. The sinusoidal nature of RSU provides an oscillatory behavior that enables the
network to navigate complex loss landscapes and capture high-frequency textural
features. Conclusively, the RSU activation function presents a highly viable alterna-
tive for deep-learning-based medical diagnostics. By replacing standard rectified units
with the RSU, automated diagnostic systems can achieve higher sensitivity to subtle
pathological variations, potentially reducing misdiagnosis rates in oncology clinics.
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7 Future Directions

While the RSU activation function has demonstrated significant potential, several
future research avenues remain:

® Multi-Modal Data Fusion: Future work will explore the application of RSU in
hybrid models that integrate multiple data streams, such as combining radiological
MRI scans with histopathological data.

® Vision Transformers: We intend to evaluate the RSU function within
Transformer-based architectures to observe how its oscillatory nature interacts with
self-attention mechanisms.

e Interpretability: We aim to integrate explainable AI (XAI) techniques, such
as Grad-CAM, more deeply into RSU-based models to visualize the specific
pathological markers the model prioritizes.

8 Data Availability

The datasets analysed during this study are publicly available [35-38]. The corre-
sponding URLs and access information are provided in the referenced publications.
The code utilized in this research are hosted at https://github.com/saood321/RSU.git.
The repository is currently private to maintain data integrity; however, access will be
granted to researchers and reviewers upon request. This approach ensures transparency
while supporting the reproducibility of our experimental results.
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