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been insufficient research comparing their effectiveness in the 
context of CNN-based fish disease classification. This study 
aims to address this gap by systematically evaluating the per-
formance of resizing algorithms using Bilinear, Gaussian, and 
Hamming filters. Specifically, the study will compare resizing 
methods that reduce image size in a sequential step-wise man-
ner versus those that resize to the desired size in a single step. 
By distinguishing between one-step and two-step resizing ap-
proaches, the study seeks to identify the most effective resiz-
ing algorithms and methods for optimizing CNN performance 
in fish disease classification.

Research Methodology

1. Fundamentals of Convolutional Neural 
Networks and training approaches

Convolutional Neural Networks (CNNs) represent a subset 
of deep learning models that have significantly transformed 

Introduction

In recent years, aquaculture has become a crucial industry, 
providing significant sources of protein and employment glob-
ally (Kim, 2024). However, the rapid growth of aquaculture 
has been accompanied by challenges, one of which is the out-
break of diseases that can devastate fish populations and lead 
to substantial economic losses. Early and accurate diagnosis of 
fish diseases is essential for effectively managing and mitigat-
ing these outbreaks (Islam et al., 2024).

The use of Convolutional Neural Networks (CNNs) for fish 
disease classification has garnered significant attention due to 
their potential for early detection and management of diseas-
es (Hasan et al., 2022; Mamun et al., 2023). However, image 
preprocessing, particularly resizing, plays a critical role in de-
termining the overall performance of CNN models. Image re-
sizing can significantly impact the features extracted by CNNs 
and, consequently, the accuracy of disease classification (Kim, 
2024).

While various resizing algorithms are available, there has 
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the fields of computer vision and image classification. Draw-
ing inspiration from the biological processes of visual percep-
tion in animals, CNNs have demonstrated exceptional perfor-
mance in tasks that involve recognizing spatial patterns within 
images (LeCun et al., 2015). The fundamental strength of 
CNNs lies in their ability to learn while maintaining the spatial 
structure of the input data. Unlike traditional multilayer feed-
forward neural networks (MFNNs), which require image data 
to be flattened into one-dimensional vectors-thereby risking 
loss of critical spatial information-CNNs handle data in its 
original matrix form. This approach allows CNNs to capture 
the high correlations between neighboring pixels, which are 
typical in image data. By utilizing filters that operate directly 
on matrices, CNNs effectively preserve the shape and structure 
of the input images, avoiding the information loss associated 
with vectorization (Kim, 2024).

A typical CNN comprises several layers, each of which 
plays a crucial role in processing and learning features from 
input images. The architecture of CNNs, as depicted in Fig. 1 

(Kim, 2024), typically includes the following components:
The Convolutional Layer is responsible for applying a series 

of filters, also known as kernels, to the input image. This layer 
generates feature maps by performing element-wise multipli-
cation with the filters, allowing the network to detect local fea-
tures such as edges and textures (Krizhevsky et al., 2012).

Following the convolution operation, an Activation Function 
is applied to introduce non-linearity into the model. The Recti-
fied Linear Unit (ReLU) is a popular choice for activation due 
to its simplicity and effectiveness in accelerating the conver-
gence of the training process (Nair and Hinton, 2010).

To further process the feature maps, the network employs 
a Pooling Layer. This layer reduces the spatial dimensions of 
the feature maps, which helps in minimizing the number of 
parameters and computational load. Pooling also ensures that 
the features detected by the network are invariant to minor 
transformations and distortions in the input (Zeiler and Fergus, 

2014).
The network’s high-level reasoning is handled by the Fully 

Connected Layer, which connects every neuron in one layer to 
every neuron in the subsequent layer. This layer functions sim-
ilarly to a traditional multilayer perceptron (MLP), integrating 
the features learned through previous layers to make final pre-
dictions (Goodfellow et al., 2016).

Finally, the Output Layer generates the final predictions of 
the network. For classification tasks, this layer typically uses a 
softmax activation function to produce a probability distribu-
tion across various classes, providing a clear decision-making 
mechanism for classification tasks (Bishop, 2006).

Training a CNN involves fine-tuning the network’s weights 
to minimize the discrepancy between its predictions and the 
actual outcomes. This optimization is typically carried out us-
ing backpropagation and optimization techniques such as sto-
chastic gradient descent (SGD) or the Adam optimizer (Kingma 
and Ba, 2015). During the training process, CNNs iteratively 
adjust the weights of their filters to focus on the most relevant 
features in the training data. Initially, the filters learn to rec-
ognize simple patterns, such as edges and corners. As training 
advances, the deeper layers of the network begin to capture 
more intricate patterns and high-level features, ultimately en-
abling the model to accurately classify images. The effective-
ness of CNN training is influenced by several factors, includ-
ing the architecture of the network, the size and quality of the 
training dataset, regularization methods (such as dropout), and 
hyperparameters like learning rate and batch size. Achieving 
optimal performance and generalization to new data often re-
quires careful tuning and experimentation.

2. Image resizing algorithms

Image resizing algorithms are crucial in various applica-
tions, where they are used to adjust the size of an original 
image. Bilinear interpolation is one of the most fundamental 

Fig. 1. CNN model structure: layers and data flow (adapted from Kim, 2024).
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and widely used methods in image resizing. However, other 
algorithms such as Gaussian and Hamming resizing also exist 

(Pratt, 2007). Image downsampling can be performed either 
by directly resizing to the desired dimensions (one-step) or by 
gradually reducing the size through multiple steps (two-step). 
For example, to reduce an original image from 100 ×80 pix-
els to 25 ×20 pixels, the one-step approach directly reduces 
the size by a factor of 1/4, whereas the two-step approach first 
reduces the image to 50×40 pixels (1/2 size) and then further 
reduces it to 25×20 pixels. 

1) Bilinear interpolation

Bilinear interpolation is one of the most basic and widely 
used methods for image resizing. It works by linearly interpo-
lating the pixel values based on the four nearest pixels (forming 
a 2×2 grid) surrounding the point where the new pixel value 
needs to be computed. This approach smooths out the image 
by considering the contributions of these four pixels, resulting 
in a more natural appearance compared to simpler methods 
like nearest-neighbor interpolation (Gonzalez and Woods, 
2008).

The principles and algorithms of bilinear interpolation can 
be described as follows:

Step 1: Finding Neighboring Pixels for Interpolation
For each pixel in the resized image, the corresponding posi-

tion in the original image is located. This position is generally 
represented by floating-point coordinates (x,y).

Step 2: Selecting the Nearest Four Pixels
The four neighboring pixels near the coordinates, specifical-

ly the top-left (x1,y1), top-right (x2,y1), bottom-left (x1,y2), and 
bottom-right (x2,y2) pixels, are selected.

Step 3: Calculating Weights
Weights for the selected four pixels are calculated based on 

their distances from the target coordinates. The weights are 
given by:

w1 = (x2-x) (y2-y), w2 = (x-x1) (y2-y), 
w3 = (x2-x) (y-y1), w4 = (x-x1) (y-y1)

where (x1,y1), (x2,y1), (x1,y2), and (x2,y2) are the coordinates 
of the neighboring pixels.

Step 4: Calculating the New Pixel Value
The new pixel value P is computed as the weighted sum of 

the four neighboring pixel values P1, P2, P3, and P4:

P = w1P1 + w2P2 + w3P3 + w4P4

Bilinear interpolation effectively maintains image smooth-

ness after resizing but may cause a loss of sharpness, partic-
ularly at the edges. While it provides better results than near-
est-neighbor interpolation, it may not preserve fine details as 
well as higher-order methods like bicubic interpolation. How-
ever, its computational efficiency makes it a popular choice for 
real-time applications where speed is crucial.

2) Gaussian resizing

The Gaussian resizing algorithm generates a multi-resolu-
tion representation of an image by progressively lowering its 
resolution. This algorithm is particularly useful in computer 
vision, image analysis, and multi-resolution representation, 
as it removes high-frequency components and emphasizes 
low-frequency structures and patterns (Parker, 2010). The 
Gaussian resizing algorithm process involves the following 
steps.

Step 1: Gaussian Filter Creation
The Gaussian filter, which is used to remove high-frequency 

components from the image, is represented by the following 
equation.
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where x and y are the coordinates within the filter, and is the standard deviation of the 𝜎𝜎
filter, which is adjusted according to the image's characteristics (Pratt, 2007).

Step 2: Image Blurring: The Gaussian filter is applied to the image to perform blurring. 
This process attenuates the fine details, resulting in a smoother image.

Step 3: Image Downsampling: The blurred image is then downsampled by reducing both 
its width and height by half. This is typically achieved by selecting every other pixel in both 
dimensions, effectively reducing the image size to one-quarter of its original area.

Step 4: Iterative Processing: The above steps are repeated to create smaller and smaller 
images, forming a Gaussian pyramid. Each successive level of the pyramid uses the output 
from the previous level as its input. As a result, each level retains more low-frequency 
components while progressively removing higher-frequency details.

Gaussian resizing is effective in maintaining the broader structure and patterns of the 
image while providing a smoother downscaled result. The resulting pyramid structure allows 
for efficient multi-scale analysis and processing of images, making it valuable in various 
computer vision and image processing applications. The advantage of this method lies in its 
ability to preserve important structural information while reducing image size, which is 
effective for tasks such as feature detection, image compression, and texture analysis.

c. Hamming Resizing
The Hamming resampling method uses a Hamming window function to filter the image 

during the resizing process. This filtering process helps to minimize aliasing, which is the 
distortion or artifact that occurs when high-frequency details in the image are inadequately 
sampled and consequently appear as incorrect patterns or colors in the resized image.

The Hamming resizing algorithm process is carried out as follows (Pratt, 2007). 
Step 1: Hamming Filter Creation: The Hamming filter is defined by the following 

equation:

where x and y are the coordinates within the filter, and σ is the 
standard deviation of the filter, which is adjusted according to 
the image’s characteristics (Pratt, 2007).

Step 2: Image Blurring
The Gaussian filter is applied to the image to perform blur-

ring. This process attenuates the fine details, resulting in a 
smoother image.

Step 3: Image Downsampling
The blurred image is then downsampled by reducing both 

its width and height by half. This is typically achieved by se-
lecting every other pixel in both dimensions, effectively reduc-
ing the image size to one-quarter of its original area.

Step 4: Iterative Processing
The above steps are repeated to create smaller and smaller 

images, forming a Gaussian pyramid. Each successive level of 
the pyramid uses the output from the previous level as its in-
put. As a result, each level retains more low-frequency compo-
nents while progressively removing higher-frequency details.

Gaussian resizing is effective in maintaining the broader 
structure and patterns of the image while providing a smooth-
er downscaled result. The resulting pyramid structure allows 
for efficient multi-scale analysis and processing of images, 
making it valuable in various computer vision and image pro-
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cessing applications. The advantage of this method lies in its 
ability to preserve important structural information while re-
ducing image size, which is effective for tasks such as feature 
detection, image compression, and texture analysis.

3) Hamming resizing

The Hamming resampling method uses a Hamming window 
function to filter the image during the resizing process. This 
filtering process helps to minimize aliasing, which is the dis-
tortion or artifact that occurs when high-frequency details in 
the image are inadequately sampled and consequently appear 
as incorrect patterns or colors in the resized image.

The Hamming resizing algorithm process is carried out as 
follows (Pratt, 2007). 

Step 1: Hamming Filter Creation
The Hamming filter is defined by the following equation:
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where is the total size (length) of the window, and is the index of the current 𝑁𝑁 𝑁𝑁
position within the window, ranging from 0 to 1. This filter is applied in two dimensions −𝑁𝑁
to the image, with the highest value at the center and gradually decreasing towards the edges.

Step 2: Image Filtering: The Hamming window is applied to the image during the 
resampling process. This involves convolving the image with the Hamming window function, 
where each pixel value is determined by a weighted combination of its neighboring pixels. 
The weights are determined by the Hamming window, with higher emphasis placed on the 
central pixels and less on those further away.

Step 3: Image Downsampling: After applying the Hamming window, the image is 
downsampled. This involves reducing the resolution by selecting every second pixel in both 
the width and height, effectively halving the dimensions of the image.

Step 4: Iterative Processing: If the target resolution is not yet reached, the filtering and 
downsampling steps are repeated iteratively until the desired image size is obtained.

Hamming resizing is particularly useful in situations where it is important to minimize 
aliasing and maintain the overall structure of the image during resolution conversion, making 
it ideal for tasks such as image compression, texture mapping in computer graphics, and 
preparing images for multi-scale analysis in computer vision tasks.

. Research ResultsⅢⅢ

1. Experimental Data

For the experiments conducted in this study, data from a previous research (Kim, 2024) 
was utilized. This dataset, provided by Kaggle, is titled "Freshwater Fish Disease Aquaculture 
in South Asia" (Biswas, 2024) and comprises the following components. From this dataset, a 
total of 198 images were extracted, including 108 images of diseased fish and 90 images of 
healthy fish. For experimental purposes, the dataset was divided into training and testing sets. 
The training set included 54 images of diseased fish and 45 images of healthy fish, totaling 
99 images. The remaining 99 images were allocated for testing.

Figure 2 shows images resized to a 20×25 pixel size, which were used for both training 
and testing. As shown in Figure 2, the differences between the resizing methods are visually 
barely noticeable on the screen.
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where N is the total size (length) of the window, and n is the 
index of the current position within the window, ranging 
from 0 to N-1. This filter is applied in two dimensions to 
the image, with the highest value at the center and gradually 
decreasing towards the edges.

Step 2: Image Filtering
The Hamming window is applied to the image during the 

resampling process. This involves convolving the image with 
the Hamming window function, where each pixel value is de-
termined by a weighted combination of its neighboring pixels. 
The weights are determined by the Hamming window, with 
higher emphasis placed on the central pixels and less on those 
further away.

Step 3: Image Downsampling
After applying the Hamming window, the image is downs-

ampled. This involves reducing the resolution by selecting 
every second pixel in both the width and height, effectively 
halving the dimensions of the image.

Step 4: Iterative Processing
If the target resolution is not yet reached, the filtering and 

downsampling steps are repeated iteratively until the desired 
image size is obtained.

Hamming resizing is particularly useful in situations where 
it is important to minimize aliasing and maintain the overall 
structure of the image during resolution conversion, making it 
ideal for tasks such as image compression, texture mapping in 
computer graphics, and preparing images for multi-scale anal-
ysis in computer vision tasks.

Fig. 2. Visualization of image dimensions by resizing methods.



Evaluating the Effectiveness of Image Resizing Algorithms for CNN-Based Fish Disease Classification 89

Research Results

1. Experimental data

For the experiments conducted in this study, data from a 
previous research (Kim, 2024) was utilized. This dataset, pro-
vided by Kaggle, is titled “Freshwater Fish Disease Aquacul-
ture in South Asia” (Biswas, 2024) and comprises the follow-
ing components. From this dataset, a total of 198 images were 
extracted, including 108 images of diseased fish and 90 imag-
es of healthy fish. For experimental purposes, the dataset was 
divided into training and testing sets. The training set included 
54 images of diseased fish and 45 images of healthy fish, to-
taling 99 images. The remaining 99 images were allocated for 
testing.

Fig. 2 shows images resized to a 20 ×25 pixel size, which 
were used for both training and testing. As shown in Fig. 2, the 
differences between the resizing methods are visually barely 
noticeable on the screen.

2. Network architecture and hyperparameters

The CNN model used in the experiments has the following 
hyperparameters. The model consists of three Conv2D lay-
ers, each using a 3×3 kernel. The first layer applies 32 filters, 
while the second and third layers each use 64 filters to extract 
features from the input images. All layers utilize the ReLU ac-
tivation function to introduce non-linearity.

To reduce the spatial dimensions of the feature maps, two 
MaxPooling2D layers are used, each with a 2×2 pooling win-
dow. 

The input vectors used for the experiment are derived from 

image data of 20×25 pixels, encompassing three color chan-
nels (RGB), and are normalized. The normalization method 
adopted involves dividing by 255, the maximum value in the 
image, which is a commonly used approach.

When transitioning to the fully connected layers, a Flatten 
layer is used to convert the 2D feature maps into a 1D vector. 
Two Dense layers are then applied: the first Dense layer con-
tains 64 neurons, and the second Dense layer contains 2 neu-
rons, corresponding to the binary labels (0 and 1) used to de-
termine the presence or absence of disease. Dropout is applied 
at a rate of 0.5 to prevent overfitting.

The output layer uses the softmax activation function to per-
form binary classification. The model’s performance is evalu-
ated using the mean accuracy and standard deviation, and the 
effectiveness across different image sizes is compared to de-
termine the optimal image size. 

For training, the model was configured to run for 100 ep-
ochs with a batch size of 32. These settings were consistently 
applied across multiple runs to ensure reliable evaluation of 
model performance.

3. Experimental results

Table 1 presents the results of training and testing a CNN 
model using various image resizing methods. Table 1(A) 
shows the average prediction performance across 30 exper-
iments conducted with different initial weights, while Table 
1(B) and 1(C) display the best and worst cases from these ex-
periments, respectively.

The experiments were conducted using a CNN model 
trained and tested on images of fish, both with and without 

Fig. 3. Visualizing CNN misclassification across various scaling methods.
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disease. The model’s performance was evaluated across six 
different resizing methods: Bilinear, Gaussian, and Hamming 
filters, each applied in one-step and two-step processes, with 
30 repeated trials for each method.

The average performance of the CNN model across 30 ex-
periments revealed that the one-step Hamming resizing meth-
od achieved the highest average prediction accuracy of 93.4% 
and the lowest error rate of 6.6%. In comparison, the one-step 

Bilinear method, which is commonly used, demonstrated the 
lowest accuracy at 87.8% and the highest error rate at 12.2%. 
Furthermore, the variance in error rates was notably lower with 
the two-step methods. Among these, the two-step Hamming 
method exhibited the smallest variance, 1.306, indicating a 
high level of consistency in performance across different trials.

In terms of the best performance, both the two-step Gauss-
ian and one-step Hamming methods reached an impressive 

Table 1. Performance analysis of CNN with various scaling algorithms

(A) Average performance on test data across 30 runs

Category

Scaling algorithms

Bilinear Gaussian Hamming

One-step Two-step One-step Two-step One-step Two-step

Prediction errors
Healthy fish 8.1 3.6 6.8 2.9 3.0 3.0

Diseased fish 4.0 3.5 3.5 4.1 3.5 3.7

Total errors 12.1 7.1 10.3 7.0 6.5 6.7

Variance 9.059 2.76 7.788 1.895 1.982 1.306

Prediction error rate (%) 12.2 7.2 10.4 7.1 6.6 6.8

Prediction accuracy (%) 87.8 92.8 89.6 92.9 93.4 93.2

ANOVA result F-statistic: 12.997, p-value: 9.463e-11

(B) Best performance on test data across 30 runs

Category

Scaling algorithms

Bilinear Gaussian Hamming

One-step Two-step One-step Two-step One-step Two-step

Prediction errors
Healthy fish 2 2 2 2 1 2

Diseased fish 4 3 4 2 3 3

Total errors 6.0 5 6 4 4 5

Prediction error rate (%) 6.1 5.1 6.1 4.0 4.0 5.1

Prediction accuracy (%) 93.9 94.9 93.9 96.0 96.0 94.9

(C) Worst performance on test data across 30 runs

Category

Scaling algorithms

Bilinear Gaussian Hamming

One-step Two-step One-step Two-step One-step Two-step

Prediction errors
Healthy fish 18 9 10 5 9 4

Diseased fish 1 3 6 4 2 6

Total errors 19.0 12 16 9 11 10

Prediction error rate (%) 19.2 12.1 16.2 9.1 11.1 10.1

Prediction accuracy (%) 80.8 87.9 83.8 90.9 88.9 89.9
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prediction accuracy of 96.0% with an error rate of 4.0%. 
These methods outperformed others, with the two-step Ham-
ming and two-step Bilinear methods also showing strong per-
formance, achieving an accuracy of 94.9%.

Conversely, the one-step Bilinear method yielded the low-
est performance. During these trials, the model’s accuracy 
decreased to 80.8%, while the error rate increased to 19.2%. 
It is noteworthy that in the worst-case scenarios, the two-step 
methods consistently outperformed the one-step methods 
across all tested algorithms.

An ANOVA test conducted to assess the statistical signifi-
cance of the performance differences among resizing methods 
revealed an F-statistic of 12.997 and a p-value of 9.463e-11. 
This result underscores the significant impact of the choice of 
resizing algorithm on CNN performance.

Overall, the findings of this study underscore the critical 
role of data preprocessing in enhancing the predictive perfor-
mance of deep learning models, such as CNNs. To optimize 
model performance, it is essential to explore various image 
resizing techniques and identify the method most suitable for 
the specific characteristics of the image data. In this research, 
the Hamming resizing method emerged as the most effective 
for training CNNs to determine the presence of disease in fish.

Conclusions

This study has systematically evaluated the impact of dif-
ferent image resizing algorithms and approaches on the per-
formance of CNNs for fish disease classification. By com-
paring one-step and two-step resizing methods using bilinear, 
Gaussian, and Hamming filters, the research has identified 
significant differences in prediction accuracy, error rates, and 
variance. The findings reveal that while the two-step resizing 
approach generally improves the performance of CNNs, the 
Hamming filter applied in a one-step process achieved the 
highest average prediction accuracy of 93.4%, indicating its 
suitability for tasks involving fish disease classification.

The results highlight the critical importance of selecting ap-
propriate image preprocessing techniques, particularly resizing 
algorithms, to enhance the accuracy and reliability of CNN 
models. The variation in performance across different resizing 
methods underscores the necessity of tailoring preprocessing 
strategies to the specific characteristics of the dataset and the 
classification task at hand.

In summary, the study demonstrates that the choice of image 
resizing method can significantly influence CNN performance 
in fish disease classification. The Hamming resizing method, 

particularly when applied in a one-step process, stands out as 
the most effective technique among those tested. These in-
sights can guide future research and practical applications in 
optimizing deep learning models for aquaculture and other 
fields requiring precise image classification.
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