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Abstract : This research investigates the utilization of Multilayer Perceptrons (MLPs) in image compression. We explore the
efficacy of MLPs in reducing image file sizes while pre- serving visual quality. By training MLPs on diverse image datasets, we
assess their compression performance across various configurations. Our findings reveal the poten- tial of MLP-based image
compression to revolutionize data storage and transmission in resource-constrained environments, offering a promising alternative
to traditional com- pression algorithms. This study contributes to the development of neural network-based compression techniques
and their practical applications in fields such as remote sensing, satellite imaging, and video streaming. Our methodology involves
training MLPs on a diverse range of image datasets, varying network architectures, training strategies, and hyperparameters. We
meticulously assess the trade-offs between compression ratios and image fidelity. By doing so, we aim to establish MLP-based
image compression as a viable alternative to traditional methods.

1. INTRODUCTION

In various domains, such as climate research, agriculture, ur- ban planning, and natural resource management, satellite imagery has
become an essential tool. Advanced sensors have enabled the collection of vast amounts of data through remote sensing systems,
posing significant challenges in terms of data storage, transmission, and processing. Efficiently compressing satellite images is vital
to address these challenges and facilitate the analysis of extensive datasets.

One approach gaining traction for lossless image compression is the utilization of Multilayer Perceptrons (MLPs)[1]. MLPs have
garnered attention for their ability to compress images without any loss of information, particularly in satellite image compression.
Nevertheless, achieving optimal compression ratios for multi-spectral satellite images with highly correlated bands remains a
challenge.

Lossless image compression techniques have become increasingly popular in recent years due to their ability to compress images
without losing any information. One such method that has recently been widely utilized in the lossless compression of satellite
photos is the Multilayer Perceptrons(MLPs)[2]. We propose a novel method for lossless compression of multispectral satellite
images, focusing on the strength of MLPs. This approach seeks to maintain image quality while outperforming existing strategies
in terms of compression ratios and image fidelity. Evaluation using a dataset of multi-spectral satellite photos demonstrates its
superior performance compared to current compression algorithms.

The suggested method tries to retain the quality of the compressed pictures while achieving greater compression performance than
existing strategies. The suggested method is evaluated on a dataset[3] of multi-spectral satellite photos, and the findings demonstrate
that it performs better in terms of compression ratio and image quality than state-of-the-art compression algorithms.

Compression ratios can exhibit a significant increase compared to those achievable through lossless methods. Various techniques
have been employed for data compression, each with its own set of advantages and drawbacks. Many image compression methods
rooted in neural networks have been introduced[4], classifiable as either lossless or lossy image compression techniques.

2. NEED OF THE STUDY.

In a variety of disciplines, including climate research, agriculture, urban planning, and natural resource management, among others,
satellite imagery has emerged as a crucial instrument. High-resolution sensors have enabled the collection of massive amounts of
data produced by remote sensing systems, leading to significant challenges in data storage, transmission, and processing. Efficient
compression of satellite images is, therefore, crucial to overcome these challenges and facilitate

the analysis of large datasets.
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3. RESEARCH METHODOLOGY

The Perceptron Learning algorithm[7] is founded on the pre- viously explained back-propagation rule. This algorithm is
implementable in any programming language, and for this tutorial, we utilize Java for applets. In this context, we assume the
utilization of the previously described sigmoid function f(net) due to its straightforward derivative.

4. ACTIVATION FUNCTION OF MLP ALGORITHM

If we consider a multilayer perceptron (MLP) [8] with a linear activation function in all its neurons, this implies a binary
activation mechanism that determines whether a neuron fires or not. In linear algebra, it can be demonstrated that any number of
layers in such a network can be reduced to the standard two-layer input-output model.
What distinguishes a multilayer perceptron [9]is the utilization of nonlinear activation functions, which are designed to model the
firing frequency of biological neurons in the brain, known as action potentials. These functions take various forms but must always
exhibit properties of normalizability and differentiability.
In contemporary applications, the two primary activation functions employed are both sigmoid functions. One is de- scribed by the
hyperbolic tangent, which has a range from -1 to 1, while the other, similar in shape, ranges from 0 to 1. In these functions, "yi”
represents the output of the ith neuron, and "vi” signifies the weighted sum of the input synapses.
Additionally, more specialized activation functions are avail- able, such as radial basis functions, which find use in another class of
supervised neural network models. These functions expand the toolbox for modeling and capturing complex relationships in data.
Most common activation functions are the logistic and hyperbolic tangent sigmoid functions. The project uses the hyperbolic tangent
function:
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Weight Adjustment

The network’s weights need to be adjusted in order to minimize the difference or the error between the output and the expected
output. This is explained in the equations below.

The error signal at the output layer of the ith neuron at iteration n is given by:

ei(n) = Xi(n) — X'(n)

Where Xi represents the desired output and X' represents the actual output. The error function over all neurons in the output layer
is given by:

2
Ei(n) = Y, e“(n)
Algorithm 1 Compression Algorithm: MLP for Multispectral Images

1: x < input training vector

2: t < Output target vector

3: 6k < portion oferror correction weightfor wjk that is due to an error at output unit Yk; also the information about the
4: &j < portion of error correction weight for vjk that is due to the backpropagation of error information from the output
layer to the hidden unit Zj

5: a < learning rate

6: vo j < bias on hidden unit j

7: wok < bias on outpul unit k

8: procedure Algorithm:

9: Initialize weights (set to small random values).

10: while stopping condition is false do

11:  for each training pair do

12: Feed forward:

13: for each input unit (Xi,i=1,...,n)do

14: Receive input signal Xi and broadcast this signal to all units in the layer (the hidden units).
15: end for

16: for each hidden unit (Zj,j=1,...,p)do

17: Sum its weighted input signals, apply its activation function to compute its output signal
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Zj = £ (zin j)
18: end for
19: for each output unit (Yk, k=1,..., m) do
20: Sum its weighted input signals.
21: end for
22: for each output unit (Yk, k=1, ..., m) do
23: Receive target pattern corresponding to the input training pattern, compute its error .
information term:
24: Sk = (ik = yk)f (yink)
25: Calculate its weight correction term (used for later update).
26: Calculate its bias correction term (used for later update) and send to units in the layer below.
27: end for
28: for each hidden unit (Zj,j=1,...,p) do
29: Delta inputs, multiplied by the derivative of its activation function to compute its error .
information term:
30: 0j = dinj f(zin j)
31: Calculate its weight correction term (used for later update):
32: Avi j = adjxi
33: Calculate its bias correction term (used for later update).
34: end for
35: Update weights and biases:
36: for each output unit (Yk, k=1, ..., m)do
37: Update its bias and weight (j =0, ..., p).
38: end for
39: for each hidden unit (Zj,j=1,...,p) do
40: Update its bias and weights (i=0, ..., n).
41: end for
42: Test Stopping Condition.
43:  end for
44: end while

The error function over all input vectors in the training image
is:

E=), E, Ei= (x', w)

where 1 indexes the image blocks (input vectors), X' is the vector of outputs, and w is the vector of all weights. In order to minimize
the error function with respect to the weight vector (w), it is necessary to find an optimal solution (w = ) that satisfies the condition:

W ) < E(w)
The necessary condition for optimality is:

AE(W) =0
where A is the gradient operator:
a
A= e
ow

and AE(w) is the gradient vector (g) of the error function, defined as follows:

Ok
AE(w) = o

The solution can be obtained using a class of unconstrained optimization methods based on the idea of local iterative descent.
Starting with an initial guess denoted w(0), generate a sequence of weight vectors w(1),w(2), . . . such that the error function is
reduced for each iteration:

E(wn+1) < E(wn)
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Algorithm 2 Huffman Encoding Algorithm

function Huffman(input)
itemquene < CreateNodeList(input)
while Length(itemqueue) > 1 do
[ < Heappop(itemquene)
r < Heappop(itemqueune)
n < CreatelntervalNode(l, r)

Heappush(itemqueue, n)
end while

codes < {}
Codelt(””, root of Huffman tree)
encoded input < Encodelnput(input, codes)

return codes, encoded input
end function

Start
Start

Create Node List
Initialize weights

While itemgueue length ; | False
Stopping condition is false? ——ae- Loop start
True
Heap Pop (I) ————— Heap Pop (r
For each training pair —— eap Pop (D p Pop (1)
Create Internal Node
Feed forward
Heap Push (n)
5 Calculate error terms
Update weights and biases Codelt
Encode Input
Test $topping Condition ——aa—! code tnpd
ps
Return Codes and Encoded Inplt
Stop

Fig. 1. Flowchart for the Compression Algorithm Stop

Fig. 2. Flowchart for the Activation Algorithm

IINRD2401230

International Journal of Novel Research and Development (www.ijnrd.org)



http://www.ijrti.org/

© 2024 IJNRD | Volume 9, Issue 1 January 2024| ISSN: 2456-4184 | INRD.ORG

5. Experimental Results & Comparison

The evaluation included key metrics such as Mean Squared Error (MSE) loss, entropy measures (Entropy 1 and Entropy 2), and
bitrate. Through comprehensive experiments, the aim was to demonstrate the efficacy of employing multi-layer perceptron
techniques in comparison to existing methods.
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5 0.02259 1 a,73773 | 4.13769 7.42864 | 0.806402 4.841
— — —- — + — — e e— | — — |
6 8.0249 | 4,65331 | 4.07346 6.91452 | 0.800654 4.734
7 ©.02099 | 4.60366 | 4.01881 7.61346 | ©.797194 4.793
8 @.05419 | 5.08388 | 4.74297 6.93156 | ©.828288 5.123
9 9.0193 W‘ 4,5922 4.01412 8.17473 ‘ 0.756387 &.711
10 0.0332 | 4.71297 | 4.2 7.85783 | 0.804734 4.772
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3 | 4 | 4 |
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6. Conclusion

In this study, we applied Multilayer Perceptron (MLP) for image compression and compared the results with the original
data across various metrics. The following key findings and conclusions can be drawn:
Mean Squared Error (MSE): The MSE value for the MLP- compressed images was lower compared to the original im- ages,
indicating that the MLP compression method effectively reduced the reconstruction error.
Entropyl and Entropy2: The entropy values, which mea- sure the information content of the images, were observed to be slightly
different between the MLP-compressed images and the original images. These differences can be attributed to the compression
process and its impact on the distribution of pixel values.
Huffman Bitrate: The Huffman bitrate for the MLP- compressed images was significantly lower than the original bitrate. This
demonstrates the efficiency of the MLP-based com- pression technique in reducing the storage and transmission requirements for
images.
In summary, the MLP[10] compression method was success- ful in reducing the MSE and Huffman bitrate, indicating its
effectiveness in compressing images while maintaining visual quality. The differences in entropy values suggest that some in-
formation may be lost during the compression process, but this is a common trade-off in lossy compression methods. Overall, the
MLP approach offers a promising solution for image com- pression, particularly when reducing data storage and transmis- sion
requirements is a priority. Further research and fine-tuning of the MLP model may yield even more efficient compression
techniques.
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