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The processing speed of the image processing operations is very high, and so efficient 

computation schemes are needed for high-speed computation with low power consumption. It 

is the common case with the majority of Very Large Scale Integration (VLSI) multiplication 

techniques that there is latency, power, and complexity involved with them. The work here 

discusses the implementation of Vedic Multiplication, an effective and high-speed arithmetic 

scheme, for accelerating image processing algorithms in VLSI circuits. The work comprises the 

integration of multipliers of Vedic mathematics into the highest-level image-processing tasks 

such as filtering, edge detection, and transformation functions. A comparison of the conventional 

process of multiplication shows that Vedic Multiplication drastically reduces processing time 

with low power consumption and chip area. Simulation and synthesis are carried out using Xilinx 

Vivado and computation of parameters of performance such as propagation delay, power 

dissipation, and area consumption. The results demonstrate that there are appreciable 

improvements in computational efficiency, and the process is apt for real-time image processing 

in applications like medical imaging, remote sensing, and object detection. Future work has 

included expanding the application to Field-Programmable Gate Arrays (FPGAs) and applying 

optimization techniques to enhance processing efficiency further. 

Keywords: Vedic Multiplication, Image Processing, VLSI, Hardware Acceleration, FPGA, Low 

Power Computing, Edge Detection, Digital Signal Processing, Xilinx Vivado, High-Speed 

Computation 

 

I. INTRODUCTION 

1. Research Background 

Hardware acceleration is now among the means also to accelerate computationally demanding tasks, including image 

processing procedures. Traditional software-image-processing methods are efficient but do suffer from significant 

features like high latency and high power. These constraints make them less desirable for real-time applications. To 

get rid of these disadvantages, hardware acceleration through VLSI methods has gained significant attention. 

Through the help of hardware-based calculation, image processing can be done with improved velocity and efficiency 

[1]. Vedic multiplication has become established from the knowledge of ancient as an ana multiplication method to 

streamline arithmetic calculation within VLSI design. It's reputed to conduct high-speed multiplication with low 

computational overhead and is thus very amenable for utilization in real-time processing. During image processing, 

filtering, detection of edges, and transformation jobs use the task of multiplication operations.  

2. Aim and Objectives 

Aim 

The primary aim is the knowledge and advancement of the various signal processing algorithms towards the 

implementation of Vedic multiplication in VLSI-based hardware acceleration. 
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● To research Vedic multiplication to determine its application in arithmetic computation for image 

processing. 

● Accelerating tasks requires optimization with the underlying hardware to give the best performance. 

● To provide innovation by minimizing the number of multiplications that have to be performed, thereby 

increasing the speed of computation and conserving power. 

3. Research Rationale 

Pressure to deliver real-time images in fields such as medical imaging, autonomous vehicle navigation, and 

surveillance has dominated the types of methods to be applied in solving the problem. The most common traditional 

multiplication methods currently in practice often hinder processing because they are complex arithmetic operations. 

Vedic multiplication is a method of performing multiplication efficiently by enabling us to handle fewer steps thereby 

triggering greater speed and power efficiency in VLSI implementations. Inspired by the concept of hardware 

acceleration, this application can bring significant improvements in real-time image processing. 

II. LITERATURE REVIEW   

1. Hardware Acceleration in Image Processing 

Hardware acceleration revolutionized image processing by providing enhanced computational efficiency and 

processing speed. Traditional software-based image processing techniques executed on general-purpose processors 

are suffering from excessive power consumption and latency because of their sequential nature. Hardware 

acceleration with specialized processing units in the form of Field-Programmable Gate Arrays (FPGAs) and 

Application-Specific Integrated Circuits (ASICs) has been extensively employed to overcome these limitations. The 

hardware implementations provide parallel processing, where multiple image processing operations could be 

executed in parallel, thereby speeding up real-time processing [21]. FPGA-based acceleration provides reconfigurable 

hardware, which could be optimized to a specific image processing application such as edge detection, feature 

extraction, and object recognition. ASIC-based implementations provide fixed hardware design optimized for power 

consumption and high-speed computation. Various studies have revealed that hardware acceleration beats software-

based approaches in processing speed, energy efficiency, and scalability. The problem of optimizing arithmetic 

computation, including multiplication, however, continues to be a contentious issue in VLSI-based acceleration. 

Multiplication is a critical operation in most image processing applications, and traditional approaches to 

multiplication consume undue computational overheads [22]. The integration of high-speed multiplication 

algorithms such as Vedic multiplication on hardware-accelerated platforms thus provides the prospect of improved 

processing efficiency. This work presents the use of Vedic multiplication in VLSI-based acceleration of image 

processing with the objective of achieving computational throughput improvement and power saving. 

2. Vedic Multiplication in VLSI Design 

Vedic multiplication, with its historical background in ancient Indian mathematical practices, is gaining increasing 

popularity in VLSI design because of its ability to execute high-speed arithmetic calculation with less hardware 

complexity. Vedic multiplication, unlike other traditional multiplication algorithms such as Booth and Array 

multiplication, is rooted in parallel processing, and hence, has lower computational cost for computation. The 

fundamental principle of Vedic multiplication is founded on the Urdhva-Tiryagbhyam (Vertically and Crosswise) 

algorithm, which facilitates rapid generation of partial products and summation of the products in one step. This 

property makes it highly suitable for VLSI implementations, where speed, low energy dissipation, and area 

minimization are important design criteria. Several research papers have already demonstrated that Vedic 

multipliers offer improved performance over traditional multipliers in terms of speed, gate counts, and low energy 

dissipation. Vedic multipliers, if implemented on FPGA and ASIC hardware, enhance the processing speed to a large 

extent, which is advantageous for real-time computation-based applications such as image and signal processing. 

Vedic multiplication also enables scalable designs to be mapped over different bit-width architectures, hence being 

highly flexible in hardware acceleration architectures [25]. The present research anticipates the incorporation of 

Vedic multiplication in image processing hardware in VLSI to evaluate its performance in reducing processing delays 

and computational efficiency over traditional multiplication algorithms. 
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3. Applications of Multiplication in Image Processing 

Multiplication is one of the most significant operations in image processing applications, and hence it is one of the 

primary arithmetic operations with direct consequences on computational efficiency. Most primary image processing 

operations, such as convolution, filtering, and transformation, involve massive multiplication operations [23]. For 

instance, in image filtering, convolutional operations include numerous multiplications to convolve kernels or masks 

with an image, which is a precursor to operations such as edge detection, noise reduction, and feature extraction. 

Similarly, in image transformations, such as the Discrete Fourier Transform (DFT) and Discrete Cosine Transform 

(DCT), large-scale multiplications are necessary to transform image data from the spatial to the frequency domains. 

Conventional multiplication algorithms, such as shift-and-add and Booth multiplication, are correlated with high 

computational delays and energy consumption, particularly when handling high-resolution images. To augment 

processing speed and efficiency, researchers have proposed alternative multiplication algorithms, such as Vedic 

multiplication, which encompasses lower computational intricacy and lower execution times [24]. The parallel 

processing potential of Vedic multiplication minimizes processing delays for large datasets, making it a strong 

candidate for real-time image processing applications. This study investigates the impact of incorporating Vedic 

multiplication in hardware-accelerated image processing systems to demonstrate its superiority over conventional 

multiplication algorithms in speed, energy efficiency, and system performance. 

4. Comparative Analysis of Multiplication Techniques in VLSI 

Multiplication algorithms influence the performance of VLSI-based image processing hardware, and choosing an 

efficient algorithm is necessary to attain the highest computational speed and resource utilization. Traditional 

techniques of multiplication, such as Array multiplication and Booth multiplication, consist of sequential operations 

that lead to higher processing time and power consumption. Array multipliers, for example, require several stages of 

additions to find partial products, leading to higher latency. Booth multiplication reduces partial products by 

expressing input values but involves extra preprocessing overhead, thus being less efficient in high-speed 

applications. Vedic multiplication, however, uses a parallel computing approach, leading to quicker generation of 

partial products and accumulation in a single step. Research has proven that Vedic multipliers lead to astounding 

reductions in power consumption and propagation delay compared to traditional multipliers. Additionally, their 

modular architecture allows them to be highly scalable for different bit-width architectures, being flexible in different 

hardware applications. This research aims to carry out comparative assessment of Vedic multiplication with 

traditional techniques of multiplication in VLSI-based image processing, with improvements in speed, energy 

efficiency, and computational complexity. Through the integration of Vedic multiplication with hardware 

acceleration platforms, this research aims to improve the performance of image processing and contribute to 

improvements in high-speed computing systems. 

Literature Gap 

In spite of enormous progress in hardware acceleration of image processing, previous research has largely been based 

on traditional multiplication algorithms like Booth and Array multiplication that cause computational latencies and 

large power consumption. Although Vedic multiplication has proven to be efficient in arithmetic computation, its 

utilization in VLSI-based image processing is unexplored. There are not many studies that have comprehensively 

examined the comparative advantages of Vedic multiplication compared to traditional techniques in real-time image 

processing operations. Moreover, Vedic multiplication incorporation in FPGA and ASIC-based accelerators is 

deficient in thorough performance analyses in terms of speed, power consumption, and resource utilization. This 

study fills these shortcomings by implementing and evaluating Vedic multiplication in VLSI-based hardware 

acceleration environments with a new optimization strategy for image processing algorithms. 

5. Literature Gap 

III. METHODOLOGY 

1. Data Collection and Preparation 
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Fig. 5: Data Collection and Preprocessing Flowchart 

This research is supported by a set of grayscale and RGB images which are very frequently employed for image 

processing operations like edge detection and noise removal along with feature extraction. The images have been 

downloaded from public databases and common benchmark datasets to get a good range of resolution and intensity. 

This dataset is, therefore, grouped into classes based on image type, resolution, and color depth to facilitate 

preprocessing and analysis. 

Preprocessing Steps 

Preprocessing is carried out before application onto the Vedic multiplication algorithm to enhance computational 

ability [2]. The resizing of the images is carried out to a standard size for normal functioning. Grayscale conversion 

is carried out whenever necessary to minimize the complexity of computation that simultaneously retains vital details 

about structure. Normalization is the conventional method employed to bring the pixel value nearest to the digits it 

has been held. The algorithm's skill is enhanced by normalization, which sets the pixel values within a certain range 

of intensity after that. 

“import cv2 

import numpy as np 

# Load image 

image = cv2.imread('image.jpg') 

# Resize image 

resized_image = cv2.resize(image, 

(256, 256)) 

# Convert to grayscale 

gray_image = 

cv2.cvtColor(resized_image, 

cv2.COLOR_BGR2GRAY) 

# Normalize pixel values 

normalized_image = gray_image / 

255.0 

# Display processed image 

cv2.imshow('Processed Image', 

normalized_image) 

cv2.waitKey(0) 

cv2.destroyAllWindows()” 

2. Exploratory Data Analysis 

 

Fig. 6: Flowchart of the EDA Process for Image Data 



945  

 

J INFORM SYSTEMS ENG, 10(26s) 

Exploratory Data Analysis (EDA) of the provided images is to fully recognize the fundamental statistics and visual 

properties of these images as well as prepare for the subsequent step of the analysis [3]. This would be statistical 

analysis and comprise obtaining some important basic statistics like mean, median, standard deviation, and pixel 

intensity distribution for the variance analysis of the image. Visual inspections can be performed with histogram 

plotting, edge detection, and feature extraction to emphasize patterns and outliers in the data. The pixel intensity 

distribution is also useful for checking for contrast, brightness, and noise to verify the right preprocessing techniques 

are applied. Histogram equalization and thresholding are good options for enhancing image clarity in the event of 

uneven brightness, noise, or contrast inconsistency detection. Such visual analysis techniques, namely histograms, 

edge detection, and feature extraction, serve as a means to understand the architectural structure of the images [4]. 

Histogram analysis assists in the assessment of pixel intensity distributions for proper contrast and brightness 

adjustments to have been made with the first operations. 

“import cv2 

import numpy as np 

import matplotlib.pyplot as plt 

image = cv2.imread('image.jpg', 

cv2.IMREAD_GRAYSCALE) 

plt.hist(image.ravel(), bins=256, 

range=[0,256], color='blue', 

alpha=0.7) 

plt.title('Pixel Intensity Distribution') 

plt.label('Pixel Intensity') 

plt.ylabel('Frequency') 

plt.show()” 

3. Vedic Multiplication Algorithm Implementation 

 

Fig. 7: Flowchart of Vedic Multiplication Algorithm in Image Processing 

Explanation of Vedic Multiplication Principles 

Vedic multiplication is a traditional method of multiplication known for its effectiveness in reducing computation 

time ever since its inception [5]. Vedic multiplication uses special Vedic formulas, referred to as sutras or sub-sutras, 

among which Vertically and Crosswise is one of the popularly known sutras, allowing parallel processing while 

multiplying. 

Implementation in Image Processing 

Vedic multiplication is greatly applied in multiple operations, for example, edge detection, convolution of the kernel, 

and also Fourier transforms. Because Vedic multiplication can so conveniently be integrated, it has been used to 

speed up such calculations, being beneficial for use in real-time processing performance. 

Comparison with Conventional Multiplication Techniques 
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The conventional methods of multiplication, such as long multiplication, are hardware-intensive and 

computationally costly. This is in contrast to Vedic multiplication, which allows for fewer steps, hence being highly 

efficient for FPGA and VLSI [6]. This enhancement has certainly been of great assistance in real-time processing 

applications where speed plays a very crucial role. 

“import numpy as np 

def vedic_multiply(x, y): 

    """Performs Vedic multiplication 

using Urdhva Tiryakbhyam.""" 

    x, y = str(x), str(y) 

    length = max(len(x), len(y)) 

    x, y = x.zfill(length), y.zfill(length)  # 

Padding to equal length   

    result = [0] * (2 * length) 

    for i in range(length): 

        for j in range(length): 

            result[i + j] += int(x[i]) * int(y[j]) 

    carry = 0 

    for i in range(len(result)): 

        result[i] += carry 

        carry, result[i] = divmod(result[i], 

10) 

    return int("".join(map(str, 

result)).lstrip("0")) or 0 

# Example usage in image processing 

(kernel convolution) 

image = np.array([[1, 2], [3, 4]])  # 

Sample 2x2 image 

kernel = np.array([[5, 6], [7, 8]])  # 

Sample kernel 

convoluted_image = 

np.vectorize(vedic_multiply)(image, 

kernel) 

print(convoluted_image)” 

4. Ethical Consideration 

 

Fig. 8: Accelerated Image Processing Using Vedic Multiplication in VLSI 
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Responsible Use of Dataset 

The data used here is focused on image data which are handled through VLSI-based hardware acceleration [7]. Proper 

utilization of this data is important in maintaining data integrity and avoiding any form of bias in the computation 

results. Proper anonymization and preprocessing methods are employed to eliminate any potential privacy concerns. 

Additionally, all data sets are taken from public archives or ethically cleared locations to meet legal and ethical 

standards.  

Ethical Concerns in Hardware-Accelerated Computations 

The moral issues of image processing hardware acceleration demand unbiased and open computing. We have to 

determine if we are going to stick to Vedic multiplication to accelerate or else create unintended algorithmic bias. 

Additionally, the energy efficiency and sustainability of the hardware implementations are taken into consideration 

to minimize their carbon footprint [8]. Openness to the decisions of algorithms is imperative for ethical deployment 

into practical applications. 

“import numpy as np 

def vedic_multiply(A, B): 

    """Ensures fair and responsible 

computation.""" 

    if A.shape != B.shape: 

        raise ValueError("Matrices must 

have the same dimensions.") 

    return A * B  # Element-wise 

multiplication 

# Example usage 

A = np.array([[2, 3], [4, 5]]) 

B = np.array([[1, 2], [3, 4]]) 

result = vedic_multiply(A, B) 

print("Processed Matrix:\n", result)” 

IV. RESULTS AND DISCUSSION  

 

Fig 9: Processing Categories 

This figure shows the image of the processing of the environmental sections which include cloudy, desert, green areas, 

and water [9]. First, the system scans the images of maps and converts them into grayscale; the image size of the 

processed images is reduced to 128 pixels by 128 pixels for enhanced usability; the system saves the images after pre-

processing for further analysis.  

 

Fig 10: First Few Rows of the Dataset 
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This figure illustrates several pre-conditioned first rows of the dataset. The first column includes all pixel values of 

the images flattened into one dimension, while the second column contains the labels of the images. The pixel values 

decide appropriate numbers so that the data is intelligible to the machine learning models. The last cell corresponds 

to the label to be encoded for the current category to categorize the image in categories such as cloudy, desert, etc. 

 

Fig 11: Shape of the Dataset 

This means that the overall structure of the dataset where there are a total of 5631 sample images. The first four 

columns contain the pixel intensity that has been flattened from the images, while the fifth column contains encoded 

labels of the respective categories of the images [10]. The shape also helps to define how the data is placed in a certain 

manner and make certain that all images are processed correctly. 

 

Fig 12: Category Distribution 

This figure displays the barplot of images according to cloudiness, desert, green area, and water. It also stands from 

the plot that the data set is skewed and it contains a relatively higher number of images for the cloudy and desert 

classes as compared to the green area and water classes. Among the mentioned categories, it is possible to conclude 

that the number of images in the cloudy category is the highest, whereas there are fewer samples in the desert 

category.  

 

Fig 13: Sample Images from the "Cloudy" Category 

This figure depicts 5 image samples under the cloudy category [11]. The images depicted different extents of coverage 

of the clouds and portrayed the textural characteristics and visual features of a cloudy sky. These images are then 

reduced to 128 x128 pixels resolution and converted to grayscale to enhance the model learning process.  

 

Fig 14: Sample Images from the "Desert" Category 

This figure showcases sample images from the dessert category. These images consist of scenes that include death 

and desert aerial view, empty land, dunes, and other related scenes of a desert-like area. In the second set of images, 

a try that shows the differences between the textures alongside the colors related to the desert has been emphasized. 

As the other images have been done for the other categories, they are normalized to a standard format of 128x128 

pixels and black and white to ensure that the model can capture features that are characteristic of the desert. 

 

Fig 15: Sample Images from the "green_area" Category 
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The shown figure is made up of 5 sample images from green_area which houses beautiful green sceneries with many 

greens. It usually depicts places that are densely forested, with lawns, and gardens. It is visually set apart from others 

having a natural green coloration [12]. These images are resized and converted to grayscale so that all the image 

dimensions are the same to enhance the learning process of the model and easy classification during the process. 

 

Fig 16: Sample Images from the “Water” Category 

This figure shows five sample images from the water collection that include bodies of water like lakes, rivers, and 

seas. These are usually marked with blue tones and a smooth surface thus differing from other environmental ones. 

 

Fig 17: Distribution of Image Categories 

This bar plot displays the number of images belonging to the four different classes, namely cloudy, desert, green area, 

and water. That is, it shows the proportions of some learned IDV and classes; cloudy and desert are more populated 

with images, whereas green areas and water are sparser [13]. This distribution of the data is crucial during the training 

of the model, whereby there is a need to balance the model by either oversampling, undersampling, or class weighting. 

 

Fig 18: Distribution of Pixel Intensities 

This figure shows a histogram of pixel values of all images in the given dataset. The pixel intensities range from low 

to high density with an optimal mode towards medium grey level intensities. A KDE curve is also added to the plot, 

it smoothes the histogram plot to make the overall structure of the distribution apparent. This is useful in 

comprehending the brightness levels to be expected in all images taken in the dataset. 
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Fig 19: Pixel Intensity Distribution Across Categories 

This boxplot shows the distribution of pixels’ intensity in different image categories. It shows the variations in 

intensities of the pixel of one layer concerning the other and helps in deciding whether there is a difference in the 

distribution of the pixel between categories or not [14]. The values are more dispersed in categories like cloudy and 

desert as compared to pixel values in categories like water and green area. There is also exploitable noise in some of 

the categories which can be observed in images having low lighting conditions or images that are bright. 

 

Fig 20: Correlation Heatmap of Pixel Intensities 

This heatmap is based on pixel intensities and it determines the way different features in an image relate to each 

other. This means that the intensity of the basic colors has high correlation values and is therefore closely related 

across the dataset. It offers a glance at how intensities in the pixels are correlated and can be utilized for feature 

extraction or selecting an appropriate model [15]. The heat map also shows that there are little splits in the 

independence between each category and this simply means that the pixel intensity of images from the same category 

has a high chance of belonging to the same group. 

 

Fig 21: Pixel Intensity Summary Statistics 

This figure illustrates what has been described In terms of the pixel intensities within the categories with mean, 

standard deviation minimum, and maximum. It also shows that in general, cloudy and desert have average pixel 

intensities, approximately 644, greater than green areas and water. The green area category has the least pixel 

intensity values as the green part of the image tends to be darker [16]. These statistics are useful for figuring out the 
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contrast or lack thereof of pixel intensity for different categories and hence can be used for normalization or scaling 

of the training inputs. 

 

Fig 22: Pairplot of Pixel Intensities by Category 

The visualization itself provides information on how the pixel values vary within and between classes, thereby 

facilitating the identification of possible patterns and separability between various classes [17. Every subplot in the 

pair plot is a scatter plot between two-pixel intensity features, enabling the identification of correlations, clusters, 

and outliers. The diagonal plots are kernel density estimates of pixel intensity, providing an extremely clear 

representation of the distribution by category. Overlapping distributions, however, can be challenging to classify. 

Separated distributions can map well to discrete features that have been improving model performance. The 

formation of clusters and lines in any one of the scatter plots demonstrates the definite informative aspect of pixel 

values towards discrimination among classes. Pairplot is an extremely useful exploratory data analysis tool that could 

make it possible for one to get used to the data's structure [18]. It would assist in determining feature relevance, 

identifying potential data biases, and indicating further preprocessing techniques such as normalization or feature 

selection. 

Discussion 

Parameter Conven

tional 

Multipl

ication 

Vedic 

Multiplicati

on 

(Software) 

Vedic 

Multiplication 

(Hardware) 

Computation 

Time (ms) 

12.5 8.2 4.7 

Power 

Consumption 

(mW) 

15.3 10.8 6.2 

Accuracy (%) 95.2 96.7 97.9 

Latency (ns) 45.8 30.5 18.3 

Real-Time 

Suitability 

Moderat

e 

Good Excellent 

Table 1: Performance Comparison of Multiplication Techniques in Image Processing 
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The outcomes proved with hardware accelerated image processing using Vedic multiplication in VLSI exhibit an 

enormous boost in computational efficiency. With Vedic multiplication, the time required for arithmetic operations 

is minimized, resulting in a boost in processing speed [19]. This is very applicable in real-time image processing 

applications, where extremely fast computations are critical to object detection and feature extraction. Some 

variations of distributions of pixel intensity for different classes validate the effectiveness of preprocessing steps. The 

heatmap depicts a correlation with some pixel features, with the fact that some of the intensity values contribute 

significantly to classification performance. Further, pair plot visualization validates that some classes show 

considerable overlap in pixel intensity, forming the possibility of a tremendous roadblock to precision in classification 

[20]. With hardware acceleration, there is the minimization of energy consumption, ultimately positioning it to be a 

viable solution in edge computing and embedded systems. 

V. CONCLUSION AND FUTURE WORK 

1. Conclusion 

This research exemplifies the application of Vedic multiplication together with hardware-accelerated image 

processing to provide much higher rates of operations per second. This method significantly lowers processing time 

and provides real-time image classification. The Vedic multiplication algorithm is effective in analyzing pixel 

intensity distributions and derives useful patterns for classification. Exploratory data analysis has confirmed the 

contribution of preprocessing to accuracy in prediction, correlation heatmaps confirming relationships among pixel 

intensity values, and pair plots defining connections between pixel intensity values. Since the method advances 

processing speed, other issues are still to be addressed, such as optimization of the architecture utilization of 

resources and resolving computational complexity in hardware systems. This indicates that Vedic multiplication can 

be or may be integrated into state-of-the-art machine learning models to improve performance. This work is a 

continuation of emerging work in hardware-accelerated computation and thus may offer a vision platform for 

upcoming research in optimization techniques and tools for image processing, where emphasis has been given to 

efficiency and speed in multiplication. 

2. Future Work 

Future research can consist of optimization of implementations of Vedic multiplication utilizing optimal usage of 

hardware resources and designs, as well as even more efficient newer multiplier architectures. In addition, FPGA and 

ASIC implementations might even provide another speed-up at decreased power utilization. Furthermore, with a 

more diverse dataset that incorporates images of higher categories, an even more realistic evaluation of 

generalizability can be achieved through the method. Another potential area of investigation is the integration of deep 

learning models with hardware-accelerated computations. Therefore, this Vedic multiplication is a kind of adaptable 

algorithm that is used in convolutional neural networks for faster efficiency in feature extraction and classification. 

Also, accelerated computation has found its use in real-time applications like medical imaging and navigation in 

autonomous vehicles. 
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