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Convolutional neural networks are becoming more popular as a means of resolving issues related to the extraction of colour 

picture features. The inherent advantage of quaternion neural network had led to a recent upsurge in research related to its 

implementation in image, voice and signal processing. Incorporating quaternion algebra to a neural network can decrease the 

neural parameters and in spite of decreased parameters, it still achieves state-of-the-art performance. On the other hand, the 

interconnection of the colour image channels is not taken into consideration in the general network. Because of this, the authors 

of this research suggest a newly designed quaternion convolutional neural network (QCNN), which always handles colour 

triples as a whole in order to prevent the loss of information. In order to completely combine the data from the different colour 

channels, the first quaternion convolution process has been created and shown. In order to provide an even higher level of 

protection for the accuracy of colour information, the quaternion batch normalisation and pooling processes are developed and 

designed in the quaternion domain. During this time, information on the attention mechanism is being included into the 

proposed QCNN in order to improve its overall performance. Experiments show that the proposed model is superior in terms 

of efficiency to both the conventional convolutional neural network and another QCNN with the same structure. Furthermore, 

the proposed model demonstrates superior performance in terms of colour image classification and colour image forensics.  
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INTRODUCTION 

ML's profound influence is apparent across a wide range of practical applications, including NLP and pattern 

recognition. Machine learning has a significant impact on the development of numerous systems used extensively 

to address a wide range of practical issues in recent years. ANN have achieved better results in a variety of 

practical applications as both the quantity and quality of accessible data and computational power have increased 

in conjunction [1, 2, 3]. With the advent of a quick and effective model training technique, DNN began to surpass 

other conventional machine learning algorithms [4]. 

Multidimensionality is common in real-world data, necessitating a methodologically distinct approach to 

analysing the interrelationships present within. To modify images, for instance, the (Red, Green and Blue) RGB 

channels, which describe the colours in a pixel, are used. Pixels/points are defined by their coordinates and they 

are utilised as inputs for both machine-based calculations and human perception. The three coordinates in the 

colour space that make up a pixel's RGB components depict a more complex shade like pink or brown. Neural 

networks need to capture these connections if they are to successfully generalise and reflect the pixel's 

multidimensional perspective [5]. Architectures that work with real numbers treat the components of an input 

vector as separate entities. By illustration presented in [6] showed that a real-valued (Convolutional Neural 
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Network) CNN could not be used in heterogeneous settings since it cannot learn to recognise colour from a 

grayscale picture. Then, as reference [7] showed, a real-valued (Neural Network) NN cannot remember the 

relations between the coordinates throughout the transformation into the 3D space; therefore, it loses the 3D shape 

of the input object. Multidimensional number-based neural networks have been offered as a solution for this 

problem. 

The ease of representation of a multidimensional value by a quaternion attracts its diverse usage in real world. 

Recently, research into quaternion neural networks has blossomed. Because of the Hamilton product, QNNs may 

learn the local relations between its parts, as illustrated in equation 1. Machine learning's core difficulty is in the 

computation of reliable representations of massive data sets. To do this, an effective model must effectively 

capture both local connections. In this paragraph, we have explained why it is preferable to use a QNN rather than 

a real valued one while trying to encode relationships between features. Finding an appropriate multidimensional 

data representation for capturing the relations between the attributes of observable entity is a necessary first step. 

In order to more effectively represent the information that makes up an image, As opposed to a collection of one-

dimensional pieces that may be connected to each other, it is beneficial to conceive of each pixel as a full entity 

comprised of three highly related elements. It is also possible that the parameter estimation and the latent relations 

between a pixel's RGB components cannot be encoded accurately using NN with real-valued parameters. Using 

quaternions in place of real numbers provides a very efficient solution to this issue. A quaternion is a four-

dimensional object that can be used to construct and manipulate objects with up to four constituents. These latent 

relations inside a quaternion's characteristics can be captured by a quaternion neural network, which is made 

possible by the quaternion algebra. 

 

BACKGROUND AND RELATED WORK 

Arena et al. (1994) were the first to present QNNs, and they developed a specialised backpropagation algorithm 

to enable QNNs to be learned efficiently in the same way as real-valued neural networks are. Many subsequent 

publications dove further into the fundamentals of QNNs, exploring aspects like activation functions [8, 9], loss 

functions [10], initialising parameters [11], and building novel architectures [12] to better handle real-world 

multidimensional data. It is now possible to represent higher dimensional spaces using newer neural designs and 

techniques. In [13], the authors suggest a backpropagation method for neural networks that makes use of the 

product of three spatial dimensions. Though they have certain similarities with quaternions, 3D vectors are not 

handled using the same procedures.  

Real-valued convolutional neural networks (CNN) are a kind of neural network that has been suggested [14] in 

order to more accurately capture relationships that take place between nearby input features. In the case of a CNN 

that works with actual values, the learning process for the model must take into account both the internal and 

external dependencies simultaneously. To be more specific, the relations that exist between each element that 

composes a multidimensional input feature are evaluated equally with the relations that exist between this input 

feature and the others. This applies to all of the relationships that exist between the input features. Quaternion 

convolutional neural networks (QCNN) is a solution that has been suggested by [15] to help relieve this issue. In 

point of fact, the quaternion algebra is responsible for encoding all of the internal relations, while the convolution 

process is responsible for learning all of the outward relations. Regarding the QMLP, each and every parameter 

of the QCNN is represented by a quaternion number. 

In addition to the fundamental framework of a QCNN, authors [16] have suggested three image-processing tasks 

as a means of evaluating the effectiveness of the model. As a result, the deep QCNN that was suggested was tested 

on the CIFAR-10 and CIFAR-100 image classification tasks [17] and on the KITTI image segmentation challenge 

[18]. In both sets of trials, a total of 115 layers were layered in a residual manner [19] in order to facilitate rapid 

training convergences. The values of the pixel's red, green, and blue pixels are used to represent the x, y, and z 

components of quaternions, while the value of the pixel's grayscale component represents the real portion. In 

terms of accuracy, QCNNs perform much better than both real and complex valued CNNs, regardless of the task. 

The Quaternion-Valued Neural Network (QCNN) that was developed proves that quaternion-valued models are 
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capable of competing with and even outperforming state-of-the-art methods by achieving the best possible results 

in more recent benchmarks. 

More recently, in [20], researchers offered to explore the influence of the Hamilton product on a QCNN using a 

grayscale to colour picture job. In their proposal, the researchers used the image task. In specifically, the authors 

compressed a singular grayscale picture by using a quaternion and a real-valued convolutional auto encoder 

(QCAE, CAE) during the training phase of the research. Both models, much like any other auto encoder, have 

had the reconstruction error of the input picture at the output minimised in order to provide the best possible 

results. When it comes time to put the models through their paces, a colour picture is shown to them, despite the 

fact that they were only trained on a grayscale picture. It is interesting to note that the QCAE was capable of 

producing a colour picture that was faithfully reproduced at the output. On the other hand, the real-valued CAE 

generated a correct reconstruction of the test picture, but it did so in grayscale rather than in colour, and it did not 

learn the colour space. This phenomenon demonstrates the power of the Hamilton product to coerce QNNs into 

learning an internal connection inside the input characteristics that they are given. 

 

PROPOSED APPROACH 

Our proposed approach can be summarized in different parts of the implementation process of Quaternion in 

Convolutional Neural Network. 

Convolution of a Quaternion 

 If we consider Q1 to be a quaternion weight and Q2 be an input of the same domain i.e. quaternion input, then 

the convolution process is nothing but a Hamilton product of the two quaternions as shown in the equation 1. In 

the convolution process, quaternion multiplication takes the role of point-to-point plain multiplication with a 

weight of W. The simplified convolution formula is illustrated in equation 1, which is also a quaternion matrix, 

and its real and imaginary parts may be derived by adding and subtracting four conventional convolutions, 

respectively. The quaternion convolution procedure is substantially simplified using this approach, as is the 

implementation of neural network design. Using the breakdown shown in Figure 1, the convolution operation may 

be broken down into its component parts. Conv5's cross product may be expressed as equation 2. 

 

 

 

 

 

(1) 

where, Q1 and Q2 are two quaternions represented as: 

𝑄1 = (𝑎1 + 𝑏1𝒊 + 𝑐1𝒋 + 𝑑1𝒌) , 𝑎𝑛𝑑 

𝑄2 = (𝑎2 + 𝑏2𝒊 + 𝑐2𝒋 + 𝑑2𝒌)    

Imaginary axes are i, j and k 
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Learning data distribution is the heart of training a neural network. There is a dramatic drop in the network's 

generalisation capacity after the training data distribution no longer matches that of the test data. In addition, the 

training pace of the network will be drastically slowed down if the distribution of each batch of training data is 

different, since the network will learn to adapt to the varied distribution in each iteration. In order to deal with 

these limitations, batch normalisation was developed. Quantum batch normalisation deviates from the standard 

method of batch normalising by using a different formula to get the mean and variance. Quaternion mean and 

variance are defined as follows in equation 3 and 4. 

 

 

𝑄𝐸(𝑥) =
1

𝑇
∑ 𝑎1 + 𝑏1𝒊 + 𝑐1𝒋 + 𝑑1𝒌

𝑇
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(4) 

 

The quaternion mean and variance are denoted here by QE(x) and QV (x), where x is the quaternion entity denoted 

as (𝑎1 + 𝑏1𝒊 + 𝑐1𝒋 + 𝑑1𝒌) 

Quaternion mean remains a quaternion, whereas quaternion variance is analogous to the conventional variance as 

a real number, when extended to the quaternion domain from typical statistical characteristics. 

 

Figure 1: A quaternion Neural Network representation 

 

RESULT AND DISCUSSION 

The foundation of the proposed QCNN model is laid out in this section. Then, we put the QCNN model's 

reconstructed parts to the test to see how well they function. Then, the suggested model is contrasted with Pure 
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QCNN and its advantage is carefully examined in terms of colour picture categorization. Good performance in 

colour picture processing is shown by using the suggested model to the detection of double JPEG compression. 

 

Figure 2: Diagrammatic representation of the workflow process of the modification in basic Quaternion 

Convolutional Neural Network. 

 

 

We constructed a simple QCNN to evaluate the functionality of the module it is a part of. A total of four layers 

are included: two convolutional blocks, two max-pooling layers, and two fully connected layers to round things 

up. There are two convolution layers in each convolution block, and these layers perform the convolution, batch 

normalisation, and activation operations using quaternions. Commonly, we utilise an activation function called 

ReLU. 

In Figure 2, we see the overall network architecture and some of the individual parameters. Each convolution 

kernel and feature map in the proposed model is a width-by-height-by-quaternion-size i.e. (width x height x 4) 

quaternion matrix, which is different from the standard convolutional neural network format. Keep in mind that 

the updated quaternion module shown here is the additional module and was not included in the original QCNN. 

This is just a technique for boosting the efficiency of the network. 

 

Table 1: Table showing the accuracy of the proposed modified QCNN with the traditional QCNN 

Methodology Dataset Test Accuracy 

Basic QCNN MS-COCO 0.8128 

Modified QCNN MS-COCO 0.8621 

 

Four components of a quaternion may be normalised throughout the process of training a network. In order to 

evaluate the effectiveness of the modified QCNN in comparison to the original QCNN, the input data is flipped 

and shifted. Cross entropy loss is used to train the network as a whole with a learning rate of 0.00011. At epoch 

75, the training is complete. Tables 1 and 2 display the data obtained throughout the experiments. In comparison 

to previous models, the one suggested here performs better. Although batch normalisation has a little effect on the 

feature map's data distribution, the conventional approach nonetheless leads to a breakdown in colour coherence. 
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Since the quaternion method always considers the whole colour channel, it avoids this loss. The significance of 

color-channel correlation is further shown in the comparison's outcome. 

 

Table 2: Table showing the classification accuracy of the proposed modified QCNN with the traditional QCNN 

Methodology Dataset Test Accuracy 

Basic NN MS-COCO 0.7422 

Basic QCNN MS-COCO 0.8255 

Modified QCNN MS-COCO 0.8701 

 

CONCLUSION 

This research presents a new design for convolutional neural networks called QCNN, as well as an enhanced 

version called attention based QCNN. A set of quaternion-based network layers are suggested to accommodate 

the new quaternion data flow format. CNN has tried its hand at a novel model in the realm of mathematics, and 

the results have been promising in the areas of colour picture categorization and forensics. As time goes on, we 

want to improve upon this framework even more. The presence of the guiding matrix introduces the possibility of 

several maximum values inside a given pooling frame. Due to the diversity of the quaternions represented by 

maximum, finding a single maximum may be challenging. It is important to note that the aggregate pooling result 

will change depending on the maximum positions used. To solve this issue, we use the angle cosine theorem to 

determine the degree of similarity between the maximum vector and other non-maximum vectors. 
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