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Abstract:  Underwater image enhancement attracts ocean explorers and researchers in the field of marine archaeology 

consistently. There are numerous underwater image enhancement algorithms has been proposed in recent years. Although the 

existing algorithms achieve better enhancement results for degraded images, these methods experience some limitations in terms of 

identification and recognition of underwater objects captured at various depth. Convolutional Neural Network (CNN) is the best 

alternative solution used for object recognition and image classification. CNN is a most powerful algorithm in the field of deep 

learning and computer vision. Therefore this paper presents the indepth survey of the various underwater image enhancement 

algorithms of CNN and description about its qualitative and quantitative results in order to give  potential insight for the future 

researchers. 

 

Index Terms – Convolutional Neural Networks (CNN), Deep learning 

I. INTRODUCTION 

               Deep learning is a specialized form of machine learning. It needs little human intervention and achieves higher level of 

accuracy in recognition when compared to machine learning. Deep learning is used in tremendous applications such as self driving 

car, aerospace and defence, robots in surgery, industrial automation, electronics etc. Since neural network architecture is used in 

deep learning methodologies, deep learning models are called deep neural networks. Deep neural networks are trained by using 

large set of labelled data and neural network architectures are that which manipulates the data without manual intervention. The 

term “deep” usually refers to the number of hidden layers in the neural network. Deep neural networks contain even 150 hidden 

layers as opposed to simple neural network which contains only 2 to 3 layers. Figure 1 represents a simple artificial neural network 

consisting of input layers, hidden layers and output layer. 

               The most important type of deep neural networks is known as Convolutional Neural Network (CNN). A CNN involves 

Convolutional layers, hidden layers with activation function such as Rectified Linear Unit (ReLU), Pooling layers, Flattened layer 

and Fully connected layer as shown in the Figure 2. Convolutional Neural Network is made up of multiple layers and specially 

designed to work with images. It is capable to perform an entire task like classification and recognition of images without manual 

intervention [1]. 
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Fig 1 : Representation of a simple neural network 

 

Figure 2 – Block Schematic of Convolutional Neural Network (CNN) 

 

         In a typical neural network each input neuron is connected to the next hidden layer. In CNN, only a small region of the input 

layer neurons is convolved with the neuron of hidden layer to obtain the convolved feature. The pooling layer is used to reduce the 

dimensionality of the feature map. There will be multiple activation & pooling layers inside the hidden layer of the CNN. Fully 

Connected Layers form the last few layers in the network. The input to the fully connected layer is the output from the final pooling 

layer, which is flattened and then fed into the fully connected layer.  

         Usually deep Convolutional Neural Networks are prepared with the set of convolution layers, sub-sampling layers and dense 

layers. These networks are highly used to reduce the number of complex features. The major CNN models include Le Net [2], Alex 

Net [3], Google Net [4], VGG Net [5] and Res Net [6]. These models are generally considered to be the widespread architecture  as 

they provide advanced and significant performance for image classification and recognition of objects.  

          LeNet is the first popular CNN architecture which is used in hand digit recognition tasks. It constitutes of convolutional 

layers, two subsampling layers and then two fully connected layers with softmax activation function. Alexnet consists of eight 

layers such as convolutional layers, maximum pooling layers with activation function like ReLu and training parameters for object 

detection tasks. The drawback of Alexnet is the usage of 62.3 million training parameters which was overcame by GoogleNet. 

GoogleNet was otherwise known as Inception V1, achieved a less error rate of 6.67% and uses less training parameters. VGGNet is 

currently most preferred choice in the deep learning field for extracting features from images because of its uniform arhitecture. It 

consists of  stacked 16 convolutional layers with filters of size 3 X 3. The ResNet model is one of the popular and most successful 

deep learning models so far. It is a 34-layer plain network architecture and the skip connections (residual blocks) were added to 

solve the problem of vanishing gradient. 

           These are the various CNN architectures used for low light image enhancement purpose, object detection and classification 

tasks in both underwater and outdoor images. Eventhough these architectures are giving visually appealing results, it consists of 

higher number of layers i.e. convolutional layers, pooling layers and fully connected layers. Due to the thirst of deep learning based 

approaches and to reduce the usage of enormous number of layers, many researchers began to use the CNN based algorithms for 

image enhancement with reduced number of layers and parameters. This paper provides an overview of  CNN , brief comparative 

survey and results of existing methodologies of CNN for underwater image enhancement.  
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II Background of CNN:   

                A convolutional neural network (CNN) is a type of artificial neural network which is mainly used for manipulating 

images. An artificial neural network is a system of hardware and software patterned like the structure of neurons in the human 

brain. CNN models involves the basic structure of convolutional layer, pooling layer, activation function (like ReLU, sigmoid etc), 

flattened layer and fully connected layer.  The convolutional layers, pooling layers with activation function like rectified linear unit 

(ReLU) are the most important building block of CNN. The brief description about the different layers of CNN are as follows.  

Convolutional layer is a first and foremost layer of CNN which performs the convolution sum of input image 'x' and the kernel 

matrix 'f'. Kernel is a        3 x 3 matrix used to perform the edge detection and sharpening of the edges of an input image. 

                Each pixel of an input image is multiplied by the corresponding value in the kernel, then the result is summed up for a 

single value to obtain resultant image matrix as mentioned in Figure 1. The output image 'y' can be written as, 

                                                                                        y = ∑ xn
i=1 ∗ f                                                                                               (1) 

                   Where  ‘y’ is  output image with order M x N   

                                   ‘x’ is  input image with order m x n           

                                    ‘f’ is kernel matrix with order K x K 

There are many  types  of  kernel matrix like sharpening  filter, edge sharpening  filter, edge detection kernel matrix, smoothening  

filter. 

                                                                     

                           Input matrix ‘x’                                       kernel matrix ‘f’                                       Convolutional layer 

                                                                                                                                                                      output’y’ 

                                                    Figure 3 – Schematic diagram of Convolutional layer operation 

                           Figure 3 represents the convolved  feature of input matrix ‘x’, kernel ‘f’ and the output image ‘y’ of convolutional 

layer. Each  5 X 5 matrix of input image ‘x’ convolved with the  3x3 kernel matrix ‘f’ to yield   3x3 resultant matrix of output 

image ‘y’. The pixels of output image ‘y’ in Figure 3 represents the single computation of convolutional layer matrix. This 

procedure  can be continued  to  find M x N matrix of output image of convolutional layer. The convolutional layer is followed by 

the pooling layer which is responsible for reducing the size of m X n input image while preserving the characteristics of input 

image ‘x’. The convolutional layer is followed by the activation function i.e Rectified Linear Unit (ReLU). It is an element wise 

operation applied per pixel and replaces all negative pixel values in the feature map by zero. The activation function replaces the 

negative value pixels into zero as mentioned in Figure 4.  

                                                                                                  

                                       Convolutional layer                                                ReLU layer output matrix 

                                                          Figure 4 : Computation of ReLU activation function 

 

The pooling layer is often placed between two layers of convolution. This type of layer reduces the number of parameters and 

calculations in the network. Thus the pooling layer helps to improve the efficiency of the network and avoids the overlapping of the 

values in the output matrix. Pooling layer reduces the dimensionality of each map by performing different computation like 
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maximum pooling, average pooling and sum pooling.  Figure 5 represents the computation of maximum pooling operation of 

convolutional layer output image. The sum and the average pooling operation can also be used instead of maximum pooling 

operation. The obtained image is more precise and clear if the maximum pooling is used.  

                   

                                                                                     

                                     ReLU layer output matrix                                            Pooling layer matrix 

                                              Figure 5 – Computation of Pooling matrix (Maximum pooling) 

CNN block will have multiple convolutional layers stacked one after another with the objective of extracting particular features in 

the input image. Flattened layer is used to convert all the resultant 2-Dimensional arrays from pooled feature maps into a linear 

vector as shown in the Figure 6.  

                                                                                               

                                          Pooling layer matrix                                         Flattened Layer output vector 

Figure 6 – Computation of Flattened Layer 

                                   

                                  Flattened Layer output vector                                   Fully Connected Layer output 

Figure 7 – Representation of Fully connected layer classification 

The flattened matrix is fed as input to the fully connected layer to classify the image. In fully connected layers, the neuron applies a 

linear transformation to the input vector through a weight matrix. It establishes the above mentioned layers in stacked form. This 

layer is the final output layer of CNN block. It is mainly used in image classification to identify the objects with the help of 

probabilities calculated in the training process. Figure 7 presents the schematic of Fully connected layer. The combination of these 

layers forms the various architectures of CNN and  paves the way for numerous investigation. 

 

III Comparative Survey 

In this section, various underwater image enhancement algorithms using Convolutional Neural Networks (CNN) has been 

explained.  

            UWCNN  introduced a new convolutional neural network model which consists of stacked convolutional layers and 

Rectified Linear Unit (ReLU). In this method, underwater images are processed by concatenating convolutional layers to optimize 

the values of MSE and SSIM. In this UWCNN architecture, the first layer is the convolutional layer block consisting of 16 kernels 

of size 3x3x3 to produce 16 output feature maps. The second type of  layer is activation layer, also known as “ReLU”, to introduce 

the nonlinearity. The third type is “Concat” layer, which is used to concatenate all the convolutional layers after each block. The 

last convolutional layer estimates the final output of the network, which is the latent image [7]. In this method, both synthetic and 

Object A 

Object B 
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real world underwater images have been simulated to produce more visually appealing results with good contrast and brightness. It 

doesn’t add any color casts and effectively removes the dominant green colour of an hazy underwater image. 

          UIECˆ2 – NET is a another  deep learning based enhancement algorithm uses both RGB color space and HSV color space. It 

consists of three blocks such as RGB pixel level block for denoising and eliminating unwanted color cast, HSV global adjust block 

for tuning the saturation and brightness and an attention map block is used to combine the advantages of RGB pixel level block and 

HSV global adjust block[8]. In this method five  datasets of images captured from various underwater background were simulated. 

The results were shown that  UIECˆ2 – NET produces good effect in removing distortions and in restoration of original colours.  

           Underwater Scene Prior is an enhancement algorithm based on convolutional neural network. In this method, 10 

convolutional layers yields 16 feature maps which provides fast and efficient performance for restoration and enhancement of 

captured underwater images. A lightweight network  with residual learning, dense concatenation and SSIM loss is introduced 

additionally to boost the speed of the network [9]. This method is also effective and  suitable for the frame by frame enhancement 

in the captured hazy underwater videos. 

           Parallel CNN is a underwater image restoration algorithm using a CNN model which consists of two parallel branches such 

as A network and T network. Eventhough the combination of a transmission estimation sub-network (T-network)  and a global 

ambient light estimation sub network (A-network) effectively restores natural color and increases the brightness of the underwater 

images, factors like fluctuation of water, forward scattering and the artificial light source was not considered in this work [10].  

          Underwater image restoration method is an another enhancement algorithm based on CNN which recovers the underwater 

scenes using the underwater optical imaging model consisting of A-network and T-network. The cross layer connection and multi 

scale estimation can be used to prevent halo artifacts and preserve the edge features of  input images. In this method, the qualitative 

and quantitative results of synthetic and real world images depicts the restored images with natural color and better visibility [11]. 

         Deep CNN method is an underwater image enhancement and object detection algorithm which combines the max-RGB 

method and shades of gray method with CNN to provide the better results for low illuminated images. The deep CNN structure is 

proposed in this paper for underwater objects identification and classification. Based on the underwater vision, two schemes are 

used. In the first scheme,  convolutional layers with kernel function is used on the feature map and then down sampling layer is 

added to resize the output to 13 X 13 feature map and in the second scheme, down sampling layer is first added and then the 

convolutional layer is added to the network [12]. The output has been obtained by combining both the schemes in order to achieve 

the targeted output. The demonstrated results show that the deep CNN structure presents the accurate detection and classification 

when compared with the Fast RCNN,  Faster RCNN and YOLO v3.   

 

IV Results and Discussion : 

         The real world underwater images with various color tones ,contrast were collected from the reviewed paper and evaluated. 

There was a single common image for the reviewed paper [7],[8],[9] and among [10],[11].The qualitative and quantitative results of  

these two sample open source underwater images were demonstrated below. The parameters like Mean Square Error (MSE), Peak 

Signal to Noise Ratio (PSNR), Structural Similarity Index Metric (SSIM) for the state of the art methods were evaluated for the 

sample open source images. The visual comparison results were presented in the Figure 8 and 9 and the numerical metrics 

comparison were shown in the below table 1 and 2.  

                                                 

                                                 (a)                               (b)                                  (c)                                 (d) 

Figure 8 – Qualitative result comparison (a) Underwater image 1 (b) Chongyi [7] (c) Yudang [8]  (d) Chongyi [9] 
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          As shown in the Figure 8, the real world underwater images undergoes the different enhancement process and results were 

showcased. Figure 8(a) represents the hazy underwater sample image 1, Chongyi [7] method removes the bluish contrast from 

sample underwater image as shown in Figure 8(b) while Yudang [8]  produces the fair visibility as in Figure 8(c). Similarly 

Chongyi [9] introduces the good texture and removes the color deviations. Although Yudang[8] produces the reasonable numerical 

metric values as shown in Table 1, Chongyi [9] restores the  visibility, texture and produces good color contrast results.  

 

Parameters Chongli [7] Yudang [8] Chongli [9] 

MSE 587.70 365.5963 456.40 

PSNR 21.790 24.5663 22.633 

SSIM 0.8558 0.9346 0.8795 

UCIQE - 0.6162 - 

UICM - 5.1675 - 

UISM - 4.2527 - 

UIconM - 0.7384 - 

Table 1 - Quantitative comparison of open source image 1 (Figure 8) 

In addition to this, the qualitative and quantitative  assessment of another sample underwater open source image were done inorder 

to compare [10] and [11]. Figure 9 shows the enhancement results of Keyang Wang [10] and Yan Hu [11] for the underwater image 

2.  The unpleasing blue color of underwater image 2 has been removed by the enhancement process of Keyang Wang [10] while 

Yan Hu [11] shows the even more clear visual quality and it ranks high in terms of PSNR metric as shown in the Table 2. Since 

there were no common images in reviewed paper [12] the results of it are not included in the discussion. 

 

                                               

                                                 (a)                                                 (b)                                              (c)                  

                   Figure 9 – Qualitative results comparison (a) Underwater image 2 (b) Keyang Wang [10] (c) Yan Hu [11] 

 

Parameters Keyang Wang [10] Yan Hu [11] 

PSNR 22.3414 24.6458 

CIEDE 2000 15.4593 - 

SSIM - 0.8997 

Table 2 – Quantitative comparison of open source image 2 (Figure 9) 
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Conclusion : 

        The comparative survey and  result analysis of various existing CNN methodologies has been presented for the open source 

underwater image dataset. This paper provides the pathway for the future researchers to know about various enhancement 

methodologies and the clear vision about the CNN architecture. In future, we will introduce a combination of CNN and underwater 

imaging model to produce effective performance on underwater images and frame by frame enhancement in videos. Furthermore 

we have planned to reduce the number of layers in the CNN architecture to provide fast and efficient performance.  
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