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Introduction
In recent years, tremendous progress in the sciences of communication and multimedia 
has been signposted by the widely used monitoring system. Since the monitoring sys-
tem—video surveillance—is characterized by many advantages such as providing safety 
for the human and machines, also saving time, effort, and money [1]. Consequently, 
many projects and applications cannot dispense the video surveillance as an integral 
part from its systems, such as smart city, smart parking, transport management, and 
administrative buildings [2, 3]. In particular, underground projects such as engineering 
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construction and exploration have great importance in the economic sector [4, 5]. The 
nature of underground projects and the surrounding circumstances make the data trans-
mission through the wireless channels is the most appropriate choice, despite the lim-
ited bandwidth is used [6]. This situation forced the transmission of data with a limited 
number of bits, which appears to have a negative impact on the quality of the transmit-
ted data, and it was necessary to minimize this lack of image quality under the avail-
able conditions. There upon, several image compression algorithms were introduced to 
overcome these challenges. Before showing some of these algorithms, it was necessary 
to explain briefly the general block diagram of the video surveillance systems. Figure 1 
illustrates the stages of the video surveillance system, starting with video stream acqui-
sition process using cameras or sensors according to available transmission channels. 
After that comes one of the top significant steps: stage two, which is video compression. 
It is controlling the process of reducing the number of bits required to represent a video 
stream. The output from stage two is becoming ready to transfer through the transmis-
sion channels: this is the responsibility https:// www. power thesa urus. org/ respo nsibi lity/ 
synon yms of the third stage. All required video processing operations such as video rec-
ognition and image classification are executed in the fourth stage. If there is any danger, 
here the role of the fifth and final stage appears by giving a warning [7].

Now, some previous research efforts are briefly presented [8] suggested an algorithm 
called denoising-based AMP (D-AMP). It is an extension of the approximate message 
passing (AMP) framework, depending on the utilization of a suitable Onsager correction 
in its iterations. Onsager correction converts the signal disturbances at every iteration 
approximately to the white Gaussian. This is because denoisers are used to manage white 
Gaussian. Reference [9] described an algorithm exploitation of a classic augmented 
Lagrangian multiplier approach. In order to limit the use of augmented Lagrangian 
function at every iteration, it is using an alternating direction algorithm and a nonmono-
tone line search together. Reference [10] proposed an algorithm aims to reducing the 
noise effect by utilizing the regularization algorithms: first one is least square QR-factor-
ization, Tikhonov, econdary total variation minimization with augmented Lagrangian, 
and the last algorithm is alternating direction. Reference [11] explained the DR2-Net 
algorithm, based on two observations, linear mapping was used to rebuild a preliminary 
image with good quality, and residual learning makes efficient recovery quality. Refer-
ence [12] proposed an image compression method for video surveillance. That method 
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Video Compression 

Video Transmission 

Video Processing 
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Fig. 1 Video surveillance systems block diagram
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was based on residual network and discrete wavelet transform. The author also pre-
sented loss function to train the network. The image compression method presented 
a reliable compression ratio compared with some other related works. The proposed 
method concerned both with the structural similarity and peak signal to noise ratio. The 
proposed method is relevant to be used in the wireless communication environment and 
it was applied on the underground mines. Reference [13] mentioned that when using 
wavelet transform, the image is not divided into blocks but processed entirely. This is 
necessary to eliminate the occurrence of distortions, so images with high compression 
ratio are not decomposed into blocks but simply lose then clarity due to blurred board-
ers. The authors in their research work discussed the concept of providing large video 
compression ratios without deterioration of the image quality. The authors presented a 
method of brightness processing based on the fixed partitioning of images into blocks. 
From the experimental work and results, the author method was efficient for processing 
the video stream.

Reference [14] mentioned that image compression aims mainly at reducing the num-
ber of bits required to represent an image both for storage and transmission as well. 
Machine learning especially deep learning can be utilized to improve the image com-
pression process. Such improvements can take different forms: one of them is removing 
the quantization coefficients. The authors in their paper presented a short survey paper 
on image compression process. The paper combined both the traditional compression 
algorithms and those ones based on deep learning. The authors classified the compres-
sion process based on machine learning into several types. Image compression includes, 
but not limited to, using image features, compression adopting colour images, compres-
sion based on the reduction in artifacts, compression based on neural networks, and 
others.

This work introduces an effective compression method called DLBL based on the 
variation of the image luminance intensity using deep learning, as will be explained in 
Section  “The Proposed Image Compression method”. The results show that the main 
objective of the research is achieved by the proposed algorithm, which improves image 
quality under bandwidth limitation, as shown in “Experiment and results” section.

The rest of this paper is coordinated as follows. Section “Preliminaries” presents some 
preliminaries. The proposed method is introduced in Section  "The Proposed Image 
Compression method", while “Experiment and results” in section describes the experi-
ments performed using the proposed method and also presents and discusses the exper-
iments results. Finally, “Results and discussion” in section concludes the whole works.

Preliminaries
Residual neural network

One of the most important convolutional neural networks (CNNs) is residual neural 
network (ResNet). ResNet is a model that is developed in 2016 by He et al. This model 
is a network that has 50 layers deep. ResNet-50 is an artificial neural network (ANN). 
This network model is a kind that stacks residual blocks on top of each. 1000 object cat-
egories images can be classified by this network. This residual units include convolu-
tional, pooling, activation and fully connected layers and sub-layers. ResNet 50 contains 
convolutional layers represented in 49 layers and at the last is the fully connected layer. 
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The residual block which is used in this network is shown in Fig. 2. Compared to other 
networks models. The advantage of the ResNets model is that the performance of this 
model does not decrease even though the architecture is getting deep [15].

Discrete cosine transform

Discrete cosine transform (DCT) is considered a significant step in image compression 
algorithms. It is an orthogonal transformation to convert the image for sub-spectral, 
including two levels of the frequencies: low and high frequency. With other words, DCT 
changes the image matrix framework from the spatial domain to the frequency domain 
with the similar size as shown in Fig. 3 using the following Eqs. 1 and 2 [16].

where the input image is represented by a matrix with size N*M. f(i, j) denotes the inten-
sity of a pixel indexed in row i and column j in the matrix for the input image. F(u, v) 
identifies the coefficient for frequency matrix in row u and column v.

Low frequency constitutes the energy of the image. That is to say, it contains the most 
significant information of the image, whereas the high frequency has the remaining of 
image information [17]. The human eye is perception to low frequency much more the 

(1)

F(U ,V ) =
(

2

N

)0.5( 2

M

)0.5 N−1
∑

i=0

M−1
∑

J=0

A(i)·A
(

j
)

·cos
[

π ·U
2.N

(2i + 1) cos

][

π .V

2.M

(

2j + 1
)

]

·f
(

i, j
)

(2)A(ε) =
{ 1√

2
for ε = 0

1 other wise

Weigh Layer 1 

Weigh Layer   2  

x

Identity Connection 
ReLU

ReLU

H(X)=ReLu(F(X)+X)

F(X)

F(X)+X

Fig. 2 The residual block used in the network

DCT 
F(U,V)f(i,j)

Fig. 3 Change the image matrix framework from the spatial domain to the frequency domain using DCT



Page 5 of 13Khairy and Al‑Makhlasawy  Journal of Electrical Systems and Inf Technol            (2022) 9:21  

high frequency; therefore, high frequency can be excluded by the use of quantization, as 
will be clarified later. Thus, a high CR is accomplished [18].

Quantization

The quantization is a process to reduce the quantity values. This reduces the number of 
bits to be necessary to represent the digital image. The selection of quantization matri-
ces determined the level of quality and CR. In the quantization process, the frequency 
matrix is divided by the quantization matrix and the result is rounded using Eq. 3. At 
receiver, the reverse process is done according to Eq. 4, where F(U, V) and Q(U, V) rep-
resent the coefficient of frequency and quantization matrixes, respectively [19].

After that, the quantized matrix is converted to a vector, by zigzag method as shown 
in Fig. 4.

The Proposed Image Compression method
This work presents an effective method to compress an image based on the variation of 
imageluminance.The block diagram of proposed algorithm is shown in Fig. 5.

The method also involves classification using deep learning. It seeks to complete the 
compression process while preserving the characteristic of the image as possible. The 
digital image consists of a set of pixels, and each of them has a value of intensity [20]. 
The DLBL determines the variation of the intensity value between pixels that indicates a 
change in information of the image. So, DLBL can send only non-duplicate information 
with perceiving the image characteristic as shown in the following steps:

Step 1 The DLBL starts by training a deep learning network using Resent 50 to 
classify the divided blocks of images to one of three probabilities of illumination 

(3)F(U ,V )Quantization = round

[

F(U ,V )
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]

(4)F(U ,V )deQ = F(U ,V )Quantization × Q(U ,V )

Fig. 4 Zigzag scan method
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intensity: high, medium, and low—offline–and save the trained network to call it 
in the next steps.

 This paper uses Caltech 101 data set “ https:// data. calte ch. edu/ recor ds/ 20086” 
to train the ResNet network by preparing the new data set for blocks as given in 
the following steps:

A: Start by dividing data set images to non-overlapping 4*4 blocks
B: Calculate the mean of pixels value for each block
C: The categorization of blocks based on illumination was done by dividing 
the range of grey level [0:255] to three uniform parts. The type of block illu-
mination of the mean values [0:84] is considering low, where the mean value 
between [85:169] is medium and the last if the value between [170:255] is 
high value.
D: The used images are 60,000 and they are divided into 75% for training and 
25% for testing.

Figure  6 displays that the trained network achieves high results for validation 
accuracy arrive to 98.11%.

Fig. 5 Block diagram for proposed method

https://data.caltech.edu/records/20086
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Step 2 DLBL divided the image to non-over lapping blocks with 4 × 4 pixels and 
analysed the variation in illumination intensity between the current block (CB) 
and the previous encoded block (PB) using a trained deep learning network from 
the previous step. Here, there are two possibilities: the first one is the level of 
luminance intensity for two tested blocks are not identical in this case, DLBL fol-
lows the following steps:

 A: Calculate complementary of CB (CCB) using Eq. 5:

B: Calculate the residual between CCB and BP using Eq. 6:

The second probability is the two tested blocks are identical; here the residual is 
calculated directly according to 7:

Step 3 The obtained residual from step 2 is transformed to the frequency domain using 
DCT transformation and quantization process as explained in “Residual neural net-
work” and “Discrete cosine transform” this is necessary to encode the output from the 
previous step. At the decoder, DLBL reverses the previous steps to recover the com-
pressed images.
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Experiment and results
The DLBL method is operated and tested using a set of images, until the effectiveness 
is verified. The experimental results of the proposed algorithms are variously compared 
with those of the D-AMP [8] algorithm, ReconNet algorithm [21], TVAL3 algorithm 
[10], DR2-Net algorithm [11], and RNDWT algorithm [12].

Before presenting and discussing the results, a brief description of the database is pre-
sented in “Data set description” section. Also, the main criteria to evaluate the perfor-
mance of the proposed method are presented in “Measurement parameters” section.

Data set description

The data set here is represented as a set of images. These images were collected from 
various sources: first one—COCO2014 data set, Barbara and fingerprint, as shown in 
Fig. 7a, b, respectively. The secondary images, video images, were collected from under-
ground projects, coal cutter and tunnel boring machine shown in Fig. 7c and d, respec-
tively [22].

Measurement parameters

To evaluate quality of recovered images using two image quality matrices: peak-signal-
to-noise ratio PSNR and structural similarity index measure (SSIM) [23]. The PSNR is 
used as a quantitative evaluation, defined by Eq. 8 [24].

where d is the highest scale value of the 8-bits greyscale. The PSNR results from the cal-
culation of the mean square error (MSE) of an image, as defined by Eq. 9 [24].

The MSE approaches zero, and accordingly, PSNR value approaches infinity. Hence, 
low PSNR means low imagequality which implies high mathematical differences 
between images, which means reconstructed image have low quality value. On the con-
trary, a high value of PSNR indicates the presence of low mathematical discrepancies 
between the images, this indicates the high quality. PSNR is uncomplicated to compute, 
has clear materialistic meaning, and is mathematical advantageous regarding enhance-
ment. Yet, it experiences an absence of articulation in the visual quality [23, 25].
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Fig. 7 The test images: a Barbara; b fingerprint; c coal cutter; d tunnel boring machine
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Whereas SSIM is a good representation for visual quality evaluation, to quantify the 
closeness between images, SSIM as defined by Eq. 10 depends on three parameters for 
calculations mainly: loss of correlation, luminance distortion, and contrast distortion as 
shown in Eqs. 11–13 [26].

I in Eq. 11 is the comparison function, which estimates the level of similarity between 
the mean luminance 

(

µx and µx̂

)

 for two different images. The maximum value of I 
equals to one at µx = µx̂ . Here C is defined by Eq. 12 which is the contrast comparison 
function. This term measures the closeness of the contrast between the two images by 
using the standard luminance deviation σx and σx̂ . The maximum value of C equals to 
one if σx = σx̂ . Last term S in Eq.  13 is indicating the structure comparison function 
responsible for computing the covariance between the two images x and x^, where σxx̂ 
is the covariance between x and x^. The value of SSIM is between 0 and 1. If SSIM value 
equals one that means the two images are identical where zero value means no correla-
tion between images. The positive constants C1, C2, and C3 are utilized to prevent an 
invalid denominator.

Results and discussion
Figures  8, 9, 10, 11, 12, 13, 14, 15 present the results of DLBL and other algorithms: 
D-AMP, ReconNet, TVAL3, DR2-Net, and RNDWT. The results are for the measurable 
criteria PSNR and SSIM. at CR of 0.25, 0.20, 0.15, 0.10, 0.04, and 0.01. CR is determined 
by Eq. 14 [12].
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Fig. 8 PSNR for barbra
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Fig. 9 PSNR for fingerprint

Fig. 10 PSNR for coal cutter

Fig. 11 PSNR for tunnel boring machine

Fig. 12 SSIM for Barbara
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Figures 8, 9, 10, 11 show the quantitative measurement—PSNR—for tested images. 
DLBL method improves the results at different CR, especially fingerprint, coal cut-
ter, and tunnel boring machine images which are more complicated images; hence, 
they have more details and edges. Taking into consideration when the CR < 0.1, add 
Gaussian filter to improve the quality. The results show that with decreasing the CR, 
the PSNR decreases accordingly, while maintaining the highest results in favour of the 
DLBL method.

(14)CR = No. of bits in compressed image

No. of bits in original image

Fig. 13 SSIM for fingerprint

Fig. 14 SSIM for coal cutter

Fig. 15 SSIM for tunnel boring machine
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Figures 11, 12, 13, 14  present the results of the visual quality evaluation SSIM. By the 
analysis of the figures, it has been observed that the proposed algorithm worked with the 
same efficiency that prevailed in it, while monitoring the PSNR values in terms of high 
observed values compared to other algorithms.

From the PSNR and SSIM results that have been monitored. It is noted that DLBL 
preserves the more features of the images, whereas DLBL depends on sending data has 
new and significant information for image. This is evident in all tested images, especially 
the complex images. Finally, the DLBL accomplishes what is required in terms of quality 
improvement with restricted bandwidth.

Conclusion and future work
In this paper, an image compression method was proposed aims to reduce the number 
of transmitted bits for compressed image and recover it with high quality specially with 
images containing many details and sharp edges. The CNN-ResNet50-based image clas-
sification algorithm was used to determine the relationship between the image blocks in 
terms of the change in illumination level to identify the data that contains new informa-
tion only to be sent. The experimental results establish that the DLBL accomplished a 
considerable improvement of quality with limited bandwidth. This was achieved for the 
tested images, yet in addition accomplished a critical improvement in a more complex 
image. Taking into consideration when the CR ˂ 0.1, add Gaussian filter to improve the 
quality. From the above, it can be clearly seen that the DLBL is appropriate to compress 
images and retrieve them in the underground surveillance systems. In future work, the 
performance of the proposed algorithm can be improved by selecting the hyperparam-
eters of the deep learning model such as batch size, learning rate, and number of hidden 
layers.
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