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Abstract: Detection and classifications of the haze affected image is important for the real time multimedia data transmission
and reception in remote mode in order to improve the quality of the received image or video sequences. In this paper,
Convolutional Neural Networks (CNN) classification approach is used with Shearlet Transform for the detection and
segmentation of haze affected images.The image to be tested for haze pattern detection is preprocessed and then it is
decomposed with shearlet transform. The features are computed from the shearlet transform decomposed coefficients and then
these computed features are classified by the deep learning CNN for identifying the haze affected images. This proposed haze
classification method is tested on both indoor and outdoor environmental images.
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1. Introduction

Today modern and advanced world requires fast accessible real time devices for transferring and receiving
multimedia applications from one location to another location in remote manner. This requires error free data
transmission and reception with respect to various data types and band width modes. Due to the improper weather
conditions, the transmitted or received video or image quality is degraded. Most of the real time multimedia data
transmission has been affected by haze, fog and rain water particles and dust particles also. The received sensor
in remote environment receives the transmitted light energy along with the radiation pattern of the affected
unwanted components like dust, haze and fog [12-15]. Hence, there is a need for detecting and removing such
unwanted components from the received video or image sequences in order to improve the quality of the received
content. The distortion of color in image causes haze pixels which degrades the quality of the original transmitted
image or video sequences. In this paper, the haze affected image is detected and classified before the haze removal
process starts. Most of the conventional algorithms are directly applied on all type of images which does not
consider whether the image is affected by haze or not. These algorithms destroyed the pixel quality if the image
is not affected by the haze. Hence, the haze image classification is considered as most important to improve the
quality of the received video or image sequences.

Fig. 1 (a) shows the haze affected outdoor image and Fig.1 (b) shows the haze affected indoor image.

@) (b)

Figure 1 (a) Haze affected outdoor image (b) Haze affected indoor image
2. Literature survey
Hassan et al. (2020)used guidance filter by detecting and segmenting super pixels on the haze affected
image. The parameters of the proposed guidance filter were set by the supervised method. The authors tested this
guidance filter based haze image detection and classification approach on both indoor and outdoor environmental
images to validate the simulation results with respect to robustness property. The authors obtained 97.1% of Se,
97.6% of Sp, and 97.6% of Acc on indoor set of images and also they obtained 94.7% of Se, 95.2% of Sp, and
96.1% of Acc on indoor set of images. Kang et al. (2020) proposed dehazing model approach usingtotal variation

2252



Detection and Classification of Haze Affected Images Using CNN Approach

scheme and inter-channel correlation property for identifying the haze affected pixels in the real time images.
This method used non-linear behavior of the super pixels for differentiating the haze affected pixels from the
normal pixels in both indoor and outdoor environmental images. The authors obtained 96.5% of Se, 97.1% of Sp,
and 97.2% of Acc on indoor set of images and also they obtained 95.9% of Se, 95.3% of Sp, and 96.8% of Acc
on indoor set of images. Guo et al. (2019)used HSI Color Space model for detecting and removing the haze pixels
in both indoor and outdoor environmental images. The color space model generated the pixel invariant model for
obtaining the non-linear behavior in order to remove the haze pixels completely from the single source images.
The authors applied their developed haze image detection and classification approach on the remote sensing
images and they obtained 96.1% of Se, 98.1% of Sp, and 98.3% of Acc on indoor set of images and also they
obtained 94.1% of Se, 95.3% of Sp, and 96.4% of Acc on indoor set of images.

Tian et al. (2016) used dark channel prior method for detecting the haze super pixels from the single
source image. The authors derived the matrix scheme for locating the haze pixels in the single source image
through the identification of the super pixel behavior of the haze. This method was tested on different set of real
time environmental images to evaluate the performance of the haze image detection and classification.Kim et al.
(2013) developed haze pixel detection scheme using optimized contrast enhancement approach. This method
separated every frame from the real time video and the separated sequences were tested for haze pixel detection.
The haze pixels were not properly enhanced by this approach and the developed model was applied on the real
time environmental images.

3. Proposed methodologies

In this article, the images are classified into haze affected image or non-haze affected image using deep
learning architecture. The image to be tested for haze pattern detection is preprocessed and then it is decomposed
with shearlet transform. The features are computed from the shearlet transform decomposed coefficients and then
these computed features are classified by the deep learning Convolutional Neural Networks. The generic work
flow of the proposed haze image classification is illustrated in Fig.2.

Fig. 2 (a) is the haze and non-haze pattern image training and Fig.2 (b) is the haze image classification
by proposed method.
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Figure 2 (a) Haze and non-haze pattern image training (b) Haze image classification by proposed
method
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Preprocessing
The images are in RGB format where each pixel contains 24 bits. Hence, the processing of all pixels for
haze image classification is quite complex in terms of detection time. Hence, the RGB image is converted into
luminance-chrominance pattern in this paper. Then, the luminance image is processed further to detect the haze
affected image. The conversion of the RGB image into luminance-chrominance pattern image is depicted with

the following equation.
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Each pixel constitutes Red (R), Green (G) and Blue (B) pattern and the luminance image is derived by

substitute R, G and B pixel pattern in the above conversion equation.
Shearlet Transform

The multi scale and multi directionality of the image can be achieved using the shearlet transform in this
article (Liang Ding et al. 2015). The applications of the shearlet transform includes image processing and signal
processing with respect to object detection, edge detection and image restoration problems (Gibert et al. 2014).
In this article, the shearlet transform is used for object (haze) detection in image processing applications.

The shearlet transform consists of low pass and high pass filters. The transfer function of the low pass
filter is illustrated by H1 (z) and the transfer function of the high pass filter is illustrated by HO (z), respectively.
At each stage, the luminance image is decomposed using the constructed low pass and high pass filter transfer
functions as shown in the figure. The sub band 1 is obtained by convolving the low pass filter response with the
kernel of directional filtering at stage 1. The sub band 2 is obtained by convolving the low pass filter response
with the kernel of directional filtering at stage 2. The sub band 3 is obtained by convolving the low pass filter
response with the kernel of directional filtering at stage 3. The sub band 4 is obtained by convolving the high pass
filter response with the kernel of directional filtering at stage 4.

Figure 3 shows the decomposition of luminance image into four numbers of sub bands using shearlet

transform.
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Figure 3 Decomposition of luminance image using shearlet transform
Feature Extractions
The decomposed sub bands from the shearlet transform are represented as s1(i, j), s2(i, j), s3(i, ) and
s4(i, j).The decomposed coefficients are stored in matrix format in this decomposed sub band with respect to
row and column. From these decomposed sub bands, the features as Shearlet Index Feature (SIF), Shearlet Metric
Feature (SMF), Shearlet Kappa Feature (SKF) and Shearlet Basis Feature (SBF) are computed using the following
equations.

R gy =10 "
MxN YT N S2(0,))

Where, M and N are the rows and columns of the decomposed sub band by shearlet transform.
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All these computed features are combined in a single matrix and they are fed into the classifier which is
explained in the following section.
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Classifications

The classifier is used to classify the objects or patterns in an image using the feature computed values. In
this article, CNN is used to classify the test image into either haze affected image or non-haze affected image.
The proposed CNN architecture used in this article is designed with Convolutional layer, pooling layers and feed
forward Neural Networks (NN) layers. The designed CNN is constituted with 3 Convolutional layers and each
Convolutional layer is followed by pooling layer (Max-polling algorirthm). The aim of this pooling layer is to
reduce the size of the responses from each Convolutional layer. The final response from the final pooling layer is
fed into the NN which is designed with single input, single output and 10 numbers of hidden layers. Each hidden
layer is designed with 15 numbers of neurons and the neurons in input and output layer are chosen based on the
extracted features in this article. The NN layer in proposed CNN architecture produces index value. The index
value is negative for the haze affected image and the index value is positive for the non-haze affected image.

Fig.4 is the classification of haze affected images using CNN classification approach.

Figure 4 Haze detected and classified images using CNN approach
4. Results and Discussions

In this article, MATLAB R2018 is the application software used which was designed by Mathworks
Company for simulating the proposed haze image classifications.Fig. 5 is the confusion matrixes for haze image
classifications which can be described by the performance evaluation parameters Sensitivity (Se), Specificity
(Sp), Accuracy (Acc), Positive Predictive Value (PPV) and Negative Predictive Value (NPV), respectively. The
‘True Positive’ describes the correctly detected haze image with respect to positive in confusion matrix and ‘False
Negative’ describes the correctly detected haze image with respect to negative. The ‘False Positive’ describes the
correctly detected ‘No haze image’ with respect to positive in confusion matrix and ‘True Negative’ describes
the correctly detected ‘No haze image’ with respect to negative. These values are computed based on the ground
truth images which are available in open access dataset.

Haze present No Haze present
True Positive (TP) False Positive (FP)
PPV= TP/
Positive (TP+FP)
False Negative (FN) True Negative (TN)
Negative NPV= TN/
(TN+FN)
Se= TP/ Sp= TN/
(TP+FN) (TN+FP)

Acc= (TP+TN)Y/
(TP+FP+TN+FN)

Figure 5 Confusion matrixes for haze image classifications
Table 1 is the simulation results analysis of the proposed haze image classifications on Indoor images.

Table 1 is the simulation results analysis of the proposed haze image classifications on indoor images.
The proposed haze image classification system obtains 98.3% of sensitivity, 98.56% of specificity, and 99.1% of
accuracy, 98.14% of PPV and 98.2% of NPV.

Table 1 Simulation results analysis of the proposed haze image classifications on Indoor images

Image Performance evaluation parameters in %

sequences Se sp Acc PPV NPV
1 97.7 98.1 99.6 97.1 98.4
2 98.1 98.7 98.5 98.6 98.5
3 98.6 98.5 98.6 98.9 98.9
4 97.7 98.9 99.6 98.3 98.2
5 98.5 99.1 98.5 97.7 99.6
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6 98.8 98.6 99.8 98.2 98.1
7 98.5 98.4 98.5 98.6 98.5
8 97.9 97.9 99.6 98.8 98.9
9 98.4 98.8 99.4 97.3 95.8
10 98.8 98.6 98.9 97.9 97.1
Average 98.3 98.56 99.1 98.14 98.2
Fig. 6 is the pictorial analysis of haze image classification approach on indoor environmental images.
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Figure 6 Pictorial analysis of haze image classification approach on indoor environmental images

Table 2 is the simulation results analysis of the proposed haze image classifications on Outdoor images.
The proposed haze image classification system obtains 96.99% of sensitivity, 98% of specificity, and 98.19% of
accuracy, 94.24% of PPV and 97.67% of NPV.

Table 2 Simulation results analysis of the proposed haze image classifications on Outdoor images

Image Performance evaluation parameters in %

sequences Se sp Acc PPV NPV
1 96.7 97.1 97.7 89.6 98.1
2 96.9 98.5 98.1 88.1 97.6
3 97.1 98.4 97.5 87.9 96.9
4 97.5 98.6 97.9 92.3 96.1
5 96.3 975 97.1 95.8 97.5
6 96.2 98.1 98.6 97.1 98.8
7 96.8 97.4 98.3 98.2 97.1
8 97.6 98.6 99.1 97.7 97.3
9 97.6 97.7 98.7 98.1 98.6
10 97.2 98.1 98.9 97.6 98.7
Average 96.99 98 98.19 94.24 97.67

Fig. 7 is the pictorial analysis of haze image classification approach on outdoor environmental images.
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Figure 7 Pictorial analysis of haze image classification approach on outdoor environmental images

Table 3 is the analysis of the proposed haze image classification method on Indoor and Outdoor
environmental images. It is analyzed that the proposed haze image classification method provides superior
simulation results on indoor images than the outdoor environmental images.

Table 3 Analysis of the proposed haze image classification method on Indoor and Outdoor
environmental images

Environment Se Sp Acc PPV NPV
(%) (%) (%) (%) (%)

Indoor case 98.3 98.56 99.1 98.14 98.2

Outdoor case 96.99 98 98.19 94.24 97.67

Fig. 8 is the pictorial analysis of the proposed haze image classification method on Indoor and Outdoor
environmental images.
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Figure 8 Pictorial analysis of the proposed haze image classification method on Indoor and Outdoor
environmental images
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Table 4 is the comparative analysis of the proposed haze image classification method and conventional
methods on Indoor environmental images. The proposed method for haze image classification is compared with
respect to the conventional methods Hassan et al. (2020),Kang et al. (2020) and Guo et al. (2019), on indoor set
of images.

Table 4 Comparative analysis of the proposed haze image classification method and conventional
methods on Indoor environmental images

Authors Se Sp Acc

(%) (%) (%)
Proposed method 98.3 98.56 99.1
Hassan et al. (2020) 97.1 97.6 97.6
Kang et al. (2020) 96.5 97.1 97.2
Guo et al. (2019) 96.1 98.1 98.3

The pictorial comparative analysis on Indoor environmental images is shown in Fig 9.
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Figure 9 Pictorial comparative analyses on Indoor environmental images

Table 5 is the comparative analysis of the proposed haze image classification method and conventional
methods on outdoor environmental images. The proposed method for haze image classification is compared with
respect to the conventional methods Hassan et al. (2020),Kang et al. (2020) and Guo et al. (2019), on outdoor set
of images.

Table 5Comparative analysis of the proposed haze image classification method and conventional
methods on Outdoor environmental images

Authors Se Sp Acc
(%) (%) (%)
Proposed method 96.99 98 98.19
Hassan et al. (2020) 94.7 95.2 96.1
Kang et al. (2020) 95.9 95.3 96.8
Guo et al. (2019) 94.1 95.3 96.4

The pictorial comparative analysis on Outdoor environmental images is shown in Fig 10.
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Figure 10 Pictorial comparative analyses on Outdoor environmental images

5. Conclusions

In this paper, deep learning classification approach based haze image detection methodology is proposed

to detect the haze affected images with respect to indoor and outdoor environmental images. The proposed haze
image classification system obtains 98.3% of sensitivity, 98.56% of specificity, and 99.1% of accuracy, 98.14%
of PPV and 98.2% of NPV. The proposed haze image classification system obtains 96.99% of sensitivity, 98%
of specificity, and 98.19% of accuracy, 94.24% of PPV and 97.67% of NPV. It is analyzed that the proposed haze
image classification method provides superior simulation results on indoor images than the outdoor
environmental images.
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