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Abstract— Vision-based intelligent systems such as driver
assistance systems and transportation systems should take into
account weather conditions. The presence of haze in images
can be a critical threat to driving scenarios. Haze density
measures the visibility and usability of hazy images captured
in real-world conditions. The prediction of haze density can be
valuable in various vision-based intelligent systems, especially in
those systems deployed in outdoor environments. Haze density
prediction is a challenging task since the haze and many scene
contents have a lot in common in appearance. Existing methods
generally utilize different priors and design complex handcrafted
features to predict the visibility or haze density of the image.
In this article, we propose a novel end-to-end convolutional neural
network (CNN) based method to predict haze density, named as
HazDesNet. Our HazDesNet takes a hazy image as input and
predicts a pixel-level haze density map. The density map is then
refined and smoothed, and the average of the refined map is
calculated as the global haze density of the image. To verify
the performance of HazDesNet, a subjective human study is
performed to build a Human Perceptual Haze Density (HPHD)
database, which includes 500 real-world hazy images and 100 synthetic hazy images, and the corresponding human-rated perceptual haze density scores. Experimental results show that our
method achieves the best haze density prediction performance
on our built HPHD database and existing databases. Besides
the global quantitative results, our HazDesNet is capable of
predicting a continuous, stable, fine, and high-resolution haze
density map. We will make the database and code publicly
available at https://github.com/JiaheZhang/HazDesNet.
Index Terms— Haze detection, haze density, haze, visibility,
deep learning.

I. I NTRODUCTION
ISION based intelligent driver assistance systems and
transportation systems may malfunction when they
encounter adverse weather conditions such as haze, snow, hail,
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and rain [1]. This issue is mainly caused by the degraded
visibility of captured images in bad weather conditions [2].
Since poor performance may be introduced by various adverse
weather conditions, many specific methods have been proposed for severe weather conditions, such as nighttime visibility estimation [3], adverse weather forecasting system [4]
and traffic surveillance [5]. Besides, visibility enhancement
methods related to intelligent transportation systems have also
been widely researched [6], [7].
Among these systems and applications, single image dehazing [2], [8]–[10], haze density prediction [11]–[13], and quality
evaluation of dehazing algorithms [14], [15] have been widely
studied by researchers due to the common appearance of hazy
weather in driving images. For instance, fog detection methods
based on on-board cameras for driving assistance systems
have been proposed in [16], [17]. Haze density quantifies
visibility of images captured in hazy conditions, and provides
an important clue to understanding the machine perception
of the environment. For example, the measurement of haze
density can be considered as a warning signal for autonomous
vehicles, so that the strategies of autonomous systems can be
adjusted according to haze density prediction. Highly relevant
to the visibility, the usability of images can be also measured
according to the haze density. Besides, visual tasks such as
image acquisition can adjust their parameters to the best
according to the haze density. (We do not differentiate the
haze and fog in this article, since the visibility degradation
caused by haze and fog is similar).
It is a challenging task to predict haze density, since the haze
density is highly related to the uncertain image depth. Besides,
many image scene contents which have similar appearance
with haze can be easily deemed as haze. With a corresponding haze-free image as a reference, haze density prediction
becomes easy and precise. However, it is almost impossible to
obtain the corresponding haze-free image of exactly the same
scene in practice. Similar to no-reference (NR) image quality
assessment (IQA) [18]–[20], we can possibly measure haze
density from a single hazy image. However, haze perception
is different from the perception of traditional digital image
distortions.
Although, the haze density prediction is a difficult visual
task for machines, humans can perceive haze at a short glance
without much prior knowledge. With the success of deep
learning-based models for image dehazing [21]–[24], it is
reasonable to propose a deep learning based model to predict
haze density. In these image dehazing methods, a critical
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step is to reconstruct the transmission and predict the global
atmospheric light from a hazy image. The transmission
map is determined by the scene depth, and it may indicate
the haze density to some extent. However, it is not precise
enough to use the transmission map to describe the haze
density map. A detailed discussion about the differences
between the transmission map and haze density map is given
in Section VI-B. Thus, despite the good performance of these
models in image dehazing, the outputs of these methods
might not be directly used for the haze density prediction. The
image dehazing and haze density prediction are two different
tasks. To the best of our knowledge, the deep learning based
haze density prediction method is still absent in the literature.
Data shortage is a critical problem that hinders the development and the application of data-driven based methods to some
degree. It is the same for deep learning based haze density
prediction. It is hard to build a large scale haze density database with human labeled haze density maps. Although some
methods overcome the data shortage problem by augmentation
[25], [26] and few-shot learning [27], and some other methods
are proposed using a small number of training samples
[28], [29], these tasks are different from the haze density
prediction task.
In this article, we propose HazDesNet, a novel CNN based
method to predict haze density, which is the first of its kind
in the literature. This model predicts haze density of a hazy
image in an end-to-end way. The system overview is shown
in Fig. 1, which includes a training procedure and an inference
procedure. To overcome the issue of data shortage, we propose to use synthetic hazy images for training. Specifically,
hazy images are synthesized from haze-free images using the
widely accepted haze model [30]. In Section IV-C, we apply
full-reference (FR) image quality assessment (IQA) metrics to
measure the visibility degradation from the haze-free image to
the synthesized hazy image. We find that the structural similarity (SSIM) metric can describe the haze density well. Thus,
we propose to use the scores computed by FR IQA metric as
the training labels of the haze densities of the synthetic hazy
images. HazDesNet is trained by these synthetic hazy patches
and the corresponding haze density scores labeled by SSIM.
In the inference procedure, the HazDesNet is fixed.
Different from the training procedure in which synthetic hazy
images are fed, any real-world hazy image can be taken as
input in the inference procedure. We find that the HazDesNet
trained with synthetic hazy images generalizes very well to
realistic hazy images. The input of the network can be an
RGB image of any size, and the output is the haze density
map whose size is about half of the input image. The global
haze density score is the average of the refined density map.
Compared to the baseline method FADE [11], our proposed
approach makes great progress in both qualitative results and
quantitative results. Specifically, the high-resolution pixel-level
haze density map predicted by our model is continuous, and
does not have blocking effect. Besides, our method does not
rely on extra distance information, the corresponding haze-free
images, or complex handcrafted features.
The interpretability and visualization for deep neural networks are as important as the theory [31]. Some researchers

Fig. 1. The system overview. This system illustrates the training and inference
modules of our proposed HazDesNet.

have proposed methods to enable deep neural networks to
be interpretable to human [32], [33]. As for our proposed
HazDesNet, it is also very interesting to explore the output
feature of intermediate layers and establish its connection with
traditional haze related features. In our experiments, we find
that a certain layer output of our proposed model is similar
to the dark channel [8]. This similarity can be explained
mathematically.
Our proposed model is first evaluated on the LIVE Defogging Image database [11] which contains 100 hazy images
and the corresponding human perceptual judgments. However,
as a haze density benchmark, this database is kind of small.
To this end, we conduct a subjective haze perception experiment to build a Human Perceptual Haze Density (HPHD)
database. The HPHD database contains two parts. One part
includes 500 real-world hazy images, and another part includes
100 synthetic hazy images. All 600 hazy images are labeled
with the human rated haze density scores. Quantitative results
demonstrate that our HazDesNet outperforms existing methods
on both databases in terms of Pearson’s linear correlation
coefficient (PLCC) and Spearman’s rank ordered correlation
coefficient (SROCC). Another advantage of the proposed
HazDesNet lies in that it can also predict a pixel-level haze
density map, which is absent from the existing methods. The
HPHD database and the code of our HazDesNet will be
publicly available to promote further study in this field.
The remainder of this article is organized as follows.
In Section II, we review some existing methods. In Section III,
we introduce some background of this work. The details
and explanations of our proposed model are presented in
Section IV. The subjective human study and our built HPHD
database are introduced in Section V. Extensive experiments
are performed to validate the proposed method in Section VI.
Finally, we draw a conclusion in Section VII.
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II. R ELATED W ORKS

B. Structural Similarity

There are some existing works that conducted in recent
years on the haze density prediction. Huang et al. [34] propose
a haze thickness estimation module to restore single-image
visibility. But their proposed module is only used to refine the
transmission map and it is limited to the sandstorm weather
condition. Hautiére et al. [13] use an onboard camera to
detect haze and estimate visibility distance. Nevertheless, their
method depends on extra distance information obtained by the
onboard camera, thus it works only in a certain condition
and it is not a general method to predict haze density.
Choi et al. [35] propose the first fog density prediction model,
which is named as fog aware density evaluator (FADE) in [11].
Their model can predict haze density in general hazy weather
conditions without a corresponding haze-free image, and also
without other extra distance information. Unfortunately, their
model involves many complex handcrafted features that may
not generalize well. Moreover, their predicted haze density
map has blocking effect and it is not smooth.
We overcome the above mentioned drawbacks existed in the
existing methods. Specifically, our HazDesNet is a data-driven
method so that it has better generalizability to predict haze
density. We apply the end-to-end training method to avoid
handcrafted features, which improves the accuracy of haze
prediction to a large extend. Moreover, The input hazy images
need not be divided into patches, thus the resolution of the
predicted haze density map is much larger than that of the
existing methods.
III. BACKGROUND
In this section, we introduce some prior knowledge which
includes atmospheric scattering model, structural similarity
and dark channel prior.

A. Atmospheric Scattering Model
The atmospheric scattering model is proposed by
McCartney [36] and simplified by Narasimhan and Nayar [30].
In our proposed method, the synthetic hazy image can be
generated from the haze-free image by this model. The
reflected light from particles will scatter in the atmosphere,
and enter into the camera diffusely. The mathematical
description [30] of the model is
I (x) = J (x)t (x) + A [1 − t (x)] ,

(1)

where I (x) is the hazy image, J (x) is the haze-free image,
t (x) ∈ [0, 1] is the medium transmission at each pixel x, and
A is the global atmospheric light.
The medium transmission t (x) indicates the degree of
unscattered light, which is defined as
t (x) = e−βd(x),
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(2)

where d(x) is the depth of the scene, and β is the medium
attenuation coefficient of atmosphere.

The structural similarity (SSIM) index is proposed by
Wang et al. [37] to measure the similarity between two
images. The SSIM predicts the degradation of image based
on the properties of the human visual system. Different from
traditional image quality assessment, the perception-based
SSIM considers more about the perceived change of image
structure.
In this article, the SSIM index is applied to measure the
degradation between the synthetic hazy image patch and the
corresponding haze-free patch. As shown in Fig. 1, one of
the most important steps of our framework is to measure the
haze density of synthetic hazy images using FR IQA. We find
that the SSIM scores can indicate the haze density well, thus
the scores computed by SSIM metric are used as the training
labels of HazDesNet, and the synthetic hazy image patches are
used as the training input. The correlation of SSIM scores and
haze densities perceived by human is shown in Section IV-C.
C. Dark Channel Prior
The dark channel prior is an image property which describes
that at least one channel of the haze-free image patch has some
low-density pixels [8]. The dark channel is an important haze
feature used for haze removal [38], [39]. In our experiments,
we find that intermediate result of our CNN based haze density
prediction model is related to the dark channel.
IV. M ETHODOLOGY
To predict the haze density of a hazy image, we propose
our end-to-end trainable network. In this section, we present
the architecture of HazDesNet and discuss the reasons for the
network design. In addition, the correlation between structural
similarity and haze density labeled by human is explored.
The training method is also presented. Finally, we visualize
the extracted feature and establish the connection between the
certain layer output of our model and the dark channel.
A. Model Architecture
Our proposed model consists of feature extraction, feature
mapping, local maximum and average calculation, maximum
and average mix, and sigmoid activation modules. These
modules are implemented by convolutional layers and pooling
layers. The design of our model is illustrated in Fig. 2.
We explain each module in detail.
1) Feature Extraction: In many digital image processing
algorithms, the first and important step is feature extraction.
The CNNs are successfully used to extract features without
human intervention. To avoid the duplicate layers of Maxout
units [40], we propose our feature extraction module to efficiently extract haze-related features by cross-channel fusion.
The effectiveness of this module is verified in Section IV-D.
The module consists of two convolutional layers. The first convolutional layer includes 24 filters of size 5×5, and the second
layer includes 24 filters of size 1 × 1. The 1 × 1 convolution
operator is first introduced to enhance model discriminability in [41], and is used to increase more non-linearity in
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Fig. 2. The architecture of our proposed model. The input is a hazy image in arbitrary size, and the output is haze density map whose size is about half
of the original image. The procedure includes feature extraction, feature mapping, local maximum and average calculation, maximum and average mix, and
sigmoid activation.

GoogleNet [42] and ResNet [43]. We use 1 × 1 convolution to
achieve cross-channel fusion in our feature extraction module.
The output dimension of these two layers is both 24. Note that
we do not set any zero paddings around the border, thus the
output size of this module will be reduced by 4.
2) Feature Mapping: Max pooling layer is a downsampling
operator performed along the spatial dimension. The max
pooling is extensively used in CNNs for spatial size reduction,
so that the parameters and computation can be reduced progressively [44]. We apply a max pooling layer of size 2×2 with
a stride of 2 to downsample the feature. The output size is half
of the previous layer size. A convolution layer is connected to
the max pooling layer to map the features.
3) Local Statistics Computation: After the feature mapping,
we calculate the local maximum and local average of the
feature map. We assume that the medium transmission is
locally constant. In other words, the transmission values within
a small image patch (e.g. 16 × 16, 32 × 32) tend to be similar,
since the pixels in a small patch have similar depths. This
assumption is widely applied in haze removal methods, where
the local maximum [21], [45] and local minimum [8], [9]
are considered. Similarly, the haze density is also constant
and continuous [35]. However, if the features are not very
sparse, many local details are reduced by the local maximum
computation [46]. To this end, we calculate the local average
and local maximum together to maintain the details of features
and density continuity.
4) Max-Avg Mix and Activation: The local maximum and
local average have their own weakness [47]. The local maximum only considers the extremum and ignores the rapid
change of the local region. On the other hand, the local
average considers all the magnitudes of features, but reduces
the contrast of the feature map. Therefore, many mix methods
have been proposed [47]–[49]. These methods directly add the
average and maximum together by a weight λ. The weight λ
is always randomly initialized and learned by a new trainable
layer. In our maximum and average (Max-Avg) mix module,
two trainable convolutional layers are applied to mix the

maximum and average, which is defined as
F = w1 ∗ Favg + w2 ∗ Fmax + b,

(3)

where Favg and Fmax are the local maximum and local average
respectively, w1 , w2 ∈ R6×6×48 and b ∈ R are the filter kernel
and bias respectively.
The activation function is used for increasing the nonlinearity of deep neural networks. Common activation functions
include Rectified Linear Unit (ReLU), sigmoid, TanH, etc.
The ReLU is successfully used for image classification and
overcomes the vanishing gradient issue. But there is no upper
limit to the output of ReLU. The desired regression goal of
our model is between 0 and 1. Thus, ReLU is not suitable
for our regression task. Likewise, TanH is not suitable for our
model. To sum up, the desired properties of activation function
in our model include sufficient nonlinearity, range between
0 and 1, and continuity. Therefore, we choose sigmoid as our
activation function. Although the vanishing gradient problem
may occur with sigmoid, this issue can be alleviated through
batch normalization [50]. The batch normalization layer is
embedded into the feature mapping module. A summary of
the configuration of our model is given in Table I.
The above modules construct our end-to-end trainable
HazDesNet. The filter kernels and biases are parameters need
to be learned. Based on the assumption that the medium
transmission is locally constant, we can post-process the predicted haze density map. To get stable and continuous results,
haze density map can be refined by performing a smoothing
operator. Some simple and explicit filters such as average filter
and Gaussian filter can smooth the haze density map, but can
not preserve the edges. Therefore, we apply the guided filter
[51] which is an edge-preserving smoothing technique to refine
the predicted haze density map. Then, the global haze density
score is the mean of the refined density map.
B. Training Method
It is not practical to collect plenty of hazy images and the
corresponding haze-free images of exactly the same scene.
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TABLE I
C ONFIGURATION OF O UR M ODEL

Therefore, the lack of training images and their corresponding
haze density scores is a challenging issue. Fortunately, hazy
images can be synthesized with haze-free images using the
atmospheric scattering model in Equation (1). Besides, we find
that SSIM scores between synthetic hazy images and haze-free
images can represent the haze densities well. Thus, we propose
to use the synthesized images and the corresponding SSIM
scores for training. It is difficult to train the model that takes
a full-size synthetic hazy image as the input and its SSIM
map as the target. Thus, HazDesNet is trained using hazy
image patches and the corresponding SSIM labels, as shown
in Fig. 1. An assumption can be introduced that the image
content is independent of the transmission. This assumption
is made based on the fact that the same image patch (image
content) might have different scene depths. With this assumption, a haze-free image patch can be synthesized to hazy
image patches with various transmissions. Therefore, we randomly crop haze-free image patches and synthesized hazy
patches with various transmissions. The SSIM scores between
the synthesized hazy patches and the corresponding original
patches serve as the regression targets. The training dataset
includes the synthetic hazy patches and the corresponding
SSIM labels.
To sum up, the model can be denoted as F and training
parameters are denoted as . The loss function is defined as
N
2


1 


L() =
F , IiP − SSIMiP  ,
N

(4)

i=1

where I P is hazy image patch, SSIM P is the SSIM index of
I P , · is L2 norm, and i is the index of image patches and
the corresponding SSIM labels.
C. Relation Between SSIM and Haze Density
Hazy images are usually characterized with low contrast,
shifted intensity, and faint color [35], thus it is possible to
design objective algorithms to precisely measure the haze
density of hazy images. But when designing and evaluating
objective haze density prediction algorithms, the corresponding ground-truth of haze density is needed. Based on the
fact that humans are good at identifying hazy areas [21],
and humans are usually regarded as the ultimate arbiters
of appearance of visual signals [11], [18], [35], [52], [53],

Fig. 3.

SSIM scores and MOSs of synthetic hazy images.
TABLE II
PLCC AND SROCC B ETWEEN FR IQA M ETRICS
AND THE MOS S OF S YNTHETIC H AZY I MAGES

we believe that human can perceive haze and judge haze
density for a single hazy image accurately, thus the human
labeled haze density scores are used as the ground-truth during
the evaluation, which is the same as what has been done
in [35]. The mean squared error (MSE), the peak signalto-noise ratio (PSNR), and the structural similarity (SSIM)
are three common metrics of FR IQA. The SSIM metric is
more consistent with the human perception than MSE and
PSNR [37]. To this end, we use the SSIM scores between
the synthetic hazy images and the haze-free images as the
training labels in the training procedure. SSIM scores are used
because we observe that they are more suitable to describe
the haze densities of synthetic hazy images than the MSE and
PSNR scores. To justify this, we have included 100 synthetic
hazy images in our subjective haze density study which is
described in Section V. The Mean Opinion Scores (MOSs)
in our subjective study represent the ground-truth haze density scores. The correlations between the three FR IQA
scores and the ground-truth haze density scores are analyzed
here.
The Spearman and Pearson corelation coefficients are calculated, as shown in Table II. Quantitatively, the SROCC and the
PLCC between the SSIM scores and the MOSs are 0.8947 and
0.9095, respectively, which are better than the correlations for
the PSNR and MSE. It is clear that the SSIM is a much
better metric to describe the haze density than PSNR and
MSE. A scatter plot between the SSIM scores (mapped using a
logistic non-linearity function introduced in Section VI-C) and
the ground-truth human labeled haze density scores is shown
in Fig. 3. It is observed that the SSIM and ground-truth haze
density scores are highly correlated.
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Fig. 5. Some samples and their corresponding MOSs in our HPHD database.

Fig. 4. Feature visualization. (a) is the original image, (b) is the dark channel
with 2 × 2 slide window, and (c) is the output feature at the 14th slice of the
feature extraction module.

D. Relation Between Inter-Network Feature and the Dark
Channel
Deep neural networks need to be interpretable and explainable to humans [31]. The feature visualization plays an important role to understand the neural network and find out the
function of a certain layer. We find that the output features
of a certain layer in HazDesNet are related with the dark
channel of the image. It can be explained in terms of the
model architecture. The calculation process of dark channel
includes two steps, i.e., a r × r slide windowing and an
RGB cross-channel selection. This process is similar to our
feature extraction module which contains a 5×5 convolutional
operator and a cross-channel fusion layer.
We extract the dark channel of hazy images and show
these images in Fig. 4 (a) and (b). The output features at the
14th slice of the feature extraction module are also illustrated
in Fig. 4 (c). These output features are mapped into the range
between 0 and 1 linearly for better visualization. It is clear
that the dark channel features and our extracted features look
very similar.
V. S UBJECTIVE A SSESSMENT OF
P ERCEPTUAL H AZE D ENSITY
For evaluation of the image haze density prediction
algorithms, ground-truth haze density scores of the hazy
images are needed. Since it is not practicable to collect
real-world hazy images and corresponding haze-free images,
Choi et al. [11] perform a subjective human study using
100 images to construct the LIVE Image Defogging database
to evaluate the FADE. In their human study, they ask the
subjects to give a perceptual rating of the haze density
for each hazy image. The statistical average of the ratings
for each image is calculated as the ground-truth of the
haze density. This database can be found in [54]. However,
the database is kind of small for comprehensive evaluation.
Therefore, we build another database called Human Perceptual

Haze Density (HPHD) which contains a real-world hazy
image (RHI) subset and a synthetic hazy image (SHI)
subset. The former includes 500 real-world hazy images
and the later includes 100 synthetic hazy images. A similar
subjective human study is performed on this database. In total,
the HPHD database includes 600 hazy images and their Mean
Opinion Scores (MOSs) which represent the ground-truth
haze densities. We evaluate the performance of HazDesNet
using the HPHD and LIVE databases in Section VI.
A. Test Image
In the real-world hazy image (RHI) subset, we collect
500 hazy images from Flickr, which is an image hosting
service. All images can be shared under the creative commons
license. These images are searched by keywords like “haze”,
“fog”, “mist”, etc. The content of these images is of diversity
including square, mountain, forest, road, etc. These images
have no weather restrictions. Since the database in [11] has
included some well-known hazy test images, we do not repeat
these images. The image resolution varies from 368 × 650 to
2048 × 1751. Fig. 5 shows some examples of the collected
500 hazy images. The MOS results of these samples are also
listed for a better intuition of our subject study.
In the synthetic hazy image (SHI) subset, we collect synthetic haze images from various haze image datasets, which
include I-HAZE [55], D-hazy [56], and HazeRD [57]. These
three synthetic haze image datasets include various scenes with
various haze densities. The resolutions of these images are
different, and we resize the longest dimension of the image
to 800 while maintaining its aspect ratio. Finally, we select
100 images from these synthetic haze image datasets to
constitute the SHI subset. The number of images of the SHI
subset is only 100, which is smaller than that of the RHI
subset, because the main objective of the SHI subset is to
verify the assumption that the SSIM metric can describe the
haze density well. Besides, synthetic hazy images are not as
realistic as real-world hazy images, thus we tend to include
more images in the RHI subset.
B. Subjective Study
We invite 15 volunteers as subjects of our human study.
All subjects have a corrected-to-normal vision. Before the
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TABLE III
S UBJECTIVE E XPERIMENT S ETTINGS

Fig. 6. Statistics of MOS for two sets of HPHD database. (a) is histogram
of MOS of the RHI subset, (b) is histogram of MOS of the SHI subset.

VI. E XPERIMENTAL VALIDATION
experiment starts, all subjects are instructed to evaluate the
haze density of the shown image. A training session is added
before the formal study. The subjects can have a sensation of
the haze density range of the whole database and also learn
how to rate the haze density in the training session.
A MATLAB user interface program is developed in a
Windows PC for this study. This user interface displays a hazy
image, and the subjects can give the corresponding haze density rating. The screen has a resolution of 1920 × 1080 pixels
and its refresh rate is 60 Hz. The user interface is presented
at the center of 24” monitor whose type is Dell U2417H.
A
single-stimulus
continuous quality evaluation
(SSCQE) [58] strategy is adopted. The subjective study
is performed in a quiet laboratory environment, and no
external events will interfere the subjects during the study.
The subject is required to rate the haze density of the
displayed image. There are 11 integer score labels ranging
from 0 to 10 in the rating bar. These score labels indicate
the degrees of haze density. Score 0 represents that there is
hardly any haze in the image. Score 10 indicates that the
image is excessively hazy. After finishing rating an image,
the user interface automatically displays the next image right
away. The display order of testing images is randomly set for
each subject. There is no time limit for rating each image,
and the whole test procedure of one subject lasts about 30 to
45 minutes. A summary of the experiment settings is given
in Table III.

C. Data Processing
We follow the method in [58] to exclude outliers and
reject subjects. The raw haze density rating for a hazy image
is detected as outlier, if it is far from the average (2 or
√
20 standard deviations for the Gaussian or non-Gaussian
case). Besides, a subject with more than 5% outlier ratings
is rejected as an outlier subject. Both outlier ratings and
outlier subjects are excluded from following processes. Since
the rating score of our subjective human study ranges from
0 to 10, we do not apply score mapping to preprocess the
raw ratings. Mean Opinion Score (MOS) is calculated to
represent the ground-truth of the haze density of each image.
The histograms of MOS of two sets are shown in Fig. 6. It is
clear that the MOS distributes widely from 0 to 10.

In this section, various experiments and studies are performed to validate HazDesNet. We first introduce the experimental settings including training data, training parameters,
etc. Then, the performance of our model architecture is
illustrated. The quantitative results of our model and the
FADE [11] are compared on different databases. Finally,
the qualitative results on real-world images are shown, and
they demonstrate the improvements of our model.
A. Network Training Details
To train our model, we collect some haze-free images
from the Internet to generate our training set. A total
of 4,000 haze-free patches of size 32 × 32 are randomly
cropped from these images. For each patch, we uniformly
sample t ∈ (0, 1) to generate 10 synthetic hazy patches and
calculate the SSIM scores between the hazy and haze-free
patches. Thus, a total of 40,000 hazy image patches and the
corresponding SSIM labels are used to train our model. These
patches are split into two parts randomly: a training set with
75 percent of patches and a validation set with 25 percent of
patches.
We implement our model using the K er as package. The
configuration of the model is shown in Fig. 2 and summarized
in Table I. RMSprop is used to optimize our model with a
learning rate of 0.001 and a default r ho of 0.9. The decay
rate of learning rate is 10−3 for every epoch. We set the batch
size to 512 and train the model with 1,000 rounds. We do
not apply any data augmentation techniques to enlarge our
training set, since it is easy to generate more training data and
the current data is enough for the network training. Based on
these configurations, HazDesNet is trained on a server with
Nvidia GeForce GTX 1080 GPU.
B. Comparison Between the Transmission Map and the
Haze Density Map
There is no doubt that both transmission map and haze
density map can reflect the degree of hazing in the image,
however they still have significant differences. In this section,
the differences between the transmission map and the haze
density map are discussed. According to the atmospheric
scattering model, t (x) = e−βd(x) is the so called transmission,
where −βd(x) is the optical thickness. Therefore, if β is a
constant, the transmission map is determined by the depth
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Fig. 8.

Training process with different maximum and average layers.
TABLE IV
H AZE E STIMATION A CCURACY OF H AZ D ES N ET
W ITH D IFFERENT F USION L AYERS

Fig. 7. Comparison between the transmission map and the haze density map.

of a scene. The pixels at the same depth have the same
transmission. However, these pixels of the same transmission
might have different visual features, such as edges, textures,
colors, etc. Thus, even if the pixels have the same transmission,
they still have different haze perceptions, and transmission
map for these pixels will also be different from their haze
density map. Fig. 7 is an illustration, showing a haze-free
image, a synthetic haze image, the corresponding transmission
map and a predicted haze density map. The transmission map
is reversed to be positively related to the haze density map. It is
clear that the texture variation of the wall is not reflected in the
transmission map, however it is reflected in the haze density
map. Another apparent example is the region of the large white
window, which has a similar transmission but a relatively lower
haze density than its surroundings. The difference between the
large white window and its surroundings is easily observed in
the haze density map, while the transmission map can not
reflect this difference.
C. Performance Evaluation Criteria
The Pearson’s linear correlation coefficient (PLCC) and
Spearman’s rank ordered correlation coefficient (SROCC)
between the haze density scores D and MOSs are calculated
to evaluate the performance. Before PLCC and SROCC computation, the predicted haze density scores D are mapped by
a logistic non-linearity function [18], [59], [60].
D. Ablation Study: Performances of HazDesNet With
Different Configurations
In the proposed HazDesNet, two components are designed
and chosen especially for certain purposes. The maximum

and average (Max-Avg) mix module is designed for local
maximum and local average fusion in an automatically learning way. The sigmoid activation function is chosen because
of the reasonable nonlinearity, range, and continuity. In this
section, the effectiveness of Max-Avg mix module and sigmoid
function is illustrated. In addition, the number of filters in the
feature mapping module is an important hyperparameter, and
we explore the trade-off between the number of parameters
and performance.
1) Effectiveness of Max-Avg Mix: To evaluate the effectiveness of Max-Avg fusion, we remove the Max-Avg mix module
and replace it with either a local maximum layer or a local
average layer. These modified models are trained under the
same settings.
The performance of Max-Avg mix module and the effectiveness of Max-Avg fusion are illustrated in Fig. 8, which
shows the training process of HazDesNet with a Max-Avg
mix module, or with the maximum-only or average-only
layer. The convergence speed of Max-Avg mix module is the
fastest, and the convergence result is also the best. Besides,
the haze estimation accuracy is also compared to verify the
effectiveness of Max-Avg fusion, as shown in Table IV.
2) Comparison of Activation Functions: The performance
of sigmoid activation is compared with the performance
of Tanh, linear, and BReLU activation functions. The
BReLU [21] is the special case of adjustable bounded rectifier [61]. BReLU is useful for image restoration whose
definition is f (x) = min(0, max(1, x)).
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TABLE VI
T RAINING R ESULTS U SING D IFFERENT F ILTER N UMBERS

the 96-filter layer is nearly equal to the MSE of the 48-filter
layer. However, the smaller network is preferred if the desired
goal is accomplished. That is why we apply a 48-filter layer
in the feature mapping module in our model.
Fig. 9.

Training process with different activation functions.

E. Quantitative Evaluation
TABLE V
H AZE E STIMATION A CCURACY OF H AZ D ES N ET
W ITH D IFFERENT A CTIVATION M ETHODS

Fig. 9 illustrates the comparison of different activations
during the training process. The sigmoid has the smallest
convergence loss. The loss of linear and Tanh activations
vibrates intensely during the first 300 rounds. The final stable
convergence of linear and Tanh is larger than the BReLU and
sigmoid, since the range of BReLU and sigmoid is between
0 and 1 which is consistent with SSIM index. The BReLU
has a good performance in [21] because their model applies
more nonlinear mapping layers than HazDesNet. Clearly,
the nonlinearity of sigmoid improves convergence precision.
In addition, the sigmoid also improves haze estimation accuracy. In Table V, the PLCC and SROCC performances of
sigmoid are the best comparing with other activation functions.
3) Filter Number of Feature Mapping: In the feature mapping module of HazDesNet, the number of filters highly affects
the performance of the model. In common sense, the larger
the number of filters, the more precise convergence. However,
with a large number of filters, the model parameters increase.
Therefore, the trade-off between the filters number and performance needs to be investigated. In the feature mapping
module, we use 24, 48, and 96 as the number of filters to
fine-tune HazDesNet.
In Table VI, we list the training results using different
numbers of filters. This table includes the information
including training/validation mean square error (MSE) and
number of parameters. From Table VI, it is shown that the
24-filter layer has the smallest number of parameters, but the
training performance is the worst. In addition, the MSE of

In this subsection, we evaluate the proposed HazDesNet
quantitatively, and compare it with the state-of-the-art.
HazDesNet takes a hazy image as input and predicts its haze
density map. The haze density map is refined by the guided
filter. The mean of the refined density map is calculated as the
overall haze density D. The performance of the HazDesNet
is evaluated on 7 representative surveillance images, LIVE
Defogging database, and our built Human Perceptual Haze
Density (HPHD) database.
1) Compared Methods: The previous studies of haze density prediction are limited to certain conditions, such as the
onboard camera, geographical information, sandstorm environment, etc. Our HazDesNet is not limited by these restrictions,
thus it is not compared with these methods with limitations.
Instead, our HazDesNet is compared with the following methods: a haze density prediction model and three baseline models
created on the basis of several widely recognized network
architectures.
• FADE: It can predict the haze density using only one
single hazy image. It is the most widely recognized haze
density prediction model in the literature.
• ResNet50: We remove the fully connected layers at
the end of the pre-trained models and add a 1 × 1
convolutional filter, and the mean of the final feature maps
is used to represent the haze density.
• GoogleNet: The first seven inception modules of
GoogleNet are applied to extract the feature maps.
We also add a 1 × 1 convolutional filter, and calculate
the average of the final feature maps as the haze density.
• NASNet-Mobile: We set the input size to 32×32×3, and
the output size is exactly 1 × 1×1, which represents the
haze density of the input image patch.
The training method of these models is the same with our
HazDesNet. The activation functions of the final layers of
these three models are all sigmoid. For all three networks
except the traditional method FADE, we apply transfer learning, and fine-tune the models pre-trained on ImageNet.
2) Quantitative Results on Representative Surveillance
Images: It is difficult to evaluate haze prediction algorithms
and haze removal algorithms, because the corresponding
haze-free image of a hazy image is unavailable. Fortunately,
there are still a small number of surveillance images for haze
prediction evaluation. First, seven representative surveillance
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Seven representative hazy surveillance images of the same scene with different haze densities and their predicted haze density scores D.

TABLE VII
PLCC AND SROCC B ETWEEN P REDICTED D ENSITY S CORES D AND THE
MOS S OF 7 R EPRESENTATIVE S URVEILLANCE I MAGES

images, as shown in Fig. 10, are used to evaluate our method.
These seven surveillance images are captured in the same
scene, at the same location, but at different times. With the
weather changing, hazy images of different haze densities
are captured by the surveillance camera. These time-varying
real-world images are suitable to measure the performance
of haze prediction method. Fig. 10 shows these seven surveillance hazy images from LIVE Defogging Image database.
We calculate haze density score D for each hazy image
using HazDesNet, and observe the consistency between these
predicted scores and the MOSs labeled by human. The PLCC
and SROCC are listed in Table VII.
From Table VII, we can observe that the PLCC and SROCC
are 0.9960 and 0.9643, respectively. It is concluded that the
predicted density scores of HazDesNet have a high correlation
with the MOS of human judgment on these surveillance
images. In addition, it is also proves that our method can be
applied to monitor the haze condition in surveillance systems
and autonomous vehicles.
The predicted haze densities of Fig. 10 (f) and (g) are
not consistent with MOSs, i.e., the predicted haze density of
Fig. 10 (f) is larger but its MOS is smaller. This inconsistency
may be introduced by the following reasons. The brightness of
Fig. 10 (g) is darker than Fig. 10 (f), thus the haze density of
Fig. 10 (g) perceived by human is larger. However, in our
training procedure, we set the global atmospheric light in
Equation (1) as A = 1 for simplification. If the original
image J (x) = 1 and t (x) = 1, this simplification results

in an increase of brightness. Therefore, in this surveillance
situation, our HazDesNet gives Fig. 10 (f) a higher haze
density comparing with Fig. 10 (g). This also suggests that
some future work is needed to improve the proposed method’s
robustness against global luminance variations.
3) Quantitative Results on LIVE Defogging Database:
Besides a small number of surveillance images, our proposed
model HazDesNet is also evaluated on LIVE Defogging
database [54]. The quantitative results of HazDesNet are
compared with FADE [11] and other three deep learning based
methods in this part. The LIVE Defogging database contains
100 real-world hazy images and their corresponding MOSs.
We also utilize PLCC and SROCC between the predicted haze
density scores and MOSs to verify the performance of our
method.
The performances of these methods are shown in Table VIII.
FADE needs to divide the hazy image into small patches
first and then estimates the haze density of the entire image.
Therefore, FADE needs to select a best patch size during
practice. Except for NASNet whose input is 32 × 32×3, other
deep learning based methods can predict haze density maps
for hazy images of any size. In Table VIII, the performances
of FADE with different patch sizes which range from 4 × 4 to
32 × 32 are tabulated. The best PLCC and SROCC of FADE
are 0.8934 and 0.8756, respectively, but they are calculated
with different patch sizes. The PLCC and SROCC of our
HazDesNet are 0.9156 and 0.9056, respectively, which are
better than FADE. What’s more, HazDesNet has an advantage
that it does not need any extra parameters such as patch
sizes. Besides, our HazDesNet outperforms other deep learning based methods. That is mainly because these models
are originally designed for other purposes, and the model
architectures are not proper for this task.
Fig. 11 illustrates the scatter plots of HazDesNet and
FADE on the LIVE Defogging database. These plots show the
relation between the predicted haze density scores and MOSs
judged by human subjects in the LIVE Defogging database.
Higher density score represents heavier perceptual haze in the
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TABLE VIII
PLCC AND SROCC B ETWEEN THE P REDICTED H AZE D ENSITY S CORES AND THE MOS S OF H AZY I MAGES ON THE LIVE D EFOGGING D ATABASE

Fig. 11. (a) and (b) are the scatter plots of HazDesNet and FADE on the Live Defogging database, respectively. Both of these plots show the predicted haze
density scores and MOSs of LIVE Defogging database.
TABLE IX
PLCC AND SROCC B ETWEEN THE P REDICTED H AZE D ENSITY S CORES AND THE MOS S OF H AZY I MAGES ON THE HPHD D ATABASE

image. Fig. 11 (a) indicates that the predicted density scores
of HazDesNet are highly correlated with human perception.
Comparing the two plots in Fig. 11, it is observed that the
scatter points of the HazDesNet are more convergent, which
means that the HazDesNet has better predictions. What’s more,
it is also observed that the predictions of HazDesNet is also
more linear than FADE.
4) Quantitative Results on HPHD Database: Although the
LIVE Defogging database includes hazy images of different
contents and various haze densities, the number of images of
this database is only 100 which is kind of small. Therefore,
we build the HPHD database which includes a RHI subset
and a SHI subset, and conduct a subjective human study
in Section V. HPHD database also contains hazy images of
different contents and their corresponding human judged haze
densities which are described by MOSs.
In this part, HazDesNet is evaluated on the RHI subset
and the SHI subset of the HPHD database, and it is also
compared with FADE and other three fine-tuned neural

network based methods. Similar to what have been done in
Section VI-E, PLCC and SROCC are calculated to verify
the performance of HazDesNet. The predicted haze density
scores are passed through the non-linearity function. The
performances of HazDesNet and FADE other methods are
summarized in Table IX.
From Table IX, it is clearly observed that the performance of
our HazDesNet is also the best. After a non-linearity mapping,
the PLCC and SROCC between predicted density scores D
of HazDesNet and MOSs of the RHI subset are 0.8184 and
0.8392, respectively. In terms of FADE, the best PLCC and
SROCC on the RHI subset are 0.7156 and 0.7608, using the
patch size 32×32 and 16×16, respectively. On the SHI subset,
the PLCC and SROCC of HazDesNet are also better than
FADE. It proves that our HazDesNet is better than FADE. The
performance of HazDesNet is also better than other fine-tuned
models on both the RHI subset and the SHI subset. On the
other hand, compared with the performances of these two
methods on the LIVE Defogging database, the performance
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Fig. 12. (a) and (b) are the scatter plots of HazDesNet and FADE on the RHI subset, respectively. Both of these plots show the predicted haze density scores
and MOSs of the RHI subset.

Fig. 13. (a) and (b) are the scatter plots of HazDesNet and FADE on the SHI subset, respectively. Both of these plots show the predicted haze density scores
and MOSs of the SHI subset.

on the HPHD database decreases a lot. That is because our
HPHD database includes more hazy images and the included
hazy images are also more challenging.
Fig. 12 (a) illustrates the scatter plot between the predicted
haze density scores of HazDesNet and MOSs on the RHI
subset of the HPHD database. The distribution of points
in Fig. 12 (a) demonstrates that the predicted scores of
HazDesNet are correlated well with the haze densities to
some extent. However, the points in the left-bottom corner of
Fig. 12 (a) are scattered, which reveals that HazDesNet could
be further improved in this region. This imperfect distribution
is probably because some white or gray objects in images
are deemed as haze by the network and thus results in low
predicted haze density scores. Meanwhile, the scatter plot
between the predicted haze density scores of FADE and the
MOSs on the RHI subset of the HPHD database is shown
in Fig. 12 (b). From the scatter plot of FADE, we can observe
that 86.8% of predicted haze density scores are smaller than
3 and only 8 density scores are larger than 7, which means

that the predictions of FADE are uneven and highly nonlinear.
Fig. 13 (a) illustrates the scatter plot between the predicted
haze density scores of HazDesNet and MOSs on the SHI
subset of the HPHD database, and Fig. 13 (b) illustrates the
scatter plot between the predicted haze density scores of
FADE and MOSs on the SHI subset of the HPHD database.
In conclusion, our HazDesNet has a stronger ability to predict
haze densities than FADE.
F. Qualitative Results
Fig. 14 shows the haze density maps predicted by FADE and
our HazDesNet. These real-world hazy images are samples of
the RHI subset of the HPHD database, as shown in Fig. 14 (a).
Fig. 14 (b), (c), (d) show the results of FADE using patch sizes
of 4 × 4, 16 × 16, and 32 × 32, respectively. Fig. 14 (e) shows
the results of our HazDesNet.
It is challenging to predict the haze density map for the
entire hazy image. FADE uses the image patch to predict local
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Fig. 14. Original hazy images and predicted haze density maps. (a) is original hazy images. (b), (c), and (d) are haze density maps predicted by FADE
using 4 × 4, 16 × 16, and 32 × 32 patch size, respectively. (e) is haze density maps predicted by HazDesNet. (f) is colorbar showing color scale, where 0-15 is
the indication of (b)-(d) and 0-1 is the indication of (e).

haze density, and then the haze density map is constructed
by these local densities. To get a high-resolution density map,
the patch size that FADE used needs to be as small as possible.
However, the predicted density map of FADE is not continuous
even when using a small patch size such as 4 × 4, as shown
in Fig. 14 (b). To get a stable density map, FADE needs
to apply a large patch size such as 16 × 16 and 32 × 32.
However, these large patch sizes cause the blocking effect,
as shown in Fig. 14 (c) and Fig. 14 (d). On the contrary,
our HazDesNet is capable of predicting a continuous, stable,
and high-resolution density map, as shown in Fig. 14 (e). The
resolution of the predicted haze density map is about half of
the resolution of the input haze image.

In terms of prediction precision, the predicted density maps
of HazDesNet are of high quality and robust. The fourth and
fifth rows of Fig. 14 demonstrate that our HazDesNet is more
reliable than FADE in different scenes.
VII. C ONCLUSION
In this article, we have proposed a novel end-to-end
CNN-based method to predict haze density. Since it is hard
to build a large scale haze density database, we first apply
structural similarity (SSIM) index to measure the haze densities of synthetic hazy image patches. It is found that these
SSIM scores indicate the haze densities of hazy images well.
Thus, these hazy image patches and the corresponding SSIM
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labeled haze densities are fed to train the HazDesNet.
Although our HazDesNet is trained by synthetic hazy images,
it can be generalized well for real-world hazy images.
As another main contribution of this article, we construct a
Human Perceptual Haze (HPHD) database which is the largest
of its kind and includes 500 real-world hazy images and
100 synthetic hazy images, and the corresponding haze density
labels judged by human. This database is used to evaluate the
generalization ability of HazDesNet. The quantitative results
of our proposed system on the HPHD database and existing
databases demonstrate that HazDesNet has a good ability
of haze density prediction. Another advantage of the proposed HazDesNet lies in that it can predict a high-resolution
pixel-level haze density map, which describes the haze densities of single pixels in the image. Such a high-quality haze
density map which is absent from the current methods can be
of great value in many haze-relevant applications.
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