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Abstract: Haze contamination is a very common issue in remote sensing images, which inevitably
limits data usability and further applications. Several methods have been developed for haze
removal, which is an ill-posed problem. However, most of these methods involve various strong
assumptions coupled with manually-determined parameters, which limit their generalization to
different scenarios. Moreover, temporal information amongst time-series images has rarely been
considered in haze removal. In this paper, the temporal information is proposed to be incorporated
for more reliable haze removal, and guided by this general idea, a temporal information injection
network (TIIN) is developed. The proposed TIIN solution for haze removal extracts the useful
information in the temporally neighboring images provided by the regular revisit of satellite
sensors. The TIIN method is suitable for images with various haze levels. Moreover, TIIN is also
applicable for temporal neighbors with inherent haze or land cover changes due to a long-time

interval between images. The proposed method was validated through experiments on both
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simulated and real haze images as well as comparison with five state-of-the-art benchmark
methods. This research provides a new paradigm for enhancing haze removal by incorporating

temporally neighboring images.

Keywords: Haze removal, Remote sensing images; Temporal information; Deep learning;

Convolutional neural network.

1. Introduction

Haze arises mostly from atmospheric constituents of water droplets, dust, fog/smog and other
particles that dim the clarity of the scene (Cai et al., 2016), and leads to inaccurate measurement of
radiance and information loss in remote sensing images, which is similar to thin cloud
contamination (i.e., part of (rather than all) the information is lost in thin cloud). Therefore, for
images acquired with haze contamination, the visibility, contrast and intensity may be affected
greatly (Jiang et al., 2018). The commonly used haze degradation model (Narasimhan and Nayar,
2003) is as follows:

I(x)=J(x)#(x)+A(1-1(x)) 1)
where x, I, and J indicate the location of a pixel in the image, the haze contaminated image, and
clear image, respectively. A is the global atmospheric light, and #(x) indicates the haze

transmission map. Therefore, the haze removal process can be formulated as follows:



45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

CI0-A
J(x)= e +A. (2

That is, each hazy image can be recovered with global atmospheric light A and haze transmission
map #(x). For haze removal, only the acquired hazy image is known, and both the global
atmospheric light and haze transmission map need to be estimated in advance, which is an obvious
ill-posed problem.

Over the last decade, several dehazing methods have been proposed. Tan (2008) addressed
dehazing by using Markov random field to maximize the local contrast. Fattal (2008) calculated
the albedo of the scene and medium transmission maps based on the assumption of uncorrelation
between transmission and surface shading. A dark-channel prior was applied to reconstruct the
haze contamination of outdoor images (He et al., 2011). Moreover, a color attenuation prior was
employed as a constraint in predicting haze-free images (Zhu et al., 2015). Although the
aforementioned methods produced acceptable results in some cases, they are based on various
strong assumptions such that their general applicability is affected. Besides, haze removal can also
be considered as an image enhancement goal (Cho et al., 2018). Specifically, the input hazy
images can be decomposed to produce ambient maps and transmission maps for further refinement
based on the Laplacian module, which does not require any prior information. Recently, an
enhanced atmospheric scattering model was developed for haze removal (Ju et al., 2021). Most of
these methods can be categorized as traditional model-based methods with various assumptions
which inevitably limit the generalization ability of the methods for different scenarios.

Deep neural networks have been utilized in many computer vision tasks owing to their strong
non-linear modeling ability. For dehazing regular images, Cai et al. (2016) proposed an end-to-end
DehazeNet to estimate transmission maps. A multi-scale convolutional neural network (CNN) was

applied to explore transmission features in both coarse and fine domains (Ren et al., 2016, 2020).
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Both methods use the model in Eq. (2) for haze removal, and the outputs are predicted
transmission maps. Thus, post-processing steps are required to produce the haze-free images and
the uncertainty in the interim deep neural network-based is propagated to the final dehazed results
(Zhu et al., 2018). To reduce such uncertainty, Li et al. (2017) built a network to bridge hazy
images and clear images directly which can produce haze-free images without any post-processing
steps. A symmetric encoder-decoder structure was employed for dehazing (Ren et al., 2018).
Generative adversarial networks (GANs) were applied to handle haze removal without any
manually-set prior (Li et al., 2018b; Qu et al., 2019). Recently, Li et al. (2020a) combined Retinex
Theory (Land, 1978) with neural networks to remove the haze of regular images.

Haze removal of remote sensing images is more difficult compared with that for regular
images due to the sophisticated atmosphere, complex spatial textures, and abundant spectral
information of remote sensing images. Zhang et al. (2002) employed a haze optimized
transformation algorithm for hazy Landsat images. Wavelet analysis was also applied to remove
the haze of fine spatial resolution remote sensing images (Du et al., 2002). Makarau et al. (2014)
calculated a haze thickness map via dark-object subtraction to dehaze both calibrated and
uncalibrated multispectral images. The correlation between the visible (or infrared) band and the
cirrus band was also utilized for haze removal in Xu et al. (2014). Moreover, a cloud removal
noise-adjusted principal components transform (CR-NAPCT) method (Xu et al., 2019) was
employed for Landsat-8 images with additional cloud detection operators, such as Fmask
developed in Zhu and Woodcock (2012), which may cause intermedium uncertainty for post-cloud
removal. Based on the dark image prior of regular image dehazing (He et al., 2011), a deformed
haze imaging model was introduced to dehaze remote sensing images (Pan et al., 2015). However,

this method can handle only the RGB bands of remote sensing images. Furthermore, the sphere
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model (Li et al., 2018a) and elliptical boundary prior (Guo et al., 2019) can also be employed for
haze removal. Similarly, an empirical method was developed for visible bands 1-to-4 of Landsat-8
(Lv et al. 2016). Guo et al. (2020a) utilized the haze degradation model in Eq. (2) to remove haze
bands with different wavelengths, which takes both haze particle size and concentration into
account during haze removal. However, these model-based methods make various assumptions
between the ideal clear and hazy images. Moreover, they need fine-tuned model parameters for
different haze condition scenarios.

In recent years, various learning-based (e.g., CNN-based) dehaze methods have been
developed with state-of-the-art performance for remote sensing images. Jiang and Lu (2018)
applied a multi-scale residual CNN to estimate the transmission maps before dehazing based on
the model in Eqg. (2). Compared with Ren et al. (2016), Jiang and Lu (2018) employed dilation
convolution for feature extraction at different scales. In contrast, several convolutional layers were
employed to predict haze-free remote sensing images directly and considered the haze variation of
different wavelengths (Qin et al., 2018). However, this method requires a large number of haze
levels when constructing the training data, which inevitably increases the computational burden.
In Guo et al. (2020b), the haze variation between different bands was considered in global residual
learning with channel attention for dehazing Landsat-8 OLI images. GANSs can also be employed
for haze removal (Li et al., 2020b).

The commonly used satellite sensors, such as the Landsat series and the Terra/Aqua MODerate
resolution Imaging Spectroradiometer (MODIS), can provide a large number of remote sensing
images of the same region at different times, due to their regular revisit capabilities (Wang et al.,
2020). Theoretically, the temporally neighboring images can provide complementary information

to tackle the haze removal issue as formulated in Eq. (2). Specifically, the temporally neighboring
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images can provide a spatial distribution prior for the target hazy images because of the temporal
correlation between observations (i.e., images acquired on two proximate days tend to resemble
each other, especially when the time interval is small). Therefore, the uncertainty of this ill-posed
issue can be reduced potentially. Although temporal information has been considered in other
image restoration issues, such as thick cloud removal (Chen et al., 2020; Ji et al., 2021) and
Landsat ETM+ SLC-off gap filling (Wang et al., 2021), it has been neglected in existing haze
removal studies. The use of temporal information in haze removal is quite different from that for
thick cloud removal. Haze contamination is highly correlated to spectral wavelength. Generally,
longer wavelength bands are more robust to haze. Moreover, hazy pixels are usually a mixture of
haze and the original signal of land covers, such that part of the original signal is retained. This is
different from the case of completely dead pixel through all bands caused by thick cloud
contamination or a SLC-off gap. Thus, the scheme of using temporally neighboring images in
thick cloud removal (Shen et al., 2015) (i.e., completely neglecting the information under thick
cloud as it contains no information) or gap filling (Wang et al., 2021) is not appropriate for haze
removal, as it would waste the potentially valuable information in the hazy pixels, especially for
longer wavelength bands.

In this research, temporal information is considered for haze removal and a novel solution
incorporating temporally neighboring images is proposed. It should be stressed that two issues
arise when temporally neighboring images are used. First, driven by natural evolution and human
activities, the land cover type of the Earth surface usually changes in the temporal domain.
Therefore, the spatial distribution prior in temporally neighboring images can be different to the
target hazy image. Second, the temporally neighboring images may also be contaminated by haze.

That is, although the observed temporally neighboring images may be abundant, the effective
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spatial distribution prior in the temporal domain is reduced due to land cover changes and haze
contamination. These two challenges also hamper the development of using temporal information
in haze removal, especially for model-based methods. Generally, model-based methods involve
various assumptions and the solutions for incorporating temporal information may not be
straightforward especially for solutions that are universal for different scenarios. Specifically,
model-based methods cannot select automatically the usable spatial distribution prior in the
temporal images. Since deep learning is fully data-driven and can automatically transform the
feature representation into a higher and more abstract level (LeCun et al., 2015; Li et al., 2020c;
Shao et al., 2019; Wu et al., 2021). Thus, by deep learning, various input images can be
automatically distilled into abstract levels without any specific assumptions. Therefore, this paper
investigates this type of method for incorporating temporally neighboring images that can be
affected by haze and land cover changes. Accordingly, to distill the effective spatial distribution
prior of temporal information for dehazing, a temporal information injection network (TIIN) is
proposed. The TIIN method convolves both hazy images and temporally neighboring images in a
parallel manner with stacking layers for feature extension, and emphasizes the useful temporal
features for dehazing by using different attention modules.

The remainder of this paper is organized as follows. In Section 2, the mechanism of the
proposed TIIN architecture is presented. The experimental results of both simulated and real hazy
data are provided in Section 3. Section 4 discusses the findings and the problems to be investigated

further. Section 5 summarizes the conclusion of this study.

2. Methods
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2.1. Overview of the TIIN architecture

The proposed TIIN method is a parallel CNN-based architecture, as shown in Fig. 1. The
architecture contains two branches (i.e., hazy branch and temporal branch) and several blocks. At
the beginning, both hazy images and temporally neighboring images are input to the
corresponding branches simultaneously. In each branch, two convolutional layers are applied for
shallow feature extraction with 32 filters. Subsequently, the group convolution block, as shown in
Fig. 2(a), is employed to extract land cover information. Next, three temporal information
injection (TH) blocks are applied to transfer information from the temporal images. Then, a
concatenation and fusion block is applied to integrate the extracted features of the branches,
followed by a modified spatial attention (MSA) block to focus on hazy regions. At the tail of the
architecture, based on the Retinex Theory (Land, 1978; Li et al., 2020a), a global multiply residual
is used to alleviate the burden of network training. Finally, a 3>3 convolutional layer with seven
filters is applied to transform the haze-free features to haze-free Landsat-8 OLI images. Note that
all convolutional layers in TIIN, except for the final convolution layer, include 32 channels for

convolution and the rectified linear unit (ReLU) is used for function activation.

2.2. The group convolution block

The group convolution block consisting of three layers is used for feature extension by

extracting multiscale semantic and contextual information. Diverse filter sizes of the convolutional

layers can make the model more suitable for reconstruction of scenarios with different sizes of land



182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

cover objects. Specifically, in this research, the filter sizes of the three layers are 11 pixel, 3>3
pixels and 5>6 pixels. Moreover, according to Guo et al. (2020b)’s study, the channel number of
each group convolutional layer is set to 32, which can provide sufficient useful features.
Subsequently, using a concatenation strategy, the extracted multiscale features of both the hazy
and temporal branches are concatenated into unified features in the channel dimension. Finally, in

each branch, the integrated features are fed into a fusion block for further feature integration.
2.3. The Tl block

The TII block is used to bridge the gap between hazy and temporal branches. As shown in Fig.
2, the output features of each basic block of the temporal branch are injected into a channel
attention (CA) module, which are then concatenated with the output of corresponding basic block
of the hazy branch. The CA block can utilize fully the correlation of different bands between hazy
images and temporally neighboring images. Moreover, the CA block bridges the gap between the
hazy images and temporally neighboring images. That is, the spatial distribution prior in the
temporal branch is transferred into the hazy branch via the CA block. Specifically, the CA module
includes squeeze, excitation and recalibration (Hu et al., 2020). First, a global average pooling

(GAP) layer is used to provide a global spatial information squeeze. Then, for excitation, a 1x1
filter is used for channel-wise feature reduction with filter number g (C is the number of feature

channels and » denotes the reduction ratio). In this research, the reduction ratio was determined as
4. Next, a convolutional layer with C filters (each with a size of 1x1) is employed to increase the
dimensionality for further excitation, followed by a sigmoid activation function. After excitation, a

residual multiplication layer is used for channel-wise feature recalibration. Afterwards, a fusion
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After the TII block, the extracted features from both the hazy and temporal branches are
integrated via a concatenation and fusion block. To focus on the hazy regions in the spatial domain,
the spatial attention block is applied. However, spatial attention usually utilizes global average
pooling and maximal pooling to capture global common and distinctive information (Li et al.,
2020a), which is non-learnable. For robustness, the pooling operators of spatial attention are
replaced by convolutional layers in this paper. The MSA strategy is applied to adjust automatically
the spatial-wise weights. As shown in Fig. 2, the pooling operator in spatial attention consists of
multiscale convolutional layers with filter sizes of 3>3 pixels and 5>5 pixels, followed by a 7>7
pixels convolutional layer to extract more multiscale contextual information. It should be noted
that only one channel is considered consistently for these convolutional layers to achieve spatial

attention, with only one sigmoid function for activation in the final layer.

2.5. The basic and fusion blocks in TIIN

Since remote sensing images always contain complicated spatial context and semantic
information, hierarchical CNNs are considered to represent the spatial features. Therefore, basic
blocks with residual learning are applied to enhance the performance of feature extraction. The
detail of the proposed basic block is portrayed in Fig. 2. The basic block is a derivative of a
residual model. Specifically, as shown in Fig. 2, three convolutional layers are applied for feature
extraction with the ReLU as activation function. Meanwhile, the input of the basic block is
convolved via a 1x1 filter and then skip-connected with the output of the last convolutional layer

for residual learning.
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To integrate the various feature maps derived from two branches of the network, a fusion block
is employed, as depicted in Fig. 2. Two convolution layers are applied to aggregate different

feature maps and the filter sizes are 1 and 3. These layers also apply ReLU for activation.

2.6. Residual learning and the loss function in TIIN

In the Retinex Theory (Land, 1978; Li et al., 2020a), a hazy image can be considered as a
dehazed image multiplied by the residual illumination map. Residual learning is a popular strategy
to reduce the requirement for network training (He et al., 2016), as the residual learning strategy
can estimate the residual between the network input and the reference. Hence, the expected results
are the summation of residual (network outputs) and the network inputs. Based on the theory, a
global product residual operator is proposed for haze removal. Specifically, the summation
operator of residual learning is modified to an elementwise product operator. Therefore, the
expected dehazed result is the elementwise product of f{(J) and F(J) in Eq. (3):

1=/3)-F(J) (3)
where T denotes the haze-free features, J is the hazy image, AJ) is the output of the first
convolutional layer of the shallow feature extraction, and F(J) is the output of the MSA block.
Based on the Retinex Theory, f{(J) can be seen as hazy features and the reciprocal of F(J) is the
residual illumination map. The final 3x3 pixels filter can transform the haze-free feature I to the
dehaze result I.

In terms of the loss function for the network, the widely-used mean square error (MSE) loss

function is considered to guide the network training iteratively.
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3. Experiments

Comprehensive experiments on simulated data and real-data were carried out to examine the
robustness and applicability of the proposed TIIN method. Specifically, Landsat-8 OLI data of the
L1 level Collection 2 product (30 m spatial resolution and 16-day temporal resolution) were used
in this study. Moreover, hazy images with different land cover scenarios and temporally

neighboring images with long-time interval were also considered.

Table 1. Details of the training images used in the experiments

No. Date Centre position Size
Pair 1 Original haze-clear images 2019.06.02 48°40°38.58°N, 2°20°0.30’E 3741>6023
Temporally neighboring images ~ 2019.07.04 48°40°38.58"°N, 2°20°0.30’E 3741>6023

Original haze-clear images 2018.10.05  48°52°42.90°°N, 2°21°18.49”’E 50944995

Pair 2
ar Temporally neighboring images  2018.10.21  48°52°42.90"°N, 2°21°18.49”’E 5094 >4995

3.1. Data preparation

The available data were organized into training data and testing data. To provide training
images for the proposed TIIN architecture, several haze-clear images and temporally neighboring
images of Landsat-8 OLI with seven bands (including coastal, blue, green, red, NIR, SWIR1, and
SWIR 2 bands) covering Paris, France (path is 199, and row is 26) were acquired. Note that the
output of the TIIN architecture is an image with the same size (i.e., the number of bands is also the
same as the input). Moreover, the training data are spatially neighboring to the testing data. More
detailed information on the acquired images is depicted in Table 1. It should be noted that the
temporal neighboring images mean the images that cover the same location as the original image
but were acquired at different times. The max-min scaling normalization was applied to each band

of the Landsat-8 OLI images. Moreover, the uncertainty in image registration between the original
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images and temporal neighbors was ignored due to the high confidence in the registration of the
Landsat-8 product (Irons et al., 2012).

The CNN is a supervised learning strategy, which needs massive labelled data for training. For
image dehazing, however, it is unrealistic to acquire both haze-clear and haze-contaminated
conditions for the same scene at the same time. Therefore, a haze simulation strategy was
implemented based on Guo et al. (2020b) to generate sufficient training data for more reliable
fitting. First, the haze transmission map #(x) in Eg. (1) can be estimated:

1(x)=e Pl 10 (4)
where A indicates the wavelength of a certain band of the hazy image, f is the scattering coefficient,
d is the distance between satellite sensors and surface objects, and y(x) is a spatial-based function
to determine the haze spatial distribution at pixel x (Guo et al., 2020b). In general, y ranges from 0
to 4 (Chavez, 1988; Guo et al., 2020b). The scattering coefficient can be estimated as:

P p(x)=T27™ (5)
where T is a constant. Therefore, the haze imaging model can be transformed as follows:
I(x)=J(x)e P 700 4 A (1% 7(00)) (6)
Moreover, the first band of the Landsat-8 OLI image was selected as the reference band. Then, a
natural logarithm was implemented on both sides of Eq. (4) to further derive:
In 1(x)=-p(4, y(x))d (7)
The ratio between the first band and the other bands can be calculated as follows:

In#(x)_f (41, y(x)) (8)
Inz,(x) (4, y(x))

Based on Eq. (8), the transmission map #(x) of each band of the hazy Landsat-8 OLI image can be

estimated. Therefore, each hazy band of the Landsat-8 OLI image can be expressed as:
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(x)
In #(x)

2.
+A(1—e(j'_l) In ZI(X)) (9)

109,007

299 InEq. (9), 1(x) is a reference transmission map. To be close to the real haze conditions, a cirrus
300 band from a cloudy region was employed as reference in this paper to simulate nonuniform haze
301 cover, as in Guo et al. (2020b). Hence, the reference transmission map can be formulated as:

t(x)=1-wc(x) (10)
302  where ¢(x) is the selected cirrus band of the Landsat-8 OLI image, and the weight coefficient »
303  ranges from 0 to 1, controlling the haze contamination level. Normally, larger o indicates heavier
304  haze.
305 For haze simulation, 35 cirrus maps of Landsat-8 OLI from different cloudy regions were
306 acquired as reference transmission maps during training samples preparation. In Egs. (9) and (10),
307  the unknown parameters include the global atmospheric light A, spatial-based function y(x),
308  weight coefficient w, and the wavelength of the i-th band 4;. For global atmospheric light A, the
309 strategy of Guo et al. (2020b) was used, and y(x) was set to 1 in training. To be applicable for
310 various haze conditions, the weight coefficient @ was parameterized randomly from 0 to 1, with an
311 interval of 0.1 for each image to simulate different haze contamination. The central wavelength of
312 the Landsat-8 OLI images is used to set A, during haze simulation. Finally, the simulated haze
313 images and temporally neighboring images were fed into the proposed architecture under the
314  supervision of the corresponding reference haze-clear images.
315 Training data were prepared by cropping the simulated hazy images, temporally neighboring
316  images, and original haze-clear images with 33635 mini-patches. To ensure sufficient patches,
317  each mini-patch was cropped with a spatial size of 32>32 pixels. Using rotation and flipping for
318  data augmentation, 100905 mini-patches were eventually produced as training data. Moreover, 10%

319  of the set of training mini-patches were deployed for validation. For network training, the Adam
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optimization operator (Kingma, 2015) was applied with momentum parameters set to 0.9, 0.999,
and 10°®, respectively. The entire architecture was trained iteratively via 100 epochs with a
learning rate of 10”. The whole model was implemented in Windows 10 equipped with an
NVIDIA GTX 2080 Ti graphics processing unit. The training time was about 4 h. In addition, the

architecture was implemented in the Keras framework via TensorFlow as back-end.

Table 2. Details of the images used in the experiments

No. Regions Date Centre Position Size
RGIONL o ndghor 20190708 dapsigae 3000
LRy OlmeZEOLO RN
Region 3 Original image 2020. 04. 01 49:25:30.81::N, 4005400
Temporal neighbor 2020. 05. 19 3°38°26.67E
e OO L0 SISHN
e moms L SUMAE, ZEER UUREY woum
Cased  Regions ot b 20200509 Garaser 500
Ralhaze  Region? o B O dmonor  ravaoagr SO0
ST O STI. i L S
Ralhaze  Regiond ol O dpLodes  hsnliaE 00900
s R0 (ORI 000 OSBEN o
Real haze  Region 11 T(Srr:;)%:ailr:g;ﬁgor igig 83 ;2 48200233415994735 ’ 2000>2000

To facilitate the validation of the proposed TIIN solution for haze removal objectively, several
Landsat-8 OLI images located near 48<N and 2<E were collected for haze simulation to test the
different haze removal methods. Specifically, three groups of haze-clear Landsat-8 OLI images
with different spatial extents were contaminated based on the haze simulation model in Eq. (10).
Moreover, four real hazy images were used to examine the practicability of the proposed method.

More details of the used images are depicted in Table 2.
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Fig. 3. Results of different methods for the four regions (Region 1: 300>300 pixels, Region 2: 500>500 pixels, Region

3: 400>400, Region 4: 400>400 pixels) and the corresponding enlarged sub-regions (yellow rectangle region in the
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3.2. Experiments on simulated haze data

In this section, the feasibility of the proposed TIIN solution for different scenarios was
validated with both visual and quantitative assessment, as the reference data representing the
haze-clear images are known perfectly. Specifically, three different cases were implemented,
including various land cover scenarios with different levels of haze (Case 1), temporally
neighboring images with long-time interval (Case 2), and haze image spatially distant to the
training images (Case 3). Moreover, the proposed method was compared with four state-of-the-art
dehaze methods existing in both the computer vision and remote sensing communities, including
two learning-based methods (i.e., AOD-Net (Li et al., 2017) and RSDehazNet (Guo et al., 2020b))
and three model-based methods (i.e., the method in Cho et al. (2018), the automatic cloud removal
method (ACRM) (Xu et al., 2014)) and CR-NAPCT (Xu et al., 2019). The correlation coefficient
(CC), universal image quality index (UIQI) and root mean square error (RMSE) were employed to

quantitatively evaluate the accuracy of the different methods.

3.2.1. Case 1 (various land cover scenarios with different levels of haze)

In this case, four images covering different land cover scenarios and simulated with different
levels of haze (i.e., heavy haze for Regions 1 and 4; and moderate haze for Regions 2 and 3) were
considered. The dehaze results of the four regions are displayed in Fig. 3. The sub-regions indicate
the enlarged region of the yellow area in the original images. In Region 1, both AOD-Net and

RSDehazeNet cannot recover the heavy haze region satisfactorily, where color distortion can be
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observed clearly. The proposed TIIN method can produce a more accurate result, although the
temporally neighboring image contains apparent land cover changes (such as the decrease in
vegetation cover). The same advantage of TIIN is seen in the results of Region 2. In Region 3, even
with a 49-day temporal distance, the proposed method can still fully utilize the spatial distribution
prior of the temporally neighboring image and produce more acceptable dehaze results than
AOD-Net and RSDehazeNet. This advantage is attributed to the parallel stacking convolutional
layers and different attention modules of the proposed network. Moreover, the proposed TIIN
method can still produce visually pleasant results under large areas of snow cover in Region 4. The
same conclusion can also be drawn from Fig. 4, where the error maps are provided for clearer
visualization of the difference between the various methods. Generally, in each band, the proposed
method can produce dehaze results with less error than the other methods.

Quantitative assessment results for Case 1 are presented in Table 3. It is seen that the proposed
TIN method can generally produce the most accurate dehaze results. Specifically, the proposed
method can produce larger mean CC and UIQI and smaller mean RMSE for almost all bands of the
Landsat-8 OLI images in the four regions. For example, in Region 1, compared with AOD-Net and
RSDehazeNet, the mean CC of TIIN are 0.1698 and 0.1677 larger, respectively. Correspondingly,

the mean RMSE of TIIN is 0.0102 and 0.0201 smaller than the two methods.

3.2.2. Case 2 (temporally neighboring images with long-time interval)

In this case, to evaluate the robustness of the TIIN method in relation to the long-time interval

of temporally neighboring images, a Landsat-8 OLI image with a 112-day temporal distance was

applied in TIIN. As seen from the results for Case 2 in Fig. 5, AOD-Net cannot remove the haze
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thoroughly. Both RSDehazeNet and TIIN can produce cleaner images. As depicted in the
corresponding enlarged regions, however, RSDehazeNet fails to reconstruct the spectral
information precisely, presenting spectral distortion. On the contrary, the proposed TIIN solution
recovers the haze region more accurately, as it takes full advantage of the available temporal
information and also can take land cover changes into account. Quantitative evaluation for Case 2

is depicted in Table 3. Both mean CC and UIQI of the proposed TIIN method are larger than for

the other two methods, and the mean RMSE is also smaller.

Table 3. Quantitative assessment of different dehaze results in the simulated experiment

Methods CcC uiQl RMSE

AOD-Net 0.7159 0.6530 0.0642

Region 1 RSDehazeNet 0.7180 0.6172 0.0741

THN 0.8857 0.8133 0.0540

AOD-Net 0.9596 0.9147 0.0417

Region 2 RSDehazeNet 0.9385 0.8922 0.0381

Case 1 THN 0.9696 0.9489 0.0289
AOD-Net 0.9500 0.9164 0.0390

Region 3 RSDehazeNet 0.9280 0.8797 0.0420

THN 0.9585 0.9275 0.0310

AOD-Net 0.7908 0.5540 0.1403

Region 4 RSDehazeNet 0.8808 0.6949 0.1330

THN 0.9453 0.8449 0.1044

AOD-Net 0.8703 0.8529 0.0192

Case 2 RSDehazeNet 0.9571 0.9447 0.0119
THN 0.9740 0.9585 0.0138

AOD-Net 0.8919 0.8312 0.0458

Case 3 RSDehazeNet 0.8324 0.7840 0.0472
THN 0.9158 0.8857 0.0326

Table 4. Classification accuracy of the land cover maps derived from different dehaze results

Region 1 Region 3
OA Kappa OA Kappa
AOD-Net 0.759%4 0.5083 0.9821 0.0267
RSDehazeNet 0.8048 0.5710 0.9887 0.5425
TIIN 0.9269 0.8167 0.9970 0.9077
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404

405  3.2.3. Case 3 (haze image spatially distant to the training images)

406

407 In the aforementioned experiments, the images for prediction were spatially in the same tile

408  (path 199, and row 26, with a size of 7911>8011 pixels) as the training images (but acquired at
409  different times). In this section, a scene (path 199, row 27) spatially distant to the training images
410  was used and cropped as Region 5 to examine the proposed solution. The dehaze results of TIIN
411  and the benchmark methods are presented in Fig. 5. It is clear that AOD-Net fails to remove the
412  haze fully. Likewise, there is still haze remaining in the RSDehazeNet result. The proposed TIIN
413  method can produce a dehaze result that is visually clearer and spectrally closer to the reference.
414  The accuracy indices in Table 3 also suggest that the proposed method is more accurate. The mean
415 CCand UIQI of TIIN are generally the largest.

416
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3.3. Application examples

Reference AOD-Net RSDehazeNet TIIN Legend
- Bl Vegetation
c
S
=)
[
o El Non-vegetation
™ El Water
c
S
=)
[
d Hl Non-water

Fig. 6. Classification results based on the different haze removal methods (Region 1: 300>300 pixels, Region 3:

400>400 pixels).

To further analyze the application capability of the methods, post-processing of the dehaze
results was considered, including normalized difference vegetation index (NDVI) image and
normalized difference water index (NDWI) image. The dehaze results and corresponding
haze-clear images in Regions 1 and 3 were acquired for the experiment. NDVI was applied to
represent vegetation cover from both the original haze-clear image and the dehaze results in
Region 1. Specifically, based on Guo et al. (2020b), the NDVI images were classified with a
threshold of 0.5, such that pixels with NDVI larger than 0.5 were determined as vegetation and
vice versa. The classification results are shown in Fig. 6. The overall accuracy (OA) and Kappa
index were presented in Table 4 for quantitative assessment. It is obvious that the classification
result of the proposed method is closer to with the reference than for AOD-Net and RSDehazeNet.

Since several lakes exist in Region 3, NDWI was utilized to evaluate the spectral preservation
of the methods. Specifically, the NDWI images of different dehaze results were classified, where a

pixel was determined as the water class if its NDWI is larger than 0.1. The classification results are
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435  shown in Fig. 6. Compared with the reference image, the proposed method can produce the most
436  similar classification map to the reference.

437

438  3.4. Comparison with model-based methods

439

440
441

442
443

444 Fig. 7. Dehaze results of the model-based methods for Region 2 (true-color; Region 2: 500>500 pixels). (a) Hazy

445  image. (b) Reference. (c) Cho et al. (2018). (d) ACRM. (e) CR-NAPCT. (f) TIIN.
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448  Fig. 8. Quantitative assessment of the model-based methods for Region 2. Note that only the RGB bands were

449  considered as the Cho et al. (2018) method can only deal with these three bands.
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To comprehensively validate the advantage of the proposed solution, model-based methods
including Cho et al. (2018), ACRM (Xu et al., 2014) and CR-NAPCT (Xu et al., 2019) were
employed. Specifically, the simulated haze image in Region 2 was used for validation. It should be
noted that Cho et al.’s method was designed to handle the haze in regular images composed of only
RGB bands. Therefore, the RGB bands of the dehaze results of both ACRM, CR-NAPCT and
TIIN were extracted for visual comparison, as displayed in Fig. 7. Compared with the reference
image in Fig. 7(b), obvious haze remains in the result of Cho et al. (2018). ACRM presents
apparent color distortion. Moreover, slight color distortion exists in CR-NAPCT. On the contrary,
the proposed TIIN solution produces a more accurate result than the Cho et al.’s, ACRM and
CR-NAPCT methods.

Quantitative assessment of the dehaze results for all bands is shown in Fig. 8. Note that only
the RGB bands were considered as the Cho et al. (2018) method can only deal with these three
bands. As shown in Fig. 8, the proposed solution can produce larger CC and UIQI than the Cho et
al.’s, ACRM and CR-NAPCT methods. For example, the UIQIs of the Cho et al. results are much
smaller than ACRM, CR-NAPCT, and TIIN owing to the apparent haze remaining in Fig. 7.
Moreover, the accuracy of CR-NAPCT is also smaller (with mean CC and RMSE of 0.9571 and
0.0457, respectively) than our method (with mean CC and RMSE of 0.9696 and 0.0289,

respectively).

3.5. Effect of the haze level in hazy images

To analyze the applicability of the dehaze methods to tackle different haze levels, the weight

coefficient w in Eq. (10) was varied from 0.1 to 1 with an interval of 0.1. As w increases, the haze
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contamination is heavier. The haze-clear images in two regions of Case 1 and the corresponding

temporally neighboring images were collected for experiment.
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Fig. 9. Accuracy of different methods under various weight coefficients indicating different haze levels (larger

weights indicate heavier haze).

The three learning-based methods (i.e., AOD-Net, RSDehazeNet and TIIN) were implemented
for two regions in Case 1 and the accuracy indices of the results are displayed in Fig. 9. For all
three methods, the accuracies vary apparently under different haze levels. Specifically, the CC and
UIQI of AOD-Net and RSDehazeNet decrease with increasing haze, and the corresponding RMSE
increases noticeably, especially for Region 1. To reduce the influence of the magnitude of
reflectance, the relative RMSE (RRMSE) (Tang et al., 2020) was used. The variation in RRMSE is
aligned with the RMSE. However, the decrease in RRMSE for Region 2 is not obvious. This may
be attributed to the different spatial heterogeneity and haze contamination due to cirrus cloud in the
regions. Furthermore, the proposed TIIN solution can produce more stable results and the

advantage is greater when the haze is heavy.
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3.6. Effect of the haze level in temporally neighboring images

In the proposed TIIN method, the spatial distribution prior provided by the temporally
neighboring image plays an important role in haze removal. Generally, the temporally neighboring
images may also be contaminated by haze. Therefore, to examine the robustness and applicability
of the proposed solution, the haze contamination at different levels in the temporally neighboring
images was also considered. Likewise, the haze-clear images and the corresponding temporally
neighboring images of Regions 1 and 2 were assembled for the experiment. The results are shown
in Fig. 10, where the weight coefficient »=0 indicates the haze-clear temporal neighbor. For the
two benchmark methods (i.e., AOD-Net and RSDehazeNet), they do not need the temporal
information. Hence, their accuracies are invariant in relation to the haze level in the temporally
neighboring images, as depicted in Fig. 10. It is seen that the proposed solution can produce larger
CC and UIQI for most haze levels in the temporally neighboring image. The haze in the temporally
neighboring images decreases the accuracy of haze removal because of the decreased amount of
information in the spatial distribution prior. However, TIIN is still applicable to cases where haze

also exists in the temporally neighboring images, but it is more advantageous when the haze is not

heavy.

3.7. Effect of temporal distance
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514 Fig. 11. Accuracy of TIIN under temporally neighboring images with different acquisition times.

515

516 There are usually abundant temporally neighboring images, due to the regular revisit capability
517  of satellite sensors. However, useful spatial distribution prior may be limited due to land cover
518 changes caused by a long-time interval. In this section, the influence of temporal distance between
519 the hazy image and neighboring image was investigated. Specifically, a 300>300 pixels haze-clear

520 image nearby the images in Case 3 was simulated with haze (w=1). The haze-clear image was
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acquired on July 19, 2013. Another five haze-clear Landsat-8 OLI images, which were used as
temporal neighbors, were acquired on September 5, 2013, March 16, 2014, April 17, 2014, May 19,
2014, and April 20, 2015. The accuracies based on the use of different temporally neighboring
images are shown in Fig. 11. The accuracy of the proposed solution is greater than for AOD-Net
and RSDehazeNet for almost all cases. Moreover, the accuracy of the proposed solution fluctuates
and decreases in general as the time interval increases because of the decreased reliability of the
spatial distribution prior in the temporal neighbors. However, the proposed solution can still
produce more reliable dehaze results than AOD-Net and RSDehazeNet in the cases investigated

here.
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Fig. 12 Ablation study of temporally neighboring images (Region 1 as an example). (a) Box-plot of different haze

> & & & o>
C&* & c,&’s' L cg,ﬁ\q- S

levels. (b) Quantitative assessment for heavy haze (w=1).

3.8. Ablation study

3.8.1. Ablation of different blocks in TIIN
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Table 5. Ablation study for the three blocks (Region 1 as an example; w/o means without)

CcC ulQl RMSE

THN w/o TII 0.7594 0.6538 0.0789
THN w/o MSA 0.7608 0.6470 0.0785
THN w/o GroupConv 0.7806 0.6857 0.0726
TIIN 0.8857 0.8133 0.0540

To validate the effectiveness of the proposed TIIN architecture, several ablation studies were
performed based on the simulated hazy image in Region 1. Specifically, the TII block, MSA block
and group convolution block were considered. The results are displayed in Table 5, where the
greatest accuracy in each case is marked in bold. The results indicate that the TII block, MSA

block, and group convolution block are all effective for haze removal.

3.8.2. Ablation of temporally neighboring images

An ablation study of temporally neighboring images was carried out to validate the
practicability of the proposed solution using the simulated hazy image in Region 1. Specifically,
for comparison, a network named TIIN w/o T2, was considered. Its architecture is the same as for
the original TIIN, and the only difference is that the former was trained with an absence of
temporal neighbors. Different haze levels were employed for Region 1. The box-plot of dehazing
accuracy under different haze levels is displayed in Fig. 12(a). The results indicate that the
proposed solution is more stable for different haze levels than TIIN w/o T2. Moreover,
quantitative assessment for the case of heavy haze contamination (w=1) is presented in Fig. 12(b).
It is obvious that the proposed THN method outperforms the method without utilizing temporally

neighboring images.
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3.9. Experiments on real haze images

Two large regions (Regions 7 and 8) with real haze contamination were applied to evaluate the
applicability of the proposed dehaze method. The dehaze results for the two regions are displayed
in Fig. 13. It can be observed that AOD-Net not only produces results with remaining haze, but
also leads to apparent color distortion. Conversely, both RSDehazeNet and TIIN can alleviate the
haze contamination more satisfactorily. However, focusing on the enlarged sub-regions of the
coastal band, there remains noticeable haze in the RSDehazeNet results. Haze removal for Region
8 is more challenging. This is because this region is dominated by buildings with much more
sophisticated spatial heterogeneity. Despite this, the proposed solution can still produce visually
more pleasant results by taking the temporal information into account to deal with the spatial
heterogeneity. Fig. 14 shows the dehaze results of the RGB bands of Cho et al. (2018), ACRM (Xu
et al., 2014) and CR-NAPCT (Xu et al., 2019). Compared with the three benchmark methods, the
proposed solution can simultaneously preserve the color and remove the hazy more satisfactorily.

To fully evaluate the applicability of the proposed TIIN method on regions spatially far from
the training region, a water region (Region 9) located at Shanghai, China with real haze was
considered. The haze removal results of different methods are shown in Fig. 15. Apparently, the

proposed TIIN method can remove the haze more satisfactorily than the other methods.
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Fig. 13. Results of real haze images in Regions 7 (800>800 pixels) and 8 (1000=<1000 pixels) (pseudo-color: NIR, red

and green as RGB; Sub-regions 1 and 2 are the yellow and blue rectangle regions in the coastal band).
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Fig. 14. Results of the model-based methods for the real haze images in Regions 7 (800>800 pixels; line 1) and 8

@  ® (@

(i2) (i2)

(10001000 pixels; line 2) (true-color). (a) Real haze image. (b) Cho et al. (2018). (c) ACRM. (d) CR-NAPCT. (e)

TIHIN. (f)-(j) are the corresponding zoom regions of the red box marked in (a).
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Two larger regions (i.e., Regions 10 and 11) with a spatial size of 2000>2000 Landsat-8 OLI
pixels were also used to examine the proposed solution. The results for the entire area are
displayed in Fig. 16. It is seen clearly that the proposed TIIN can remove the haze satisfactorily for

the two larger regions.

© | (@
Fig. 16. Haze removal results for two larger regions (2000>2000 pixels). (a) Hazy image of Region 10. (b) TIIN

prediction of Region 10. (c) Hazy image of Region 11. (d) TIIN prediction of Region 11.

4. Discussion

4.1. Rationale for utilizing temporal neighbors
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Temporally neighboring images provided by the regular revisit of satellite sensors contain
sufficient useful information, which can provide a spatial distribution prior to guide haze removal.
It is noticed that the spatial distribution prior in the temporal neighbors is usually not the same as
for the target hazy images due to land cover changes. However, the proportion of land cover
changes is generally small, as most changes (e.g., in terms of hue of images) are driven by
vegetation phenology and the condition of data acquisition. Thus, the spatial distribution in the
temporal neighbors is undoubtedly a useful to guide for the haze removal process, reducing the
uncertainty in this ill-posed problem.

In this research, we developed a TIIN architecture to incorporate temporal information for
haze removal. In previous deep learning-based dehazing methods, the networks are trained to learn
the relationship between the hazy images and haze-clear images directly. This would burden the
training process since haze removal is an ill-posed issue. By incorporating temporally neighboring
images, this burden can be alleviated in our method, as the temporal neighbors can provide
auxiliary features for the input of the network. That is, the network is trained to learn the
relationship between both hazy images and temporal neighbors with the prior. The use of the

auxiliary variable (temporal neighbors) can, thus, reduce the uncertainty in the fitting process.

4.2. Applicability of the proposed TIIN method

In this research, for validation of the generalization ability of the proposed TIIN solution,
several Landsat-8 OLI images with different land cover types or haze conditions were acquired in
the experiments. It should be noted, however, that haze contamination exists widely in remote

sensing images acquired by different optical sensors (such as MODIS, Sentinel-3 and -2 (Wang
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and Atkinson, 2018), Geofen series, etc.), and even in aerial images. For traditional haze removal
methods, specific assumptions are made and parameters need to be determined manually for
images acquired by different sensors, which is laborious and difficult to be generalized in various
applications. This is not the case for TIIN, as the end-to-end learning strategy bypasses the
complicated physical model of haze contamination, and can remove haze directly through
parameter fitting in the network. As a result, TIIN is theoretically applicable for haze removal of
images from different sensors, where the process is similar to that for the Landsat images
investigated in this paper. The key requirement for TIIN is the need for temporally neighboring

images, which may not be as straightforward to produce for aerial images.

4.3. Uncertainty in training data

The quality of training data is crucial to the reliability of neural network. In reality, however, it
is impractical to collect hazy and haze-clear image pairs acquired at the same time for training. A
practical strategy is to simulate haze contamination to create training data, as in this paper.
However, the simulated haze is similar to but not equivalent to real haze. That is, real haze cannot
be perfectly characterized by a simple mathematical model in most cases. In future research, it is
necessary to develop a more comprehensive haze contamination strategy for greater
approximation of real haze and, furthermore, to reduce the uncertainty introduced by training data.

With respect to the spatial content in the training data, it is critical to use images with an
appropriate land cover distribution for training. That is, the spatial texture in the training images
should be comprehensive to cover sufficient cases to deal with the haze images in the prediction

stage of the network. The more representative the training images, the more generalized will be the
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network. It would be interesting to develop effective metrics (e.g., the similarity in semivariogram
of longer wavelength bands between hazy images and training images) to identify useful training

data from time-series data at the global scale.

4.4. Other choices of temporally neighboring images

In this research, temporally neighboring Landsat-8 OLI images were used, as the hazy images
were also acquired by the same OLI sensor. It would be interesting to examine whether other
choices of temporally neighboring images (e.g., images acquired by sensors that are different from
those of the hazy images) are suitable for TIIN. This can be an important consideration when there
are no effective temporal neighbors of the same sensors, due to cloud contamination in them. That
is, the effective images of the same sensor may be temporally very far from the haze image and
large land cover changes exist. On the other hand, many current satellite sensors provide
temporally dense data including multispectral images (Gaofen series, Sentinel-2, etc.) and
hyperspectral images (Gaofen-5, Zhuhai-1, etc.). These multi-source data can be temporally much
closer to the haze image, even if they are acquired by different sensors. It is worthwhile to develop
solutions to fill the gaps introduced by different platforms, and to take full advantage of these data

and distill useful temporal information for TIIN.

4.5. Potential general solution for using temporal information in haze removal

Temporal neighbors can assist the proposed TIIN solution to produce much more reliable

dehaze results than the four benchmark methods in the experiments. This demonstrated that the
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spatial distribution prior in temporally neighboring images is beneficial for the ill-posed problem
of haze removal. In this research, a TIl model was designed to extract this prior. It should be
stressed, however, that the solution to incorporate temporal information is not limited to the
specific CNN model proposed in this paper, but many other models might be potentially developed
to enhance haze removal, such as, traditional physical models (atmospheric scattering model, etc.),
and probabilistic models (maximum a posteriori probability, etc.). Thus, this paper provides an
important guidance for considering temporal information in haze removal. In future research, it
would be of great interest to develop the corresponding extended models and, furthermore,
conduct a systematic comparison between them and identify the most advantageous type of

methods for haze removal.

5. Conclusion

Haze contamination exists ubiquitously in remote sensing images. To remove the haze, we
proposed to incorporate temporal information in this study. Following this general idea, the TIIN
method was developed with parallel stacking layers and different attention modules to take full
advantage of temporally neighboring images. As a result, the TIIN method can remove haze when
the temporal neighbors contain inherent haze or land cover changes due to a long-time interval. To
validate the proposed method, experiments on several groups of Landsat-8 OLI haze images were
performed. The core conclusions are as follows.

1) Experiments on both simulated and real hazy images with various land cover types

indicated that temporal information is beneficial to handle the ill-posed issue of haze
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removal. The proposed TIIN method was found to be more accurate than two
learning-based methods (i.e., AOD-Net and RSDehazeNet) and three model-based methods
(i.e., the method in Cho et al. (2018), ACRM and CR-NAPCT).

2) TIIN was consistently more accurate than the benchmark methods under various haze
levels, and the advantage was more obvious for heavy haze. Moreover, the TIIN-based
dehaze results were also advantageous for further applications such as feature extraction.

3) The temporally neighboring images were still useful when they were also contaminated by
haze. However, the haze in the temporal neighbors cannot be too heavy.

4) TIIN was still advantageous even when land cover changes exist between the hazy image
and the temporal neighbor due to a long-time interval.

The code of the proposed TIIN method will be publicly available at

https://qunmingwang.github.io.
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