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1 | INTRODUCTION
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Abstract

Terahertz imaging technology has great potential applications in areas, such as remote
sensing, navigation, security checks, and so on. However, terahertz images usually have
the problems of heavy noises and low resolution. Previous terahertz image denoising
methods are mainly based on traditional image processing methods, which have limited
denoising effects on the terahertz noise. Existing deep learning-based image denoising
methods are mostly used in natural images and easily cause a large amount of detail loss
when denoising terahertz images. Here, a tesidual-learning-based multiscale hybrid-
convolution residual network (MHRNet) is proposed for terahertz image denoising,
which can remove noises while preserving detail features in terahertz images. Specifically,
a multiscale hybrid-convolution residual block (MHRB) is designed to extract rich detail
features and local prediction residual noise from terahertz images. Specifically, MHRB is a
residual structure composed of a multiscale dilated convolution block, a bottleneck layer,
and a multiscale convolution block. MHRNet uses the MHRB and global residual
learning to achieve terahertz image denoising. Ablation studies are performed to validate
the effectiveness of MHRB. A series of experiments are conducted on the public ter-
ahertz image datasets. The experimental results demonstrate that MHRNet has an
excellent denoising effect on synthetic and real noisy terahertz images. Compared with
existing methods, MHRNet achieves comprehensive competitive results.
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interference, low signal-to-noise ratio and contrast, and image
blur [10, 11]. These problems have a significant impact on the

Terahertz (THz) imaging technology uses a THz radiation
source to irradiate an object and captute the transmitted or
reflected rays from the object for imaging [1]. Due to the
frequency and wavelength characteristics of the THz radiation,
combined with the advantages of being harmless to the human
body [2], THz imaging technology has been widely used in
biomedicine [3] and security fields [4], such as the detection of
flammables and explosives, drugs, prohibited guns, and other
dangerous goods [5-7]. However, due to factors such as the
hardware of the THz imaging system and external environ-
mental interference, the quality of THz images is poor [8, 9],
and many problems exist in THz images, such as serious noise

accuracy of security detection and have become the main
obstacle to the application of THz imaging technology.
Therefore, the THz image denoising is of great significance
and has received extensive attention in recent years [12-14].
Generally, the image denoising methods can be divided
into two categories, the traditional and deep learning denoising
methods. Traditional image-denoising methods mainly remove
image noises directly in the spatial and transform domains. For
instance, in the spatial domain, Buades et al. [15] proposed the
Non-Local Means method to replace the noise area with a
similar area in the image to achieve a good denoising effect. In
the transform domain, the Wavelet Transform (WT) method
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[16] homogenises the noise signal in the frequency domain and
converts it to the spatial domain to realise image denoising.
Better than [15, 16], the Block-Matching and 3D filtering
(BM3D) method [17] combines the spatial and transform
domains to achieve denoising, The above methods usually have
many problems, such as the high model complexity, poor
denoising effect for complex noises, and long image processing
time.

Recently, deep learning has been widely used in the
image-denoising area due to its powerful ability to learn and
fit noise distributions. For example, Zhang et al. [18] pro-
posed a denoising convolutional neural network (CNN)
(DnCNN) to eliminate image noises by using residual
learning. Subsequently, Zhang et al. improved DnCNN and
proposed FFDNet [19], which denoises different levels of
noise by adding an adjustable noise level map. Gurrola-
Ramos et al. [20] developed a residual dense neural
network (RDUNet) to predict residual noises using local and
global residual learning. Fan et al. [21] presented a blind real
image denoising network (SRMNet) by improving M-Net
and using a selective residual block for denoising. Zhang
et al. [22] designed a deep neural network (DRNet) with
DC-ResBlock to extract richer details by introducing dilated
convolutions in standard residual blocks. Tian et al. [23]
proposed an attention-guided CNN (ADNet) for processing
blind noise images. Huang et al. [24] developed the Neigh-
bour2Neighbour method to generate training image pairs by
using a random neighbour sub-sampler, which can realise
self-supervised denoising. Lequyer et al. [25] developed a
Noise2fast method, which uses a small dataset to train a
network for the large image denoising. With the develop-
ment of deep learning, transformer-based models have
shown great application potential in zero-shot learning [26],
image super-resolution [27] and multivariate time series
analysis [28]. However, for THz image denoising, due to the
lack of high-quality image data and the difficulty of
extracting noise features in THz images, it is difficult to
apply these technologies to achieve THz image denoising,
Currently, deep learning-based image-denoising methods are
mostly used in the field of visible light image denoising.
Natural images benefit from the advancement of imaging
equipment, and the noise in the image is fine-grained.
Different from natural images, the noise in THz images has
the characteristics of high complexity and high noise in-
tensity. Moreover, the real THz noise is often irregularly
distributed in the target and its edge area. The biggest
challenge of THz denoising is to remove the noise from the
target and its edges while retaining the original details.
Existing methods usually cannot distinguish detailed features
from terahertz noise well, and noise reduction often results
in a large loss of detailed features. Therefore, developing a
model that can remove real THz noise and retain detailed
features as much as possible is essential for the applications
of THz imaging technology.

To solve the problem of removing noises while preset-
ving target detail features, we propose a multiscale hybrid-
convolution residual network (MHRNet) with residual

learning for THz image denoising. The multiscale hybrid
convolution and residual learning are applied to reuse feature
maps and perform local and global residual learning. Specif-
ically, we design a multiscale hybrid-convolution residual
block (MHRB) to achieve the extraction of detail features and
local prediction residual noises from THz images. In MHRB,
we construct a multiscale dilated convolutional block
(MDCB) to increase the relative overall receptive field. As the
dilated convolution usually causes the continuous loss of
feature information due to the discontinuity of the convolu-
tion kernel, we develop a multiscale convolution block (MCB)
to retain more image details. Many experiments are imple-
mented to verify the denoising performance of MHRNet on
THz images.

Although there have been some works using U-Net, re-
sidual learning, and dilated convolution for image denoising
[29-31], MHRNet has lots of advantages compared to them.
Firstly, in ref. [29], Wang et al. proposed incorporating dilated
convolutions with different dilation rates into a multi-branch
module. The network structure is formed by stacking multi-
ple branches of dilated convolution modules. Compared to ref.
[29], the proposed MHRNet also employs a multi-branch
sttucture. However, unlike [29], where the dilated convolu-
tion kernel sizes are the same across different branches with
distinct dilation rates, we utilise different dilated convolution
kernel sizes combined with the same dilation rates (MDCB).
Additionally, we integrate an MCB to form a residual structure,
addressing the issue of discontinuous feature information
caused by the non-uniformity of dilated convolution kernels.
Secondly, in ref. [30], Wang et al. introduced a simple dilated
convolution module for residual learning of noise. The dilated
convolution module consists of a single dilated convolution
with a dilation rate of 2, along with the Batch Normalisation
(BN) layer and Rectified Linear Unit (ReLU). The network
architecture is constructed by stacking these dilated convolu-
tion modules to create a single-branch model. Compared to
ref. [30], we similarly use dilated convolution for residual
learning of noise. However, the proposed MHRNet is struc-
tured as a U-shaped network with MHRB to enhance the
representative capacity of the model. Thirdly, in ref. [31], Liu
et al. presented a hybrid dilated convolution residual module
and multi-scale convolution. The hybrid dilated convolution
involves combining three 3 X 3 dilated convolutions with
different dilation rates to form a residual structure. The multi-
scale convolution module is applied only in the first layer of the
model, and its netwotk architecture is similar to that of
DnCNN. Compared to ref. [31], the proposed MHRNet also
incorporates dilated convolutions with residual structure.
However, in contrast to ref. [31], MHRNet integrates MDCB
and MCB in the residual structure. The MHRNet architecture
follows a U-shaped structure, facilitating a better fusion of
shallow and deep features.

The main contributions of this paper are described as
follows.

1) We propose a MHRNet for THz image denoising based on
residual learning. MHRNet is a U-shaped structure that
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combines multiscale hybrid-convolution and residual
structure. Compared with the existing denoising methods,
MHRNet can remove more complex noises and retain
more detailed features through global and local residual
learning in the condition of low model complexity and
small samples. MHRNet is helpful for applying THz im-
aging technology in the area of detecting hidden dangerous
goods.

2) We propose a MHRB, which is a crucial part of the
MHRNet. MHRB combines multi-scale dilation convolu-
tion, multi-scale convolution and residual structure to
integrate the advantages of each module. The MHRB helps
to learn richer detail features to improve the quality of the
final image denoising results.

3) We design an MDCB, which is a multi-branch structure. In
MDCB, the same expansion rate and different convolution
kernel sizes are used in combination to increase the receptive
field during the image segmentation process, thereby
improving the noise segmenting ability of MHRNet.

4) We develop an MCB, which is also a multi-scale structure.
We use multi-scale convolution in MCB to extract more
feature to make up for the discontinuity of the feature in-
formation caused by the dilated convolution. Moreover,
MCB can improve the detail feature extraction ability of
MHRNet.

2 | RELATED WORK

2.1 | Terahertz image denoising

In the past decades, many denoising schemes have been
proposed for THz images [32-34]. Zhu et al. [35] introduced
a passive THz image denoising algorithm, which applies the
threshold concept to the mean filtering algorithm to remove
noises in THz images. Zhang et al. [36] developed a THz
image inpainting method that uses wavelet denoising tech-
nology to process THz time-frequency signals and restores
image details through the point spread function. Ning et al.
[37] proposed a THz image enhancement method. This
method combines classical deconvolution and complex-valued
data processing to restore THz images. Xin et al. [38] pre-
sented a method based on adaptive template matching
filtering. This method can eliminate the background noise of
the image and preserve the image details of the subject.
Recently, some scholars have tried to reduce noise in THz
images using deep learning. For instance, Guo et al. [39]
proposed a deep reinforcement learning-based pixel-wise
cross-modal approach to handle noise in THz images. Li
et al. [40] applied deep learning to the THz imaging area and
proposed a symmetric deep CNN to eliminate noises in the
THz images. The above-mentioned methods based on tradi-
tional image processing often have poor results when the real
THz noise distribution is more complex. Although recent
deep learning-based methods can better handle THz noise,
the detailed feature loss problem still exists.

2.2 | U-shaped structure

The U-shaped structure can plays an important role in the
field of image processing. It essentially reduces the compu-
tational complexity of the algorithm and can effectively use
memory to deepen the number of neural network layers.
The U-shaped structure is usually an encoder-decoder
structure. The encoder part first reduces the feature map
size, and then the decoder part restores the feature map size
in the decoder part. In addition, the model fuses shallow
and deep features through feature splicing, which enables the
U-shaped structure to can reduce feature loss while adding
more learnable parameters. Many U-shaped structure-based
networks have been reported over the past few years.
Ronneberger et al. [41] combined the U-shaped structure
with the CNN and proposed the U-Net model. Liu et al
[42] developed a multi-level wavelet CNN (MWCNN) model
based on U-shaped, which introduced the WT and con-
volutional layers in the U-shaped structure to better balance
the receptive field size and computational efficiency. Park
et al. [43] designed the U-shaped-based model (DHDN),
which replaced the simple convolution in U-Net with a
convolutional block composed of dense connectivity and
residual learning,

2.3 | Residual structure

The residual structure in deep neural networks can avoid
network degradation and gradient explosion caused by deep
networks. As a deeper model means that more features can be
extracted more features, so the residual structure can stimulate
more potential of the model. He et al. [44] proposed a residual
learning network (ResNet) framework, which introduces re-
sidual connections to achieve identity mapping, ensuring that
the network is deepened and higher accuracy is obtained.
Zhang et al. [22] presented a residual structure-based network
(DRNet). The core of DRNet is a residual structure (DC-
ResBlock) composed of common and dilated convolutions,
which achieve a better denoising effect.

3 | METHOD

3.1 | Terahertz image noise model
Generally, the mathematical model of a THz image with noises
can be defined as follows:

Y=X+G, (1)

where Y, X and G, are the noise image, clear image, and noise
signal with a standard deviation of o, respectively.

The problem of recovering a clear THz image X from a
noisy THz image Y through supervised learning can be
described as follows:
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X = A(Y,0) 2)

where X, A(-) and ® denote the predicted THz image, implicit
function of the neural network model, and model parameters,
respectively.

Since the detail features in the noisy THz images are very
difficult to predict, it is reasonable to estimate the noise signal
in the noisy images, which is relatively easy to predict [20].
Then, the noise signal is subtracted from the original image to
obtain a clear image. So, the THz denoising model can be
defined as follows:

X =A(Y,0) =Y - I(Y,0) (3)

where I'() is the parameter map of the noise signal, I'
Y, 0) = G,.

3.2 | Network structure design

Inspired by U-Net and ResNet, we design a MHRNet that is
used to remove noises from the THz images. Figure 1 shows
the architecture of MHRNet. The input of the network is a
noisy THz image, and the noise map is predicted through the
feature extraction module, multi-scale hierarchical cascade
structure (MHCS) and feature fusion module. The output clean
THz image is obtained by subtracting the predicted noise map
from the input THz image.

Given a noisy input THz image I € R7*W*€ where H, W
and C are respectively the height, width and channel of the
input image, we first perform the feature extraction by using a
3 X 3 convolution (Conv), and this process is expressed as
follows:

E; = R(BN(Convsx;(1))) (4)

where E; € RV is the output feature map, f = 32 is the
input feature map numbet. Convsys(-), BN(-) and R(-)
represent a Conv operation with a kernel size of 3, Batch
Normalisation (BN) and Rectified Linear Unit (ReLU),
respectively.

Then, the feature map E; is fed into the MHCS. The
backbone of MHCS has four scales, including three transition-
down/up layers, three down/up sampling layers and a middle
transition layer. The shortcut layer is used to connect the
transition-down layer and transition-up layer of each scale. Two
MHRB modules are combined to form the transition layer in
four scales, and the final output of each scale can be expressed
as follows:

L; = &unre(Sunra(Er)) (5)

where Eyprp(*) is a function representing the MHRB, E;and L,
are the input and output feature maps of each scale, respec-
tively. Here, Ly € R*Y*N [ € {1234} and N=2"" x f
are the /th scale and the feature map numbers, respectively.
Note that the input and output feature map numbers of each
scale are the same.

After the transition-down layer outputs the feature map
L, we adopt a Conv (kernel size 2 and stride 2) to reduce the
feature map size by half for downsampling. The down-
sampling output feature map Dp process is expressed as
follows:

El+1 = Dk = R(COﬂ’szz?szz(Lz)) (6)

where Conv,y, —5(-) denotes the Conv operation with a kernel
size of 2 and a stride of 2, followed by ReL.U. k is the kth
sampling operation between two scales, £ =/, [ € {1,2,3}. The
feature map Dy is used as the input feature map for the smaller
scale.

In the upward transition, we use the transposed Conv to
upsample the feature map L; that is output by the transition-up

i |

128 128 256
64 64 128

3232 64

256 256

MHCS

v

I .

128 64 64

256 128 128

64 3232 16

Conv 2x2, Stride 2, ReLU [ MHRB

- Concatenate followed by Conv and ReLU

FIGURE 1 Sketch map of MHRNet for THz image denoising.

Transposed Conv, ReLU

@ Element-wise Sub

Conv 3x3 followed by BN and ReLU [ Conv 1x1

85U8017 SUOWWIOD BAFe81D) 8|l |dde 8y Aq peusenob aJe saolie YO ‘8sn JO S9N 1o} Akeiq i 8UlUO AW UO (SUO I IPUOO-pUe-SWLBILI0D" &3] 1M AReiq | Bul|uo//:SdHU) SUORIPUOD pUe SLWLB | 38U} 885 *[9202/T0/82] U0 ARiq)T8uljuO AB|IM ‘08EZT ZHO/6Y0T OT/I0p/L0d™A8 | AReIq1pUTJUO"Uoeesa.1B I//StNY WO} papeo|umoq ‘T ‘S0z ‘Z2E289re



WU ET AL.

| 239

layer. The upsampling and feature map Uy outputting process
is presented as follows:

E1_1 = U/e = R(TCO”‘UZXZA,SZZ(LZ)) (7)

whete TConv,y-5(-) tepresents the transposed Conv, fol-
lowed by ReLU. Here k =/ — 1, [ € {2,3,4}. The feature map
Uy is used as the input feature map for the larger scale.

To reduce the loss of detail features, the numbers of feature
maps Dy and Uy, are respectively increased and decreased,

Np, = 2N,

: (8)
NU/e = ENLZJA

where N, and Np, are respectively the output feature map
numbers of the /th scale and downsampling, N, ., and Ny,
are respectively the output feature map numbers of the (/ +
1)-th scale and corresponding upsampling. Here [ = £k, k
€ {1,2,3}.

After fusing the shallow features with the deep features
through the Concat operation, we employ a Conv (kernel size
3) to halve the number of feature maps and obtain the feature
map Z;. This process can be written by the following:

Z; = BN(Convsy;(Concat(Uy,Ly))), [ =k (9)

whete Concat(Upg,L)) denotes the splicing of featute maps Uy,
and L;. Here, the Conv is followed by BN.

Therefore, given a feature map Eq, the MHCS can output a
feature map T. The above process is expressed by the

where yupcs(t) represents the implicit function of the
MHCS.

Finally, the feature map T is sent to the output feature
module, and 2 3 X 3 Conv is used for the feature fusion.
Then, a 1 X 1 Conv is used to reduce the feature map
numbers. This Conv outputs the residual noise through the
global residual learning. After subtracting the residual noise
from the input THz image I, the denoised THz image
0 € R™*WXC is obtained. This process is expressed as
follows:

O =] — Conv 1 (R(BN(Convsy3(T)))) (11)

3.3 |
block

multiscale hybrid-convolution residual

The architecture of MHRB is shown in Figure 2, which is a
residual structure and mainly consists of the MDCB, Conv
layer and MCB. In the MDCB, the multi-scale dilated structure
is realised by two dilated convolutions with different kernel
sizes and the same dilation rate in the two branches. Similarly,
in the MCB, two convolutions with different kernel sizes and
padding in the two branches form a multi-scale convolution
structure.

For a feature map E; that inputs to the MHRB, we first
halve its channel numbers through a 3 x 3 Conv to get the
feature map Hj. Then the local receptive field is enlarged, and
the feature map Hypp is generated by MDCB. There are two
branches in MDCB, which use 3 X 3 and 5 X 5 dilated con-
volutions (Convs) to generate feature maps H, and Hj,
respectively.

The expansion rate of the dilated Conv is 2, followed by

following: BN and ReLU. At the end, the concatenation (Concat) and 3 X
3 Conv are used to fuse the feature maps. This process can be
T = wuyncs(E1) = Sunrs(Enrra(Z1)) (10)  expressed as follows:
| 5x5, p=4, d=2 MDCB | 5x5, p= MCB
|
| I |
[ ey | |
— —> —:» —> —>
| |
| 333, p-1| - | 33, p
33, p=1 | | Lp=0 3x3, p=1
| 332,42 | | 7p3
________________ | -
Convolution Batch Normalization Concatenation

:l: Dilated Conv

B reLU

@ Element-wise Sum

FIGURE 2 The structure of multiscale hybrid-convolution residual block (MHRB). Here, p and d are the padding size and dilation rate, respectively.
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H; = R(BN(Conv;x3(E;))) Algorithm 1. Training process
H, = R(BN(Convsy; 4-o(Hi))) (12) Input: Clean-noisy THz image pairs.
H; = R(BN(Convsys 4-»(Hy))) Output: Recovery image.
Hypp = Convs,s(Concat(Hy, Hs)) 1 Initialise 6 from MHRNet.
2 for n in range maximum epoch do.
3 while b < the number of batch number do.
Then, the channel numbers of Hyypp is halved by using a 4 Select k noisy images {Ilr, TN I]l(r};
Conv to obtain the feature map H,. To solve the lack of 5 Select k ground truth {Ihr7 . ',Ijﬁr};
feature information caused by the discontinuous kernel of the N 5
expansion Conv, we use the MCB to further extract the feature 6 ne) = % > [Iﬁr - A(Iir)] ;
. . n=1
Hjcp from the THz image. The two branches in the MCB 7 Update paraments by Adam Optimiser;
module use 5 X 5 and 7 X 7 Convs to generate the feature 8 ends
maps Hs and Hg, followed by BN and RelLU. Concat and 3 X 9 ends

3 Conv are used for feature fusion at the end. Through the
combination of MDCB and MCB, richer details can be
extracted from the image. This process can be expressed as
follows:

H, = BN(Convx1(Hyps))

H; = R(BN(Conwvsys(H,)))

H; = R(BN(Conv;,-(H,)))
Hycg = Convsy;(Concat(Hs, Hg))

(13)

Finally, after adding the feature map E; and the feature map
Hycp, a Conv with a kernel size of 3 and BN is used to perform
the feature fusion and output the feature map H. The function
Eunrp(*) of the MHRB module can be expressed as follows:

H = &yprp(Er) = BN(Convsys(Hucs ® Ef))  (14)

where @ represents the element-wise addition operation.

3.4 | Loss function and training process

The L2 (MSE) loss function is often used to evaluate the
difference between the true value, and the model predicted
value. Thus, we adopt the 1.2 loss function to optimise the
model parameters of MHRNet. During the training, given a set

of clean-noisy THz image.pairs {IZT, 177}]::1, the loss function

of MHRNet is defined as:

1 N
Ibr Ilr (1 5)

n:l
where I, I, N, A(") and ® denote the high-definition THz
image, noisy THz image, number of training data sets, implicit
function of the network model, and parameters of the model,
respectively. The training of the network model is to find pa-
rameters ® that make I, closer to Ip,.

The training process is described in Algorithm 1.

4 | EXPERIMENT ON SYNTHETIC
NOISES

4.1 | Experimental dataset

The THz image dataset used in this study is from the Huaxun
Ark Group, which includes 144 real noisy THz images along
with the corresponding manually pre-denoised images. Col-
lecting high-quality THz images is currently challenging, and
manual denoising is time-consuming and has limited effec-
tiveness. However, self-supervised denoising algorithms can
learn denoising network models from noisy images. Thus, we
implement the self-supervised Blind2Unblind [45] algorithm
and use the manually pre-denoised images from the Huaxun
Ark Group as the training dataset, producing 144 further
denoised THz images that are used as ground truth. Note that
we do not employ Blind2Unblind to denoise real THz noise
directly. Instead, we optimise THz images using Blind2Unblind
based on the manually pre-denoised images. The optimised
images are served as pseudo-labels for the proposed model.
Additionally, we conduct experiments with Blind2Unblind to
denoise real THz image noise. As shown in Figure 3a and b are
a real noisy THz image and a manually pre-denoised image,
while (c) and (d) show the denoising results of Blind2Unblind
on (b) and (a), respectively. We utilise the no-reference-image
quality evaluation indicators NIQE [46] to quantify the im-
age quality. Lower NIQE values indicate better image quality.
The result in Figure 3c reflects that using the Blind2Unblind
can further reduce noise in Figure 3b, improving the image
quality. The result in Figure 3d indicates that directly denoising
real noisy THz images using Blind2Unblind has limited
effectiveness. The experimental results confirm the limitations
of Blind2Unblind in denoising real THz image noise. Since
manually denoising THz images is inconvenient and time-
consuming, and Blind2Unblind cannot directly denoise real
THz noise, thus we develop a model that can remove real THz
noise.
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(b) Pre-denoise

(a) Real noisy

(c) NIQE=8.85 (d) NIQE=10.37

FIGURE 3 Denoising results on different input images using Blind2Unblind.

4.2 | Experimental setting for training

The 144 denoised and real noisy THz images (240 x 480
pixels) are used as the basic training dataset. To improve the
training effect, we crop 27 patches of size 128 X 128 with
stride 40 for each training image from the 144 denoised images,
and 3888 ground truths [, are generated. When specific prior
information about the noise soutrce is not available, adding
Gaussian noise is an alternative strategy to simulate the noise
distribution. Gaussian noise is a common noise source for
electromagnetic electronic devices in the real world. We find
that the Gaussian noise added and converted to grayscale
images closely resembles real noise. As real THz image noise is
often distributed only around the human body and its edges,
adding noise to the entire image can increase the noise learning
samples of the model. Additionally, adding Gaussian noise can
improve the robustness and generalisation of the model. Thus,
we add Gaussian noise (standard deviations o = [10,15,25]) to
the real noisy THz images to generate the noise images
I;‘,IZZ,IZ‘. Finally, 3888 ground truths I, combined with

3888 noise images Ij',I7>,I7° are respectively used to
construct the three training sets {IZy, I;’r}i\]:%%, 7 =123 and
n = 12,...,N. Note that we train the models separately with
different training sets o;.

During the training, the epoch and batch size are set as 100
and 64, respectively. The initial learning rate is set as 2e-3 and
adjusted to 2e-4 at 50 epochs and 2e-5 at 80 epochs until the
end of training. The ADAM optimiser is used to optimise the
network model, and the parameters of the optimiser are
betas = [0.9,0.999], eps = 10~%, MHRNet is implemented by
the Pytorch framework, and all experiments are conducted on
the NVIDIA GTX 3070 GPU.

4.3 | Comparisons with the state-of-the-art
methods

During the experiments, we select 50 clear THz images from
[45] as the ground truth of testset (Set50). The Gaussian noises
with standard deviations ¢ = 10, 15 and 25, are respectively
added to the real noise images to generate the noisy images.
To evaluate the performance of MHRNet, nine previously
reported state-of-the-art denoising methods are utilised for
comparison, including RDUNet [20], SRMNet [21], DRNet
[22], ADNet [23], Neighbour2Neighbour [24], Noise2Fast
[25], DRANet [47], KBNet [48] and LGBPN [49]. We trained
these models from scratch using the same original experi-
mental setup as the authors. Peak signal-to-noise ratio (PSNR)
[50, 51] and structural similarity (SSIM) [51, 52] are used as
indicators to evaluate the quality of the denoised images.
Table 1 presents the quantitative comparison results be-
tween MHRNet (Ours) and the other six methods on Set50. As
exhibited in Table 1, when the noise intensity (deviation) in-
creases, the denoising performance of the seven methods is
reduced. Additionally, among the seven methods, SRMNet
performs the second best on the PSNR and SSIM values. The
evaluation metrics of ADNet, RDUNet, Neighbour2Neigh-
bour, Noise2Fast, and DRNet are good when the Gaussian
noise standard deviation is 10, but it drops dramatically with
increasing noise intensity. The reason may be that these
methods cannot identify and segment noises from THz images
well, resulting in low denoising performance when the noise
intensity is high. The evaluation metrics of MHRNet on
Gaussian noises (standard deviations of 10, 15, and 25) are
much better than the other six methods. Note that the amount
of the training data, parameters, and FLOPs of MHRNet are
3888, 9.97 M, and 84.8 G, respectively. The experimental
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results confirm that MHRNet can still achieve good denoising
in the case of small samples and low model complexity.
Especially when the standard deviation is 25, MHRNet can still
maintain good denoising performance.

Figures 4-9 show the denoising effects of different
methods on the Gaussian noise images with the noise standard
25. For better visual
comparison, some specific regions of sample images are
zoomed in, and PSNR values are used for qualitative analysis.
The red boxes in the enlarged areas of Figures 4-9 show the

deviations ¢ = 10, 6 = 15 and ¢ =

differences in denoising details between MHRNet and various
comparison algorithms. As shown in Figures 4 and 5, when the
Gaussian noise standard deviation is 10, ADNet can eliminate

the image noises to a certain extent, but the processed image
becomes blurred. Noise2Fast can restore detailed features, but
it also preserves some noises. However, many noises still exist
in the images of Neighbour2Neighbour and RDUNet, and the
denoising effect looks poor. On the contrary, DRNet and
SRMNet remove most of the noises and retain more edge
features in the denoised images. However, as shown in
Figure 5, when reconstructing the texture features on the
clothing surface in the back of the human body, only MHRNet
can fully restore them, and the other six methods have varying
degrees of omission.

When the Gaussian noise standard deviation is 15, the
denoised images of ADNet, Neighbour2Neighbour, RDUNet,

TABLE 1 Average PSNR (dB)/SSIM results of different methods on Gaussian noisy images.

c=10 o=15 =2 Parameters FLOPs
Methods PSNR SSIM PSNR SSIM PSNR SSIM ™M) (G) Input size
ADNet 36.227 0.968 34.802 0.951 33.071 0.935 0.52 60.03 240 x 480
Neighbor2Neighbor 37.107 0.963 34.562 0.949 31.975 0.925 1.26 40.68 256 x 480
RDUNet 37.236 0.965 34.844 0.942 30.459 0.796 166.37 1419.08 240 x 480
Noise2Fast 37.485 0.958 35.702 0.944 33.226 0.914 0.26 29.80 240 x 480
DRNet 39.296 0.980 36.689 0.967 33,928 0.935 2.22 255.38 240 x 480
LGBPN 31.282 0.911 29.054 0.886 29.227 0.869 6.20 - 240 x 480
SRMNet 41.600 0.989 40.885 0.986 39.642 0.981 37.58 500.32 240 x 480
KBNet - - 40.298 0.978 37.347 0.963 118.49 120.79 240 x 480
DRANet 42.547 0.987 40.063 0.978 37.118 0.959 1.62 1041.20 240 x 480
Ours 47.952 0.996 46.078 0.994 43.158 0.990 9.97 84.82 240 x 480

(b) Groud Truth

(¢) ADNet | 36.67 .03

1711

(a) Noisy image

(g) DRNet | 39.13

(h) SRMNet | 41.52 (1) Ours | 48.017

FIGURE 4 Denoising results and PSNR value of different methods on the Gaussian noise with a variance of ¢ = 10 (front).
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(b) Groud Truth

Maey AL

(a) Noisy image (f) N2F | 36.93

(c) ADNet | 36.53

(2) DRNet | 39.02

ag A

(d)N2N|3693 () RDUNet|37.19

(h) SRMNet | 41.57 (i) Ours | 47.91

FIGURE 5 Denoising results and PSNR value of different methods on the Gaussian noise with a variance of 6 = 10 (back).

(b) Groud Truth

S :
(a) Noisy image

(f) N2F | 35.55

(¢) ADNet | 34.35

t - -
" 5

(g) DRNet | 36.57 (h) SRMNet | 40.68 (i) Ours | 46.28

(d)yN2N | 34.60 (e) RDUNet | 34.72

FIGURE 6 Denoising results and PSNR value of different methods on the Gaussian noise with a variance of ¢ = 15 (front).

and Noise2Fast are blurred as displayed in Figures 6 and 7.
Better than the mentioned four methods, the denoising effect
of DRNet and SRMNet is relatively good. However, MHRNet
can reconstruct detail features in the denoised images, which is
significantly better than the other six methods. For example,
only MHRNet can clearly restore the texture and contour
features of guns in Figure 7.

When the standard deviation of Gaussian noises reaches
25, most of the existing methods perform very pootly in
denoising as shown in Figures 8 and 9. The images of
ADNet and Noise2fast lose lots of detail features. After
processing by Neighbour2Neighbour and RDUNet, the
images still have many noises. On the contrary, MHRNet
can remove noises while preserving detail features even in

very poor image quality. Although the denoising effects of
DRNet and SRMNet ate similar to MHRNet, MHRNet is
much higher than the other denoising methods in terms of
PSNR and SSIM values as presented in Table 1. Conse-
quently, the experimental results show that MHRNet out-
performs the other six methods in both quantitative and
qualitative results.

4.4 | Ablation experiment

The key component of MHRNet is the MHRB module. To
validate the denoising effect of the MHRB module on THz
images, we conduct multiple ablation experiments. Specifically,
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(b) Groud Truth (¢) ADNet | 34.21 (d)N2N| 34.12

(a) Noisy image (H) N2F | 33.10 (g) DRNet | 33.95  (h) SRMNet | 39.28

FIGURE 8 Denoising results and PSNR value of different methods on the Gaussian noise with a variance of 6 = 25 (back).

(e) RDUNet | 34.51

(1) Ours | 42.78

(b) Groud Truth ~ (¢) ADNet |34.91 (d)N2N |31.86 (e) RDUNet |30.37

m 4

(a) Noisy image (f)N2F |33.32  (g) DRNet | 33.90 (h) SRMNet | 39.66

FIGURE 9 Denoising results and PSNR value of different methods on the Gaussian noise with a variance of ¢ = 25 (front).

(1) Ours | 42.95

85U8017 SUOWWIOD BAFe81D) 8|l |dde 8y Aq peusenob aJe saolie YO ‘8sn JO S9N 1o} Akeiq i 8UlUO AW UO (SUO I IPUOO-pUe-SWLBILI0D" &3] 1M AReiq | Bul|uo//:SdHU) SUORIPUOD pUe SLWLB | 38U} 885 *[9202/T0/82] U0 ARiq)T8uljuO AB|IM ‘08EZT ZHO/6Y0T OT/I0p/L0d™A8 | AReIq1pUTJUO"Uoeesa.1B I//StNY WO} papeo|umoq ‘T ‘S0z ‘Z2E289re



WU ET AL.

| 245

the U-Net [41] is used as the baseline. We implement
comparative MHRB (MDCB and MCB) experiments in
different scenarios to assess the effectiveness of the proposed
MHRB module. In the ablation experiments, we use the dataset
of 3888 pairs of Clean-noise THz images (6 = 25) from Sec-
tion 4.2 to train MHRNet.

The test set is Set50, as detailed in Section 4.3. In addition,
PSNR and SSIM evaluation indicators are used to evaluate the
denoising effect of the MHRB module. The results of the
ablation experiments are presented in Table 2, providing the
average outcomes of different models on Set50. The methods
‘“+MDCB’ and ‘“+MCB’ mean that the network has the mul-
tiscale dilated convolution and only multiscale convolution,
respectively. When individually incorporating the MDCB and
MCB modules compared to the baseline model, the PSNR
values atre increased by 2.69 and 3.15 dB, respectively, and the
SSIM values are improved by 0.007 and 0.013, respectively.
MHRNet achieves the highest average PSNR, surpassing U-
Net by 8.5 dB. This indicates that the U-Net structure
composed of the MHRB module effectively removes noise
from THz images. MHRNet obtains the highest average SSIM
value, demonstrating its ability to retain more detailed features.
As dilated convolutions of the proposed model are only
included in MDCB, the results of ‘“+MCB’ and ‘MHRNet’

TABLE 2 Denoising performance comparison with different

reflect the effect of dilated convolution. When the network has
dilated convolutions, the PSNR values are increased by
5.351 dB. As shown in Figure 10, the results of the ablation
experiments confirm that MHRB brings significant improve-
ments in THz image denoising and preserving detailed
features.

5 | EXPERIMENT ON REAL NOISES

51 |
setup

Real noise dataset and experimental

We select 50 noisy THz images from the Huaxun Ark Group
as the test set to verify the denoising effect of MHRNet. Note
that the test set contains real-wotld THz noises. We use four
different training sets to assess the denoising effect on two
types of noise: (1) only containing real noise and (2) containing
real noise and Gaussian noise (with standard deviations of 10,
15, and 25). The experimental results are shown in Table 3. As
the test set does not include high-quality images for reference,
we utilise the no-reference-image quality evaluation indicators
NIQE [40] to evaluate the denoising performance of com-
parison models.

TABLE 3 Denoising performance comparison with different training
set by NIQE. + denotes adding noise.

modules by PSNR and SSIM. Training dataset NIQE|
Methods PSNR SSIM Baseline 8.694
U-Net 34.662 0.9654 +Gaussian-10 7.447
+MDCB 37.356 0.9721 +Gaussian-15 7.380
+MCB 37.807 0.9779 +Gaussian-25 7.766
MHRNet 43.158 0.9896 Real noise 7.993

Noisy input (GT ROI) UNet

FIGURE 10 The denoising images of the ablation expetiments.

MHRNet
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FIGURE 11 Denoising effect of different training models on real noise.

(a)Noisy  (b) ADNet|15.97  (c)N2N|10.39 (d) RDUNet | 10.16

l/

" J
(f) DRNet | 14.14 (g) SRMNet | 13.72

) Ours | 6.10

(¢) N2F | 14.67 (h

FIGURE 12 Denoising tesults and NIQE value of different methods on the real noisy terahertz image (female/front).
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(d) RDUNet | 11.35

,!. i ‘.
;Ki

(e)N2F | 11.79

(e) N2F | 9.64 (f) DRNet |8.57  (g) SRMNet [ 12.19  (h) Ours | 6.73

FIGURE 14 Denoising results and NIQE value of different methods on the real noisy terahertz image (female/front).
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(a) Noi sy (b) ADNet | 11.94

(c)N2N | 828  (d) RDUNet | 9.1

(e) N2F | 11.41

(f) DRNet | 9.31 (g) SRMNet

1496 (h)Ours|7.58

FIGURE 15 Denoising results and NIQE value of different methods on the real noisy terahertz image (female/front).

In Table 3, ‘Baseline’ denotes the original test images
that ate not denoised, and lower NIQE values indicate
better image quality. Table 3 shows that the model trained
on the dataset with a standard deviation of 15 for Gaussian
noise achieves the lowest NIQE value when removing real
THz image noise. However, using real THz noise as the
training set produces the poorest denoising performance on
THz images with real noise. The reason is that the real THz
noise is often distributed only around the human body and
its edges, making it difficult for the model to learn the noise
distribution. Conversely, adding Gaussian noise to the entire
image increases the noise distribution area, enabling the
model to learn noise patterns better. Figure 11 shows the
denoising effect of different training models on real noise.
In Figure 11, the denoised image generated by using real
noise and the Gaussian-10 model still contains a lot of
noise, while the image generated by using the Gaussian-25
model causes blurred details. The comparison results indi-
cate that the model using Gaussian-15 has the best

denoising effect. According to the results in Table 3 and
Figure 11, the MHRNet is trained by using a THz image
dataset that adds Gaussian noise with a standard deviation
of 15. The training parameter settings are the same as those
in Section 4.2.

5.2 | Experimental result

Figures 1215 show the denoising results of the real noisy
THz images. To better show the denoising effect, the
selected area in the figure is enlarged and the NIQE value is
displayed. As shown in Figures 12-15, the original THz
image contains a lot of real noises. It can be observed from
the denoised images that ADNet eliminates most of the real
noises but causes the image blur. In Figures 12 and 13, the
contours of dangerous goods and the surface texture features
of the back of the human body look blurred in the pro-
cessed image. In most denoised images, many noises still
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(e) N2F | 11.79

(f) DRNet | 9.14 (g )SRMNet| 13.90 (h)Ours|7 10

FIGURE 16 Denoising results and NIQE value of different methods on the real noisy terahertz image (female/front).

exist in the images processed by Neighbour2Neighbour and
RDUNet.

In Figures 12 and 14, Noise2Fast eliminates partt of the real
noises but loses many detail features. Additionally, in
Figures 13 and 15, the image of Noise2Fast still has some real
noises. DRNet and SRMNet can remove most of the real
noises, but some texture features are lost as shown in
Figures 16 and 17. These indicate that ADNet, RDUNet,
Neighbour2Neighbour, Noise2Fast, DRNet, and SRMNet
have poor denoising results in the case of the small sample
data.

However, with low model complexity and small sample
data, MHRNet shows a good denoising effect on complex
real THz noises both in selected regions and in the whole
image. It can retain a large amount of detailed feature in-
formation while denoising. Therefore, MHRNet not only
effectively removes synthetic noises but also performs equally
well on the real THz noises.

We conduct denoising experiments on THz noise image
datasets of other real scenes. The experimental results are

shown in Figure 18. As the green box shows in Figure 18,
MHRNet has a good generalisation capability for noise in
active THz imaging security inspection scene. However,
MHRNet does not handle the noise in the red box in the figure
well. Since MHRNet uses a supervised training method, and
the noise in the red box does not have a similar noise distti-
bution in the previous training set, MHRNet can not perform
well when dealing with some novel noise distributions. How-
ever, this situation can be improved with the diversity of
training data.

6 | CONCLUSION

We propose a residual learning-based multiscale hybrid-
convolution residual network MHRNet for the THz image
denoising. MHRNet fuses shallow features and deep feature
information and uses local and global residuals to improve
denoising performance while retaining more image details.
We develop an MHRB module composed of an MDCB and
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(b) ADNet | 1136 (c) N2N | 7.33

(e) N2F [ 10.01  (f) DRNet|9.23 (g) SRMNet|11.66 (h) Ours | 6.33

FIGURE 17 Denoising results and NIQE value of different methods on the real noisy terahertz image (female/front).

(a) (b) (¢) (d)

FIGURE 18 Denoising results of MHRNet on the active THz imaging security inspection scene of real noisy terahertz image. (a) and (c) are noise images.
(b) and (d) are the denoised images.
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MCB for the local residual learning. The effectiveness and ad-
vantages of MHRB are verified by ablation experiments. Addi-
tionally, we implement experiments on 3 THz image datasets
with different Gaussian standard deviations and one real THz
image dataset to verify the denoising effect of MHRNet.
Experimental results show that MHRNet has a better denoising
effect and retains more image detail features compatred with the
ADNet, Neighbour2Neighbour, RDUNet, Noise2Fast, DRNet,
and SRMNet. In the case of low model complexity and few
samples, the denoising performance of MHRNet is still very
competitive. This is helpful for identifying targets in THz images
and has great application potential in the field of THz hidden
dangerous goods detection.
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