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ured to aggregate multi-scale context information of the low-light digital image and employed between the downsampling stage and
the upsampling stage; and outputting, by the at least one processor, the resulting digital image to an output device. In the network, a
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stage to improve generalization ability of the network.
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METHOD, SYSTEM, AND COMPUTER-READABLE MEDIUM FOR IMPROVING QUALITY OF
LOW-LIGHT IMAGES

CROSS-REFERENCE TO RELATED APPLICATION
[0001] This application claims priority to a US application No. 62/771,342 filed on November 26, 2018.

BACKGROUND OF THE DISCLOSURE
1. Field of the Disclosure
[0002] The present disclosure relates to the field of image processing, and more particularly, to a method,
system, and computer-readable medium for improving quality of low-light images.

2. Description of the Related Art

[0003] Taking photos having good perceptual quality under low light conditions is exiremely challenging
due to a low signal-to-noise ratio (SNR). Extending exposure time can acquire visually good images; however,
this can easily introduce motion blur, and it is not always applicable in real life.

[0004] To make the low-light images with short exposure time visually plausible, extensive study has been
conducted including denoising techniques which aim at removing noises in the images due to the low light
condition, and enhancement techniques which are developed for improving the perceptual quality of digital
1mages.

[0005] However, current denoising approaches are generally evaluated using synthetic data, which are not
generalized well to real images, and low-light enhancement approaches do not take the noise into consideration.
Moreover, since the number of the training dataset is limited, a learning network can easily get overfitted to the

training data.
SUMMARY

[0006] An object of the present disclosure is to propose a method, system, and computer-readable medium
for improving quality of low-light images.
[0007] In afirst aspect of the present disclosure, a method includes:

receiving a digital image;

generating, by at least one processor, a resulting digital image by processing the digital image with an
encoder-decoder neural network including a plurality of convolutional layers classified into a downsampling
stage and an upsampling stage, and a multi-scale context aggregating block configured to aggregate
multi-scale context information of the digital image and employed between the downsampling stage and the
upsampling stage; and

outputting, by the at least one processor, the resulting digital image to an output device,

wherein the generating the resulting digital image includes:

performing a pooling operation after every few convolutional layers at the downsampling stage to
decrease spatial resolution;

performing an upscaling operation before every few convolutional layers at the upsampling stage to
mcrease the spatial resolution; and

performing a channel-wise dropout operation following cach of the convolutional layers at the

downsampling stage and the upsampling stage.
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[0008] According to an embodiment in conjunction with the first aspect of the present disclosure, in the
performing the channel-wise dropout operation, each channel or feature map of each of the convolutional
layers is given a pre-defined probability to be removed.

[0009] According to an embodiment in conjunction with the first aspect of the present disclosure, in the
performing the channel-wise dropout operation, all of pixels in a single channel or feature map of each of the
convolutional layer are zeroed out.
[0010] According to an embodiment in conjunction with the first aspect of the present disclosure, before the
generating the resulting digital image, the method further includes:

determining whether at least one of a contrast value, a dynamic range, and a signal-to-noise ratio (SNR)
of the digital image is lower than a threshold; and

preforming the generating the resulting digital imagein response to determining that at least one of the
contrast value, the dynamic range, and the SNR is lower than the threshold.
[0011] According to an embodiment in conjunction with the first aspect of the present disclosure, the
generating the resulting digital image further includes:
[0012] concatenating the convolutional layers of the downsampling stage and the convolutional layers of the
upsampling stage having a same resolution with the convolutional layers of the downsampling stage;
[0013] extracting, by a global pooling layer of the multi-scale context aggregating block, global context
mformation of the digital image; and
[0014] extracting, by a plurality of dilation layers with various dilation rates of the multi-scale context
aggregation block, context information of the digital image at different scales.
[0015] According to an embodiment in conjunction with the first aspect of the present disclosure, the global
pooling layer and one of the dilation layers are concatenated, and the other dilation layers are concatenated in a
cascading fashion with respect to corresponding scales.
[0016] According to an embodiment in conjunction with the first aspect of the present disclosure, the
generating the resulting digital image further includes:

performing a bilinear interpolation operation to the global pooling layer.
[0017] According to an embodiment in conjunction with the first aspect of the present disclosure, the
multi-scale context aggregating block includes:

a 1x1 convolutional layer connected after the global pooling layer and the dilation layers.
[0018] In asecond aspect of the present disclosure, a system includes:

at least one memory configured to store program instructions;

at least one processor configured to execute the program instructions, which cause the at least one
processor to perform steps including:

receiving a digital image;
generating a resulting digital image by processing the digital image with an encoder-decoder neural

network including a plurality of convolutional layers classified into a downsampling stage and an upsampling
stage, and a multi-scale context aggregating block configured to aggregate multi-scale context information of
the digital image and employed between the downsampling stage and the upsampling stage; and

outputting the resulting digital image to an output device,
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wherein the generating the resulting digital image includes:
performing a pooling operation after every few convolutional layers at the downsampling stage to
decrease spatial resolution;
performing an upscaling operation before every few convolutional layers at the upsampling stage to
mcrease the spatial resolution; and
performing a channel-wise dropout operation following each of the convolutional layers at the
downsampling stage and the upsampling stage.
[0019] According to an embodiment in conjunction with the second aspect of the present disclosure, in the
performing the channel-wise dropout operation, each channel or feature map of each of the convolutional
layers is given a pre-defined probability to be removed.
[0020] According to an embodiment in conjunction with the first aspect of the present disclosure, in the
performing the channel-wise dropout operation, all of pixels in a single channel or feature map of each of the
convolutional layer are zeroed out.
[0021] According to an embodiment in conjunction with the second aspect of the present disclosure, the
generating the resulting digital image further includes:
concatenating the convolutional layers of the downsampling stage and the convolutional layers of the
upsampling stage having a same resolution with the convolutional layers of the downsampling stage;
extracting, by a global pooling layer of the multi-scale context aggregating block, global context
mformation of the digital image; and
extracting, by a plurality of dilation layers with various dilation rates of the multi-scale context
aggregation block, context information of the digital image at different scales.
[0022] According to an embodiment in conjunction with the second aspect of the present disclosure, the
global pooling layer and one of the dilation layers are concatenated, and the other dilation layers are
concatenated in a cascading fashion with respect to corresponding scales, and the multi-scale context
aggregating block includes a 1x1 convolutional layer connected after the global pooling layer and the dilation
layers.
[0023] According to an embodiment in conjunction with the second aspect of the present disclosure, the
generating the resulting digital image further includes:
performing a bilinear interpolation operation to the global pooling layer.
[0024] In a third aspect of the present disclosure, a non-transitory computer-readable medium is provided
with program instructions stored thercon, that when executed by at least one processor, cause the at least one
processor to perform steps including:
receiving a digital image;
generating a resulting digital image by processing the digital image with an encoder-decoder neural
network including a plurality of convolutional layers classified into a downsampling stage and an upsampling
stage, and a multi-scale context aggregating block configured to aggregate multi-scale context information of
the digital image and employed between the downsampling stage and the upsampling stage; and
outputting the resulting digital image to an output device,
wherein the generating the resulting digital image includes:

performing a pooling operation after every few convolutional layers at the downsampling stage to
3
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decrease spatial resolution;

performing an upscaling operation before every few convolutional layers at the upsampling stage to
mcrease the spatial resolution; and

performing a channel-wise dropout operation following cach of the convolutional layers at the
downsampling stage and the upsampling stage.
[0025] According to an embodiment in conjunction with the first aspect of the present disclosure, in the
performing the channel-wise dropout operation, each channel or feature map of each of the convolutional
layers is given a pre-defined probability to be removed.
[0026] According to an embodiment in conjunction with the first aspect of the present disclosure, in the
performing the channel-wise dropout operation, all of pixels in a single channel or feature map of each of the
convolutional layer are zeroed out.
[0027] According to an embodiment in conjunction with the third aspect of the present disclosure, the
generating the resulting digital image further includes:

concatenating the convolutional layers of the downsampling stage and the convolutional layers of the
upsampling stage having a same resolution with the convolutional layers of the downsampling stage;

extracting, by a global pooling layer of the multi-scale context aggregating block, global context
mformation of the digital image; and

extracting, by a plurality of dilation layers with various dilation rates of the multi-scale context
aggregation block, context information of the digital image at different scales.
[0028] According to an embodiment in conjunction with the third aspect of the present disclosure, the
global pooling layer and one of the dilation layers are concatenated, and the other dilation layers are
concatenated in a cascading fashion with respect to corresponding scales, and the multi-scale context
aggregating block includes a 1x1 convolutional layer connected after the global pooling layer and the dilation
layers.
[0029] According to an embodiment in conjunction with the third aspect of the present disclosure, the
generating the resulting digital image further includes:

performing a bilinear interpolation operation to the global pooling layer.
[0030] In the present disclosure, the digital image is processed using the encoder-decoder neural network.
The network includes the convolutional layers classified into the downsampling stage and the upsampling
stage, and the multi-scale context aggregating block configured to aggregate multi-scale context information of
the digital image and employed between the downsampling stage and the upsampling stage. In comparison to
existing arts, the present disclosure takes local and global context/color information of the digital image into
consideration. Accordingly, the noise can be exhaustively removed and the image can be greatly enhanced for
better representation with fruitful details and vivid colors. Moreover, by employing the channel-wise dropout
operation, the generalization performance of the network is improved.

BRIEF DESCRIPTION OF THE DRAWINGS

[0031] In order to more clearly illustrate the embodiments of the present disclosure or related art, the
following figures will be described in the embodiments are briefly introduced. It is obvious that the drawings
are merely some embodiments of the present disclosure, a person having ordinary skill in this field can obtain

other figures according to these figures without paying the premise.
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[0032] FIG. 1 is a diagram illustrating a terminal in accordance with an embodiment of the present
disclosure.

[0033] FIG. 2 is a block diagram illustrating software modules and associated hardware of the terminal in
accordance with an embodiment of the present disclosure.
[0034] FIG. 3 is a graphical depiction illustrating an encoder-decoder neural network in accordance with an
embodiment of the present disclosure.
[0035] FIG. 4 is a graphical depiction showing the U-net architecture of the encoder-decoder neural network
depicted in FIG. 3.
[0036] FIG. 5 is a graphic depiction showing the multi-scale context aggregating block depicted in FIG. 3.
[0037] FIG. 6 is a graphical depiction illustrating an encoder-decoder neural network in accordance with
another embodiment of the present disclosure.
[0038] FIG. 7Ais a diagram illustrating traditional dropout.
[0039] FIG. 7B is a diagram illustrating channel-wise dropout in accordance with the present disclosure.
[0040] FIG. 8 is a flowchart illustrating a method for improving quality of low-light images in accordance
with an embodiment of the present disclosure.

DETAILED DESCRIPTION OF THE EMBODIMENTS
[0041] Embodiments of the present disclosure are described in detail with the technical matters, structural
features, achieved objects, and effects with reference to the accompanying drawings as follows. Specifically,
the terminologies in the embodiments of the present disclosure are merely for describing the purpose of the
certain embodiment, but not to limit the invention.
[0042] FIG. 1 is a diagram illustrating a terminal 100 in accordance with an embodiment of the present
disclosure. Referring to FIG. 1, the terminal 100 includes a camera device 110, a processor module 120, a
memory module 130, an output device 140, and a bus 150 connecting to these modules and devices. The
terminal 100 has an ability to perform low-light image denoising and enhancement. The terminal 100 can
convert low-light images into images with good perceptual quality. The terminal 100 may be implemented by
cell phones, smartphones, tablets, notebook computers, desktop computers, or any electronic device having
enough computing power to perform the image processing.
[0043] The camera device 110 is configured to capture digital images. When the digital images are captured
under low illumination conditions or with an insufficient amount of exposure time, it may be hard to identify
the content of the captured digital images. These digital images may have low signal-to-noise ratio (SNR) and
are classified as the low-light images. The camera device 110 may be implemented by an RGB camera or a
CMYK camera. The camera device 110 is optionally included in the terminal 100. The terminal 100 may
perform the image processing to the images with low SNR retrieved from the camera device 110 included in
the terminal 100 or any image capturing apparatus outside the terminal 100, or an internal or external storage,
or obtained via wired or wireless communication.
[0044] The memory module 130 may be a transitory or non-transitory computer-readable medium that
mcludes a plurality of memory storing program instructions executable by the processor module 120. The
processor module 120 includes at least one processor that send signals directly or indirectly to and/or receives

signals directly or indirectly from the camera device 110, the memory module 130, and the output device 140
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via the bus 150. The processor module 120 is configured to process the digital images (i.e., captured by the
camera device 110) with low SNR, by means of a neural network model corresponding to parts of the memory
storing program instructions, to generate images with reduced noises and enhanced quality. The neural network
model is a key to achieve image denoising and image enhancement in a single process, and will be further
described later.
[0045] The images generated by the processor module 120 using the neural network model are outputted by
the processor module 120 to the output device 140. The output device 140 may be a storage, a display device,
or a wired or wireless communication module for receiving outputted image data from the processor module
120. That is, resulting images with noises reduced and quality enhanced by means of the neural network model
may be stored in the storage, displayed on the display device, or transmitted to an external apparatus outside
the terminal 10 using an external wired or wireless communication module.
[0046] FIG. 2 is a block diagram illustrating software modules 200 and associated hardware of the terminal
100 in accordance with an embodiment of the present disclosure. The terminal 100 includes the software
modules 200 stored in the memory module 130 and executable by the processor module 120. The software
modules 200 include a camera control module 202, a low-light image determining module 204, a neural
network model 206, and an output control module 208. The camera control module 202 is configured to cause
the camera device 110 to take photos to generate a digital image. The low-light image determining module 204
1s configured to determine whether the digital image captured by the camera device 110 1s a low-light digital
mmage. For example, a contrast value, a dynamic range, and an SNR of the digital image may be used to
determine whether it is the low-light digital image. If the contrast value 1s too low, the dynamic range is too
narrow, or the SNR is too small, the digital image is likely to be determined as the low-light digital image. If
any one or any combination of the contrast value, the dynamic range, and the SNR is lower than a threshold,
the low-light image determining module 204 may classify the captured digital image as the low-light digital
image. The low-light digital image is then fed into the neural network model 206 for denoising and
enhancement. A resulting digital image is outputted to the output control module 208. The output control
module 208 controls transmission of the resulting digital image and decides which device the resulting digital
mmage 1s to be outputted to, according to a user selection or default settings. The output control module 208
outputs the resulting digital image to the output device 140 such as a display device, a storage, and a wired or
wireless communication device.
[0047] FIG. 3 is a graphical depiction illustrating an encoder-decoder neural network 300 in accordance
with an embodiment of the present disclosure. The neural network model 206 includes the encoder-decoder
neural network 300, as shown in FIG. 3. The low-light digital image is inputted at a left side of the
encoder-decoder neural network 300 and the resulting digital image is outputted at a right side of the
encoder-decoder neural network 300. Given the low-light digital image, 7, the encoder-decoder neural network
300 1s employed to learn a mapping, I’=f{I:w), to generate the resulting digital image /” in an end-to-end
fashion, where w 1s a set of learnable parameters of the encoder-decoder neural network 300. Learned
parameters and the encoder-decoder neural network 300 are applied to the terminal 100 for image deposing
and enhancing. An image taken in a low-light condition with a short exposure is visually unfriendly since it is

extremely dark and noisy, where the color and details are invisible to users. By applying the encoder-decoder
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neural network 300 and the learned parameters, the image can be enhanced and the noise can be exhaustively
removed for better representation on the terminal 100 with fruitful details and vivid colors.

[0048] The pipeline of the encoder-decoder neural network 300 is depicted in FIG. 3. The framework of the
encoder-decoder neural network 300 can be divided into two parts, that is, a U-net architecture and a
multi-scale context aggregating block 350. FIG. 4 is a graphical depiction showing the U-net architecture of
the encoder-decoder neural network 300 depicted in FIG. 3. FIG. 5 is a graphical depiction showing the
multi-scale context aggregating block 350 depicted in FIG. 3. The U-net architecture includes a downsampling
stage and an upsampling stage, and the multi-scale context aggregating block 350 is employed at a bottleneck
between the downsampling stage and the upsampling stage.

[0049] (1) The U-net architecture

[0050] Referring to FIGs. 3 and 4, the U-net architecture includes a plurality of convolutional layers 302 at
the downsampling stage and at the upsampling stage. The convolutional layers 302 may be directed to
multi-channel feature maps. In an example, each convolutional layer 302 may represent a 3x3 convolutional
operation (with a 3x3 filter) and a Leaky ReLU operation. In an example, the U-net architecture may include
18 convolutional layers in total. The resolution gradually decreases and the number of the channels gradually
mcreases for the convolutional layers at the downsampling stage. The resolution gradually increases and the
number of the channels gradually decreases for the convolutional layers at the upsampling stage. The low-light
digital image firstly goes through downsampling operations to extract abstract features, as well as to reduce the
spatial resolution. After the bottleneck, the feature map will go through upscaling operations.

[0051] At the downsampling stage, a pooling layer (e.g., a max pooling layer) 304 is deployed after several
convolutional layers 302. For example, the pooling layer 304 1s disposed after every two convolutional layers
302. After every few convolutional layers 302, a pooling operation (e.g., a max pooling operation) is
performed at the downsampling stage. The pooling operation reduces the resolution of a corresponding feature
map. At the upsampling stage, an upscaling layer 306 is deployed before several convolutional layers 302. For
example, the upscaling layer 306 is disposed before every two convolutional layers 302. Before every few
convolutional layers 302, an upscaling operation is performed at the upsampling stage. The upscaling
operation increases the resolution of a corresponding feature map. For example, the upscaling layer 306 is a
deconvolutional layer or a transpose convolutional layer.

[0052] Further, the convolutional layers 302 of the downsampling stage and the convolutional layers 302 of
the upsampling stage having a (substantially) same resolution (or at substantially same downsampling and
upscaling level) with the convolutional layers 302 of the downsampling stage are concatenated. To be
described more clearly, the upscaling layer 304 may be formed by upscaling a previous feature map next to the
upscaling layer 304 and combining the upscaled feature map with a feature map at the downsampling stage at a
level as the same as the upscaled feature map by means of copy and crop operations as needed. The
concatenation operation is indicated by a symbol & as depicted in FIG. 4. This operation can effectively
preserve the details in an image.

[0053] Examples of the U-net architecture are described in more detail by O. Ronneberger, P. Fischer, and T.
Brox. “U-net: Convolutional networks for biomedical image segmentation”, in MICCAI, 2015. 4, 5, 7,

proposed to segment biomedical images. Other architectures such as an encoder-decoder network having
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similar structures throughout an encoder and a decoder are within the contemplated scope of the present
disclosure.

[0054] However, the resulting image obtained by only using this U-net architecture to process the low-light
digital image may have inconsistent colors at different locations since global context/color information are not
taken into consideration. As described below, the present disclosure introduces the global context/color
iformation into the encoder-decoder neural network 300.

[0055] (2) The multi-scale context aggregating block

[0056] Referring to FIGs. 3 and 5, the multi-scale context aggregating block 3350 is deployed at the
bottleneck between the downsampling stage and the upsampling stage of the encoder-decoder neural network
300. The multi-scale context aggregating block 350 includes a global pooling layer 352 configured to extract
global context/color information of the low-light digital image. The global pooling layer 352 may be obtained
by means of a pooling operation performed to a previous convolutional layer 302 or a previous feature map
next to the global pooling layer 352. The multi-scale context aggregating block 350 also includes a plurality of
dilation layers 354 with various dilation rates configured to extract local context/color information of the
low-light digital image at different scales. That is, a set of dilated convolutional operations with various
dilation rates are employed to extract the local context/color information at different scales. Each dilation layer
354 may be obtained by means of dilation operation performed to a previous convolutional layer 302 or a
previous feature map next to a corresponding dilation layer 354. For example, a 2-dilated convolutional
operation 1s performed to a previous feature map to obtain one dilation layer and a 4-dilated convolutional
operation is performed to the same to obtain another dilation layer. Dilation operation is an operation to
increase the size of receptive ficld for a feature map, and is a known operation in the art.

[0057] Examples of multi-scale context aggregation are described in more detail by F. Yu, V. Koltun,
"Multi-scale context aggregation by dilated convolutions”, Proc. Int. Conf. Learn. Representations, 2016, used
in image segmentation. Other architectures having similar structures throughout an encoder and a decoder are
within the contemplated scope of the present disclosure.

[0058] As depicted in FIG. 5, the global pooling layer 352 and the dilation layers 354 are concatenated. In
more details, the global pooling layer 352 and one of the dilation layers 354 are concatenated, and the other
dilation layers 354 are concatenated in a cascading fashion with respect to corresponding scales. For example,
the global pooling layer 352 and a first dilation layer obtained using a 2-dilated convolutional operation are
concatenated, the first dilation layer and a second dilation layer obtained using a 4-dilated convolutional
operation are concatenated, the second dilation layer and a third dilation layer obtained using a 8-dilated
convolutional operation are concatenated, the third dilation layer and a fourth dilation layer obtained using a
16-dilated convolutional operation are concatenated, and so on.

[0059] The multi-scale context aggregating block 350 further includes a convolutional layer (e.g., a 1x1
convolutional layer) 358 connected after the global pooling layer 352 and the dilation layers 354. In more
details, the global pooling layer 352 and the dilation layers 354 are concatenated channel-wisely followed by
the convolutional layer 358 to generate a final representation containing multi-scale information of the
low-light digital image.

[0060] The inputted low-light digital image may have arbitrary size or resolution, which means that the

feature map in the bottleneck has arbitrary size. If a deconvolutional layer is applied after the global pooling
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layer 352, the size of kemel in the deconvolutional layer will be dynamic which is almost uncontrollable and
not what we want to see. Thus, instead of using the deconvolutional layer, a bilinear upscaling layer 356 is
used, in which a bilinear interpolation operation is employed to rescale the feature map back to the same size
of the input feature map to perform the concatenation between the global pooling layer 352 and the dilation
layers 354 and the following convolutional operations. In more details, the size of the feature map in the global
pooling layer 352 is reduced with respect to the feature map in a previous layer. The bilinear interpolation
operation can rescale the feature map in the global pooling layer 352 to have a size as the same as the feature
map in the previous layer.
[0061] Since the inputted low-light digital image can be of any resolution, the size of the feature maps in the
bottleneck of the encoder-decoder neural network 300 depicted in FIG. 3 may still be large. The global
context/color information may not be easily observed through the encoder-decoder neural network 300. As a
result, the resulting digital image may have inconsistent colors at different locations for a large-sized input
mmage. Moreover, the feature maps in an individual layer of the encoder-decoder neural network 300 may
become strongly correlated and this may cause overfitting which may affect the generalization performance of
the trained network. To overcome these problems, a channel-wise dropout operation used to improve the
generalization ability 1s employed, which is detailed below.
[0062] FIG. 6 is a graphical depiction illustrating an encoder-decoder neural network 400 in accordance
with another embodiment of the present disclosure. In comparison to the embodiment depicted in FIG. 3, the
embodiment depicted in FIG. 6 introduces a channel-wise dropout operation following each of the
convolutional layers 302 to improve the generalization capability of the network. As illustrated in FIG. 6, a
channel-wise dropout layer 303 is deployed following each of the convolutional layers 302 at the
downsampling stage and the upsampling stage. The channels or feature maps of the convolutional layers 302
are randomly dropped. More specifically, in the channel-wise dropout operation, each channel or feature map
of cach of the convolutional layers 302 is given a pre-defined probability to be temporally removed in training
the network. That is, all the pixels in a channel or feature map are zeroed out.
[0063] FIG. 7Ais a diagram illustrating traditional dropout. FIG. 7B is a diagram illustrating channel-wise
dropout in accordance with the present disclosure. In the traditional dropout as depicted in FIG. 7A, a single
pixel on the two feature maps is randomly zeroed out. The zeroed-out pixels are indicated by the blocks filled
with slash lines. In the channel-wise dropout as depicted in FIG. 7B, a channel or feature map of a
convolutional layer is randomly zeroed out, and more particularly, the pixels in a channel or feature map are all
zeroed out. For example, the left side of the diagram shown in FIG. 7B indicates a feature map and the right
side of the diagram shown in FIG. 7B indicates a zeroed-out feature map of which all the pixels are zeroed out.
[0064] As can be seen from FIGs. 7A and 7B, the traditional dropout operation breaks the spatial
correlations in a single feature map, which i1s of importance for image enhancement. In contrast, the
channel-wise dropout operation can keep the spatial correlations, while preventing the feature maps in a single
layer from becoming strongly correlated. Accordingly, the embodiment depicted in FIG. 6 can avoid the
overfitting and improve the generalization ability of the network.
[0065] Since local and global context/color information is taken into consideration in the present disclosure
in low-light image denoising and enhancement, the noise can be exhaustively removed and the image can be

greatly enhanced in an end-to-end fashion, leading to better representation with fruitful details and vivid colors.
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Moreover, by employing the channel-wise dropout operation, the generalization performance of the network is
improved.

[0066] Cost functions
[0067] During the training process, the low-light digital images are fed into the network 300 as input, and a
loss function is calculated between the system output and the corresponding long-exposure images. Loss
function is a weighted joint loss of ¢; and multi-scale structured similarity index (MS-SSIM), which is
defined as follows:
L= AL% + (1 — A)LMS=SSIM
where A is set to 0.16 empirically; £ isthe €, loss defined by the following equation:
£t = iz |I(i) - ;(i)|
N i€l

where ; and [ are the output image and the ground-truth image, respectively; N is the total number of
pixels in the input image.
LMS=SSIM represents MS-SSIM loss given by the equation below:

LMS=SSIM = 1 — MS — SSIM
For pixel i, the MS — SSIM is defined as:

M
MS — SSIM(i) = I (i) - 1_[ csjﬁj 0)
i=1

]

N 2y + Gy
() = 0—2—r
wx +py + G

20,., + C

es(i) = X 2

Where (x, y) represent the coordinates of pixel i; the means, i.e. uy. iy, and standard deviations, i.e. 0.0y,
are calculated with a Gaussian filter, Gy, with zero mean and a standard deviation oy; M is the number of
levels; and «, B are the weights to adjust the contribution of each component.

[0068] FIG. 8 is a flowchart illustrating a method for improving quality of low-light images in accordance
with an embodiment of the present disclosure. Referring to FIGs. 1 to 8, the method includes the following
blocks.

[0069] In block 800, the processor module 120 receives a digital image. Preferably, the digital image may be
received from the camera device 110 of the terminal 100. In other conditions, the digital image may be
transmitted from an external image capturing apparatus, or obtained via wired or wireless communication, or
read from an internal or external storage.

[0070] In block 810, the low-light image determining module 204 determines whether the digital image
captured by the camera device 110 is a low-light digital image. If any one or any combination of the contrast
value, the dynamic range, and the SNR of the digital image is lower than a threshold, the digital image is
determined to be the low-light digital image, and go to block 820 to use the encoder-decoder neural network to
process the low-light digital image with image denoising and enhancement. If no, the process is terminated.
[0071] In block 820, the encoder-decoder neural network includes a plurality of convolutional layers 302
classified into a downsampling stage and an upsampling stage, and a multi-scale context aggregating block
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350 configured to aggregate multi-scale context information of the low-light digital image and employed
between the downsampling stage and the upsampling stage. The encoder-decoder neural network includes a
U-net architecture.
[0072] In block 822, in the U-net architecture, a pooling operation is performed after every few
convolutional layers 302 at the downsampling stage to decrease spatial resolution and an upscaling operation is
performed before every few convolutional layers 302 at the upsampling stage to increase the spatial resolution.
[0073] In block 824, a channel-wise dropout operation is performed following each of the convolutional
layers 302 at the downsampling stage and the upsampling stage. In the channel-wise dropout operation, all of
pixels in a single channel or feature map of a convolutional layer 302 are zeroed out. More specifically, each
channel or feature map of each of the convolutional layers 302 i1s given a pre-defined probability to be
removed.
[0074] In block 826, in the U-net architecture, the convolutional layers 302 of the downsampling stage and
the convolutional layers 302 of the upsampling stage having a (substantially) same resolution (or at
substantially same downsampling and upscaling level) with the convolutional layers 302 of the downsampling
stage are concatenated. The concatenation means feature maps are combined by means of copy and crop
operations as needed.
[0075] In block 828, the multi-scale context aggregating block 350 includes the global pooling layer 352,
the dilation layers 354, and the convolutional layer (e.g., a 1x1 convolutional layer) 358. The global pooling
layer 352 extracts global context/color information of the low-light digital image; and the dilation layers 354
with various dilation rates extract local context/color information of the low-light digital image at different
scales. The global pooling layer 352 and one of the dilation layers 354 are concatenated, and the other dilation
layers 354 are concatenated in a cascading fashion with respect to corresponding scales. The convolutional
layer 358 is connected after the global pooling layer 352 and the dilation layers 354 to generate a final
representation containing multi-scale information of the low-light digital image. A bilinear interpolation
operation may be performed to the global pooling layer 352 to rescale the size of the feature map in the global
pooling layer 352 to a size as (substantially) the same as the input feature map.
[0076] Other details of the encoder-decoder neural network are referred to related descriptions in above
context, and are not repeated herein.
[0077] In block 830, the encoder-decoder neural network outputs a resulting digital image and the processor
module 120 outputs the resulting digital image to the output device 140 such as a display device, a storage, and
a wired or wireless communication device.
[0078] Other details of the method for improving quality of low-light images are referred to related
descriptions in above context, and are not repeated herein.
[0079] In the present disclosure, the digital image is processed using the encoder-decoder neural network.
The network includes the convolutional layers classified into the downsampling stage and the upsampling
stage, and the multi-scale context aggregating block configured to aggregate multi-scale context information of
the digital image and employed between the downsampling stage and the upsampling stage. In comparison to
existing arts, the present disclosure takes local and global context/color information of the digital image into

consideration. Accordingly, the noise can be exhaustively removed and the image can be greatly enhanced for
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better representation with fruitful details and vivid colors. Moreover, by employing the channel-wise dropout
operation, the generalization performance of the network is improved.

[0080] A person having ordinary skill in the art understands that each of the units, modules, algorithm, and
steps described and disclosed in the embodiments of the present disclosure are realized using clectronic
hardware or combinations of software for computers and electronic hardware. Whether the functions run in
hardware or software depends on the condition of application and design requirement for a technical plan. A
person having ordinary skill in the art can use different ways to realize the function for each specific
application while such realizations should not go beyond the scope of the present disclosure.

[0081] It is understood by a person having ordinary skill in the art that he/she can refer to the working
processes of the system, device, and module in the above-mentioned embodiment since the working processes
of the above-mentioned system, device, and module are basically the same. For easy description and simplicity,
these working processes will not be detailed.

[0082] It is understood that the disclosed system, device, and method in the embodiments of the present
disclosure can be realized with other ways. The above-mentioned embodiments are exemplary only. The
division of the modules is merely based on logical functions while other divisions exist in realization. It is
possible that a plurality of modules or components are combined or integrated in another system. It is also
possible that some characteristics are omitted or skipped. On the other hand, the displayed or discussed mutual
coupling, direct coupling, or communicative coupling operate through some ports, devices, or modules
whether indirectly or communicatively by ways of electrical, mechanical, or other kinds of forms.

[0083] The modules as separating components for explanation are or are not physically separated. The
modules for display are or are not physical modules, that is, located in one place or distributed on a plurality of
network modules. Some or all of the modules are used according to the purposes of the embodiments.

[0084] Moreover, each of the functional modules in each of the embodiments can be integrated in one
processing module, physically independent, or integrated in one processing module with two or more than two
modules.

[0085] If the software function module is realized and used and sold as a product, it can be stored in a
readable storage medium in a computer. Based on this understanding, the technical plan proposed by the
present disclosure can be essentially or partially realized as the form of a software product. Or, one part of the
technical plan beneficial to the conventional technology can be realized as the form of a software product. The
software product in the computer is stored in a storage medium, including a plurality of commands for a
computational device (such as a personal computer, a server, or a network device) to run all or some of the
steps disclosed by the embodiments of the present disclosure. The storage medium includes a USB disk, a
mobile hard disk, a read-only memory (ROM), a random access memory (RAM), a floppy disk, or other kinds
of media capable of storing program codes.

[0086] While the present disclosure has been described in connection with what is considered the most
practical and preferred embodiments, it is understood that the present disclosure is not limited to the disclosed
embodiments but is intended to cover various arrangements made without departing from the scope of the

broadest interpretation of the appended claims.
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What is claimed is:

1. A method, comprising:

receiving a digital image;

generating, by at least one processor, a resulting digital image by processing the digital image with an
encoder-decoder neural network comprising a plurality of convolutional layers classified into a downsampling
stage and an upsampling stage, and a multi-scale context aggregating block configured to aggregate
multi-scale context information of the digital image and employed between the downsampling stage and the
upsampling stage; and

outputting, by the at least one processor, the resulting digital image to an output device,

wherein the generating the resulting digital image comprises:

performing a pooling operation after every few convolutional layers at the downsampling stage to
decrease spatial resolution;

performing an upscaling operation before every few convolutional layers at the upsampling stage to
mcrease the spatial resolution; and

performing a channel-wise dropout operation following each of the convolutional layers at the
downsampling stage and the upsampling stage.

2. The method according to claim 1, wherein in the performing the channel-wise dropout operation, each
channel or feature map of each of the convolutional layers is given a pre-defined probability to be removed.

3. The method according to claim 1, wherein in the performing the channel-wise dropout operation, all of
pixels in a single channel or feature map of each of the convolutional layer are zeroed out.

4. The method according to claim 1, wherein before the generating the resulting digital image, the method
further comprises:

determining whether at least one of a contrast value, a dynamic range, and a signal-to-noise ratio (SNR)
of the digital image is lower than a threshold; and

performing the generating the resulting digital image in response to determining that at least one of the
contrast value, the dynamic range, and the SNR is lower than the threshold.

5. The method according to claim 1, wherein the generating the resulting digital image further comprises:

concatenating the convolutional layers of the downsampling stage and the convolutional layers of the
upsampling stage having a same resolution with the convolutional layers of the downsampling stage;

extracting, by a global pooling layer of the multi-scale context aggregating block, global context
mformation of the digital image; and

extracting, by a plurality of dilation layers with various dilation rates of the multi-scale context
aggregation block, context information of the digital image at different scales.

6. The method according to claim 5, wherein the global pooling layer and one of the dilation layers are
concatenated, and the other dilation layers are concatenated in a cascading fashion with respect to
corresponding scales.

7. The method according to claim 6, wherein the generating the resulting digital image further comprises:

performing a bilinear interpolation operation to the global pooling layer.

8. The method according to claim 7, wherein the multi-scale context aggregating block comprises:
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a 1x1 convolutional layer connected after the global pooling layer and the dilation layers.

9. A system, comprising:

at least one memory configured to store program instructions;

at least one processor configured to execute the program instructions, which cause the at least one
processor to perform steps comprising:

receiving a digital image;

generating a resulting digital image by processing the digital image with an encoder-decoder neural
network comprising a plurality of convolutional layers classified into a downsampling stage and an
upsampling stage, and a multi-scale context aggregating block configured to aggregate multi-scale context
mformation of the digital image and employed between the downsampling stage and the upsampling stage; and

outputting the resulting digital image to an output device,

wherein the generating the resulting digital image comprises:

performing a pooling operation after every few convolutional layers at the downsampling stage to
decrease spatial resolution;

performing an upscaling operation before every few convolutional layers at the upsampling stage to
mcrease the spatial resolution; and

performing a channel-wise dropout operation following each of the convolutional layers at the
downsampling stage and the upsampling stage.

10. The system according to claim 9, wherein in the performing the channel-wise dropout operation, each
channel or feature map of each of the convolutional layers is given a pre-defined probability to be removed.

11. The system according to claim 9, wherein in the performing the channel-wise dropout operation, all of
pixels in a single channel or feature map of each of the convolutional layer are zeroed out.

12. The system according to claim 9, wherein the generating the resulting digital image further comprises:

concatenating the convolutional layers of the downsampling stage and the convolutional layers of the
upsampling stage having a same resolution with the convolutional layers of the downsampling stage;

extracting, by a global pooling layer of the multi-scale context aggregating block, global context
mformation of the digital image; and

extracting, by a plurality of dilation layers with various dilation rates of the multi-scale context
aggregation block, context information of the digital image at different scales.

13. The system according to claim 12, wherein the global pooling layer and one of the dilation layers are
concatenated, and the other dilation layers are concatenated in a cascading fashion with respect to
corresponding scales, and the multi-scale context aggregating block comprises a 1x1 convolutional layer
connected after the global pooling layer and the dilation layers.

14. The system according to claim 13, wherein the generating the resulting digital image further
comprises:

performing a bilinear interpolation operation to the global pooling layer.

15. A non-transitory computer-readable medium with program instructions stored thereon, that when
executed by at least one processor, cause the at least one processor to perform steps comprising:

receiving a digital image;
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generating a resulting digital image by processing the digital image with an encoder-decoder neural
network comprising a plurality of convolutional layers classified into a downsampling stage and an
upsampling stage, and a multi-scale context aggregating block configured to aggregate multi-scale context
mformation of the digital image and employed between the downsampling stage and the upsampling stage; and
outputting the resulting digital image to an output device,

wherein the generating the resulting digital image comprises:

performing a pooling operation after every few convolutional layers at the downsampling stage to
decrease spatial resolution;

performing an upscaling operation before every few convolutional layers at the upsampling stage to
mcrease the spatial resolution; and

performing a channel-wise dropout operation following each of the convolutional layers at the
downsampling stage and the upsampling stage.

16. The non-transitory computer-readable medium according to claim 15, wherein in the performing the
channel-wise dropout operation, each channel or feature map of each of the convolutional layers is given a
pre-defined probability to be removed.

17. The non-transitory computer-readable medium according to claim 15, wherein in the performing the
channel-wise dropout operation, all of pixels in a single channel or feature map of cach of the convolutional
layer are zeroed out.

18. The non-transitory computer-readable medium according to claim 15, wherein the generating the
resulting digital image further comprises:

concatenating the convolutional layers of the downsampling stage and the convolutional layers of the
upsampling stage having a same resolution with the convolutional layers of the downsampling stage;

extracting, by a global pooling layer of the multi-scale context aggregating block, global context
mformation of the digital image; and

extracting, by a plurality of dilation layers with various dilation rates of the multi-scale context
aggregation block, context information of the digital image at different scales.

19. The non-transitory computer-readable medium according to claim 18, wherein the global pooling
layer and one of the dilation layers are concatenated, and the other dilation layers are concatenated in a
cascading fashion with respect to corresponding scales, and the multi-scale context aggregating block
comprises a 1x1 convolutional layer connected after the global pooling layer and the dilation layers.

20. The non-transitory computer-readable medium according to claim 19, wherein the generating the
resulting digital image further comprises:

performing a bilinear interpolation operation to the global pooling layer.
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