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APPARATUS, METHOD, AND COMPUTER-READABLE MEDIUM FOR IMAGE
PROCESSING, AND SYSTEM FOR TRAINING A NEURAL NETWORK

CROSS-REFERENCE TO RELATED APPLICATIONS

[1] This application claims benefit of the filing date of each of Chinese Patent Application
No. 201811155147.2 filed on September 30, 2018, Chinese Patent Application No.
201811155252.6 filed on September 30, 2018, Chinese Patent Application No.
201811155326.6 filed on September 30, 2018, and Chinese Patent Application No.
201811155930.9 filed on September 30, 2018, the disclosure of each of which is hereby
incorporated in its entirety by reference.

TECHNICAL FIELD

[2] The present disclosure generally relates to the field of deep learning technologies, and

more particularly, to image processing, and more particularly, to a system, method, and
computer-readable medium for image processing and for enhancing image resolution.
BACKGROUND

[3] Deep learning technology on the basis of an artificial neural network has made great

progress in such fields as image processing. An advantage of the deep learning
technology lies in the solution of different technical problems using an all-purpose
structure and a relatively similar system.

BRIEF SUMMARY

[4] The present disclosure provides a method of training a generative adversarial network.
The method may comprise iteratively enhancing a first noise input having a first
amplitude and a first reference image in a generative network to generate a first output
image; iteratively enhancing a second noise input having a second amplitude and the first
reference image in the generative network to generate a second output image; transmitting
the first output image and a second reference image to a discriminative network, the
second reference image corresponding to the first reference image and having a higher
resolution than the first reference image; obtaining a first score from the discriminative
network based on the second reference image, and a second score from the discriminative
network based on the first output image; calculating a loss function of the generative
network based on the first score and the second score; and adjusting at least one
parameter of the generative network to lower the loss function of the generative network.

[S] In some embodiments, the loss function of the generative network may be calculated

according to equation (1):
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[6] Loss = Ay Lyec(X, Yy—0) + A2 Lper (X, Yao1) + 3L an (Yn=1) (D).

[7] In equation (1), X represents the high-resolution reference image. Y,-o represents the
second output image. Y,-, represents the first output image. L,..(X, Y,=¢) represents a
reconstruction error between the second output image and the second reference image.
L,er(X, Y,-1) represents a perceptual loss between the first output image and the second
reference image. Lgan(Y,=1) represents a sum of the first score and the second score. 4, 42,
A3 each presents a predetermined weight.

[8] In some embodiments, the reconstruction error between the second output image and the
second reference image may be calculated according to equation (2):

191 Lyee(X, Yoo) = E |Zhoy[[¥ieo — HRI|, | + E[ZhallDbic i) = LRI | @

[10] Inequation (2), L represents the number of iterations of enhancement, and L > 1. ¥;}_,
represents an image generated by the generative network microprocessor after performing
one iteration based on the second noise input, and / < L. LR represents first reference
image. D};.(Y,\_,) represents an image obtained by performing downsampling on the
image represented by Y;!_,, the image represented by D}, .(Y,_,) having the same
resolution has the first reference image. HR! represents an image obtained by performing
downsampling on the second reference image, the image represented by HR! having the
same resolution as the image represented by Y,'_,. E[ ] represents a matrix energy
calculation.

[11] In some embodiments, the perceptual loss between the first output image and the
second reference image may be calculated according to equation (3);

(2] Lper (X, Yae) = E[Xis Lex (Yaza HRD] + E[Sins Lex (Dpic (Y1), LR)] (3).

[13] Inequation (3), Y,'_, represents an image generated by the generative network
microprocessor after performing one iteration based on the first noise input. D}, (¥;'_,)
represents an image obtained by performing downsampling on the image represented by
Y,)_,, the image represented by D}, (Y;l_,) having the same resolution as the first
reference image. Loy () represents a perceptual loss function.

[14] In some embodiments, the sum of the first score and the second score may be
calculated according to equation (4):

[15]  Loan(Yp=1) = E[log(D(HR)] + E[log (1 = D(Y,ey))]  (4).

[16] Inequation (4), D(Y,_,) represents the first score. D(HR) represents the second score.
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[17] In some embodiments, the method may further comprise providing the first noise
input and the first reference image to the generative network to generate a third output
image, the at least one parameter of the generative network having been adjusted;
providing the third output image and the second reference image to the discriminative
network; obtaining a third score from the discriminative network based on the second
reference image, and a fourth score from the discriminative network based on the third
output image; and calculating the loss function of the generative network microprocessor.

[18] In some embodiments, the iteratively enhancing of the first noise input and the first
reference image comprises generating a first feature image based on the first reference
image; concatenating the first feature image with the first noise input to obtain a first
composite image; and iteratively enhancing, in a finite number of iterations, the first
reference image based on the first feature image and the first composite image to generate
a higher-resolution image of the first reference image.

[19] Insome embodiments, the noise input for each of the finite number of iterations has
the same predetermined amplitude.

[20] In some embodiments, the method may further comprise interpolating the first
reference image to obtain a first interpolated image; generating a second feature image
based on the first interpolated image; downsampling the second feature image, and
joining the downsampled second feature image with the first composite image to obtain a
second composite image; and iteratively enhancing, in the finite number of iterations, the
first reference image based on the second feature image, the first composite image, and
the second composite image to obtain the higher-resolution image of the first reference
image.

[21] In some embodiments, the method may further comprise generating a first residue
image based on the first composite image, the first residue image representing a degree of
dissimilarity between the first composite image and the first feature image; and applying
a residual correction to the first feature image based on the first residue image to obtain
the higher-resolution image of the first reference image.

[22] In some embodiments, the generating of the first residue image and the applying of
the residual correction are performed at least once.

[23] The present disclosure also provides a system for training a generative adversarial
network. The system may comprise a generative adversarial network processor. The
generative adversarial network processor may comprise a generative network

microprocessor; and a discriminative network microprocessor coupled to the generative
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network microprocessor. In some embodiments, the generative adversarial network
processor is configured to perform a method of training a generative adversarial network.
The method may be as described above.

[24]  The present disclosure also provides a system comprising a generative network
microprocessor that has been trained by a method of training a generative adversarial
network. The method may be as described above.

[25] The present disclosure also provides a generative network microprocessor, comprising
an apparatus configured to perform a method of training a generative adversarial network.
The method may be as described above.

[26] In some embodiments, the apparatus may comprises: an analysis processor; a
connection processor coupled to the analysis processor; and an enhancement processor
coupled to the connection processor.

[27] In some embodiments, the analysis processor may be configured to receive a
reference image, and extract one or more feature from the input image to generate a
feature image based on the reference image.

[28] In some embodiments, the connection processor may be configured to receive a noise
input having a predetermined amplitude, and concatenate the noise input and the feature
image to generate a first composite image.

[29] In some embodiments, the enhancement processor may be configured to iteratively
enhance the reference image based on the feature image and the first composite image to
generate a higher-resolution image of the reference image.

[30] In some embodiments, when a plurality of iterations are performed, the noise input for
each iteration may have the same predetermined amplitude.

[31] In some embodiments, the enhancement processor may comprise a first upsampler, a
downsampler, a residue determination processor, a second upsampler, a correction
processor, and a synthesis processor, which are coupled to each other.

[32] In some embodiments, the first upsampler may be configured to upsample the first
composite image to generate an upsampled feature image.

[33] In some embodiments, the downsampler may be configured to downsample the
unsampled feature image to generate a downsampled feature image.

[34] In some embodiments, the residue determination processor may be configured to
generate a residue image from the downsampled feature image and the first composite
image, the residue image representing a difference between the downsampled feature

image and the first composite image.
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[35] In some embodiments, the second upsampler may be configured to upsample the
residue image to generate a upsampled residue image.

[36] In some embodiments, the correction processor may be configured to apply at least
one residual correction to the upsampled feature image according to the upsampled
residue image to generate a higher-resolution feature image of the reference image.

[37] In some embodiments, the synthesis processor may be configured to synthesize a
higher-resolution image of the reference image from the higher-resolution feature image.

[38] In some embodiments, the enhancement processor may be configured to perform at
least two iterations.

[39] Insome embodiments, the higher-resolution image and the higher-resolution feature
image may be a reference image and a feature image for a subsequent iteration.

[40] In some embodiments, the enhancement processor may further comprise an
interpolation processor and a superposition processor, which are coupled to each other.

[41] In some embodiments, the interpolation processor may be configured to perform
interpolation on the reference image to generate an interpolated image.

[42] In some embodiments, the superposition processor may be configured to superpose
the interpolated image on an output from the synthesis processor to generate the higher-
resolution image of the reference image.

[43] In some embodiments, the first upsampler may be configured to upsample the first
composite image directly.

[44] In some embodiments, the first upsampler may be configured to generate a second
composite image based on the interpolated image, and then upsample the second
composite image to generate the upsampled feature image.

BRIEF DESCRIPTION OF THE DRAWINGS

[45] The subject matter that is regarded as the invention is particularly pointed out and
distinctly claimed in the claims at the conclusion of the specification. The foregoing and
other objects, features, and advantages of the present disclosure are apparent from the
following detailed description taken in conjunction with the accompanying drawings in
which:

[46] FIG. 1 shows a graph illustrating a relationship between amount of distortion and loss
of perceptual quality, including an area of “possible” combinations of distortion target
and perceptual quality target, and an area of “impossible” combinations of distortion

target and perceptual quality target;
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[47] FIG. 2 shows a block diagram of a system for image processing, according to an
embodiment of the present disclosure;

[48] FIGS. 3-7 show block diagrams of an enhancement unit according to embodiments of
the present disclosure;

[49] FIG. 8A shows a schematic diagram illustrating an enhancement of an input image
without residual corrections;

[S0]  FIG. 8B shows a schematic diagram illustrating an enhancement of an input image
with one residual correction;

[S1]  FIG. 8C shows a schematic diagram illustrating an enhancement of an input image
with two residual corrections;

[S2] FIG. 9 shows a schematic diagram of a system for image processing, according to
another embodiment of the present disclosure;

[S3] FIG. 10 shows a flow chart of a method for training a generative network according to
an embodiment of the present disclosure;

[S4] FIG. 11 shows a flow chart of a method for training a discriminative network
according to an embodiment of the present disclosure;

[S5] FIG. 12 shows a flow chart of a method for image processing according to an
embodiment of the present disclosure;

[S6] FIG. 13 shows a flow chart of a method of iteratively enhancing an image according
to an embodiment of the present disclosure; and

[S7] FIG. 14 shows a flow chart of a method of iteratively enhancing an image according
to another embodiment of the present disclosure.

[S8] The various features of the drawings are not to scale as the illustrations are for clarity
in facilitating one skilled in the art in understanding the invention in conjunction with the
detailed description.

DETAILED DESCRIPTION

[S9]  Next, the embodiments of the present disclosure will be described clearly and
concretely in conjunction with the accompanying drawings, which are described briefly
above. The subject matter of the present disclosure is described with specificity to meet
statutory requirements. However, the description itself is not intended to limit the scope
of this disclosure. Rather, the inventors contemplate that the claimed subject matter might
also be embodied in other ways, to include different steps or elements similar to the ones

described in this document, in conjunction with other present or future technologies.
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1 [60] While the present technology has been described in connection with the embodiments
of the various figures, it is to be understood that other similar embodiments may be used
or modifications and additions may be made to the described embodiments for
performing the same function of the present technology without deviating therefrom.

Therefore, the present technology should not be limited to any single embodiment, but

2
3
4
5
6 rather should be construed in breadth and scope in accordance with the appended claims.
7 In addition, all other embodiments obtained by one of ordinary skill in the art based on

8 embodiments described in this document are considered to be within the scope of this

9 disclosure.

10 [61] Deep learning technology on the basis of an artificial neural network has made great

11 progress in such fields as image processing. Deep learning is a learning method based on
12 characterization of data among machine learning methods. Observed values (such as an
13 image) may be represented in various ways as a vector of intensity values of various

14 pixels, or more abstractly, as a series of edges, an area having a particular shape, et cetera.
15 An advantage of the deep learning technology lies in the solution of different technical

16 problems using an all-purpose structure and a relatively similar system. The benefit of

17 deep learning is to substitute manual acquisition of features with efficient unsupervised or
18 semi-supervised algorithms for feature learning and hierarchical feature extraction.

19 [62] Images of the natural world may be readily distinguished from images created

20 synthetically by humans or randomly by a computer. Natural images are distinctive at
21 least because they contain particular structure, and are highly non-random. For example,
22 images generated synthetically and randomly by a computer rarely contain a naturalistic
23 scene or object. Image processing systems such as compression algorithms, analogue

24 storage media, and even humans’ own visual systems work on real-world images.

25 [63] A convolutional neural network, or simply convolutional network, is a neural network

26 structure that uses images as input/outputs and replaces scalar weights by filters (that is,
27 convolutions). As an illustrative example, a convolutional network may have a simple

28 structure with three (3) layers. This structure takes in a first number of input images in the
29 input first layer, generates a second number of images at the hidden second layer, and

30 outputs two images at the output layer. At each layer, convolutions followed by biases are
31 added to the images. The result of adding several convolutions and bias then passes

32 through an activation box, which typically corresponds to a rectifying linear unit (ReLU),
33 a sigmoid function, a hyperbolic tangent, and the like. The convolutions and biases are

34 fixed during operation of the network, and are obtained via a training process that
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involves applying a set of input/output example images and making adjustments to fit
some optimization criterion that depends on applications. A typical configuration often
involves tens or hundreds of convolutions in each layer. A network with a small number
of layers (for example, 3 layers) is considered shallow, whereas a network with more than
5 or 10 layers is normally considered deep.

[64] Convolutional networks are a common deep learning system, and are widely used in
image processing technologies, for example, to train image recognition, image
classification, and super-resolution image reconstruction.

[65] Conventional technologies for super-resolution image reconstruction reconstruct high-
resolution images from their downscaled versions. This often results in the loss of image
information, which in turn reduces the realness and perceptual quality of the high-
resolution images.

[66] Generative adversarial networks (GANs) are one solution for generating realistic
samples of natural images. GANs may be an approach to generative modeling where two
models are trained simultaneously or cross-trained.

[67] Learning systems can be configured to adjust parameters based on a specific target,
represented by a loss function. In a GAN, the loss function is replaced by another
machine learning system that can independently learn a difficult task. A GAN generally
includes a generative network that is pitted against a discriminative network. The
generative network receives an input of a low-resolution data image, upscales the low-
resolution data image, and feeds the upscaled image to the discriminative network. The
discriminative network is tasked with classifying whether its input is the output of the
generative network (i.e., the “fake” upscaled data image) or the actual image (i.c., the
original high-resolution data image). The discriminative network outputs a score between
“0” and “1”, which measures the probability that its input is the upscaled image and the
original image. If the discriminative network outputs a score of “0” or approaching “0”,
then the discriminative network has determined that the image is the output of the
generative network. If the discriminative network outputs a number of “1” or approaching
“17, then the discriminative network has determined that the image is the original image.
This manner of pitting the generative network against the discriminative network—hence,
“adversarial’—utilizes competition between the two networks to drive both networks to
improve their methods until the images generated by the generative network are

indistinguishable from the originals.
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1 [68] The discriminative network may be trained to score an input as “real” or “fake” using
data having predetermined scores. The “fake” data may be the high-resolution image
generated by the generative network, and the “real” data may be a predetermined
reference image. To train the discriminative network, the parameter of the discriminative

network is adjusted until the discriminative network outputs a score approaching “1”

2
3
4
5
6 whenever it receives “real” data, and a score approaching “0” whenever it receives “fake”
7 data. To train the generative network, the parameter of the generative network is adjusted
8 until output of the generative network receives a score as close to “1” as possible from the
9 discriminative network.

0 [69] A common analogy for GAN is that of a counterfeiter and a police. The generative

11 network can be analogized to the counterfeiter, trying to produce fake currency and use it
12 without detection, whereas the discriminative network can be analogized to the police,

13 trying to detect the fake currency. Competition between the counterfeiter and the police
14 would spur both sides to improve their methods until the counterfeits are

15 indistinguishable from the genuine article.

16  [70] Both the generative and discriminative networks are trying to optimize a different and

17 opposing objective function, that is, the loss function, in a zero-sum game. Through

18 “cross-training” to maximize the output by the discriminative network, the generative
19 network improves the images it generates, and the discriminative network improves the
20 accuracy in its distinction between the original high-resolution image and the image

21 generated by the generative network. The generative network and the discriminative

22 network compete to generate better images and improve the criteria to evaluate images.

23 [71] There remains a need to increase the accuracy of the discriminative network in

24 distinguishing between the original high-resolution image and the image generated by the
25 generative network, in order to train the generative network to improve on a particular
26 parameter. For example, there is interest in the task of generating images that are

27 perceived to be real and uncorrupted. This can be applied to problems such as deblurring,
28 denoising, demosaicking, compression removal, contrast enhancement, image super -

29 resolution, et cetera. In such problems, a corrupted image is visually impaired, and a

30 machine learning system may be designed to fix it. However, the target of recovering the
31 original image is often impractical and leads to images that do not look real. GAN's are
32 designed to generate “real” images. A typical configuration takes a color output image
33 and uses a machine learning system (e.g. a convolutional network) to output a single

34 number that measures how real is the image. This system can improve perceptual quality,
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but today, the outputs of the adversarial system remain short of being perceived as natural
images by a human viewer.

[72]  Super-resolution image reconstruction upscales a base image to generate an image of
higher resolution, and more particularly, to generate a super-resolution image that
improves the quality of the base image by several factors (for example, 4x). Distortion
and perceptual quality are often used to evaluate the effectiveness of the super-resolution
image reconstruction. Distortion measures objectively the dissimilarity between the
reconstructed image and the base image. Several distortion metrics have been proposed,
including mean squared error (MSE), structural similarity index (SSIM), and peak signal
to noise ratio (PSNR). On the other hand, perceptual quality focuses more on creating
upscaled images that look as real as natural images to human eyes.

[73] FIG. 1 shows a graph that illustrates a relationship between distortion and perceptual
quality. More particularly, FIG. 1 illustrates the conflicting roles of distortion and
perceptual quality in image reconstruction. In FIG. 1, the area above the curve represents
“possible” combinations of distortion target and perceptual quality target, while the area
below the curve represents “impossible” combinations of distortion target and perceptual
quality target. As shown in FIG. 1, when the amount of distortion is small, the loss of
perceptual quality tends to be large. In such a situation, the reconstructed image appears
cohesive, but may lack details. On the other hand, when the loss of perceptual quality of
small, the amount of distortion tends to be large. In such a situation, the reconstructed
image tends to be rich in details. Existing technologies for super-resolution image
reconstruction prefers to put the emphasis on minimizing distortion, but for some
applications, viewers prefer reconstructed richly detailed reconstructed images.

[74] FIG. 2 shows a block diagram of a system for image processing, according to an
embodiment of the present disclosure.

[75] The block diagram of FIG. 2 is not intended to indicate that the system for image
processing includes only the components shown in FIG. 2. The system for image
processing according to the present disclosure may include any number of additional
accessories and/or components known to a person of ordinary skill in the art, but not
shown in FIG. 2, depending on the details of the specific implementation.

[76] Asshown in FIG. 2, the system includes an acquisition unit 100, and a generative
network 200 coupled to the acquisition unit 100. The acquisition unit 100 is configured to
acquire a reference image and a noise input I,. The reference image may be an input

image Iy, or as will be described later, the reference image may be an enhanced or

10
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1 upscaled higher-resolution image generated by an enhancement or upscaling process.

2 There are no particular limitations on the noise input I,. The noise input I, may be in the

3 form of a noise image. The noise input I, may contain random noise.

4 [77] The generative network 200 is configured to perform enhancement or upscaling on

5 the input image Iy. The generative network 200 includes an analysis unit 210, a

6 connection unit 220, and an enhancement unit 230,

7 [78] The analysis unit 210 is configured to generate, based on the input image Iy, a

8 corresponding feature image Ry. The feature image Ry may be a multi-channel image that

9 represents the different dimensions of the corresponding input image Ip. The feature
10 image Ry has a larger number of channels than the corresponding input image Io. In some
11 embodiments, the input image Ip may have 3 channels, and the output feature image Ry
12 may have 64 channels, 128 channels, or some other arbitrary number of channels. The
13 noise input I, may similarly be a multi-channel image.
14 [79] Insome embodiments, the analysis unit 210 may be implemented on a neural network
15 architecture. Exemplary neural networks include a convolutional neural network (CNN),
16 a residual neural network (ResNet), a dense convolutional network (DenseNet), a
17 CliqueNet, a filter bank, and the like. The analysis unit 210 may include at least one
18 convolutional layer, and may be configured to receive, analyze, and operate on the input
19 image Iy to facilitate the generation of the feature image Ro. More particularly, the
20 analysis unit 210 may be configured to generate an intermediate feature image, and then
21 perform a convolution on the intermediate feature image to obtain the feature image Ry of
22 the input image Io.

23 [80] The connection unit 220 is configured to generate a first composite image by

24 concatenating the feature image of a reference image and a noise input (for example, a

25 noise image). In embodiments where the noise input is a noise image, and both the feature
26 image and the noise image are multi-channel images, the first composite image generated
27 by concatenating the feature image and the noise input will also be a multi-channel image.
28 More particularly, concatenation involves superposing the channel image from each

29 channel of the feature image with a channel image from one of the channels of the noise
30 image. The number of channels in the first composite image will be the sum of the

31 number of channels in the feature image and the number of channels in the noise image.
32 The channel image for each channel of the first composite image will be a composite of
33 the corresponding channel images from the feature image and the noise image.
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[81] In embodiments where multiple iterations of enhancement are performed, at the first
iteration, the connection unit 220 is configured to generate a composite image by
concatenating the feature image Ry of the input image Iy and the noise input I,,, for
example, as shown in FIG. 2.

[82] The enhancement unit 230 is configured to generate according to the first composite
image a higher-resolution feature image based on the reference image. The resolution of
the higher-resolution feature image is higher than the resolution of the reference image by
a predetermined upscaling factor. The predetermined upscaling factor may be any integer
greater than 1. In embodiments where the images that preceded the higher-resolution
feature image are multi-channel images, the higher-resolution feature image generated by
the enhancement unit 230 is also a multi-channel image. The number of channels in the
higher-resolution feature image is larger than the number of channels in the reference
image. In embodiments where multiple iterations of enhancement are performed, at the
first iteration, the enhancement unit 230 is configured to generate a higher-resolution
feature image of the input image Iy, for example, as shown in FIG. 2.

[83] In some embodiments, the enhancement unit 230 may also be configured to generate a
higher-resolution image based on the reference image. As a non-limiting, illustrative
example, assume that the upscaling factor is 4, and the resolution of the reference image
is x*x. When the reference image has been upscaled by a factor of 4, the resolution of the
resulting image is 4*x*x.

[84] The generative network 200 is configured to iteratively enhance a reference image
through upscaling. More particularly, the generative network 200 is configured to obtain
an image having a target resolution by performing one or more iteration of enhancement
(that is, upscaling). At the first iteration, the reference image is the input image Ip, and the
feature image of the reference image is the feature image Ry of the input image I,. At
subsequent iterations of enhancement, the reference image is the higher-resolution image
generated during the preceding iteration, and the feature image of the reference image is
the higher-resolution feature image, also generated during the preceding iteration.

[85] Asshown in FIG. 2, during the first iteration of enhancement, and the number of
iterations / is greater than 1, the feature image received by the connection unit 220 is the
higher-resolution feature image R of a reference image that has undergone the 1"
iteration of enhancement. As a non-limiting, illustrative example, when the upscaling
factor is 2, the resolution of the higher-resolution feature image after the first iteration is

2 times the resolution of the starting input image. In practice, the number of iterations
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may be determined according to the desired target resolution and/or the upscaling factor
during each iteration of enhancement.

[86] During each iteration of enhancement, the amplitude of the noise stays the same. The
amplitude of the noise corresponds to the average fluctuation in the noise. For example, in
some embodiments, the noise is random noise, and the mean and variance of the noise
input are p and o, respectively. The value of each pixel in the noise input fluctuates
within the range of u - 6 and p + 6. In such embodiments, the amplitude of the noise is .
It is understood that during image processing, the images are represented as an image
array, so that the “pixel value” described above represents the base unit value.

[87] During super-resolution reconstruction, the details in the reconstructed super-
resolution image (for example, hair, lines, et cetera) are often affected by the noise. It is
therefore understood that during super-resolution reconstruction on a generative network,
the amplitude of the noise may be adjusted depending on preference and need (for
example, whether the details need to be highlighted, the degree of detail, and the like), so
that the reconstructed super-resolution image satisfies the desired criteria.

[88] FIG. 3 shows a block diagram of an enhancement unit according to an embodiment of
the present disclosure.

[89] The block diagram of FIG. 3 is not intended to indicate that the enhancement unit
includes only the components shown in FIG. 3. The enhancement unit according to the
present disclosure may include any number of additional accessories and/or components
known to a person of ordinary skill in the art, but not shown in FIG. 3, depending on the
details of the specific implementation.

[90] In FIG. 3, the reference image received by the connection unit 220 is the starting input
image Iy. As shown in FIG. 3, the enhancement unit 230 includes a first upsampler 231, a
downsampler 233, a residue determination unit 234, a second upsampler 232, a correction
unit 235, and a synthesis unit 236.

[91]  The first upsampler 231 is configured to generate a first upsampled feature image R”
based on the first composite image RCy. In some embodiments, the first upsampler 231
may be configured to implement a combination of a neural network architecture such as a
convolutional neural network (CNN) and a residual neural network (ResNet), and a
upsampling layer. The first upsampler 231 may implement a neural network architecture
described above, which is configured to perform convolution on the first composite image
RCyto generate an intermediate image. The upsampling layer is configured to perform

upsampling on the intermediate image to generate the first upsampled feature image R°;.
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1 The upsampling layer may include a MuxOut layer, a strided transposed convolution
2 layer, or a standard per channel upsampler (for example, a bicubic interpolation layer).
3  [92] The downsampler 233 is configured to perform downsampling on the first upsampled
4 feature image RY to generate a first downsampled feature image R}, . In some
5 embodiments, the first upsampler 231 may be configured to implement a combination of
6 a neural network architecture such as a convolutional neural network (CNN) and a
7 residual neural network (ResNet), and a downsampling layer. The downsampler 233 may
8 implement a neural network architecture, which is configured to perform downsampling
9 on the first upsampled feature image R} . The downsampling layer is configured to
10 perform convolution on the downsampled image to obtain first downsampled feature
11 image R} . The downsampling layer may include a reverse MuxOut layer, a strided
12 convolution layer, a maxpool layer, or a standard per channel downsampler (for example,
13 a bicubic interpolation layer).

14 [93] The residue determination unit 234 is configured to generate a residue image D from

15 the first downsampled feature image R§ and the first composite image RCy. The residue
16 image D represents the degree of dissimilarity between the first downsampled feature
17 image R}, and the first composite image RC.

18 [94] Insome embodiments, the residue determination unit 234 may be configured to

19 perform a linear operation on the first downsampled feature image R and the first

20 composite image Reg to obtain the residue image D', The residual image represents a

21 magnitude of difference between the first downsampled feature image R} and the first

22 composite image Reo. As a non-limiting, illustrative example, D§ = a R§ + B D§. When «
23 =1, B = -1, the residue image D} is the difference between the first downsampled feature
24 image R} and the first composite image RCy. The value of each pixel in the residue image
25 D§ represents the difference between the positionally corresponding pixels in the first

26 downsampled feature image R and the first composite image RCy. The values of o and B
27 are not particularly limited. It is understood that the values of o and  may be set

28 according to preference and need. In one embodiment, a =1.1, f = -0.9. The above values
29 of o and P are only illustrated as an exemplary example, and are not intended to limit the
30 scope of the present disclosure. In some embodiments, a residual image can be generated
31 by a convolutional network.

32 [95] Insome embodiments, the residue determination unit 234 may be configured to use a

33 neural network to generate the residue image D§ . In other embodiments, the residue

14
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1 determination unit 234 may be configured to join the first downsampled feature image

2 R}, and the first composite image RCy. Generally, the joining operation involves a

3 weighted superposition of positionally corresponding pixels in the two images being

4 superposed. A convolution is then performed on the joined feature image to obtain the

5 residue image D . That is, the residue determination unite 234 may be use the same

6 neural network architecture as the connection unit 220, but it is understood that the

7 parameters of the two neural network architectures may be different.

8 [96] The second upsampler 232 is configured to perform upsampling on the residue image

9 D} to generate the upsampled residue image D] . The second upsampler 232 may be
10 configured to implement a neural network architecture such as a convolutional neural
11 network (CNN) and a residual neural network (ResNet), and a upsampling layer, for
12 example, as described above.
13 [97] The correction unit 235 is configured to generate the higher-resolution feature image
14 by applying residual corrections to the first upsampled feature image R”; according to the
15 first upsampled residue image D7} .
16 [98] The first downsampled feature image R} is obtained after upsampling, and then
17 downsampling, have been performed on the first composite image RCg. The first
18 downsampled feature image Rj, has the same resolution as the feature image Ry of the
19 input image Io. Put differently, the first downsampled feature image R} is the same as an
20 unprocessed first composite image RCo. However, in practice, the upsampling of an
21 image involves enhancing the resolution of the image through estimation. As a result,
22 dissimilarity exists between first composite image RCy and a first downsampled feature
23 image R} obtained by performing downsampling on the first upsampled feature image RY |
24 The differences between such a first downsampled feature image Ry and the first
25 composite image RCy may therefore be used to correct the first upsampled feature image
26 RY
27 [99] For example, as shown in FIG. 3, the correction unit 235 may apply residual
28 corrections to the first upsampled feature image RY as follows. The first superposition
29 module 2351 is configured to superpose the first upsampled residue image D and the first
30 upsampled feature image RY , so as to correct the first upsampled feature image RY . The
31 image obtained after superposition is the higher-resolution feature image R. Generally,
32 the superposition operation involves the superposition of the gray levels of positionally
33 corresponding pixels in the two images being superposed.
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[100] The synthesis unit 236 is configured to synthesize the higher-resolution image 1 from
the higher-resolution feature image R;. As shown in FIG. 3, the synthesis unit 236 outputs
an image I, that is a higher-resolution version of the input image I. The resolution of the
higher-resolution image I is the same as the resolution of the higher-resolution feature
image R;. The higher-resolution image I, has the same number of channels as the input
image Ip. In some embodiments, the synthesis unit 236 may be configured to implement a
convolutional neural network, and a convolution layer. The synthesis unit 236 may be
configured to perform convolution on the higher-resolution feature image R, using the
convolutional neural network, and synthesize the higher-resolution image I from the
higher-resolution feature image R; using the convolution layer.

[101] FIG. 4 shows a block diagram of an enhancement unit according to an embodiment of
the present disclosure.

[102] The block diagram of FIG. 4 is not intended to indicate that the enhancement unit
includes only the components shown in FIG. 4. The enhancement unit according to the
present disclosure may include any number of additional accessories and/or components
known to a person of ordinary skill in the art, but not shown in FIG. 4, depending on the
details of the specific implementation.

[103] In FIG. 4, the reference image received by the connection unit 220 is the starting input
image Ip. Similarly as shown in FIG. 3, the generative network 200 includes the analysis
unit 210, the connection unit 220, and the enhancement unit 230. The enhancement unit
230 includes the first upsampler 231, the second upsampler 232, the downsampler 233,
the residue determination unit 234, and the synthesis unit 236. The structures and
configurations of these components are as described above.

[104] A difference between the embodiments illustrated in FIGS. 3 and 4 is the correction
unit 235.

[105] As shown in FIG. 4, the correction unit 235 includes the first superposition module
2351, a downsampling module 2352, a residue determination module 2353, an
upsampling module 2354, and a second superposition module 2355.

[106] In FIG. 4, the first superposition module 2351 is configured to superpose the first
upsampled residue image D} and the first upsampled feature image R to obtain the
second upsampled feature image R} . The downsampling module 2352 is configured to
perform downsampling on the second upsampled feature image R} to obtain the second

downsampled feature image R3 . The residue determination module 2353 is configured to
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generate a residue image D3 from the second downsampled feature image R and the first
composite image RCy. The residue determination module 2353 may be configured to
generate the residue image D3 according to a similar process as the residue determination
unit 234. The upsampling module 2354 is configured to perform upsampling on the
residue image D to obtain the upsampled residue image D3 . The second superposition
module 2355 is configured to superpose the upsampled residue image D? and the second
upsampled feature image R} to obtain the third upsampled feature image R% , and then to

generate the higher-resolution image R; from the third upsampled feature image R? .

[107] The first upsampler 231, the second upsampler 232, and the upsampling module 2354

may have similar structure. The downsampler 233 and the downsampling module 2352
may have similar structure. The residue determination unit 234 and the residue
determination module 2353 may be configured to implement a similar convolution
network, but it is understood that two convolution networks within the same system for

image processing may have the same structure but different parameters.

[108] In the embodiment illustrated in FIG. 4, the downsampler 233, the residue

determination unit 234, the second upsampler 232, and the first superposition module
2351 apply a first residual correction to the first upsampled feature image R? . The
downsampling module 2352, the residue determination module 2353, the upsampling
module 2354, and the second superposition unit 2355 apply a second residual correction
to the first upsampled feature image RY . In some embodiments, the correction unit 235
may include a plurality of upsampling modules, a plurality of downsampling modules, a
plurality of residue determination modules, and a plurality of second superposition units,
in order to perform multiple residual corrections to further improve the resolution of the

reconstruction.

[109] The generative network 200 according to the present disclosure is configured to

iteratively enhance the input image Iy through upscaling. More particularly, the generative
network 200 is configured to obtain an image having a target resolution by performing
one or more iteration of enhancement (that is, upscaling). At the first iteration, the
reference image is the input image I. At subsequent iterations of enhancement, the
higher-resolution feature image generated during the preceding iteration is provided to the
connection module 220. During each iteration, the connection module 220 receives a
noise input and a feature image that have the same resolution. In some embodiments, a

predetermined amplitude may be provided to the acquisition unit 210, and then based on
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1 the predetermined amplitude, the acquisition unit 210 may generate a plurality of noise

2 inputs having different resolutions and during each iteration, provide the connection

3 module 220 with a noise input having the same resolution as the feature image received

4 by the connection module 220.

5 [110] FIG. 5 shows a block diagram of an enhancement unit according to an embodiment of

6 the present disclosure.

7  [111] The block diagram of FIG. 5 is not intended to indicate that the enhancement unit

8 includes only the components shown in FIG. 5. The enhancement unit according to the

9 present disclosure may include any number of additional accessories and/or components
10 known to a person of ordinary skill in the art, but not shown in FIG. 5, depending on the
11 details of the specific implementation.
12 [112] The generative network 200 according to the present disclosure is configured to
13 perform multiple iterations of enhancement on the input image. As shown in FIG. 5, the
14 enhancement unit 230 includes the first upsampler 231, the second upsampler 232, the
15 downsampler 233, the residue determination unit 234, the first superposition module 2351,
16 the downsampling module 2352, the upsampling module 2354, and the residue
17 determination module 2353. The structures and configurations of these components are as
18 described above for FIG. 4.
19  [113] Asshown in FIG. 5, the reference image received by the connection module 220 is
20 the higher-resolution feature image RY_, generated after the I-1"™ iteration of enhancement.
21 It is understood that the embodiment illustrated in FIG. 5 includes the analysis unit (not
22 shown). During the first iteration of enhancement, and the number of iterations / is greater
23 than 1, the analysis unit generates the feature image of the starting input image, and
24 provides the feature image to the connection module.

25 [114] The enhancement unit 230 may include a residual correction system configured to

26 perform back-projection. Back-projection is the process by which residual corrections are
27 performed on the first upsampled feature image RY . The output from the residual
28 correction system is the corrected upsampled feature image.

29  [115] The higher-resolution image R}, obtained after [-1" iteration of enhancement is
g gC Ry

30 joined to the noise input to generate the first composite image RC;;. The first upsampler
31 231 performs upsampling on the first composite image RC;; to generate the first

32 upsampled feature image RY . The residual correction system performs multiple rounds of
33 downsampling on the first upsampled feature image RY to generate a downsampled image
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having the same resolution as the initial input image lo. Comparing the downsampled
image, prepared by performing multiple rounds of downsampling on the first upsampled
feature image R, to the first composite image RCy makes it possible to determine the
residual correction to be applied to the first upsampled feature image RY .

[116] InFIG. 5, R? represents the higher-resolution feature image obtained after the /™

I" iteration, p rounds of residual corrections are

iteration of enhancement, and during the
performed on the first upsampled feature image R°. As shown in FIG. 5, R} may be used
to represent the upsampled feature image that has been subject to one round of residual
correction. R may be used to represent the upsampled feature image that has been subject
to two rounds of residual correction, and so on. It is understood that the specific
implementations, including the number of residual corrections (that is, the value of p),
may be adjusted according to preference and need.

[117] FIG. 6 shows a block diagram of an enhancement unit according to an embodiment of
the present disclosure.

[118] The block diagram of FIG. 6 is not intended to indicate that the enhancement unit
includes only the components shown in FIG. 6. The enhancement unit according to the
present disclosure may include any number of additional accessories and/or components
known to a person of ordinary skill in the art, but not shown in FIG. 6, depending on the
details of the specific implementation.

[119] The enhancement unit 230 in FIG. 6 includes the first upsampler 231, the second
upsampler 232, the downsampler 233, the residue determination unit 234, the first
superposition module 2351, the downsampling module 2352, the upsampling module
2354, and the residue determination module 2353,

[120] As shown in FIG. 6, the enhancement unit 230 includes interpolation unit 237 and
superposition unit 238.

[121] The interpolation unit 237 is configured to perform interpolation on reference image
111, and to generate an interpolated image based on the reference image 1.;. The number
of channels in the interpolated image is the same as the number of channels in the
reference image I;.;. The resolution of the interpolated image is the same as the resolution
of the higher-resolution feature image R;l . The interpolation unit 237 may be configured
to perform interpolation according to any appropriate interpolation methods known to a

person of ordinary skill in the art, including, but not limited to, bicubic interpolation.
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[122] The superposition unit 238 is configured to superpose the interpolated image
generated by the interpolation unit 237 on the output from the synthesis unit 236, in order
to generate the higher-resolution image I, of the reference image I;.;.

[123] A difference between the embodiments illustrated in FIGS. 5 and 6 is that, in FIG. 5,
the generative network 200 directly outputs a higher-resolution version of the reference
image 1.1, whereas in FIG. 6, the generative network 200 outputs a higher-resolution
version of the details image of the reference image 1,.;. The generative networks 200
illustrated in FIGS. 5 and 6 are structurally similar, but it is understood that the
parameters of the two neural network architectures may be different.

[124] FIG. 7 shows a block diagram of an enhancement unit according to an embodiment of
the present disclosure.

[125] The block diagram of FIG. 7 is not intended to indicate that the enhancement unit
includes only the components shown in FIG. 7. The enhancement unit according to the
present disclosure may include any number of additional accessories and/or components
known to a person of ordinary skill in the art, but not shown in FIG. 7, depending on the
details of the specific implementation.

[126] As shown in FIG. 7, the enhancement unit 200 includes the first upsampler 231, the
second upsampler 232, the downsampler 233, the residue determination unit 234, the
downsampling module 2352, the upsampling module 2354, and the residue determination
module 2353. The structures and configurations of these components are as described
above for FIG. 6.

[127] A difference between the embodiments in FIGS. 6 and 7 is in the first upsampler 231.
The first upsampler 231 in FIG. 6 is configured to perform upsampling directly on the
first composite image RCy to generate the first upsampled feature image R? . In FIG. 7,
the first upsampler 231 does not perform upsampling directly on the first composite
image RC,;. It is understood that the first upsampler illustrated in FIGS. 6 and 7 may be
used separately or in combination in the system for image processing according to the
present disclosure.

[128] As shown in FIG. 7, the first upsampler 231 includes an analysis module 2311, a
downsampling module 2312, a connection module 2313, and an upsampling module 2314,

[129] The analysis module 2311 of the first upsampler 231 is configured to generate a
feature image of the interpolated image. The number of channels in the feature image is
the same as the number of channels in the interpolated image. The resolution of the

feature image is the same as the resolution of the interpolated image.
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[130] The downsampling module 2312 of the first upsampler 231 is configured to perform
downsampling on the feature image of the interpolated image to generate a downsampled
feature image.

[131] The connection module 2313 of the first upsampler 231 is configured to join the
downsampled feature image generated by the downsampling module 2312, with the first
composite image RC,;, to obtain the second composite image.

[132] The upsampling module 2314 of the first upsampler 231 is configured to perform
upsampling on the second composite image to generate the first upsampled feature image
R’

[133] Each of the modules, units, and/or components in the system for image processing
according to the present disclosure may be implemented on one or more computer
systems and/or computing devices that may implement the various techniques described
herein. The computing device may be in the form on a general-purpose computer, a
microprocessor, in digital electronic circuitry, integrated circuitry, specially designed
ASICs (application specific integrated circuits), computer hardware, firmware, software,
and/or combinations thereof. These various implementations can include implementation
in one or more computer programs that are executable and/or interpretable on a
programmable system including at least one programmable processor, which may be
special or general purpose, coupled to receive data and instructions from, and to transmit
data and instructions to, a storage system, at least one input device, and at least one output
device.

[134] For example, an exemplary computing device may include a processing system, at
least one computer-readable media, and at least one I/O interface, which are
communicatively coupled to one another. The computing device may further include a
system bus or other data and command transfer system that couples the various
components to one another. A system bus can include any one or combination of different
bus structures, such as a memory bus or memory controller, a peripheral bus, a universal
serial bus, and/or a processor or local bus that utilizes any of a variety of bus architectures.
A variety of other examples are also contemplated, such as control and data lines.

[135] The processing system is configured to perform one or more operations using
hardware, and may therefore include hardware elements that may be configured as
processors, functional blocks, and the like. This may include implementation in hardware
as an application specific integrated circuit or other logic device formed using one or

more semiconductors. Hardware elements are not limited by the materials from which
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[

they are formed or the processing mechanisms employed therein. Processors may contain
semiconductor and/or transistors (for example, electronic integrated circuits).

[136] Computer programs (also known as programs, applications, software, software
applications or code) include machine instructions for a programmable processor, and can
be implemented in a high-level procedural and/or object-oriented programming language,
and/or in assembly/machine language. As used herein, the terms “machine-readable

2% <¢

medium” “computer-readable medium” refers to any computer program product,
apparatus and/or device (e.g., magnetic discs, optical disks, memory, Programmable

Logic Devices (PLDs)) used to provide machine instructions and/or data to a

S O 0 NN R W

[

programmable processor, including a machine-readable medium that receives machine

[
[

instructions as a machine-readable signal. The term “machine-readable signal” refers to

[S—y
[\

any signal used to provide machine instructions and/or data to a programmable processor.

13 [137] 1/O interfaces may be any device that allows a user to enter commands and

14 information to the computing device, and also allow information to be presented to the
15 user and/or other components or devices. Examples include, but are not limited to, a

16 display device (e.g., a CRT (cathode ray tube) or LCD (liquid crystal display) monitor)
17 for displaying information to the user, a keyboard and a pointing device (e.g., a mouse or
18 a trackball) by which the user can provide input to the computer. Other kinds of

19 accessories and/or devices can be used to provide for interaction with a user as well,

20 including, for example, feedback provided to the user can be any form of sensory

21 feedback (e.g., visual feedback, auditory feedback, or tactile feedback). Input from the
22 user can be received in any form, including acoustic, speech, or tactile input.

23 [138] The apparatuses, systems, processes, functionalities, and techniques described above

24 can be implemented in a computing system that includes a back end component (e.g., asa
25 data server), or that includes a middleware component (e.g., an application server), or that
26 includes a front end component (e.g., a client computer having a graphical user interface
27 or a Web browser through which a user can interact with an implementation of the

28 apparatuses, systems, processes, functionalities, and techniques described here), or any
29 combination of such back end, middleware, or front end components. The components of
30 the system can be interconnected by any form or medium of digital data communication
31 (e.g., a communication network). Examples of communication networks include a local
32 area network (“LAN™), a wide area network (“WAN”), and the Internet.

33 [139] The computing system can include clients and servers. A client and server are

34 generally remote from each other and typically interact through a communication network.
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1 The relationship of client and server arises by virtue of computer programs running on the
2 respective computers and having a client-server relationship to each other.
3 [140] FIGS. 8A-8C show schematic diagrams illustrating an enhancement of an input image
4 with different numbers of residual corrections. FIG. 8 A shows a schematic diagram
5 illustrating an enhancement of an input image without residual corrections. FIG. 8B
6 shows a schematic diagram illustrating an enhancement of an input image with one
7 residual correction. FIG. 8C shows a schematic diagram illustrating an enhancement of an
8 input image with two residual corrections.
9 [141] In FIGS. 8 A-8C, the letter “a” represents the feature extraction operation performed
10 by the analysis unit 210 and/or the analysis module 2311. The letter “s” represents the
11 synthesis operation performed by the synthesis unit 236. The letter “b” represents the
12 interpolation operation performed by the interpolation unit 237. The letter “d” represents
13 the downsampling operation performed by the downsampler 233 and/or the
14 downsampling module 2352, 2312. The letter “u” represents the upsampling operation
15 performed by the second upsampler 233 and/or the upsampling module 2353, 2314. The
16 symbol “+” represents the superposition operation performed by the first superposition
17 module 2351 and/or the second superposition module 2355. The superposition operation
18 involves the superposition of the gray levels of positionally corresponding pixels in the
19 two images being superposed. The letter “c” represents the joining operation performed
20 by the connection unit 220 and/or the connection module 2313. The joining operation
21 involves a weighted superposition of positionally corresponding pixels in the two images
22 being superposed. The structure and configuration of each component is as described
23 above. Also as described above, a residue image between two images represents the
24 degree of dissimilarity between the two images. In some embodiments, a subtraction
25 operation may be performed to obtain the residue image. In other embodiments, the
26 residue image may be obtained by joining two image, and then performing a
27 transformation on the joined image. In the embodiments illustrated in FIGS. 8A-8C, the
28 residue image is obtained through a process involving a joining operation.

29  [142] Inthe embodiment illustrated in FIG. 8 A, enhancement is performed on an input

30 image without residual corrections. The total number of iterations of enhancement is 3,
31 and the number of rounds (p) of residual correction is 0 (i.e., p = 0).

32 [143] Asshown in FIG. 8A, an input image Ip is input into the analysis module (a), which
33 performs a feature extraction operation on the input image I to obtain a feature image of

34 the input image Iy. The feature image and the noise input are then joined in the connection
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1 module (¢) to obtain the first composite image. The synthesis module (s) performs a
2 synthesis operation on the feature image, and the superposition module (+) superposes the
3 synthesized image with the input image Iy to obtain a transformed input image. An
4 interpolation operation is performed in the interpolation module (b) on the transformed
5 input image to obtain the first interpolated image, the resolution of which has been
6 enhanced by a factor of 2. The analysis module (a) obtains a feature image of the first
7 interpolated image, followed by a downsampling operation in the downsampling module
8 (d). The downsampled image is joined with the first composite image in the connection
9 module (¢). The joined image is then upsampled in the upsampling module (u) by a factor
10 of 2 to obtain the first higher-resolution feature image. The synthesis module (s) performs
11 a synthesis operation on the first higher-resolution feature image, and the synthesized
12 image is superposed with the first interpolated image to obtain the first higher-resolution
13 image.
14 [144] Aninterpolation operation is then performed on the first higher-resolution image to
15 obtain the second interpolated image. The first higher-resolution feature image is joined
16 with a noise input having a corresponding resolution to obtain the second composite
17 image. A feature extraction and a 2x downsampling are performed sequentially on the
18 second interpolated image. The downsampled image is joined with the second composite
19 image. The joined image is then upsampled by a factor of 2 to obtain the second higher-
20 resolution feature image. A synthesis operation is performed on the second higher-
21 resolution feature image, and the synthesized image is superposed with the second
22 interpolated image to obtain the second higher-resolution image, which has a resolution
23 that is enhanced 4x relative to the input image Io.
24 [145] The second higher-resolution image is then subject to the same processing as the first
25 higher-resolution image, and the second higher-resolution feature image is subject to the
26 same processing as the first higher-resolution feature image, in order to obtain the third
27 higher-resolution image, which has a resolution that is enhanced 8x relative to the input
28 image Io.
29  [146] Inthe embodiment illustrated in FIG. 8B, enhancement is performed on an input
30 image with one residual correction. The total number of iterations of enhancement is 3,
31 and the number of rounds (p) of residual correction is 1 (i.e., p=1).

32 [147] Asshown in FIG. 8B, an input image Iy is input into the analysis module (a), which
33 performs a feature extraction operation on the input image Iy to obtain a feature image of

34 the input image Io. The feature image is joined with a noise input having the same
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1 resolution to obtain the first composite image. The synthesis module (s) performs a
2 synthesis operation on the feature image, and the superposition module (+) superposes the
3 synthesized image with the input image Iy to obtain a transformed input image. The
4 interpolation module (b) interpolates the transformed input image by an interpolation
5 factor of 2 to obtain the first interpolated image. The analysis module (a) obtains a feature
6 image of the first interpolated image. The first interpolated image is downsampled in the
7 downsampling module (d) by 2x. The downsampled first interpolated image is then
8 joined with the first composite image in the connection module (¢). The joined image is
9 then upsampled in the upsampling module (u) by 2x to obtain the first upsampled feature
10 image. The first upsampled feature image has been upsampled by 2x.
11 [148] The first upsampled feature image is then downsampled, and the first residue image
12 representing the dissimilarity between the downsampled first upsampled feature image
13 and the first composite image is obtained. The first residue image is upsampled by 2x.
14 The upsampled first residue image and the first upsampled feature image are superposed
15 to obtain the first higher-resolution feature image. A synthesis operation is performed on
16 the first higher-resolution feature image, after which the synthesized image is superposed
17 with the first interpolated image to obtain the first higher-resolution image. The resolution
18 of the first higher-resolution image has been enhanced 2x relative to the resolution of the
19 input image Io.
20  [149] To further enhance the resolution, the first higher-resolution image may be
21 interpolated by an interpolation factor of 2 to obtain the second interpolated image. The
22 first higher-resolution feature image is joined with a noise input having the same
23 resolution to obtain the second composite image. A feature extraction and downsampling
24 are performed on the second interpolate image, and then downsampled second
25 interpolated image is joined with the second composite image. The joined image is then
26 upsampled to obtain a first upsampled feature image, which has been upsampled by 4x.

27  [150] The first upsampled feature image is downsampled by 2x to obtain the first

28 downsampled feature image. The first downsampled feature image is further

29 downsampled by 2x, after which the second residue image is obtained that represents the
30 dissimilarity between the first downsampled feature image and the first composite image.
31 The second composite image is upsampled by 2x, and then superposed with the first

32 downsampled feature image to determine the residue between the superposed image and

33 the first higher-resolution feature image. The residue is upsampled by 2x, and then

34 superposed with the first upsampled feature image (which has been upsampled by 4x) to
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obtain the second higher-resolution feature image. A synthesis operation is performed on
the second higher-resolution feature image, followed by superposition with the second
interpolated image to obtain a second higher-resolution image. The resolution of the
second higher-resolution image has been enhanced 4x relative to the resolution of the
input image I.

[151] Asshown in FIG. 8B, repeating the above process will generate a third higher-
resolution image having a resolution that has been enhanced 8x relative to the resolution
of the input image Io.

[152] Inthe embodiment illustrated in FIG. 8C, enhancement is performed on an input
image with one residual correction. The total number of iterations of enhancement is 3,
and the number of rounds (p) of residual correction is 2 (i.e., p = 2).

[153] A difference between the embodiments illustrated in FIGS. 8B and 8C is that in FIG.
8C, the first upsampled feature image is subject to multiple rounds of downsampling, and
a residue between the final downsampled image and the first composite image is
determined. The residue is upsampled, and superposed with the first upsampled feature
image, in order to perform multiple residual corrections on the first upsampled feature
image. The embodiment illustrated in FIG. 8C is described above in connection with FIG.
5.

[154] FIG. 9 shows a schematic diagram of a system for image processing, according to
another embodiment of the present disclosure.

[155] Asshown in FIG. 9, the system for image processing includes the generative network
200, a training data building module 300, and a training module 400.

[156] The training set building module 300 is configured to build data for training the
generative network 200. The training data may include a plurality of high-resolution
reference images, and a plurality of corresponding low-resolution reference images
obtained by performing downsampling on the plurality of high-resolution reference
images. The upscale factor between the high-resolution reference images and the low-
resolution reference images is the same as the upscale factor between the higher-
resolution image ultimately generated by the generative network and the input image (for
example, Ip).

[157] The training module 400 is configured to alternately train the generative network 200
and a discriminative network (not shown) until the desired training targets are met. For
example, a training target may be a predetermined number of training sessions. To

alternately train the generative network and the discriminative network is to alternate the
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training of the generative network with the training of the discriminative network, and
vice versa. The discriminative network may be constructed and configured in any
appropriate manner known to a person of ordinary skill in the art, so long as the
discriminative network is capable of being trained with the generative network.

[158] FIG. 10 shows a flow chart of a method for training a generative network according to
an embodiment of the present disclosure.

[159] As shown in FIG. 10, the method includes the following steps:

[160] Instep S111, at least one first noise input corresponding to a reference noise input
having a first amplitude, and one of the plurality of low-resolution reference images, are
provided to the generative network to be iteratively enhanced as described above, in order
to generate a first output image.

[161] In step S112, at least one second noise input corresponding to a reference noise input
having a second amplitude, and one of the plurality of low-resolution reference images,
are provided to the generative network to generate a second output image through an
iterative image processing as described above.

[162] The order in which S111 and S112 are performed is not particularly limited.

[163] The first amplitude is larger than “0”, and the second amplitude is equal to “0”. The
number of first noise input and the number of second noise input are each the same as the
number of iterations of enhancements to be performed in the iterative image processing.
Further, during each iteration, the noise input has a resolution that is the same as the
resolution of the feature image corresponding to the reference image. The first output
image and the second output image refer to the final image generated by the iterative
image processing. During the same training session, the first output image and the second
output image are generated by the generative network 200 according to the same network
parameters.

[164] There are no particular limitations on the noise references, which may contain random
noise. The mean and variance of the noise input are p and o, respectively. The value of
cach pixel in the noise input fluctuates within the range of p - 6 and p + 6. In such
embodiments, the amplitude of the noise is . In some embodiments, the mean value ()
of the first noise input is 1, and the variance is a predetermined value (o).

[165] In step S113, the first output image, and the high-resolution reference image
corresponding to the one of the plurality of low-resolution reference images, are provided

to the discriminative network. The discriminative network analyzes and classifies the
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images, outputs a first score based on the first high-resolution reference image, and
outputs a second score based on the first output image.

[166] Loss in the generative network is calculated according to the following equation (1):

[167] Loss = A1 Lyec(X, Vp—o) t A2 Lper (X, Vo) + A3 Lo an (V=) (1)

[168] In formula (1), X represents the high-resolution reference image. Y,—prepresents the
second output image. Y,-; represents the first output image. L,..(X, ¥,=¢) represents the
reconstruction error between the second output image and the high-resolution reference
image. L,.(X, Y,-;) represents the perceptual loss between the first output image and the
high-resolution reference image. Lsan(Y,=1) represents the sum of the first score and the
second score. 4, 4, 43 each presents a predetermined weight.

[169] The reconstruction error L,..(X, Y,—¢) is calculated according to the following equation
2):

1701 Lyec(X, Yomo) = E[Sh ¥y — HRY|, | + E |20k (7o) - LR],| @)

[171] The perceptual loss L,.-(X, Y,-;) is calculated according to the following equation (3):

[172] Lper(X, Yq) = E[XE Lex (Yazy, HRD] + E[ZEs Lex (Dpic(Yaz1), LR)] (3)

[173] The value for Lgan(Y,=y) 1s calculated according to the following equation (4):

[174]  Lgay(Yey) = Ellog(D(HR)] + E[log (1 = D(Y,-1))] )

[175] Inthe above equations (2) to (4):

[176] L represents the number of iterations of enhancement, and L > 1;

[177] Y!_, represents the image generated by the generative network after performing one
iteration of enhancement based on the second noise input, and / < L.

[178] LR represents the low-resolution reference image;

[179] D};.(Y;l_,) represents the image obtained by performing downsampling on the image
represented by Y,._,, and the image represented by D} ,.(Y,'_,) has the same resolution has
the low-resolution reference image;

[180] HR! represents the image obtained by performing downsampling on the high-
resolution reference image, and the image represented by HR! has the same resolution as
the image represented by Y;!_,;

[181] Y!_, represents the image generated by the generative network after performing one

iteration of enhancement based on the first noise input;
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[182]

D}, (Y}, represents the image obtained by performing downsampling on the image

represented by Y,._; , and the image represented by Dy,;.(Y,'_;) has the same resolution as

the low-resolution reference image;

[183]
[184]
[185]
[186]
[187]

Lcx () represents the perceptual loss function;
D(Y,,_,) represents the first score;

D(HR) represents the second score; and

E[ ]represents matrix energy calculation.

The discriminative network includes L input terminals. L represents the number of

iterations of enhancement, and L > 1. Each of the generative network’s (L-l)th iteration of
enhancement based on the first noise input generates one intermediate image, and the L™
iteration generates the first output image. Each intermediate image is provided to the
discriminative network at the same time when the first output image is provided to the
discriminative network. Each of the intermediate images and the first output image are

provided to the discriminative network via the corresponding input terminal.

[188] In addition, an intermediate-resolution image having the same resolution as a

corresponding intermediate image is generated by performing downsampling on the high-
resolution reference image. The plurality of intermediate-resolution images are provided
to the discriminative network at the same time when the high-resolution reference image
is provided to the discriminative network. Each of the plurality of intermediate-resolution
images and the high-resolution reference image is provided to the discriminative network

via the corresponding input terminal.

[189] The discriminative network is configured to evaluate the degree of match between the

high-resolution reference image and the image with the highest calculated resolution
received at each input terminal. The discriminative network is configured to score each
match by assigning a value from “0” to “1”. If the discriminative network outputs a score
of “0” or approaching “0”, then the discriminative network has determined that the image
having the highest calculated resolution is the output of the generative network. If the
discriminative network outputs a number of “1” or approaching “17, then the
discriminative network has determined that the image having the highest calculated

resolution is the high-resolution reference image.

[190] In step S114, the parameters of the generative network are adjusted to lower loss in

the generative network. The loss represents the sum of the differences between the high-

resolution reference image and the first and second output images, respectively.
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[191] To lower loss in the generative network is to obtain a smaller loss as calculated
according to the loss function than in the previous training session for the generative
network, or to establish an overall trend of decreasing loss over the course of multiple
training sessions for the generative network.

[192] FIG. 11 shows a flow chart of a method for training a discriminative network
according to an embodiment of the present disclosure.

[193] As shown in FIG. 11, the method includes the following steps:

[194] In step S121, a first noise input corresponding to a reference noise input having a first
amplitude, and the low-resolution reference image, are provided to the generative
network, the parameters of the generative network having been adjusted. The generative
network generates a third output image.

[195] In step S122, the third output image and the high-resolution version of the low-
resolution reference image are provided to the discriminative network. The parameters of
the discriminative network are adjusted with an eye toward lowering the loss in the
discriminative network. The discriminative network is configured to output a
classification result that classifies whether the input received by the discriminative
network is an output image from the generative network or the high-resolution reference
image. The classification result is a value from “0” to “1”. If the discriminative network
outputs a score of “0” or approaching “0”, then the discriminative network has
determined that the input is an output image from the generative network. If the
discriminative network outputs a number of “1” or approaching “17, then the
discriminative network has determined that the input image is the high-resolution
reference image.

[196] The discriminative network may be constructed and configured in any appropriate
manner known to a person of ordinary skill in the art, so long as the discriminative
network is capable of classifying the degree of match between the image it receives as
input and the reference image.

[197] For example, in some embodiments, the discriminator may be a cascaded system. The
cascaded system includes a plurality of cascade layers, each of which comprises an
analysis module, a pooling module, a synthesis layer, and a sigmoid layer.

[198] Each of the plurality of analysis modules is coupled to a corresponding one of a
plurality of input terminals. The analysis modules are configured to receive, through the

input terminals, the plurality of input images, to extract one or more feature from each of
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1 the plurality of input images, and to generate a plurality of features images corresponding
to the plurality of input images based on the extracted one or more feature.
[199] The analysis module may include a convolution layer and a filter. The convolution
layer is configured to perform convolution on an input image. The image generated by the

convolution layer is the intermediate feature image of the input image. The filter is

2

3

4

5

6 configured to apply a filter to the intermediate feature image to obtain the feature image

7 of the input image. The filter is configured to transform an image (for example, by

8 extracting feature(s)). The filter may be configured as a convolutional neural network

9 (CNN), a residual network (ResNet), a densely connected convolutional network
10 (DenseNet), a convolutional neural network with alternately updated clique (CliqueNet),
11 a filter bank, and the like.

12 [200] Each ofthe plurality of analysis modules is coupled to a pooling module. The pooling

13 modules are connected in cascade. The pooling modules are configured to receive a

14 plurality of input images, generate a composite image by concatenating the plurality of

15 input images, and perform downsampling on the composite image to generate a

16 downsampled composite image. In the first layer of the cascade, the feature image from

17 the analysis module doubles as the reference image for the corresponding pooling module.
18 In the subsequent layers of the cascade, the reference image is the downsampled

19 composite image generated by the pooling module in the preceding layer of the cascade.

20  [201] The pooling module may include a connector, a convolution layer, and a filter. The

21 connector is configured to concatenate the feature image generated by the analysis

22 module and the reference image having the same resolution as the feature image, in order
23 to generate a composite image. The convolution layer is configured to perform a

24 downsampling operation on the composite image to obtain an intermediate downsampled
25 feature image, which has a lower resolution than the composite image. In other words, the
26 convolution layer in the pooling module may be a downsampling layer. The convolution
27 layer may include a reverse MuxOut layer, a strided convolution layer, a maxpool layer,
28 or a standard per channel downsampler (for example, a bicubic interpolation layer). The
29 filter in the pooling module is configured to apply a filter to the intermediate

30 downsampled feature image to obtain the downsampled feature image. The filter may be
31 configured as a convolutional neural network (CNN), a residual network (ResNet), a

32 densely connected convolutional network (DenseNet), a convolutional neural network

33 with alternately updated clique (CliqueNet), a filter bank, and the like.
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[202] The synthesis layer is configured to receive the downsampled composite image from

the pooling module in the last layer of the cascaded system. The synthesis layer is
configured to generate a training image based on the downsampled composite image from
the last layer of the cascade of pooling modules. The synthesis layer may include a filter
and at least one convolution layer. The filter is configured to apply filter to the
downsampled composite image from the last layer of the cascade of pooling modules, and
to obtain the intermediate training image. The filter may be configured as a convolutional
neural network (CNN), a residual network (ResNet), a densely connected convolutional
network (DenseNet), a convolutional neural network with alternately updated clique
(CliqueNet), a filter bank, and the like. The convolution layer of the synthesis layer is
configured to perform convolution on the intermediate training image to obtain the
training image. The training image is then fed to the sigmoid layer, where the training
image is classified against a preset standard image having the same resolution as the

training image.

[203] The sigmoid layer is configured to classify the received downsampled composite

image generated by the synthesis layer, by generating a score that represents a degree of
match between the received image and a preset standard image having the same
resolution as the received image. The score has a value between “0” and “1”. If the score
is “0” or approaches “0”, then the input image is determined to be the output of the
generative network. If the score is “1” or approaches “17, then the image is determined to

be the preset standard image.

[204]

[205] A training process includes » number of training sessions for the discriminative

network, and » number of training sessions for the generative network. During the
training sessions for the discriminative and generative networks within the same training
process, the same low-resolution reference image is provided to the generative network.

During different training processes, different low-resolution feature images are used.

[206] During super-resolution reconstruction, the details in the reconstructed image having

a higher resolution are affected by noise. The present disclosure provides a loss function
for the generative network that takes into account not only the difference between the
high-resolution reference image and the output image generated in the presence of noise,
but also the difference between the high-resolution reference image and the output image

generated when the noise input is set to zero. By adjusting the amplitude of the noise
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1 input entering the generative network during super-resolution reconstruction, the present

2 disclosure makes it possible to limit the amount of loss in the reconstructed image to a

3 point on the curve in FIG. 1. That is, given an amount of distortion, by adjusting the

4 amplitude of the noise input entering the generative network, the present disclosure

5 makes it possible to obtain the lowest possible perceptual loss. Conversely, given an

6 amount of perceptual loss, by adjusting the amplitude of the noise input entering the

7 generative network, the present disclosure makes it possible to obtain the lowest possible

8 distortion loss. The present disclosure thus makes it possible to provide a strategy for

9 controlling the perception-distortion tradeoff through noise inputs that are manipulated to
10 generate details at different scales and/or in different sizes. The present disclosure avoids
11 conflicts between reconstruction and perceptual losses. In this way, the present disclosure
12 provides a flexible and versatile approach to image reconstruction in which an image may
13 be reconstructed according to different preferences and criteria.
14 [207] FIG. 12 shows a flow chart of a method for image processing according to an
15 embodiment of the present disclosure.

16  [208] Asshown in FIG. 12, the method includes the following steps:
17 [209] In step 0 (S0), training sets are built. The training data may include a plurality of high-

18 resolution reference images, and a plurality of corresponding low-resolution reference

19 images obtained by performing downsampling on the plurality of high-resolution

20 reference images. The upscale factor between the high-resolution reference images and
21 the low-resolution reference images is the same as the upscale factor between the higher-
22 resolution image ultimately generated by the generative network and the input image (for
23 example, Ip).

24 [210] Instep S1, different low-resolution images are used to iteratively and alternatively
25 train the generative network and the discriminative network in the training process until
26 the desired training targets are met. For example, a training target may be a predetermined
27 number of training sessions. To alternately train the generative network and the

28 discriminative network is to alternate the training of the generative network with the

29 training of the discriminative network, and vice versa. The generative network may be
30 trained as illustrated in FIG. 10, and the discriminative network may be trained as

31 illustrated in FIG. 11.

32 |211] Instep S2, the generative network performs iterative enhancements on the input

33 image. The generative network is one that has been trained according to step S1.
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[212] FIG. 13 shows a flow chart of a method of iteratively enhancing an image according
to an embodiment of the present disclosure.

[213] As shown in FIG. 13, the method includes the following steps:

[214] In step S21, the feature image of the reference image and the noise input are acquired.

[215] In step S22, the feature image and the noise input are concatenated to obtain the first
composite image.

[216] In step S23, a higher-resolution feature image is generated based on the first
composite image. The resolution of the higher-resolution feature image is higher than the
resolution of the reference image.

[217] In the first iteration of enhancement, the “feature image of the reference image” refers
to the feature image of the input image. In the subsequent iterations, the “feature image of
the reference image” refers to the higher-resolution feature image generated in the
preceding iteration. The amplitude of the noise input is the same in each iteration.

[218] FIG. 14 shows a flow chart of a method of iteratively enhancing an image according
to another embodiment of the present disclosure.

[219] As shown in FIG. 14, the method includes the following steps:

[220] In step S31, the feature image of the reference image and the noise input are acquired.

[221] In step S32, the feature image and the noise input are concatenated to obtain the first
composite image.

[222] In step S33, the reference image is interpolated to obtain the interpolated image
corresponding to the reference image.

[223] In step S34, a higher-resolution feature image is generated based on the first
composite image. The resolution of the higher-resolution feature image is higher than the
resolution of the reference image. The resolution of the interpolated image is the same as
the resolution of the higher-resolution feature image.

[224] Step S34 further includes the following steps:

[225] In step S341, a first upsampled feature image is generated based on the first
composite image. More particularly, in step S341, features are extracted from the
interpolated image to obtain a feature image of the interpolated image. The feature image
of the interpolated image is then downsampled, and joined to the first composite image to
obtain the second composite image. The second composite image is upsampled to obtain
the first upsampled feature image.

[226] In step S342, the first upsampled feature image is downsampled to obtain the first

downsampled feature image.
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1 [227] Instep S343, aresidue image is generated that represents the degree of dissimilarity
2 between the first downsampled feature image and the first composite image. In some
3 embodiments, a subtraction operation may be performed on the first downsampled feature
4 image and the first composite image to obtain the residue image. In other embodiments,
5 the residue image may be obtained by joining the first downsampled feature image to the
6 first composite image, and then performing a transformation on the joined image.
7  [228] Instep S344, the residue image is upsampled to obtain an upsampled residue image.
8  [229] Instep S345, the upsampled residue image is corrected to obtain a higher-resolution
9 feature image. In some embodiments, the upsampled residue image and the first
10 upsampled feature image may be superposed to obtain the higher-resolution feature image.
11 In these embodiments, one correction is performed on the first upsampled feature image.
12 In other embodiments, the correction may include: superposing the upsampled residue
13 image and the first upsampled feature image to obtain the second upsampled feature
14 image; downsampling the second upsampled feature image to obtain the second
15 downsampled feature image; obtaining a residue image from the second downsampled
16 feature image and the first composite image; upsampling the residue image; superposing
17 the upsampled residue image with the second downsampled feature image to obtain the
18 higher-resolution feature image. In these embodiments, two corrections are performed on
19 the first upsampled feature image. These embodiments are also described above in
20 connection with FIG. 4.
21  [230] After step S34, in step S35, the higher-resolution feature image is synthesized and
22 superposed with the interpolated image to obtain the higher-resolution image. The higher-
23 resolution image is a higher-resolution version of the reference image.

24 [231] Inthe first iteration of enhancement, the reference image is the input image. In
25 subsequent iterations, the reference image is the higher-resolution image generated in the
26 preceding iteration.

27  [232] The methods and techniques described above may be implemented on a computing

28 device in the form on a general-purpose computer, a microprocessor, in digital electronic
29 circuitry, integrated circuitry, specially designed ASICs (application specific integrated
30 circuits), computer hardware, firmware, software, and/or combinations thercof. These

31 various implementations can include implementation in one or more computer programs
32 that are executable and/or interpretable on a programmable system including at least one
33 programmable processor, which may be special or general purpose, coupled to receive
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—

data and instructions from, and to transmit data and instructions to, a storage system, at
least one input device, and at least one output device.

[233] These computer programs (also known as programs, software, software applications
or code) include machine instructions for a programmable processor, and can be
implemented in a high-level procedural and/or object-oriented programming language,
and/or in assembly/machine language. As used herein, the terms “machine-readable

2% <¢

medium” “computer-readable medium” refers to any computer program product,
apparatus and/or device (e.g., magnetic discs, optical disks, memory, Programmable

Logic Devices (PLDs)) used to provide machine instructions and/or data to a

S O 0 NN R W

—

programmable processor, including a machine-readable medium that receives machine

—
—

instructions as a machine-readable signal. The term “machine-readable signal” refers to

—
\S]

any signal used to provide machine instructions and/or data to a programmable processor.

13 [234] Inthe method for image processing according to the present disclosure, during super-

14 resolution reconstruction of an image using a generative network, the amplitude of the

15 noise input entering the generative network may be adjusted to achieve the desired effects
16 (for example, whether and which details in the reconstructed image need to be highlighted,
17 the degree of detail, and the like). In this way, the present disclosure provides a flexible

18 and versatile approach to image reconstruction in which an image may be reconstructed

19 according to different preferences and criteria.

20  [235] The present disclosure also provides a method of enhancing an image. The method

21 includes providing an input image and an amplitude of the noise input to a system for

22 image processing as described above. The system for image processing will perform L

23 iterations of enhancement on the input image to output a higher-resolution image. For any
24 given input image, if noise inputs having different amplitudes are provided, the system

25 for image processing will output different images. That is, for a given input image, if

26 noise inputs having different amplitudes are provided, the output images will have the

27 same content but will differ in terms of perceptual loss and/or distortion.

28  [236] The present disclosure also provides a computer-readable medium that stores the
29 instructions for performing the method for image processing as described above.

30 [237] The term “computer-readable medium” may refer to any computer program product ,

31 apparatus and/or device (e.g., magnetic discs, optical disks, memory, Programmable

32 Logic Devices ( PLDs ) used to provide machine instructions and/or data to a

33 programmable processor, including a machine readable medium that receives machine
34 instructions as a machine-readable signal. The term “machine-readable signal” refers to
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1 any signal used to provide machine instructions and / or data to a programmable
2 processor. The computer-readable medium according to the present disclosure includes,
3 but is not limited to, random access memory (RAM), a read-only memory (ROM), a non-
4 volatile random access memory (NVRAM), a programmable read-only memory (PROM),
5 erasable programmable read-only memory (EPROM), electrically erasable PROM
6 (EEPROM), flash memory, magnetic or optical data storage, registers, disk or tape, such
7 as compact disk (CD) or DVD (digital versatile disc) optical storage media and other non-
8 transitory media.
9 [238] Various features, implementations, and techniques are described in the present
10 disclosure in the general context of software, hardware elements, or program modules.
11 Generally, such modules include routines, programs, objects, elements, components, data
12 structures, and so forth, which perform particular tasks or implement particular abstract
13 data types. The terms “module”, “functionality”, “component” as used herein generally
14 represent software, firmware, hardware, or a combination thereof. The features of the
15 techniques described in the present disclosure are platform-independent, meaning that the
16 techniques may be implemented on a variety of computing platforms having a variety of
17 processors.

2% <¢

18  [239] References in the present disclosure made to the term “some embodiment,” “some

19 embodiments,” and “exemplary embodiments,” “example,” and “specific example,” or

20 “some examples” and the like are intended to refer that specific features and structures,
21 materials or characteristics described in connection with the embodiment or example that
22 are included in at least some embodiments or example of the present disclosure. The

23 schematic expression of the terms does not necessarily refer to the same embodiment or
24 example. Moreover, the specific features, structures, materials or characteristics described
25 may be included in any suitable manner in any one or more embodiments or examples. In
26 addition, for a person of ordinary skill in the art, the disclosure relates to the scope of the
27 present disclosure, and the technical scheme is not limited to the specific combination of
28 the technical features, and also should cover other technical schemes which are formed by
29 combining the technical features or the equivalent features of the technical features

30 without departing from the inventive concept. What is more, the terms "first" and

31 "second" are for illustration purposes only and are not to be construed as indicating or

32 implying relative importance or implied reference to the quantity of indicated technical
33 features. Thus, features defined by the terms “first” and “second” may explicitly or

34 implicitly include one or more of the features. In the description of the present disclosure,
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the meaning of "plural” is two or more unless otherwise specifically and specifically
defined.

[240] The principle and the embodiment of the present disclosures are set forth in the
specification. The description of the embodiments of the present disclosure is only used to
help understand the method of the present disclosure and the core idea thereof.
Meanwhile, for a person of ordinary skill in the art, the disclosure relates to the scope of
the disclosure, and the technical scheme is not limited to the specific combination of the
technical features, and also should covered other technical schemes which are formed by
combining the technical features or the equivalent features of the technical features
without departing from the inventive concept. For example, technical scheme may be
obtained by replacing the features described above as disclosed in this disclosure (but not

limited to) with similar features.
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CLAIMS

What is claimed is:

1. A method of training a generative adversarial network, the method comprising:

iteratively enhancing a first noise input having a first amplitude and a first reference
image in a generative network to generate a first output image,

iteratively enhancing a second noise input having a second amplitude and the first
reference image in the generative network to generate a second output image,

transmitting the first output image and a second reference image to a discriminative
network, the second reference image corresponding to the first reference image and having a
higher resolution than the first reference image,

obtaining a first score from the discriminative network based on the second reference

image, and a second score from the discriminative network based on the first output image,

calculating a loss function of the generative network based on the first score and the
second score, and

adjusting at least one parameter of the generative network to lower the loss function
of the generative network.

2. The method according to claim 1, wherein the loss function of the generative
network is calculated according to equation (1):

Loss = Ay Lyec(X, Yy0) +AxLper (X, Yyo1) + A3 Lo an(Yn=1) (1),

X represents the high-resolution reference image,

Y,—orepresents the second output image,

Y,-; represents the first output image,

L,ec(X, Y,=¢) represents a reconstruction error between the second output image and
the second reference image,

L,er(X, Y,-1) represents a perceptual loss between the first output image and the
second reference image,

Lean(Y,=1) represents a sum of the first score and the second score, and

A1, A2, A3 each presents a predetermined weight.

3. The method according to claim 2, wherein the reconstruction error between the

second output image and the second reference image is calculated according to equation (2):
Lrec(Xr Yn:O) = E[ lL=1||er=O - HRl”l] + E[ lL=1||Dll)ic(er=0) - LR”l] (2)7

L represents the number of iterations of enhancement, and L > 1,
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Y!_, represents an image generated by the generative network microprocessor after
performing one iteration based on the second noise input, and / < L,

LR represents first reference image,

D}, (Y}, represents an image obtained by performing downsampling on the image
represented by Y,I_,, the image represented by D}, (Y,_,) having the same resolution has the
first reference image,

HR! represents an image obtained by performing downsampling on the second
reference image, the image represented by HR'! having the same resolution as the image
represented by Y,l_,, and

E[ ] represents a matrix energy calculation.

4. The method according to claim 2 or claim 3, wherein the perceptual loss between
the first output image and the second reference image is calculated according to equation (3):

Lper(X, Yue1) = E[Xis Lex (Yiay, HRD] + E[Si; Lox (Dhic (Ya=1) LR (3),

Y!_, represents an image generated by the generative network microprocessor after
performing one iteration based on the first noise input,

D}, (Yl_,) represents an image obtained by performing downsampling on the image
represented by Y,l_,, the image represented by D}, (Y,\_,) having the same resolution as the
first reference image, and

Lcx() represents a perceptual loss function.

5. The method according to any one of claims 2 to 4, wherein the sum of the first
score and the second score is calculated according to equation (4):

Loan(Yu—y) = E[log(D(HR))] + E[log (1 = D(Y, )] (4)

D(Y,,_,) represents the first score, and

D(HR) represents the second score.

6. The method according to any one of claims 1 to 5, further comprising:

providing the first noise input and the first reference image to the generative network
to generate a third output image, the at least one parameter of the generative network having
been adjusted,

providing the third output image and the second reference image to the discriminative
network,

obtaining a third score from the discriminative network based on the second reference
image, and a fourth score from the discriminative network based on the third output image,

and
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calculating the loss function of the generative network microprocessor.

7. The method according to claim 1, wherein the iteratively enhancing of the first
noise input and the first reference image comprises:

generating a first feature image based on the first reference image,

concatenating the first feature image with the first noise input to obtain a first
composite image, and

iteratively enhancing, in a finite number of iterations, the first reference image based
on the first feature image and the first composite image to generate a higher-resolution image
of the first reference image,

wherein the noise input for each of the finite number of iterations has the same
predetermined amplitude.

8. The method according to claim 7, further comprising:

interpolating the first reference image to obtain a first interpolated image,

generating a second feature image based on the first interpolated image,

downsampling the second feature image, and joining the downsampled second feature
image with the first composite image to obtain a second composite image, and

iteratively enhancing, in the finite number of iterations, the first reference image
based on the second feature image, the first composite image, and the second composite
image to obtain the higher-resolution image of the first reference image.

9. The method according to claim 7 or claim 8, further comprising:

generating a first residue image based on the first composite image, the first residue
image representing a degree of dissimilarity between the first composite image and the first
feature image, and

applying a residual correction to the first feature image based on the first residue
image to obtain the higher-resolution image of the first reference image.

10. The method according to claim 9, wherein the generating of the first residue
image and the applying of the residual correction are performed at least once.

11. A system for training a generative adversarial network, comprising:

a generative adversarial network processor, comprising a generative network
microprocessor, and a discriminative network microprocessor coupled to the generative
network microprocessor,

wherein the generative adversarial network processor is configured to perform the

method according to claim 1.
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12. A system, comprising a generative network microprocessor that has been trained
by the method according to claim 1.

13. A generative network microprocessor, comprising an apparatus configured to
perform the method according to any one of claims 7 to 10.

14. The generative network microprocessor according to claim 13, wherein the
apparatus comprises:

an analysis processor,

a connection processor coupled to the analysis processor, and

an enhancement processor coupled to the connection processor,

wherein:

the analysis processor is configured to receive a reference image, and extract one or
more feature from the input image to generate a feature image based on the reference image,

the connection processor is configured to receive a noise input having a
predetermined amplitude, and concatenate the noise input and the feature image to generate a
first composite image,

the enhancement processor is configured to iteratively enhance the reference image
based on the feature image and the first composite image to generate a higher-resolution
image of the reference image,

when a plurality of iterations are performed, the noise input for each iteration has the
same predetermined amplitude.

15. The generative network microprocessor according to claim 14, wherein:

the enhancement processor comprises a first upsampler, a downsampler, a residue
determination processor, a second upsampler, a correction processor, and a synthesis
processor, which are coupled to each other,

the first upsampler is configured to upsample the first composite image to generate an
upsampled feature image,

the downsampler is configured to downsample the unsampled feature image to
generate a downsampled feature image,

the residue determination processor is configured to generate a residue image from the
downsampled feature image and the first composite image, the residue image representing a
difference between the downsampled feature image and the first composite image,

the second upsampler is configured to upsample the residue image to generate a
upsampled residue image,

the correction processor is configured to apply at least one residual correction to the
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upsampled feature image according to the upsampled residue image to generate a higher-
resolution feature image of the reference image,

the synthesis processor is configured to synthesize a higher-resolution image of the
reference image from the higher-resolution feature image,

the enhancement processor is configured to perform at least two iterations, and

the higher-resolution image and the higher-resolution feature image are a reference
image and a feature image for a subsequent iteration.

16. The generative network microprocessor according to claim 15, wherein:

the enhancement processor further comprises an interpolation processor and a
superposition processor, which are coupled to each other,

the interpolation processor is configured to perform interpolation on the reference
image to generate an interpolated image, and

the superposition processor is configured to superpose the interpolated image on an
output from the synthesis processor to generate the higher-resolution image of the reference
image.

17. The generative network microprocessor according to claim 15 or claim 16,
wherein:

the first upsampler is configured to upsample the first composite image directly.

18. The generative network microprocessor according to claim 17, wherein:

the first upsampler is configured to generate a second composite image based on the
interpolated image, and then upsample the second composite image to generate the

upsampled feature image.
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Providing at least one first noise input, and one of a
plurality of low-resolution reference images to a /‘Sl 11
generative network to be iteratively enhanced, and to
generate a first output image.

l
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Providing a first noise input, and a low-resolution reference _—S1
image the generative network, at least one parameter of the '
generative network having been adjusted.

v

Providing a third output image and the high-resolution version 4
of the low-resolution reference image to the discriminative
network, and adjusting at least one parameter of the
discriminative network to lower lowering loss in the
discriminative network.
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