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(57) Abstract: Embodiments generally relate to providing systems and methods for assessing image quality of a distorted image relo ative to a reference image. In one embodiment, the system comprises a convolutional neural network that accepts as an input the dis
torted image and the reference image, and provides as an output a metric of image quality. In another embodiment, the method com
prises inputting the distorted image and the reference image to a convolutional neural network configured to process the distorted
image and the reference image and provide as an output a metric of image quality.



PCT APPLICATION

FULL REFERENCE IMAGE QUALITY ASSESSMENT
BASED ON CONVOLUTIONAL NEURAL NETWORK

Cross References to Related Applications

This application claims priority from U.S. Patent Application Serial No. 14/732,518,

entitled FULL REFERENCE IMAGE QUALITY ASSESSMENT BASED ON

CONVOLUTIONAL NEURAL NETWORK, filed on June 5, 2015, which is hereby

incorporated by reference as if set forth in full in this application for all purposes.

Background

[01] With the development and popularity of digital imaging devices and

communication technologies, digital images have become increasingly important for

information representation and communication. During the life cycle of a digital image, it

can be degraded at various stages and such quality degradation may lead to failures in

applications at subsequent stages. It is therefore important to maintain and monitor image

quality in numerous image and video processing systems, a primary goal of such Image

Quality Assessment (IQA) being a prediction of visual quality as perceived by a human

viewer. Image quality measures can be used to assess the dependence of perceived

distortion as a function of parameters such as transmission rate and also for selecting the

optimal parameters of image enhancement methods. Although subjective tests may be

carried out in laboratory settings to perform IQA, such tests are expensive and time-

consuming, and cannot be used in real-time and automated systems. Therefore, the

possibility of developing objective IQA metrics to measure image quality automatically

and efficiently is of great interest.



[02] Full-Reference IQA (FR-IQA) models utilize information from both the

distorted image and a corresponding pristine reference image for estimating visual

quality. Conventional FR-IQA metrics such as the Mean Squared Error (MSE) or Peak

Signal-to-Noise Ratio (PSNR) directly measure the pixel-by-pixel differences between

the distorted and the reference images in the spatial domain. These types of metrics

measure signal fidelity but often have poor correlation with human perception, especially

when the noise is not additive.

[03] Two types of approaches have been taken towards developing perceptual visual

quality metrics (PVQMs) that align better with human perceptions: bottom-up and top-

down approaches. The bottom-up approaches attempt to model various processing stages

in the visual pathway of the human visual system (HVS) by simulating relevant

psychophysical and physiological properties including contrast sensitivity, luminance

adaption, various masking effects and so on. However, given our limited knowledge of

these properties and their combined influence on final perception, the HVS is too

complicated to be modeled accurately in this way.

[04] More recent research efforts have been directed to top-down frameworks, which

model the input-output relationship by incorporating knowledge from various sources

such as the statistical properties of natural images, and data on the way image distortions

seem to be handled by the HVS. Most state-of-the-art FR-IQA methods fall into this

category, and some, such as the Structural SIMilarity (SSIM) index and its variants

(including the Multi-Scale SSIM (MS-SSEVI) and the Information Weighted SSIM (IW-

SSIM)), the Feature SIMilarity (FSIM) index and the Gradient Magnitude Similarity

Deviation (GMSD), have had a measure of success, suggesting that low-level visual

features such as mean intensity, standard deviation of intensity, phase congruency and

gradient magnitude are effective quality indicators. However, these low-level cues may

not work uniformly well across different distortion categories. As a result, the

performance of corresponding FR measures may vary a lot across different types of



distortions.

[05] There is therefore a need for improved methods of assessing image quality that

align well with human perception across different types of distortions but are also

objective, driven by measurable data, and efficient. Some efforts have been made towards

applying learning-based approaches employing convolutional neural networks

(ConvNet), but these have been limited to situations where reference images are not

available for quality estimation, i.e. for No-Reference IQA (NR-IQA). There therefore

remains a need to explore and develop the application of such methods to FR-IQA, where

corresponding pairs of reference and distorted images are available for analysis.

Summary

[06] Embodiments generally relate to providing systems and methods for assessing

image quality of a distorted image relative to a reference image. In one embodiment, the

system comprises a convolutional neural network that accepts as an input the distorted

image and the reference image, and provides as an output a metric of image quality. In

another embodiment, the method comprises inputting the distorted image and the

reference image to a convolutional neural network configured to process the distorted

image and the reference image and provide as an output a metric of image quality.

[07] In yet another embodiment, a method is provided for training a convolutional

neural network to assess image quality of a distorted image relative to a reference image.

The method comprises selecting an initial set of network parameters as a current set of

network parameters for the convolutional neural network; for each of a plurality of pairs

of images, each pair consisting of a distorted image and a corresponding reference image,

processing the pair of images through the convolutional neural network to provide a

computed similarity score metric Sc; and adjusting one or more of the network

parameters of the current set of network parameters based on a comparison of the



distortion score metric S and an expected similarity score metric Sp for the pair; wherein

the expected similarity score metric Sp is provided by human perception.

[08] A further understanding of the nature and the advantages of particular

embodiments disclosed herein may be realized by reference of the remaining portions of

the specification and the attached drawings.

Brief Description of the Drawings

[09] Figure 1 schematically illustrates the use of a system for assessing image quality

of a distorted image relative to a reference image according to one embodiment.

[10] Figure 2 illustrates the architecture of a system for assessing image quality of a

distorted image relative to a reference image according to one embodiment.

[11] Figure 3 illustrates one implementation of a layered system for assessing image

quality of a distorted image relative to a reference image.

[12] Figure 4 is a flowchart showing steps of a method for assessing image quality of

a distorted image relative to a reference image according to one embodiment.

[13] Figure 5 illustrates a method of training a convolutional neural network to

assess the image quality of a distorted image relative to a reference image according to

one embodiment.

[14] Figure 6 is a flowchart showing steps of a method of training a convolutional

neural network to assess the image quality of a distorted image relative to a reference

image according to one embodiment.



Detailed Description of Embodiments

[15] Figure 1 schematically illustrates the use of a system 100 for assessing image

quality of a distorted image 102 relative to a reference image 104 according to one

embodiment. System 100 includes a network of interconnected modules or layers, further

described below in reference to Figure 2, that embody a trained FR-IQA model. Image

data from each of the distorted image 102 and the reference image 104 are fed into

system 100, which in turn produces output metric 106, indicative of the quality of

distorted image 102 as likely to be perceived by a human viewer.

[16] Figure 2 illustrates a schematic view of the architecture of a system 200 that

may be used for assessing image quality of a distorted image 212 relative to a reference

image 214 according to one embodiment. System 200 comprises a plurality of layers, 201

through 207. It may be helpful to consider system 200 as a two-stage system, where the

first stage consists of layers 201 through 205, collectively providing data to the second

stage, layers 206 and 207. This second stage may be thought of as a "standard" neural

network, while the combination of first and second stages makes system 200 a

convolutional neural network.

[17] Image data from distorted image 212 and reference image 214 are fed into input

layer 201, which acts to normalize both sets of image data providing a normalized

distorted image and a normalized reference image. Image data from the normalized

distorted and reference images are fed into convolution layer 202, which acts to convolve

each of the normalized distorted image and the normalized reference image with a

plurality Nl of filters, and applies a squared activation function to each pixel of each

image, to provide Nl pairs of feature maps. Each pair of feature maps contains one

filtered normalized distorted image and one correspondingly filtered and normalized

reference image.

[18] Image data from the Nl pairs of feature maps are fed into linear combination



layer 203 which computes N2 linear combinations of the Nl feature maps corresponding

to distorted image 212 and N2 linear combinations of the corresponding Nl feature maps

corresponding to the reference image 214, providing N2 pairs of combined feature maps.

Each pair of combined feature maps contains one combination of filtered normalized

distorted images and one corresponding combination of filtered and normalized reference

images.

[19] Similarity computation layer 204 acts on the data from the N2 pairs of

combined feature maps received from liner combination layer 203 to compute N2

similarity maps. Each similarity map is computed on the basis of data from corresponding

patches of pixels from one pair of combined feature maps, with each similarity map

corresponding to a different one of the N2 pairs of combined feature maps.

[20] Data from the similarity maps are fed into pooling layer 205, which applies an

average pooling for each of the N2 similarity maps to provide N2 similarity input values.

The N2 similarity input values are fed into fully connected layer 206, which operates on

the N2 similarity input values to provide M hidden node values, where M is an integer

greater than N2. The M hidden node values are mapped to a single output node by linear

regression layer 207. The value at output node is a metric of image quality, indicative of

the quality of distorted image 202 as likely to be perceived by a human viewer, based on

the training of system 200.

[21] Several hyper-parameters of the neural network 200 may be selected to

determine specific different architectures or implementations suited to particular image

assessment applications. One is the patch size of pixels in the original distorted and

reference images. Other hyper-parameters include the size of the filters (in terms of

numbers of pixels) used in the convolution layer, the number Nl of filters used in the

convolution layer, the activation function used in the convolution layer, the number N2 of

linear combinations computed in the linear combination layer, the number M of hidden

nodes in the fully connected layer, and the equation used to compute similarity in the



similarity computation layer. Moreover, in some embodiments there may be more than

one convolution layer, more than one linear combination layer, and more than one fully

connected layer; the respective numbers used are additional hyper-parameters.

[22] One specific implementation of a convolutional neural network that has been

found to be suitable for carrying our image quality assessment is illustrated in Figure 3,

showing a 32x32-7x7x10-1 x 1 x 10 -800-1 structure. Details of each layer are explained

as follows:

[23] The input layer consists of 2 32x32 gray-scale image patches: a distorted image

patch - i and its reference patch . Both patches are normalized via a linear

transformation function f(x) = (x - 128)/128 * 1.6.

[24] In the convolution layer, 10 7 x 7 linear filters (FE = are applied to

the distorted and image patches to provide filtered feature maps ¾ and = I ... , 0

or the distorted and reference images respectively, where and

= ' o e embodiments, filters smaller or greater than 7x7 may be used,

depending on the minimum size of the low-level features of interest. Similarly, in some

embodiments, fewer than or more than 10 filters may be used, depending on the

complexity of the distortions involved. A squared activation function is applied at each

pixel of each image patch in this layer.

[25] In the linear combination layer, linear combinations of the filtered feature maps

generated by the convolution layer are computed.



[26] In the similarity computation layer, similarities are computed in a point-by-point

way (i.e. pixel by pixel) between the combined feature maps from corresponding

distorted and reference patches

2 Ii

where is the k-th similarity map and C is a small positive constant.

[27] In the pooling layer, an average pooling is applied for each similarity map.

Denoting the output of the pooling layer as , thus = - * ) . The pooling

layer provides a 10-dim pooled similarities as inputs to the fully connected layer. In cases

where more than 10 filters are used in the convolution layer, producing more than 10

filtered feature maps, and so on, there will be a correspondingly greater dimensionality to

the pooled similarity inputs.

[28] In the fully connected layer, the input similarities and densely connected to 800

hidden nodes. A Rectified Linear Unit (ReLU) (f(x) = max(x, 0)) is used as an activation

function on the hidden nodes. Denoting the weights in the fully connected layer as

he output of the fully connected layer is

where b is a bias term.

It should be noted that in some embodiments the activation function may include other

non-linear operations.

[29] In the linear regression layer, the 800 hidden nodes are mapped to one single

output node. If the weights in the linear regression layer are described by

= . ) then the output of the network is



y = l i i>
= . s +b where b is a bias term

[30] Figure 4 is a flowchart showing steps of a method 400 for assessing image

quality of a distorted image relative to a reference image according to one embodiment.

At step 402, a distorted image and a reference image (that may, for example, be

corresponding frames from a distorted and reference video stream) are received as inputs

to a trained convolutional neural network. At step 404, the distorted and reference images

are processed through the trained convolutional neural network. At step 406, the output

of the trained neural network operating on the distorted and reference images is provided

as a metric of the image quality of the distorted image.

[31] Figure 5 illustrates a method of training a convolutional neural network model

500 to assess the image quality of a distorted image relative to a reference image

according to one embodiment. An initial set of network parameters is chosen for the

models, and a pair of corresponding distorted (502) and reference (504) images, having

an expected or predicted similarity score metric S, determined by a human viewer, is

provided as an input to the network. The similarity score metric S' provided by the

network is compared at cost module 506 with the predicted score metric S, and one or

more parameters of model 500 are adjusted in response to that comparison, updating the

model. A second pair of distorted and reference images are then processed through

network 500 using the adjusted parameters, a comparison is made between the second

score metric produced and the score metric expected for this second pair, and further

adjustments may be made in response. The process is repeated as desired for the available

set of training image pairs, until the final model parameters are set and the model network

is deemed to be trained.

[32] Figure 6 is a flowchart showing steps of a method 600 of training a



convolutional neural network to assess the image quality of a distorted image relative to a

reference image according to one embodiment. At step 606, a pair of distorted and

reference images (the ith pair of a total of T pairs available) is received and input to the

network, characterized by a previously selected set of parameters. At step 604, the

distorted and reference images are processed through the network. At step 606, the

network parameters are adjusted, using an objective function, according to a comparison

between the output similarity score Sc computed by the convolutional neural network and

the similarity score metric Sp predicted for that pair of images, as perceived by a human

viewer. At step 608, it is determined whether other pairs of training images are available

that have not yet been processed. If so, one such pair is processed through steps 602 and

604, and network parameters further adjusted at step 606, and a further determination

made at step 608 whether all the training image pairs have been processed. When it is

determined at step 608 that all the training images have been processed, the neural

network may be considered to be trained. In some cases, the training images may be fed

into the network more than once to improve the training. The order in which the training

images are processed may be random.

[33] In one embodiment, the objective function used to train the network, in

determining exactly how the model parameters are adjusted in step 606 of method 600,

for example, is the same as that used in standard -SVR (support vector regression).

Letting =/ ; i denote a pair of input patches, ¾ . denote the computed

similarity score metric (alternatively called the ground truth quality score) and the

for the input pairs with



. is defined s follows;

where is a small positive constant that can be adjusted and n is the number of training

samples. The network can be trained by performing back-propagation using Stochastic

Gradient Descent (SGD).

[34] Regularization methods may be used to avoid over-training the neural network.

In one embodiment, the regularization method involves adding the L2 norm of the

weights in the linear regression layer in the objective function. This is a widely used

method for regularization, which for example has been used in SVM (support vector

machine). In particular the objective function can be modified as:

where is a small positive constant.

[35] In some embodiments, the connection of the input nodes and output nodes in the

linear combination layer is constrained, so that most output nodes are only connected

with a small set of input nodes (instead of all 10 input nodes in the case where Nl=10, for

example). This constraint may be implemented by adding a sparse binary mask

where if (k,i)=0, we enforce ' must be zero. The pattern of connections may

be randomly chosen. A mask that has been found to be useful in one particular

embodiment is defined as follows:



[36] Embodiments described herein provide various benefits. In particular,

embodiments enable image quality to be assessed in applications where corresponding

pairs of reference and distorted images are available for analysis, using systems and

methods that are readily implemented in real-time and automated systems and yield

results that align well with human perception across different types of distortions. This

invention provides an "end-to-end" solution for automatic image quality assessment,

accepting a pair of reference and distorted images as an input, and providing a

meaningful image quality metric as an output.

[37] Although the description has been described with respect to particular

embodiments thereof, these particular embodiments are merely illustrative, and not

restrictive.

[38] Any suitable programming language can be used to implement the routines of

particular embodiments including C, C++, Java, assembly language, etc. Different

programming techniques can be employed such as procedural or object oriented. The

routines can execute on a single processing device or multiple processors. Although the

steps, operations, or computations may be presented in a specific order, this order may be

changed in different particular embodiments. In some particular embodiments, multiple

steps shown as sequential in this specification can be performed at the same time.

[39] Particular embodiments may be implemented in a computer-readable storage



medium for use by or in connection with the instruction execution system, apparatus,

system, or device. Particular embodiments can be implemented in the form of control

logic in software or hardware or a combination of both. The control logic, when

executed by one or more processors, may be operable to perform that which is described

in particular embodiments.

[40] Particular embodiments may be implemented by using a programmed general

purpose digital computer, by using application specific integrated circuits, programmable

logic devices, field programmable gate arrays, optical, chemical, biological, quantum or

nanoengineered systems, components and mechanisms may be used. In general, the

functions of particular embodiments can be achieved by any means as is known in the art.

Distributed, networked systems, components, and/or circuits can be used.

Communication, or transfer, of data may be wired, wireless, or by any other means.

[41] It will also be appreciated that one or more of the elements depicted in the

drawings/figures can also be implemented in a more separated or integrated manner, or

even removed or rendered as inoperable in certain cases, as is useful in accordance with a

particular application. It is also within the spirit and scope to implement a program or

code that can be stored in a machine-readable medium to permit a computer to perform

any of the methods described above.

[42] A "processor" includes any suitable hardware and/or software system,

mechanism or component that processes data, signals or other information. A processor

can include a system with a general-purpose central processing unit, multiple processing

units, dedicated circuitry for achieving functionality, or other systems. Processing need

not be limited to a geographic location, or have temporal limitations. For example, a

processor can perform its functions in "real time," "offline," in a "batch mode," etc.

Portions of processing can be performed at different times and at different locations, by

different (or the same) processing systems. Examples of processing systems can include

servers, clients, end user devices, routers, switches, networked storage, etc. A computer



may be any processor in communication with a memory. The memory may be any

suitable processor-readable storage medium, such as random-access memory (RAM),

read-only memory (ROM), magnetic or optical disk, or other tangible media suitable for

storing instructions for execution by the processor.

[43] As used in the description herein and throughout the claims that follow, "a",

"an", and "the" includes plural references unless the context clearly dictates otherwise.

Also, as used in the description herein and throughout the claims that follow, the meaning

of "in" includes "in" and "on" unless the context clearly dictates otherwise.

[44] Thus, while particular embodiments have been described herein, latitudes of

modification, various changes, and substitutions are intended in the foregoing

disclosures, and it will be appreciated that in some instances some features of particular

embodiments will be employed without a corresponding use of other features without

departing from the scope and spirit as set forth. Therefore, many modifications may be

made to adapt a particular situation or material to the essential scope and spirit.



Claims

We claim:

1. A system for assessing image quality of a distorted image relative

to a reference image, the system comprising:

a convolutional neural network that accepts as an input the distorted image

and the reference image, and provides as an output a metric of image quality.

2 . The system of claim 1 wherein the convolutional neural network

comprises a plurality of layers.

3 . The system of claim 2 wherein the plurality of layers comprises:

an input layer configured to apply a normalizing function to image patches

making up each of the distorted image and the reference image to provide a normalized

distorted image and a normalized reference image; and

a convolution layer configured to convolve each of the normalized

distorted image and the normalized reference image with Nl filters to provide Nl pairs of

feature maps, each pair containing one filtered normalized distorted image and one

correspondingly filtered and normalized reference image, where Nl is an integer greater

than unity.

4 . The system of claim 3 wherein the plurality of layers further

comprises:

a linear combination layer configured to compute N2 linear combinations

of the Nl feature maps provided from each of the normalized distorted image and the

normalized reference image, providing N2 pairs of combined feature maps, each pair



containing one combination of filtered normalized distorted images and one

corresponding combination of filtered and normalized reference images, where N2 is an

integer greater than unity;

a similarity computation layer configured to compute N2 similarity maps,

each similarity map based on corresponding pixels from a different one of the N2 pairs of

combined feature maps; and

a pooling layer configured to apply an average pooling for each of the N2

similarity maps to provide N2 similarity input values.

5 . The system of claim 4 wherein the plurality of layers further

comprises:

a fully connected layer configured to act on the N2 similarity input values

to provide M hidden node values, where M is an integer greater than N2; and

a linear regression layer configured to map the M hidden node values to a

single output node to provide the metric of image quality.

6 . The system of claim 5 wherein N1=N2 and Nl=10.

7 . The system of claim 5 wherein M=800.

8. The system of claim 3 wherein a squared activation function is

applied at each node of the Nl pairs of feature maps before the Nl pairs of feature maps

are provided by the convolution layer to any subsequent layer of the plurality of layers.

9 . A method for assessing image quality of a distorted image relative

to a reference image, the method comprising:



inputting the distorted image and the reference image to a convolutional

neural network configured to process the distorted image and the reference image and

provide as an output a metric of image quality.

10. The method of claim 9 wherein the processing performed by the

convolutional neural network comprises:

applying a normalizing function to image patches making up each of the

distorted image and the reference image to provide a normalized distorted image and a

normalized reference image; and

convolving each of the normalized distorted image and the normalized

reference image with Nl filters to provide Nl pairs of feature maps, each pair containing

one filtered normalized distorted image and one correspondingly filtered and normalized

reference image, where Nl is an integer greater than unity.

11. The method of claim 10 further comprising:

computing N2 linear combinations of the Nl feature maps provided from

each of the normalized distorted image and the normalized reference image, providing

N2 pairs of combined feature maps, each pair containing one combination of filtered

normalized distorted images and one corresponding combination of filtered and

normalized reference images;

computing N2 similarity maps, each similarity map based on

corresponding pixels from a different one of the N2 pairs of combined feature maps; and

applying an average pooling for each of the N2 similarity maps to provide

N2 similarity input values.

12. The method of claim 11 further comprising:

inputting the N2 similarity input values to a fully connected layer to

provide M hidden node values, where M is an integer greater than N2; and



mapping the M hidden node values through a regression layer to provide

the metric of image quality.

13. The method of claim 12 where M=800.

14. A method of training a convolutional neural network to assess

image quality of a distorted image relative to a reference image, the method comprising:

selecting an initial set of network parameters as a current set of network

parameters for the convolutional neural network;

for each of a plurality of pairs of images, each pair consisting of a

distorted image and a corresponding reference image, processing the pair of images

through the convolutional neural network to provide a computed similarity score metric

Sc; and

adjusting one or more of the network parameters of the current set of

network parameters based on a comparison of the distortion score metric S and an

expected similarity score metric Sp for the pair;

wherein the expected similarity score metric Sp is provided by human

perception.

15. The method of claim 14 wherein each pair of images comprises

distorted image patches i and reference image patches f , and wherein processing

the pair of images comprises passing the pair of images through the convolutional neural

network and comparing the resulting distortion score metric S to the expected similarity

score metric Sp by applying a support vector regression (SVR) objective function to the

plurality of image patches.

16. The method of claim 14 wherein the SVR objective function is



where

is defined as fo l

where is a small positive constant that can be adjusted and n is the

number of training samples.

17. The method of claim 14 further comprising performing back-

propagation using Stochastic Gradient Descent (SGD).

18. The method of claim 14 wherein processing the pair of images

through the convolutional neural network comprises computing linear combinations of

feature maps generated from each pair of distorted reference images to provide combined

feature maps, and wherein computing the linear combinations comprises using a sparse

binary mask to constrain connections between the feature maps input to the computing

and the combined feature maps output from the computing.
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