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Abstract 
 

Measuring the similarity between images is a crucial process for several image and video processing applications. For instance, it is used 

in image inpainting, image retrieval, pattern recognition, as well as image and video compression. Traditional intensity-based approaches 

have shown efficiency in different situations and scenarios. However, failures still exist, especially in the case of high local structural 

variation images. In this paper, different tensor-based metrics that reveal the local structural information are presented and evaluated in 

several dissimilarity estimation contexts. Results show that using these metrics, relevant dissimilarities of local patterns can be better 

detected, thus helping standard intensity-based image inpainting algorithms, motion estimation methods and the analysis of medical im-

ages. 
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1. Introduction 

Image and video analysis techniques have gained attention in the 

research community, due to the diversity and importance of their 

applications. For instance, they are used in image synthesis [1-3], 

image inpainting [4] and video compression [5]. It is also used in 

medical imaging for brain tumor and bone diseases detection [6-

12]. Other applications include identifying regions of interest and 

retrieving similar regions in remote sensing [13], [14], image 

compression [15], [16] and composite materials simulation and 

design [17], [18]. 

Several methods have been proposed for image and video analysis 

[1], [3], [19 - 27]. Regardless of the application, most of them rely 

on the use of similarity estimation measures and/or statistical in-

formation. For instance, Paget and Longstaff [20] proposed a 

method for image modeling based on estimating the conditional 

probability density function. This method is able to capture the 

visual characteristics of the image into a statistical model describ-

ing the pixels interactions. Portilla and Simoncelli [21] used the 

wavelet transform for parameterizing the image by statistical coef-

ficients that correspond to several functions at neighboring posi-

tions. Peyre [3] used the grouplet transform to analyze the struc-

tural layer of the image. Pless and Simon [22] proposed a method 

for image analysis based on image similarity using locally linear 

embedding and isomap. In this method, comparisons or distances 

are only meaningful between nearby points. Bhandarkar and Chen 

[23] proposed an image similarity analysis approach for video 

sequences using artificial neural network, where the similarity 

measure is based on correlation. The methods of Akl and Iskandar 

[19], [24] relied on estimating the texture pattern size in the imag-

es using geometrical information. Hassani et al [12] studied the 

anisotropy of the image textures using Morlet wavelet and the 

Renyis entropies [28] as inputs for a neural network. Sevestre-

Ghalila et al [10] proposed a morphological study establishing a 

basic frame of the image local architecture. A one-dimensional 

local binary pattern descriptor was used by Houam et al [29] for 

texture characterization. Fractal-based analysis methods have also 

been proposed [30-32]. 

Most of these methods have shown success in different situations. 

However, unsatisfactory results are always present when treating 

images of high local structural variations.  

This paper deals with the estimation of image similarities using 

structure-based measures, mainly the structure tensor field which 

represents local orientations, the degree of anisotropy and the 

energy. The advantage of using these structural measures, in im-

age inpainting, motion estimation (for video compression), and 

medical image analysis, is evaluated and discussed. 

The remainder of this paper is organized as follows. The structure 

tensor field computation and the tensor-based similarity metrics 

are presented in section 2. Section 3 details the proposed exploita-

tion of the tensor-based similarity metrics in image inpainting, in 

motion estimation, and in the analysis of medical images. Practical 

results are discussed in section 4. Finally, conclusions and pro-

spects are drawn in section 5. 

2. The structure tensor 

2.1. Structure tensor field computation 

The structure tensor, also known as the second-moment matrix, is 

a mathematical toot that summarizes the gradient directions in the 

neighborhood of a pixel, and the extent of the coherence of those 

directions [2], [33], [34]. It is a symmetric matrix, typically used 

in image processing for edge and local patterns representation.  

The structure tensor field T of an image Y, which assigns a struc-

ture tensor T(u) for each site u of Y, is computed from estimated 

gradient fields GY = [Yx Yy] where Yx = Y *Hx and Yy = Y *Hy ; 

Hx and Hy are Gaussian derivative kernels and ‘*’ denotes convo-

lution. The structure tensor field [2], 
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Where Q is a Gaussian averaging kernel and ‘t’ is the transpose 

operator.  

Note that spatial smoothing is used to increase the robustness of 

the structure tensor against artifacts and noise. It is important to 

mention that the structure tensor field T has the same size as the 

image Y except the outer edges (contours) where tensor values are 

discarded. 

At each position u, an eigenvalue decomposition of T(u) results in 

two eigenvectors ( ) ( ) ( )1 1 1[ , ]
x y

T e u T e u T e u= and 

( ) ( ) ( )2 2 2[ , ]
x y

T e u T e u T e u=  that point orthogonal and parallel to 

the local edge, respectively, and two eigenvalues 

( )( )1
T u and ( )( )2

T u that represent the strength of the intensity 

change. 

It is common to represent the structure tensor T(u) as an ellipsoid 

which orientation ( )( )r
O T u is calculated from eigenvector ( )1T e u  

associated to ( )( )1
T u  and varies between -π/2 and π/2: 
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And which ellipticity is given by the ratio of the eigenvalues [33].  

A relevant indicator based on the structure tensor is the coherence 

factor which is obtained from the eigenvalues and varies between 

0 and 1: 
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Coherence is used to estimate the local anisotropy and it character-

izes the local variability of image geometries. 

The energy of the structure tensor, defined as the sum of its eigen-

values (i.e. the expectation of the squared amplitude of the gradi-

ent), is also an essential factor characterizing the dynamics. In 

other words, the energy of the structure tensor at a certain position 

expresses the local contrast in the vicinity of this position [33].  

In the sequel, the structure tensor field will be represented by its 

local orientations image. Fig. 1 presents an example of structure 

tensor field calculation; from left to right: image showing struc-

tured patterns, its structure tensor field represented by its orienta-

tion image and the palette used for orientations representation.  

 

 
Fig. 1: Example of Structure Tensor Field Calculation. Left to Right: Input 
Image, Its Structure Tensor Field Orientation Image and the Palette Used 

for the Representation of Orientations. 

 

Note that this palette is used in all the results that follow. It can be 

clearly seen in the orientation image that the structure tensor field 

reflects the changes of the paving directions. 

2.2. Tensor-space similarity metrics 

To measure the similarity between two structure tensors T1(u) and 

T2(u’) (respectively, on sites u and u’), three different tensor-space 

metrics are used: the Square of the Euclidean Distance (SED), the 

Orientation and Coherence metric (OrCh) and the Frobenius Norm 

(FN). 

The SED is computed on the components of the structure tensors 

as follows: 
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The OrCh estimates the dissimilarity between structure tensors by 

means of geometric properties [35], i.e. the orientation and coher-

ence factors of the tensors: 
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Where  is a weight ranging between 0 and 1, 
O
  is the dissimilar-

ity measure of orientation and
C


 
is the dissimilarity measure of 

coherence respectively expressed as: 
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The FN metric [35] is given by: 
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Where ( ) ( )1 2
'T u T u = −   and Tr is the trace operator. 

3. Exploitation of tensor-space metrics 

This section deals with exploiting the tensor-space similarity met-

rics in image inpainting, in motion estimation, and in the analysis 

of medical images.  

The method consists in combining the intensity information of the 

image with its structural information calculated using the structure 

tensor field. More precisely, in order to measure the similarity 

between two image neighborhoods (or patches) PY1(u) and 

PY2(u’), respectively having u and u’ as center pixel positions, we 

linearly combine the similarity measures as follows: 
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Where k is a weighting factor (0 ≤ k ≤ 1), SSD is the Sum of 

Squared Distances calculated between the intensity values of 

PY1(u) and PY2(u), and SSTD(PT1(u), PT2(u’)) is the Sum of 

Structure Tensor Dissimilarities calculated between the structure 

tensor fields PT1(u) and PT2(u’) of patches PY1(u) and PY2(u’), 
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respectively. The measures SSD and SSTD can be respectively 

expressed as: 
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Where PYi(n) is the nth intensity value within image patch PYi(z) 

(i ∈ {1,2}, z ∈ {u,u’}), N is the number of pixels in each patch, 

and ∆ is one of the three tensor-space similarity metrics 

( { , , }
r h

SED O C FN ) presented in section 2.2. 

In other words, each neighborhood has two components; an inten-

sity neighborhood in the image patch itself, and a structure tensor 

neighborhood belonging to the structure tensor field of this image 

patch. In this paper, square neighborhoods of size N are used. 

Note that N can be as large as the number of pixels in the image. 

In this case, the similarity is globally calculated between two im-

ages of size N, as will be shown later. 

It is important to mention that by setting k to 1, the structural in-

formation is deactivated and the similarity measurement is only 

based on the image intensities. On the contrary, intensity infor-

mation can be deactivated by setting k to 0. This results in taking 

into consideration only the tensor-space information in the image 

similarity estimation process.  

3.1. Tensor-based image inpainting 

Image inpainting is an active research field used in several appli-

cations, including video animations, video compression and image 

editing [36-39]. It is also used for the removal of undesired objects 

and for filling missing areas in images [40]. Two image inpainting 

examples are illustrated in Fig. 2. For concision, we will denote 

the area that we want to inpaint (i.e. the missing area) as ‘AI’, the 

reference patch from which the grey-levels (or colors) are copied 

to the AI as ‘RF’, the image containing the AI and the RF as ‘in-

put sample’ and the output image obtained after inpainting the AI 

as ‘output image’. 

 

 
Fig. 2: Examples of Image Inpainting. Left Column: Input Images Show-

ing the AI (Area to Inpaint) Marked in Black and the RF (Reference Patch) 
Contoured in Red. Right Column: Output Images. 

 

Several image inpainting algorithms have been proposed [40-43]. 

Most of these methods were successful in different cases. Howev-

er, failures still exist, especially with high local structural varia-

tions. Therefore, the use of the structure layer of the image repre-

sented by the structure tensor field can be exploited in order to 

enhance the inpainting process of the standard intensity-based 

methods.  

The proposed method consists in adapting an intensity-based algo-

rithm to the structure tensor field specificities. Consider for exam-

ple the method of Wei and Levoy [44] due to its flexibility and to 

its pixel-based principle which allows the inpainting of a wide 

variety of images (other inpainting methods could have also been 

considered, without loss of generality). The adaptation consists in 

inpainting the structure layer of the input sample in a first stage, 

then using the inpainted structure layer in order to constrain the 

image inpainting, in a second stage. 

3.1.1. Structure layer inpainting 

The structure layer inpainting starts by the calculation of the struc-

ture tensor field from the input sample luminance component (cf. 

section 2.1). The luminance component is calculated as in [45]. 

The inpainting process ensures that the inpainted area is locally 

similar to the neighboring regions of the input sample by adapting 

the algorithm of Wei and Levoy [44] to the specificities of the 

structure tensor as follows: the AI of the tensor field is first initial-

ized by a random noise, i.e. tensors chosen randomly from the 

tensor field of the RF, then the neighborhood (vector of matrices) 

of each structure tensor of the AI is captured, the neighborhood of 

the tensor field of the RF having the best similarity with the cur-

rent neighborhood is found, and its central tensor is copied to the 

current position in the AI, as illustrated in Fig. 3. This can be itera-

tively repeated in order to obtain a coherent inpainted area with 

neighboring tensors. The similarity between two structure tensor 

neighborhoods is calculated using the Sum of Structure Tensor 

Dissimilarities (cf. equation 12). Note that the inpanting process 

starts with the outer borders of the AI and ends at its center. 

 

 
Fig. 3: Illustration of the Structure Tensor Field Inpainting Process. Left: 
Input Sample. Right: It’s Structure Tensor Field Orientation Image with Its 

AI Initialized by A Random Noise. The Most Similar Neighborhood (Blue 

Square) of the Current Neighborhood (Cyan Square) Is Searched for in the 
RF (Contoured In Red), and the Corresponding Tensor Is Copied to the 

Target Position in the AI. 

3.1.2. Structure-constrained image inpainting 

In the image inpainting stage, the inpainted structure layer is used 

to constrain the inpainting of the output image. The method of 

Wei and Levoy is also used in this inpainting process. However, 

the neighborhoods take also into consideration the information 

held by the inpainted structure tensor field. More precisely, the 

inpainting algorithm takes as inputs, the RF, its tensor field, the 

inpainted tensor field and the AI initialized by random noise. The 

AI pixels are then iteratively updated in order to ensure their local 

similarity with neighboring pixels of the input sample: the neigh-

borhood of every pixel of the AI is captured, the most similar 

neighborhood is searched for in the RF and copied entirely to the 

target position in the AI. However, the underlying neighborhoods 

have two components: an intensity component in the AI (PY1(u)) 

and in the RF (PY2(u’)) of the output image, and a structure tensor 

component in the inpainted tensor field (PT1(u)) and in the tensor 

field of the RF (PT2(u’)) as shown in Fig. 4. The similarity be-

tween two neighborhoods located at sites u and u’ is therefore 

computed using the S(u,u’) metric (cf. equation 10). 
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Fig. 4: Illustration of the Structure-Constrained Image Inpainting Process. 

for Each Current Neighborhood (PY1(U) in AI and PT1(U) in Its Inpainted 

Tensor Field), The Most Similar Neighborhood (PY2(U’) in RF and 
PT2(U’) in Its Tensor Field) Is Found, and the Corresponding Intensity 

Component (PY2(U’)) Is Entirely Copied to the Target Position (PY1(U)). 

 

The pseudocode of the whole inpainting process is given in Fig. 5. 

Note that, in order to reduce the computational load, the update of 

AI pixels is patch-based (i.e. the most similar neighborhood is 

entirely copied to the target position) and not point by point as is 

the case of structure layer inpainting. In fact, this can be achieved 

with merely no blockiness or artifacts, thanks to the local struc-

tures information held by the inpainted structure tensor field. 

 

 
Fig. 5: Pseudocode of the Structure-Based Image Inpainting Algorithm. 

3.2. Tensor-based motion estimation 

Video compression consists in digital video format conversion by 

redundancy removal, i.e. components that are not necessary for the 

reproduction of the original data [47].  

It has been shown that lossless compression standards such as 

JPEG-LS [46] cannot achieve a compression ratio greater than 4:1. 

Lossy techniques are therefore used to obtain a better compres-

sion. This relies in the removal of subjective redundancy, i.e. the 

frame data which is able to be removed without disturbing the 

visual quality [5], [47]. Most of the compression methods apply 

both spatial and temporal removal of redundancy. The removal of 

spatial redundancy relies on the closeness of adjacent samples, 

while the removal of temporal redundancy is based on the fact that 

successive frames are normally highly correlated [5]. 

Most compression standards share the same common principles. 

For instance, MPEG-2 Video [48], MPEG-4 Visual [49], H.263 

[50], H.264 Advanced Video Coding [47], and H.265 High Effi-

ciency Video Coding (HEVC) [51] reduce temporal redundancy 

using block-based motion estimation.  

The block-based motion estimation consists in compensating for 

movement of rectangular blocks of the current frame: each neigh-

borhood (block) of size M×N of the current frame is compared 

with all the neighborhoods of the same size in a P×L area of one 

or more reference (past or future) frames, i.e. area centered on the 

collocated position of the current neighborhood in the reference 

frame, and the relative position (i.e. motion vector) of the best 

matching neighborhood is then determined [47]. Block similarity 

is usually measured using the Sum of Squared Distances (cf. equa-

tion 11). 

This widely used approach takes only into consideration the inten-

sity information of the underlying frames. Therefore, jointly using 

the structure layer and the intensity information in order to find 

the best match is proposed. Note that in our approach, we only 

focus on motion estimation (temporal correlation). 

The proposed approach starts by applying motion estimation in the 

tensor domain. More precisely, it estimates the structural motion 

of the frame. It then constrains motion estimation of the intensity 

layer using the obtained structure layer. In both stages, the block-

based approach is adapted to the specificities of the structure ten-

sor. 

The structure layer motion estimation computes the reference 

tensor field (i.e. the reference frame structure tensor field) and the 

current tensor field (i.e. the current frame structure tensor field). 

Then it extracts the neighborhood of size M×N of each current 

frame tensor, compares its tensor values with all the neighbor-

hoods of the same size in a P×L search area of the reference tensor 

field. The neighborhood having the best match is determined, and 

its central value is copied to the current tensor field target position. 

The similarity between two structure tensor neighborhoods is cal-

culated using the Sum of Structure Tensor Dissimilarities (cf. 

equation 12). 

The obtained motion-estimated structure tensor field is then used 

as a constraint for the motion estimation process of the frame’s 

pixel layer. The inputs of the algorithm are: the reference frame 

with its structure tensor field, the current frame, and the motion-

estimated tensor field. The motion estimation principle is the same 

as the standard block-based algorithm: for each neighborhood of 

size M×N in the current frame, search in a P×L area of the refer-

ence frame for the neighborhood leading to the best similarity. 

However, the neighborhood structure takes the motion-estimated 

structure tensor field into consideration. Therefore, the neighbor-

hood has two components: a pixel-domain neighborhood in the 

reference and current frames, and a structure tensor neighborhood 

in the reference and motion-estimated tensor fields. The metric 

used to measure the resemblance between two neighborhoods, 

combining the Sum of Squared Distances (SSD) for the pixel-

domain neighborhood components and the Sum of Structure Ten-

sor Dissimilarities (SSTD) for the structure tensor neighborhood 

components, is that of (10). The two-stage structure-based motion 

estimation approach is illustrated in Fig. 6. 

 

 
Fig. 6: Illustration of the Structure-Based Motion Estimation Approach. 

 

Note that jointly applying motion search in both the structure and 

the image layers is also a possible solution. This is advantageous 

with respect to the two-stage method in terms of complexity, 

which increases naturally in this latter (two-stage) case because of 

the computational load associated with the reconstruction of the 

frame’s structure layer.  

3.3. Tensor-based analysis of medical images 

Image analysis is a wide area of study used in different image 

processing applications. For instance, it is used in medical imag-
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ing for brain tumor detection [6-9]. Different image analysis 

methods have been proposed in the literature [10], [22 - 31]. Most 

of these methods rely on computing the similarity between images 

or image patches. However, the underlying structure is not taken 

into consideration.  

The proposed similarity computation approach simply combines 

intensity and structure tensor similarity values using the metric 

given in (10), which allows to better detect local structural dissim-

ilarities with different types of images, as will be shown in section 

4. 

4. Results 

This section presents the results obtained using different examples 

in inpainting, motion estimation, and medical image analysis. 

4.1. Image inpainting results 

4.1.1. Influence of the structure/intensity weighting 

The structure/intensity weighting factor (k) used in (10) directly 

influences the quality of the output images.  

Fig. 7 presents inpainted images using different values of this 

weighting factor with the SED metric; from left to right: the input 

image showing the AI (in black) and the RF patch (highlighted in 

red), and the obtained output images using k = 0.15, 0.5 and 0.85. 

It can be seen that a low weighting factor of 0.15 results in discon-

tinuities at the borders of the AI. In this case, the intensity infor-

mation is negligible with respect to the structural information. 

However, the structures and the dynamics of the obtained AI are 

acceptable. On the contrary, a high weighting factor of 0.85 leads 

to missing important structures of the reference image. Finally, it 

can be clearly observed that the inpainted AI obtained using a 

weighting factor of 0.5 better preserves the dynamics and the 

structural information. 

 

 
Fig. 7: Results of the Structure-Based Inpainting Approach with Different 

Values for the Structure/Intensity Weighting Factor. Left to Right: the 

Input Image, the Output Images Obtained Using K = 0.15, 0.5 and 0.85. 

4.1.2. Qualitative and quantitative evaluations 

In this section, the proposed method and the algorithm of Wei and 

Levoy [44] are compared.  

Fig. 8 presents results obtained on four different input images. 

Each result shows from upper-left to bottom-right, the input image 

showing the AI (in black) and the RF (highlighted in red), the 

orientation image of its structure tensor field, the inpainted struc-

ture tensor field, the output images obtained with a weighting 

factor k = 1 (i.e. Wei and Levoy’s algorithm) and with the pro-

posed algorithm using k = 0.5, and a closer view of a particular 

region of interest in output images obtained with k = 1 and k = 

0.5. The SED metric is used in results A and B while the OrCh and 

FN metrics are used in results C and D respectively. In result A 

obtained on a regular structured image, the proposed approach 

succeeds in leading to a well inpainted structure tensor field which 

seems artefacts-free. Therefore, the obtained output image is of 

good quality and without edge effects or distortions, while the AI 

of the output image obtained while deactivating the structural 

information presents artefacts and undesired patterns. The same 

applies to result B where the proposed approach is better than Wei 

and Levoy algorithm in terms of preserving the local structures. 

The AI of the image obtained with Wei and Levoy presents over-

smoothing while the one obtained by the proposed approach 

shows more structural details that are similar to those of the RF. In 

result C, the AI obtained using k = 1 seems more regular than the 

exemplar. More precisely, unwanted periodic patterns that do not 

exist in the exemplar are clearly present. In result D, the dynamics 

and structures of the output images obtained by both algorithms 

are almost similar. However, despite some discontinuities (in both 

results) that do not significantly affect the image, the result with 

k = 0.5 is sharper and better preserves stairs structure compared to 

the case with k = 1. 

Note that we limited our comparison to the algorithm of Wei and 

Levoy [44] without loss of generality, since we aim at emphasiz-

ing on intensity-based similarity measures that can be enhanced by 

taking into consideration the structural information. 

Besides the subjective qualitative analysis, a quantitative evalua-

tion is also performed. It consists in comparing intensity and ori-

entation histograms of the exemplar and the inpainted area by 

calculating the Kullback-Leibler divergence [52] between them as 

follows: 
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                (13)

 

 

Where HAI and HRF are respectively the histograms of intensity (or 

orientation) of the inpainted area and the reference patch. 

Table 1 presents the difference values of Kullback and Leibler 

calculated on the histograms of the output images of Fig. 8. In 

general, the subjective evaluation is confirmed. In results A and B, 

the differences of both histograms (intensity and orientation) are 

higher with k = 1 than with k = 0.5, which verifies that the pro-

posed method outperforms Wei and Levoy that results in artefacts 

and dynamics distortions of the AI. The repetitive patterns present 

in the AI obtained using k = 1 result in a high difference of the 

orientation histogram. Finally, the last row of the table verifies 

that images obtained by the proposed approach and by the method 

of Wei and Levoy are of nearly same quality. 

 
Table 1: Kullback and Leibler Difference Values Obtained on the Output 
Images of Fig. 8 

Result 
Intensity Histograms Orientation Histograms 

k = 1 k = 0.5 k = 1 k = 0.5 

A 0.398 0.28 0.379 0.278 
B 0.412 0.201 0.399 0.297 

C 0.308 0.31 0.402 0.289 

D 0.398 0.356 0.3 0.306 

4.2. Motion estimation results 

In this section, a comparison between the proposed tensor-based 

motion estimation method and the original block-based algorithm 

is presented and evaluated using different standard video sequenc-

es [53]. 

Fig. 9 shows, from upper-left to bottom-right, the 10th frame of a 

video sequence used as a reference frame, the 13th frame of the  
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Fig. 8: Inpainting Results. Each Result (Upper-Left to Bottom-Right): Input Image, Its Tensor Field Represented by Its Orientation Image, Inpainted 
Tensor Field, Output Images Obtained with K = 1 and K = 0.5, Nearer View of the Output Images Obtained with K = 1 and K = 0.5. 

 

Same video sequence used as a current frame, the orientation im-

age of the structure tensor field calculated on the reference frame, 

the orientation image of the motion-estimated structure tensor 

field obtained with the tensor-based approach, the reconstructed 

frames using the standard block-based algorithm and the proposed 

method using the SED metric. It can be clearly seen that the pro-

posed approach succeeds in well reconstructing the structure ten-

sor field. The resulting orientation images are almost similar to 

those of the reference image. The reconstructed frame obtained 

using the proposed algorithm resembles the original frame while 

the one obtained using the standard method shows artifacts and 

unwanted patterns (highlighted in red).  

Results obtained on samples taken from three different video se-

quences are present in Fig. 10. Each result shows, from first to 

fourth row: the reference frame, the current frame, the obtained 

frames using the standard algorithm and using the proposed ap-

proach. For all the results, the current frame is the 12th video 

frame and the reference frame is the 10th. The SED metric is used 

in result E while the OrCh metric is used in result F and the FN 

metric is used in result G. Note that the structure tensor and frame 

motion estimation stages are simultaneously applied in result G. 

 
Fig. 9: Results of Motion Estimation. Upper-Left to Bottom-Right: Refer-

ence Frame, Current Frame, Orientation Image of the Reference Frame 
Tensor Field, Orientation Image of the Motion-Estimated Tensor Field, 

Motion-Estimated Frames Using the Standard and the Tensor-Based Ap-

proaches. 

 

In result E, the standard approach results in a frame presenting 

artifacts (distorted letters highlighted in red) while the proposed 
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method leads to a reconstructed frame well reproducing the letters. 

A close view in result F shows that the proposed approach better 

preserves edge information. The same applies for result G where 

the frame obtained using the intensity-based approach presents 

defects (highlighted in red), while the one reconstructed using the 

proposed structure-based algorithm is of better quality. Note that 

the improved quality of the reconstructed frames leads to smaller 

residual errors, which allows for a better video compression. Fur-

thermore, improving the quality of a video frame does not only 

affect that frame, but rather a sequence of frames that are decoded 

afterwards due to interframe dependence. This approach is thus 

expected to improve the overall rate-distortion performance of a 

given video codec.  

Besides the subjective evaluation, an objective analysis is also 

presented. The Peak Signal-to-Noise Ratio (PSNR) is computed 

between the original frame and the reconstructed one. The PSNR 

values obtained on the results of Fig. 11 are shown in Table 2. As 

expected, PSNR values obtained with the proposed approach are 

slightly higher than those obtained with the ordinary block-based 

algorithm. However, this increase in PSNR values is almost negli-

gible; this is due to the fact that the PSNR is a similarity measure 

averaged over the whole global frame, whereas the artifacts of the 

motion-estimated frame, where the improvement can be observed, 

are present in local regions. 

 
Table 2: PSNR of the Results of Fig. 10 

Result 
PSNR (dB) 
Ordinary block-based algo-

rithm 

Structure Tensor-based algo-

rithm 

E 25.81 25.87 

F 34.9 35.23 
G 31.77 32.1 

4.3. Analysis of medical images 

In this section, the proposed image similarity estimation approach 

is evaluated on medical images. 

Results H and I of Fig. 11 show, from upper-left to bottom-right, 

an initial brain MRI image, a modified version of this image ob-

tained after smoothing the region highlighted in red with a Gaussi-

an averaging filter, the image of differences between the initial 

and the modified MRI image obtained with k = 1 and k = 0.5 (cf. 

equation 10) using the SED, OrCh and FN metrics. Smoothing is 

applied to model some types of brain tumors (as in result J where 

a real tumor is shown) because we could not obtain MRI images 

of the same patient before and after the tumor infected the brain; 

this is applied only for demonstration purpose, which is not the 

case with result J where a different approach was applied. 

It can be seen in result H that the image of differences obtained 

with the intensity-based comparison (i.e. the structure tensor in-

formation is deactivated, k = 1) succeeds in detecting the dissimi-

larities between the initial and the modified image. The images of 

differences obtained with the SED and FN metrics are worst in 

terms of dissimilarities detection. However, the OrCh metric out-

performs the other tensor-space metrics and the intensity-based 

comparison in detecting the region of differences. The same anal-

ysis is applicable for result I where the smoothed region (high-

lighted in red) is of smaller size than that of result H. 

For result J, approximate left-right symmetry of the brain principle 

[6, 9] is used. More precisely, the initial MRI image is vertically 

divided in its middle to two equal halves. Then the obtained left 

side is correlated with the obtained right side which is flipped 

horizontally, in order to align the two side images. Result J pre-

sents, from left to right, the initial brain MRI image showing a 

tumor on its bottom-left side, the obtained right and left sides of 

the initial image, the image of differences between the two side 

images obtained with k = 1 and k = 0.5 (cf. equation 10) using the 

SED, OrCh and FN metrics. It can be seen that the intensity-based 

dissimilarity calculation barely detects the differences between the 

two side images, and therefore fails in clearly showing the pattern 

of the tumor. On the contrary, due to the additional structural in-

formation provided by the structure tensor field, the three images 

of differences obtained with the proposed approach better show 

the dissimilarities between the side images and therefore the tumor 

pattern. 

5. Conclusion 

This paper discussed a structure-based image similarity estimation 

approach where the structure layer of the images is represented by 

the structure tensor field. The presented method relies on combin-

ing the intensity dissimilarity values with the structural dissimilar-

ity values computed using three different tensor-space metrics. Its 

use is investigated in three dissimilarity estimation contexts: im-

age inpainting, motion estimation and analysis of medical images. 
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Fig. 10: Results of Motion Estimation. Each Result (1st to 4th Row): Reference Frame, Current Frame, Motion-Estimated Frame Using the Standard 

Approach, and Motion-Estimated Frame Using the Tensor-Based Algorithm. 

 

 
Fig. 11: Results of Similarity Estimation. H and I (Upper-Left to Bottom-Right): Brain MRI Image, A Modified Version of this Image Obtained After 
Smoothing the Region Highlighted in Red, the Image of Differences between the Initial and the Modified Image Obtained with K = 1 and K = 0.5 (Cf. 

Equation (10)) Using the SED, Orch and FN Metrics. J (Left to Right): Brain MRI Image, the Right and Left Sides of the Initial Image, the Image of Dif-

ferences between the Two Side Images Obtained with K = 1 and K = 0.5 (Cf. Equation (10)) Using the SED, Orch and FN Metrics. 

 

Applied on different images, structure-based similarity measures 

show that they are advantageous in better detecting the local dif-

ferences between the underlying images, especially in the case of 

local structural variations where the intensity-based metric fails in 

detecting dissimilarities.  

As for future perspectives, we aim at using parallel processing 

algorithms that can make use of GPU capabilities in order to re-
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duce the computational load of the point by point difference calcu-

lation.  
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