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Abstract: Local Intensity Compensation (LIC) is an intra-frame motion compensation for video coding, 

and was a candidate for HEVC. LIC compensates a target block using motion vectors of reference blocks 

and linear coefficients of the blocks; thus, from a view point of data compression, not only compensation 

error but also the range of the motion vectors and coefficients should be as small as possible. Our 

previous work employs Alternating Direction Method of Multipliers (ADMM) to obtain reference blocks 

and their coefficients of LIC. This paper proposes to limit the range of coefficients, and experimental 

results tell us that the proposed method shows almost equivalent compensation accuracy to the 

conventional method. 
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I. INTRODUCTION 

 

otion compensation is a key technique to reduce 

temporal redundancy in intra-frame coding and 

has improved its performance by extending prediction 

scheme such as bidirectional prediction and weighted 

prediction. Local Intensity Compensation [1] (LIC) is 

one of motion compensation methods and approximates 

a target block with linear combination of reference 

blocks. A previous work [2] formulates LIC as 𝐾  -

Sparse Problem and obtains heuristic solutions. Kubota 

et al. [3] introduces the distance criterion of reference 

blocks to suppress code length of motion vectors into 

Alternating Direction Method of Multiplier [4] 

(ADMM) with 𝑙0  norm regularization [5], namely a 

convex optimization with 𝐾  - Sparse constraint. This 

paper adds coefficient restraint of LIC, which will 

contribute to reduce code length of the coefficients. 

 

II.   SPARSE REPRESENTATION OF LIC 

Sparse representation tries to approximates a target 

block 𝑏𝑝 ∈ ℝ
𝑀 with linear combination of reference 

blocks 𝑏1, 𝑏2,⋯ , 𝑏𝑁 ∈ ℝ
𝑀. When the number of 

reference blocks, namely the non-zero-coefficient 

number, is equal to or less than 𝐾, the problem is called 

𝐾-Sparse Problem. Furthermore, this paper adds a 

distance constraint between a target block and reference 

blocks and a coefficient constraint to the 𝐾-Sparse 

Problem; then, LIC is formulated as 

argmin
𝑤
||𝑏𝑝 − 𝐵𝑤||

2

2

s. t.  ||𝑤||
0
≤ 𝐾 , 𝑑(𝑤) ≤ 𝐶,−1 ≤ 𝑤𝑖 ≤ 1,

 (1) 

where 𝐵 =  (𝑏1  𝑏2⋯ 𝑏𝑁) ∈ ℝ
𝑀×𝑁 and 𝑤 ∈ ℝ𝑀 is a 

coefficients vector. Each element of 𝑤 is 𝑤𝑖  and || ⋅  ||
0
 

returns the number of non-zero elements. The function 

𝑑(𝑤) ∈ ℝ is a distance metric of motion vectors and 

𝐶 ∈ ℝ is a positive parameter to constraint motion 

vectors. 

 

III. CONVENTIONAL METHOD 

 
A. Distance Function 

The distance metric, denoted as 𝑑(𝑤) in (1), regularizes 

the length of motion vectors, and is given by the sum of 

Manhattan distance of motion vectors between a 

prediction vector coordinate of a target block (𝑝 𝑞)𝑇 ∈

ℤ2 and coordinates of reference blocks (𝛼𝑗  𝛽𝑗)
𝑇
∈ ℤ2: 

thus, the function 𝑑(𝑤) is defined as 

𝑑(𝑤) =∑|𝛼𝑗 −  𝑝|

𝑗∈𝐽

+ |𝛽𝑗 − 𝑞|          (2) 

where 𝐽 = {𝑖 ∈ ℤ|1 ≤ 𝑖 ≤ 𝑁,𝑤𝑖 ≠ 0} and (𝑝 𝑞)𝑇 is 

obtained by the median of above, upper-right, and left 

blocks’ dominant vectors. The dominant vectors mean 

the motion vectors with the largest magnitude 

coefficient blocks. Please note that code lengths of 

motion vectors are not equal to their Manhattan 

distances, which approximate the code lengths. 

 

M 
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B. Indicator function of 𝑙0 norm 
The restriction of 𝑤𝑖  in (1), namely −1 ≤ 𝑤𝑖 ≤ 1, can 

be realized by an indicator function, which expresses 

whether all elements of a set are in a subset of the set or 

not; thus, a indicator function of 𝑙0  norm is defined as 

𝜄|| ⋅ ||
0
≤𝐾(𝑤) =  {

0 (||𝑤||
0
≤ 𝐾) ,

∞ (otherwise).
              (3) 

The indicator function controls the 𝑙0 norm of 𝑤, 

namely the number of reference blocks. 

 

C. Formula 
This study forms a objective function to minimize with 

the following terms: the 𝑙2 compensation error, the 

Manhattan distance of reference blocks, and the 

indicator function of 𝑙0 norm as 

argmin
w
||𝑏𝑝 − 𝐵𝑤||

2

2

+ 𝜆𝑑(𝑤) + 𝜄|| ⋅ ||
0
≤𝐾(𝑤)  

𝑠. 𝑡. −1 ≤ 𝑤𝑖 ≤ 1                                                        (4) 
IV. PROPOSED METHOD 

A. Overview 
As mentioned in Section I, Kubota et al. [3] solves a 𝐾-

Sparse Problem with the distance of motion vectors. 

However, LIC obtains larger code length than general 

motion compensation since LIC requires linear 

combination coefficients. Thus, this section shows how 

to involve coefficient constraint in (4).  

 

B. Indicator function of coefficients 
This paper defines an indicator function of coefficients 

as 

𝜄[−1,1]𝑁(𝑤) =  {
 0 (−1 ≤ 𝑤𝑗 ≤  1, 𝑗 =  1, 2,⋯ ,𝑁),

∞ (otherwise).
  (5) 

The indicator function is used to limit coefficients in 

the set [−1, 1]. Of course, we can arbitrarily determine 

the range set; however, we regard the limitation of the 

set [−1, 1] is natural for the coefficients. 

 

C. Formula 
The above discussion forms (1) as  

argmin
𝑤
||𝑏𝑝 − 𝐵𝑤||

2

2

+ 𝜆𝑑(𝑤) + 𝜄|| ⋅ ||
0
≤𝐾(𝑤)

+ 𝜄[−1,1]𝑁(𝑤),                                 (6) 

and the problem is solved with ADMM. 

 

D. How to solve with ADMM 
ADMM is a convex optimization algorithm to solve the 

following equation: 

argmin
𝑢,𝑤

𝑓(𝑢) + 𝑔(𝑤) s. t.  𝑢 = 𝐿𝑤           (7) 

Where 𝑓 and 𝑔 are functions that can be solved by 

proximal operators easily. In comparison (7) with (6), 

𝑓(𝑢) , 𝑔(𝑤) , and  𝐿 are replaced as 

𝑓(𝑢) = ||𝑏𝑝 − 𝐵𝑤||
2

2

+ 𝜆𝑑(𝑤)                  (8)

𝑔(𝑤) = 𝜄|| ⋅ ||
0
≤𝐾(𝑤) + 𝜄[−1,1]𝑁(𝑤), and    (9)

𝐿 = (𝐼 𝐼)𝑇 ,                                                          (10)

 

where 𝑢 = (𝑢1
𝑇 𝑢2

𝑇)𝑇 and 𝐼 is the identity matrix. 

ADMM applies an augmented Lagrangian to (7): 

argmin
𝑢,𝑤

𝑓(𝑢) + 𝑔(𝑤) + 〈𝑐, 𝑢 − 𝐿𝑤〉

+
1

2𝛾
||𝑢 − 𝐿𝑤||

2

2
               (11) 

where, 𝑐 ∈ ℝ2𝑛 is a dual vector. ADMM obtains 

solutions an iterator manner of (7) as follows 

𝑢1
(𝑛+1) = argmin

u

1

2
||𝑏𝑝 − 𝐵𝑤||

2

2

+
1

2𝛾
||𝑤(𝑛) − 𝑢 − 𝑐1

(𝑛)||
2

2

    (12) 

𝑢2
(𝑛+1) = argmin

𝑢
𝜆𝑑(𝑤)

+
1

2𝛾
||𝑤(𝑛) − 𝑢 − 𝑐2

(𝑛)||
2

2

    (13)  

𝑤(𝑛+1) = argmin
𝑤
𝜄|| ⋅ ||

0
≤𝐾(𝑤) + 𝜄[−1,1]𝑁(𝑤)

+
1

2𝛾
||𝑤 − 𝑢(𝑛+1) − 𝑐(𝑛)||

2

2

 (14) 

𝑐(𝑛+1) = 𝑐(𝑛) + 𝑢1
(𝑛+1) + 𝑢2

(𝑛+1) − 𝐿𝑤(𝑛+1)      (15) 

where 𝑐 = (𝑐1
𝑇 𝑐2

𝑇)𝑇. Furthermore, 𝑢1
(𝑛+1)

, 𝑢2
(𝑛+1)

, and  

𝑤(𝑛+1) are obtained by the following equations. The  

solution of 𝑢1
(𝑛+1)

 is  

𝑢1
(𝑛+1) = (𝐵𝑇𝐵 + 

1

𝛾
𝐼)
−1

{𝐵𝑇𝑏𝑝

+
1

𝛾
(𝑤(𝑛) − 𝑐1

(𝑛))}.                (16) 

Next, 𝑢2
(𝑛+1)

 is obtained as 

𝑢2𝑖
(𝑛+1) = {

𝑣𝑖  (𝜆𝑑𝑖 <
1

2
𝑣𝑖
2) ,

0 (otherwise)
                                (17) 

where 𝑢2𝑖
(𝑛)

 and 𝑣𝑖 are 𝑖-th element of 𝑢2
(𝑛)

 and that of  

𝑤(𝑛) − 𝑐2
(𝑛)

 respectively, and 𝑑𝑖 is a Manhattan 

distance of 𝑖-th reference block. To calculate 𝑤(𝑛+1) in 

(14), we use following vector 𝑡 and 𝑠: 

𝑡𝑖 = 𝑣𝑖
2 + 𝑣𝑖+𝑁

2 −
1

2
(𝑣𝑖 − 𝑣𝑖+𝑁),                          (18) 

where 𝑡𝑖 is the 𝑖-th element of 𝑡, and 

𝑠 = ℎ𝐾(𝑡),                                                                (19) 
where 𝑠 replaces elements of 𝑡 smaller than the 𝐾-th 

largest element of 𝑡 with zero. At last, 𝑤 is obtained as 

follows:  

𝑤
𝑖

(𝑛+
1
2
)
= {

1

2
(𝑣𝑖 + 𝑣𝑖+𝑁)    (𝑠𝑖 ≠ 0)

0                   (otherwise)
                       (20) 

where 𝑠𝑖 is the 𝑖-th element of 𝑠. 
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𝑤𝑖
(𝑛+1) = 

{
  
 

  
 −1        (𝑤

𝑖

(𝑛+
1
2
)
≤  −1) ,

1          (𝑤
𝑖

(𝑛+
1
2
)
≥ 1) ,

𝑤
𝑖

𝑛+
1
2 (otherwise),

                     (21) 

hence, (6) can be solved with ADMM. 

 

E. Algorithm 
From the above, the solver of (6) is summarized as the 

following procedures. 

 

Algorithm Motion vector a coefficient constraint 

LIC with ADMM 

Input: A target block is 𝑏𝑝 . Matrix 𝐵 of which 

columns are reference blocks in raster scan order, 

and 𝐿 = (𝐼 𝐼)𝑇 . The other parameters are as 

follows: 𝜆 > 0, 𝛾 > 0, 𝜖 > 0, and 0 < 𝜂 < 1. 

Output: 𝑤  (a 𝐾 -sparse linear combination 

coefficient vector) 

1.  Initialize: 𝑖 -th and 𝑖 + 𝑁 -th elements 

𝑤(0) and 𝑑(0) are set one, vector 𝑢(0) = 0 

2. while ||𝑤(𝑛) − 𝑤(𝑛−1)||
2

2

> 𝜖 do 

3.     calculate 𝑢1
(𝑛+1)

 with (16) 

4.     calculate 𝑢2
(𝑛+1)

 with (17) 

5.     calculate 𝑤(𝑛+1) with (18), (19), (20) 

6.     𝑐(𝑛+1) = 𝑐(𝑛) + 𝑢(𝑛+1) − 𝐿𝑤(𝑛+1) 

7.     𝛾 ← 𝜂𝛾, 𝑛 ← 𝑛 + 1 

8. end while 

 

V. EXPERIMENTS 

A. Experimental data and initial values 
We compare the proposed method and the non-

coefficient constraint LIC with the conventional method 

[3] for grayscale images of test sequences “foreman” and 

“coastguard” in Fig. 1 and 2. The resolution is down to 

sampled to 128 × 128  pixels. The GOP constructure 

consists of one I-frame and three consecutive P-frames, 

and a P-frame refers only previous I- or P-frame. The 

block size is 16 × 16, and the other parameters are set 

as: 𝜆 = 0.001 , 𝜖 = 10−10 , 𝜂 = 0.97 , and 𝛾  = 3. The 

number of reference blocks 𝐾 is varied from one to five. 

We evaluate the compensate image quality with mean 

value of Structural Similarity [6] (SSIM) and PSNR. 

Only to estimate LIC performance, DCT coefficients of 

motion compensate error are not added to reconstructed 

images. 

 
Fig. 1. Foreman 

 

 
Fig. 2. Coastguard 

 

B. Experimental Results 

Figure 3 to 6 are averages of SSIM and PSNR 

for 𝐾 = 1  to 5  respectively. The normal 

motion compensation is also shown in the 

Figures. Please note that the motion 

compensation refers only one reference block 

and its coefficients is one. The Figures tell us 

that the proposed without 𝐾 = 1. Figure 7 to 

10 compare reconstructed frames of the 

conventional and the proposed methods in 

both sequences. The four pictures tell us 

Figure 8 and 10 resemble Figure 7 and 9 

respectively. 
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VI. CONCLUSIONS 

This paper has proposed the coefficient constraint LIC 

for inter frame prediction. The experimental results have 

demonstrated that proposed method generate almost 

equivalent accuracy images without coefficient 

constraint. In future, we would like to investigate relation 

of range of coefficients to prediction accuracy. 

 

 
Fig. 3. MSSIM: Foreman 

 

 
Fig. 4. PSNR: Foreman 

 

 
Fig. 5. SSIM: Coastguard 

 

 
Fig. 6. PSNR: Coastguard 

 

 

 

 
Fig. 7. Conventional Method Foreman: 𝐾 = 5, 3rd P-

frame (MSSIM: 0.9675, PSNR: 28.66) 

 

 

 

 
Fig. 8. Proposed Method Foreman: 𝐾=5, 3rd P-frame 

(MSSIM: 0.9663, PSNR: 28.08) 
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Fig. 9. Conventional Method Coastguard: 𝐾 =  5, 3rd 

P-frame (MSSIM: 21.39) 

 

 
Fig. 10. Proposed Method Coastguard: 𝐾 = 5, 3rd P-

frame (MSSIM: 0.8261, PSNR: 24.54) 
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