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Abstract
To predict fractal decoded image quality more efficiently, an effective decoded
image quality prediction method was proposed in this study. In fractal encoding
process, the dynamic range of the linear correlation coefficients (LCCs) between
range blocks and their best-matched domain blocks was greatly extended by
several outliers which increased uncertainty and resulted in reduced prediction
accuracy. To remove the interference of outliers, we introduced the effective
minimum and maximum of LCCs, which provided the effective bottom and
top limits of the actual percentage of accumulated collage error (EBL-APACE
and ETL-APACE), respectively. Further, when EBL-APACE reached a large
percentage, the average collage error (ACER) can be estimated, and the de-
coded image quality can be predicted directly.Experimental results show that
compared with the previous method, the proposed method can provide higher
prediction accuracy with fewer computations.
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Abstract: To predict fractal decoded image quality more efficiently, this study
proposes an effective decoded image quality prediction method. In the fractal
encoding process, the dynamic range of the linear correlation coefficients (LCCs)
between range blocks and their best-matched domain blocks is greatly extended
by several outliers, which increases uncertainty and reduces prediction accuracy.
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To remove the interference of outliers, we introduce the effective minimum and
maximum of LCCs, which provide the effective bottom and top limits of the ac-
tual percentage of accumulated collage error (EBL-APACE and ETL-APACE),
respectively. Furthermore, when EBL-APACE reaches a large percentage, the
average collage error (ACER) can be estimated, and the decoded image quality
can be predicted directly.

Experimental results show that compared with the previous method, the pro-
posed method can provide higher prediction accuracy with fewer computations.

Keywords: Fractal image coding; Decoded image quality; Accumulated collage
error; Average collage error

1. Introduction
With the rapid development of modern society, people are increasingly exposed
to images in their daily lives, which creates substantial pressure for image trans-
mission and storage. Efficient image compression technology represents one of
the most important solutions to these challenges. Unlike conventional image
compression techniques, fractal image coding offers novel concepts, potential
high compression ratios, fast decoding, and resolution independence, attracting
worldwide research attention [1-4].

However, fractal image coding suffers from high computational complexity dur-
ing the encoding process, which seriously impedes its practical application. Con-
sequently, fast fractal image encoding has become a key research direction. In
recent years, many fast fractal encoding methods have been proposed, which can
be mainly divided into two categories: 1) Local block-matching based fast frac-
tal image encoding [5-7], which accelerates the encoding process by excluding
numerous domain blocks and converting global matching into local matching;
and 2) No-search fractal image coding [8-11], which assigns the best-matched
domain blocks directly without search operations, enabling real-time encoding
and higher compression ratios at the expense of decoded image quality. Beyond
image compression, fractal image coding has been gradually applied to other im-
age processing tasks, including image denoising [12-18], image hashing [19,20],
image retrieval [21-23], watermarking [24-26], image super-resolution [27-31],
head pose estimation [32, 33], and MRI image processing [34].

Predictable quality of decoded images is a novel property of fractal image cod-
ing. In previous work, the quality of decoded images was predicted using only
partial encoding information without requiring the decoding process [35]. This
study proposes an effective method to predict decoded image quality more ac-
curately and quickly. First, we observed that the dynamic range of linear corre-
lation coefficients between range blocks and their best-matched domain blocks
is greatly extended by several outliers. Since the number of outliers is very
small, they contribute little to the accumulated collage error (ACE) of all range
blocks. Therefore, we propose a novel method to calculate the effective minimum
and maximum of linear correlation coefficients to eliminate outlier interference,
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which provides the effective bottom and top limits of the actual percentage of
accumulated collage error (EBL-APACE and ETL-APACE), respectively. More-
over, when EBL-APACE reaches a large percentage (such as 90%), EBL-APACE
and ETL-APACE determine a small dynamic range for the actual percentage of
accumulated collage error (APACE), allowing the average collage error (ACER)
to be approximately estimated. Based on the logarithmic relationship between
ACER and fractal decoded image quality, the quality of decoded images can be
predicted directly. Finally, we adopted four fractal encoding methods to assess
the performance of the proposed method. Experimental results demonstrate
that compared with the previous method, the proposed method provides higher
prediction accuracy with fewer computations.

This paper is organized as follows: Section 2 reviews conventional fractal image
coding. Section 3 describes the principle of the proposed method. Section 4
presents and analyzes experimental results in detail. Section 5 provides the
final conclusion.

2. Conventional Fractal Image Coding
Fractal image coding aims to establish an iterated function system whose fixed
point can approximate the original image. The first block-based fractal en-
coding method was proposed by Jacquin [1]. First, the original 𝑀 × 𝑁 im-
age 𝑓 is uniformly divided into non-overlapping 𝐵 × 𝐵 range blocks 𝑅𝑖, 𝑖 =
1, 2, 3, … , 𝑁𝑢𝑚𝑅, where 𝑁𝑢𝑚𝑅 denotes the total number of range blocks.
Then, domain blocks 𝐷𝑗, 𝑗 = 1, 2, 3, … , 𝑁𝑢𝑚𝐷, can be obtained by sliding
a 2𝐵 × 2𝐵 window over the original image from left to right and top to bottom,
where 𝑁𝑢𝑚𝐷 denotes the total number of domain blocks. Further, domain
blocks are contracted to the same size as range blocks, and an extended domain
block pool (EDBP) is obtained by performing eight isometric transformations
on domain blocks. For a given image, Figure 1 [Figure 1: see original paper]
illustrates the eight isometric transformations, which include rotation through
0°, 90°, 180°, and 270°, reflection about the middle horizontal axis, reflection
about the middle vertical axis, reflection about the main diagonal, and reflection
about the secondary diagonal, in that order. Finally, the best-matched domain
block can be obtained by minimizing the following function:

min
𝑖=1,2,3,…,𝑁𝑢𝑚𝑅
𝑗=1,2,3,…,𝑁𝑢𝑚𝐷

𝐶𝐸(𝑅𝑖)

where 𝐶𝐸(𝑅𝑖) denotes the collage error of 𝑅𝑖. 𝐼 denotes a 𝐵 × 𝐵 matrix whose
elements are all ones. 𝑠𝑖 and 𝑜𝑖 denote scaling and offset coefficients, respectively.
𝐷𝑗 is the best-matched domain block of 𝑅𝑖. Using the least squares method, 𝑠𝑖
and 𝑜𝑖 can be calculated as follows:
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𝑠𝑖 = ⟨𝑅𝑖 − ̄𝑟𝐼, 𝐷𝑗 − ̄𝑑𝐼⟩
⟨𝐷𝑗 − ̄𝑑𝐼, 𝐷𝑗 − ̄𝑑𝐼⟩

𝑜𝑖 = ̄𝑟 − 𝑠𝑖 ̄𝑑

where ⟨⋅, ⋅⟩ denotes the inner product. ̄𝑟 and ̄𝑑 are the averages of 𝑅𝑖 and 𝐷𝑗,
respectively.

Fig.1 Eight isometric transformations.

In the decoding process, an arbitrary 𝑀 × 𝑁 image can be selected as the
initial image. First, the same transformations as those in the encoding process
are applied from the best-matched domain blocks to the corresponding range
blocks. One iteration is completed after all range blocks are reconstructed.
After approximately 10 iterations, the decoded image can be obtained.

Figure 2 [Figure 2: see original paper] selects a rotated 256 × 256 Bridge image
as the initial image. When we encoded Bridge in the encoding process, Figures 3
[Figure 3: see original paper] (b) to (f) illustrate the first five iteration images in
the decoding process. We observe that the iteration images converge gradually
to Bridge.

(a) Initial Image (b) First iteration (c) Second iteration (d) Third
iteration (e) Fourth iteration (f) Fifth iteration

Fig.2 Fractal decoding process.

3.1 Effective Minimum and Maximum of Linear Correla-
tion Coefficients Between Range Blocks and Their Best-
Matched Domain Blocks
For 𝑅𝑖, substituting (2) back into (1) yields:

𝐶𝐸(𝑅𝑖) = (1 − 𝐿𝐶𝐶2
𝑖 ) ⋅ 𝑉 𝑎𝑟(𝑅𝑖)

where 𝐿𝐶𝐶𝑖 denotes the linear correlation coefficient between 𝑅𝑖 and 𝐷𝑗. Be-
cause 𝐿𝐶𝐶𝑖 is between 0 and 1, Eq. (3) satisfies:

0 ≤ 𝐶𝐸(𝑅𝑖) ≤ 𝑉 𝑎𝑟(𝑅𝑖)

In Eq. (4), the variance of 𝑅𝑖 provides the upper limit of 𝐶𝐸(𝑅𝑖), and thus
only range blocks with large variances may result in large collage errors. By Eq.
(3), the ACE of all range blocks can be calculated as:
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𝐴𝐶𝐸𝐴𝑙𝑙 =
𝑁𝑢𝑚𝑅
∑
𝑖=1

(1 − 𝐿𝐶𝐶2
𝑖 ) ⋅ 𝑉 𝑎𝑟(𝑅𝑖)

If we use 𝐿𝐶𝐶𝑀𝑎𝑥 and 𝐿𝐶𝐶𝑀𝑖𝑛 to denote the maximum and minimum of 𝐿𝐶𝐶𝑖,
𝑖 = 1, 2, 3, … , 𝑁𝑢𝑚𝑅, respectively, then by Eq. (5), we have:

𝐴𝐶𝐸𝑀𝑖𝑛 < 𝐴𝐶𝐸𝐴𝑙𝑙 < 𝐴𝐶𝐸𝑀𝑎𝑥

where:

𝐴𝐶𝐸𝑀𝑖𝑛 =
𝑁𝑢𝑚𝑅
∑
𝑖=1

(1 − 𝐿𝐶𝐶2
𝑀𝑎𝑥) ⋅ 𝑉 𝑎𝑟(𝑅𝑖)

𝐴𝐶𝐸𝑀𝑎𝑥 =
𝑁𝑢𝑚𝑅
∑
𝑖=1

(1 − 𝐿𝐶𝐶2
𝑀𝑖𝑛) ⋅ 𝑉 𝑎𝑟(𝑅𝑖)

Fig.3 Distribution of linear correlation coefficients.

In the encoding process, we sorted the range blocks by their variances from
largest to smallest and encoded them in order. For Bridge, Figure 3 shows the
distribution of LCCs. In Eq. (7), 𝐿𝐶𝐶𝑀𝑎𝑥 and 𝐿𝐶𝐶𝑀𝑖𝑛 provide the bottom
and top limits of 𝐴𝐶𝐸𝐴𝑙𝑙, respectively. However, we observe that the dynamic
range of LCCs is mainly determined by several outliers that greatly extend the
dynamic range of LCCs. In Fig.3, all LCCs below the red line (i.e., smaller than
0.6) are marked with “�”. The outliers cause 𝐿𝐶𝐶𝑀𝑖𝑛 to extend below 0.6. Be-
cause the ACE of these outliers comprises only 1.47% of the total collage errors,
their effect can be ignored. To remove outlier interference and effectively esti-
mate the dynamic range of 𝐴𝐶𝐸𝐴𝑙𝑙, we adopt the following method to compute
the effective minimum and maximum of LCCs:

For all range blocks, we establish a histogram of collage errors with respect to
LCCs. If we have 𝑁𝑢𝑚𝐶 range blocks 𝑅𝑘, 𝑘 = 1, 2, 3, … , 𝑁𝑢𝑚𝐶, whose LCCs
are all 𝑙𝑐𝑐, we use 𝑝(𝑙𝑐𝑐) to represent the normalized version of the sum of collage
errors with the same LCC:

𝑝(𝑙𝑐𝑐) = ∑𝑁𝑢𝑚𝐶
𝑘=1 𝐶𝐸𝑘(𝑙𝑐𝑐)

𝐴𝐶𝐸𝐴𝑙𝑙

where 𝐶𝐸𝑘(𝑙𝑐𝑐) denotes the collage error of 𝑅𝑘 with 𝐿𝐶𝐶 = 𝑙𝑐𝑐. From Eq.
(8), we know that 𝑝(𝑙𝑐𝑐) actually represents the probability density function of
collage errors (PDF-CE) with respect to LCCs.

Fig.4 PDF-CE versus LCCs. (a) Fitting result of the left part and its reflection.
(b) Fitting result of the left part and its reflection.
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Fig.5 Fitting results for the left and right parts of PDF-CE in Fig.5, respec-
tively.

Fig.6 Fitting results of PDF-CE.

Figure 4 [Figure 4: see original paper] shows PDF-CE for Bridge, which is
asymmetric. We plotted a vertical line (VL) at 𝑙𝑐𝑐 = 𝑇 where PDF-CE reached
its peak value. The VL divides PDF-CE into left and right parts comprising
𝑇𝐿𝑒𝑓𝑡% and 𝑇𝑅𝑖𝑔ℎ𝑡% of 𝐴𝐶𝐸𝐴𝑙𝑙, respectively, and we have 𝑇𝐿𝑒𝑓𝑡% + 𝑇𝑅𝑖𝑔ℎ𝑡% =
100%. By extracting the left part and reflecting it about the VL, we obtain a
symmetric curve in Fig.5 (a). Similarly, by reflecting the right part about the
VL, we obtain a symmetric curve in Fig.5 (b). Then, we adopt the following
two Gaussian functions, 𝐺𝐹𝐿𝑒𝑓𝑡(𝑙𝑐𝑐) and 𝐺𝐹𝑅𝑖𝑔ℎ𝑡(𝑙𝑐𝑐), to fit the two curves in
Fig.5 (a) and (b), respectively:

𝐺𝐹𝐿𝑒𝑓𝑡(𝑙𝑐𝑐) = 1√
2𝜋𝛼3

exp (−(𝑙𝑐𝑐 − 𝛼2)2

2𝛼2
3

)

𝐺𝐹𝑅𝑖𝑔ℎ𝑡(𝑙𝑐𝑐) = 1√
2𝜋𝛽3

exp (−(𝑙𝑐𝑐 − 𝛽2)2

2𝛽2
3

)

where 𝛼3 and 𝛽3 represent the standard deviations of the curves in Fig.5 (a)
and (b), respectively. 𝛼2 and 𝛽2 are both equal to 𝑇 . Gaussian distributions
concentrate 95.5% × 2𝑇𝐿𝑒𝑓𝑡% and 95.5% × 2𝑇𝑅𝑖𝑔ℎ𝑡% of 𝐴𝐶𝐸𝐴𝑙𝑙 in the intervals
[𝛼2 − 2𝛼3, 𝛼2 + 2𝛼3] and [𝛽2 − 2𝛽3, 𝛽2 + 2𝛽3] in Fig.5 (a) and (b), respectively.
Thus, [𝛼2 −2𝛼3, 𝛼2] and [𝛽2, 𝛽2 +2𝛽3] concentrate 95.5%×𝑇𝐿𝑒𝑓𝑡% and 95.5%×
𝑇𝑅𝑖𝑔ℎ𝑡% of 𝐴𝐶𝐸𝐴𝑙𝑙, respectively. Further, we extract the left and right parts of
the fitting curves in Fig.5 (a) and (b), respectively, and combine them in Fig.6.
By Eq. (9), we know that the interval [𝛼2 −2𝛼3, 𝛽2 +2𝛽3] concentrates 95.5% of
𝐴𝐶𝐸𝐴𝑙𝑙. Finally, we define 𝛼2 −2𝛼3 and 𝛽2 +2𝛽3 as the effective minimum and
maximum of LCCs, 𝐿𝐶𝐶𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 and 𝐿𝐶𝐶𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒, respectively:

𝐿𝐶𝐶𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 = 𝛼2 − 2𝛼3

𝐿𝐶𝐶𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 = 𝛽2 + 2𝛽3

𝐿𝐶𝐶𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 and 𝐿𝐶𝐶𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 can effectively remove the effect of
outliers. Because the dynamic range of LCCs is narrowed, we also have the
inequalities:

𝐿𝐶𝐶𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 ≤ 𝐿𝐶𝐶𝑀𝑖𝑛 ≤ 𝐿𝐶𝐶𝑀𝑎𝑥 ≤ 𝐿𝐶𝐶𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒
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3.2 Effective Bottom and Top Limits of Accumulated Col-
lage Error
With 𝐿𝐶𝐶𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 and 𝐿𝐶𝐶𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒, Eq. (7) can be modified as:

𝐴𝐶𝐸𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 < 𝐴𝐶𝐸𝐴𝑙𝑙 < 𝐴𝐶𝐸𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒

where:

𝐴𝐶𝐸𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 =
𝑁𝑢𝑚𝑅
∑
𝑖=1

(1 − 𝐿𝐶𝐶2
𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒) ⋅ 𝑉 𝑎𝑟(𝑅𝑖)

𝐴𝐶𝐸𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 =
𝑁𝑢𝑚𝑅
∑
𝑖=1

(1 − 𝐿𝐶𝐶2
𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒) ⋅ 𝑉 𝑎𝑟(𝑅𝑖)

We compared 𝐴𝐶𝐸𝐴𝑙𝑙 with 𝐴𝐶𝐸𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒:

𝐴𝐶𝐸𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 =
𝑁𝑢𝑚𝑅
∑
𝑖=1

(1−𝐿𝐶𝐶2
𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒)⋅𝑉 𝑎𝑟(𝑅𝑖) =

𝑁𝑢𝑚𝑅
∑
𝑖=1

𝐶𝐸(𝑅𝑖)⋅
1 − 𝐿𝐶𝐶2

𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒
1 − 𝐿𝐶𝐶2

𝑖

The range blocks can be divided into two categories: those with LCCs above
𝐿𝐶𝐶𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 and those below. We use 𝑁𝑢𝑚𝐴𝑏𝑜𝑣𝑒 and 𝑁𝑢𝑚𝐵𝑒𝑙𝑜𝑤
to denote the numbers of range blocks whose LCCs are above and below
𝐿𝐶𝐶𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒, respectively. Then, Eq. (14) can be rewritten as:

𝐴𝐶𝐸𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 =
𝑁𝑢𝑚𝐴𝑏𝑜𝑣𝑒

∑
𝑖=1

𝐶𝐸(𝑅𝑖)⋅
1 − 𝐿𝐶𝐶2

𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒
1 − 𝐿𝐶𝐶2

𝑖
+

𝑁𝑢𝑚𝐵𝑒𝑙𝑜𝑤
∑
𝑖=1

𝐶𝐸(𝑅𝑖)⋅
1 − 𝐿𝐶𝐶2

𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒
1 − 𝐿𝐶𝐶2

𝑖

Only the LCCs of several outliers satisfy 𝐿𝐶𝐶𝑖 > 𝐿𝐶𝐶𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒, while
the others satisfy 𝐿𝐶𝐶𝑖 < 𝐿𝐶𝐶𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒. For Bridge, 𝑁𝑢𝑚𝐴𝑏𝑜𝑣𝑒 =
39, 𝑁𝑢𝑚𝐵𝑒𝑙𝑜𝑤 = 4, 057, and 𝐴𝐶𝐸𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 = 529, 480 > 0. Gener-
ally, the number of LCCs below 𝐿𝐶𝐶𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 is more than ten times
larger than those above. Thus, in Eq. (15), when 𝑁𝑢𝑚𝐵𝑒𝑙𝑜𝑤 ≫ 𝑁𝑢𝑚𝐴𝑏𝑜𝑣𝑒,
𝐴𝐶𝐸𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 < 𝐴𝐶𝐸𝐴𝑙𝑙, and we have:

𝐴𝐶𝐸𝐴𝑙𝑙 > 𝐴𝐶𝐸𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒

Similarly, we compared 𝐴𝐶𝐸𝐴𝑙𝑙 with 𝐴𝐶𝐸𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒:
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𝐴𝐶𝐸𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 =
𝑁𝑢𝑚𝑅
∑
𝑖=1

(1−𝐿𝐶𝐶2
𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒)⋅𝑉 𝑎𝑟(𝑅𝑖) =

𝑁𝑢𝑚𝑅
∑
𝑖=1

𝐶𝐸(𝑅𝑖)⋅
1 − 𝐿𝐶𝐶2

𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒
1 − 𝐿𝐶𝐶2

𝑖

Analogous to Eq. (15), we divided range blocks into two categories: those
with LCCs above and below 𝐿𝐶𝐶𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒. We use 𝑁𝑢𝑚𝐴𝑏𝑜𝑣𝑒 and
𝑁𝑢𝑚𝐵𝑒𝑙𝑜𝑤 to denote the numbers of range blocks whose LCCs are above and
below 𝐿𝐶𝐶𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒, respectively. Then, Eq. (17) can be rewritten as:

𝐴𝐶𝐸𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 =
𝑁𝑢𝑚𝐴𝑏𝑜𝑣𝑒

∑
𝑖=1

𝐶𝐸(𝑅𝑖)⋅
1 − 𝐿𝐶𝐶2

𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒
1 − 𝐿𝐶𝐶2

𝑖
+

𝑁𝑢𝑚𝐵𝑒𝑙𝑜𝑤
∑
𝑖=1

𝐶𝐸(𝑅𝑖)⋅
1 − 𝐿𝐶𝐶2

𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒
1 − 𝐿𝐶𝐶2

𝑖

Only the LCCs of several outliers satisfy 𝐿𝐶𝐶𝑖 < 𝐿𝐶𝐶𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒, while the
others satisfy 𝐿𝐶𝐶𝑖 > 𝐿𝐶𝐶𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒. For Bridge, 𝑁𝑢𝑚𝐴𝑏𝑜𝑣𝑒 = 4, 026,
𝑁𝑢𝑚𝐵𝑒𝑙𝑜𝑤 = 70, and 𝐴𝐶𝐸𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 > 𝐴𝐶𝐸𝐴𝑙𝑙 = 760, 276 > 0. Thus, in
Eq. (18), when 𝑁𝑢𝑚𝐴𝑏𝑜𝑣𝑒 ≫ 𝑁𝑢𝑚𝐵𝑒𝑙𝑜𝑤, we have:

𝐴𝐶𝐸𝐴𝑙𝑙 < 𝐴𝐶𝐸𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒

By Eqs. (16) and (19), we obtain:

𝐴𝐶𝐸𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 > 𝐴𝐶𝐸𝐴𝑙𝑙 > 𝐴𝐶𝐸𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒

Thus, the effective minimum and maximum of LCCs, 𝐿𝐶𝐶𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 and
𝐿𝐶𝐶𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒, can provide the effective top and bottom limits of 𝐴𝐶𝐸𝐴𝑙𝑙,
𝐴𝐶𝐸𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 and 𝐴𝐶𝐸𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒, respectively.

3.3 Decoded Image Quality Prediction
In the encoding process, range blocks are divided into two categories: coded and
uncoded range blocks. For coded blocks, if their number is sufficiently large,
we can use the effective minimum and maximum of the LCCs of coded range
blocks, 𝐿𝐶𝐶𝐶𝑜𝑑𝑒𝑑_𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 and 𝐿𝐶𝐶𝐶𝑜𝑑𝑒𝑑_𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒, to approximate
those of all range blocks, 𝐿𝐶𝐶𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 and 𝐿𝐶𝐶𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒:

𝐿𝐶𝐶𝐶𝑜𝑑𝑒𝑑_𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 ≈ 𝐿𝐶𝐶𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒

𝐿𝐶𝐶𝐶𝑜𝑑𝑒𝑑_𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 ≈ 𝐿𝐶𝐶𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒
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Moreover, the effective minimum and maximum of the LCCs of uncoded range
blocks, 𝐿𝐶𝐶𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 and 𝐿𝐶𝐶𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒, can be rep-
resented by those of all range blocks:

𝐿𝐶𝐶𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 ≈ 𝐿𝐶𝐶𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒

𝐿𝐶𝐶𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 ≈ 𝐿𝐶𝐶𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒

By Eqs. (21) and (22), we can use 𝐿𝐶𝐶𝐶𝑜𝑑𝑒𝑑_𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 and 𝐿𝐶𝐶𝐶𝑜𝑑𝑒𝑑_𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒
to approximate 𝐿𝐶𝐶𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 and 𝐿𝐶𝐶𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒:

𝐿𝐶𝐶𝐶𝑜𝑑𝑒𝑑_𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 ≈ 𝐿𝐶𝐶𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒

𝐿𝐶𝐶𝐶𝑜𝑑𝑒𝑑_𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 ≈ 𝐿𝐶𝐶𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒

Further, by Eq. (3), the collage error of an arbitrary uncoded range block can
be expressed as:

𝐶𝐸𝑈𝑛𝑐𝑜𝑑𝑒𝑑(𝑅𝑖) = (1 − 𝐿𝐶𝐶2
𝑈𝑛𝑐𝑜𝑑𝑒𝑑) ⋅ 𝑉 𝑎𝑟(𝑅𝑖), 𝑖 = 1, 2, 3, … , 𝑁𝑢𝑚𝑈𝑛𝑐𝑜𝑑𝑒𝑑

where 𝑁𝑢𝑚𝑈𝑛𝑐𝑜𝑑𝑒𝑑 denotes the number of uncoded range blocks. 𝐿𝐶𝐶𝑈𝑛𝑐𝑜𝑑𝑒𝑑
denotes the LCC of uncoded range blocks. Then, the ACE of uncoded range
blocks can be described as:

𝐴𝐶𝐸𝑈𝑛𝑐𝑜𝑑𝑒𝑑 =
𝑁𝑢𝑚𝑈𝑛𝑐𝑜𝑑𝑒𝑑

∑
𝑖=1

(1 − 𝐿𝐶𝐶2
𝑈𝑛𝑐𝑜𝑑𝑒𝑑) ⋅ 𝑉 𝑎𝑟(𝑅𝑖)

We assume that the result in Subsection 3.2 also applies to uncoded range
blocks, i.e., the effective minimum and maximum of the LCCs of uncoded range
blocks, 𝐿𝐶𝐶𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 and 𝐿𝐶𝐶𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒, can provide
the effective top and bottom limits for 𝐴𝐶𝐸𝑈𝑛𝑐𝑜𝑑𝑒𝑑:

𝐴𝐶𝐸𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 < 𝐴𝐶𝐸𝑈𝑛𝑐𝑜𝑑𝑒𝑑 < 𝐴𝐶𝐸𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒

where:

𝐴𝐶𝐸𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 =
𝑁𝑢𝑚𝑈𝑛𝑐𝑜𝑑𝑒𝑑

∑
𝑖=1

(1−𝐿𝐶𝐶2
𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒)⋅𝑉 𝑎𝑟(𝑅𝑖)
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𝐴𝐶𝐸𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 =
𝑁𝑢𝑚𝑈𝑛𝑐𝑜𝑑𝑒𝑑

∑
𝑖=1

(1−𝐿𝐶𝐶2
𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒)⋅𝑉 𝑎𝑟(𝑅𝑖)

By Eq. (23), Eq. (27) can be rewritten as:

𝐴𝐶𝐸𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 =
𝑁𝑢𝑚𝑈𝑛𝑐𝑜𝑑𝑒𝑑

∑
𝑖=1

(1−𝐿𝐶𝐶2
𝐶𝑜𝑑𝑒𝑑_𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒)⋅𝑉 𝑎𝑟(𝑅𝑖)

𝐴𝐶𝐸𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 =
𝑁𝑢𝑚𝑈𝑛𝑐𝑜𝑑𝑒𝑑

∑
𝑖=1

(1−𝐿𝐶𝐶2
𝐶𝑜𝑑𝑒𝑑_𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒)⋅𝑉 𝑎𝑟(𝑅𝑖)

Moreover, if the actual percentage of accumulated collage error (APACE) is
defined as the ratio of 𝐴𝐶𝐸𝐶𝑜𝑑𝑒𝑑 to 𝐴𝐶𝐸𝐴𝑙𝑙:

𝐴𝑃𝐴𝐶𝐸 = 𝐴𝐶𝐸𝐶𝑜𝑑𝑒𝑑
𝐴𝐶𝐸𝐴𝑙𝑙

= 𝐴𝐶𝐸𝐶𝑜𝑑𝑒𝑑
𝐴𝐶𝐸𝐶𝑜𝑑𝑒𝑑 + 𝐴𝐶𝐸𝑈𝑛𝑐𝑜𝑑𝑒𝑑

By Eqs. (26) and (29), we obtain the effective bottom and top limits of the actual
percentage of accumulated collage error, EBL-APACE and ETL-APACE:

𝐸𝐵𝐿-𝐴𝑃𝐴𝐶𝐸 = 𝐴𝐶𝐸𝐶𝑜𝑑𝑒𝑑
𝐴𝐶𝐸𝐶𝑜𝑑𝑒𝑑 + 𝐴𝐶𝐸𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒

𝐸𝑇 𝐿-𝐴𝑃𝐴𝐶𝐸 = 𝐴𝐶𝐸𝐶𝑜𝑑𝑒𝑑
𝐴𝐶𝐸𝐶𝑜𝑑𝑒𝑑 + 𝐴𝐶𝐸𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒

From Eq. (30), we know that 𝐸𝑇 𝐿-𝐴𝑃𝐴𝐶𝐸 < 1 and 𝐸𝐵𝐿-𝐴𝑃𝐴𝐶𝐸 <
𝐸𝑇 𝐿-𝐴𝑃𝐴𝐶𝐸. When 𝐸𝐵𝐿-𝐴𝑃𝐴𝐶𝐸 reaches a large percentage (such as 90%),
𝐸𝐵𝐿-𝐴𝑃𝐴𝐶𝐸 can approach 𝐸𝑇 𝐿-𝐴𝑃𝐴𝐶𝐸 sufficiently, implying that APACE
lies in a rather small dynamic range and can be approximately estimated as:

𝐴𝑃𝐴𝐶𝐸𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 = 𝐸𝐵𝐿-𝐴𝑃𝐴𝐶𝐸 + 𝐸𝑇 𝐿-𝐴𝑃𝐴𝐶𝐸
2

Moreover, the average collage error (ACER) of all range blocks can be computed
as:

𝐴𝐶𝐸𝑅 = 𝐴𝐶𝐸𝐴𝑙𝑙
𝑁𝑢𝑚𝑅
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By Eqs. (32), (29), and (31), we can estimate ACER as:

𝐴𝐶𝐸𝑅𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 = 𝐴𝐶𝐸𝐶𝑜𝑑𝑒𝑑
𝐴𝑃𝐴𝐶𝐸𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 ⋅ 𝑁𝑢𝑚𝑅

The numerator of Eq. (33) represents the estimated version of 𝐴𝐶𝐸𝐴𝑙𝑙. In
addition, the peak signal-to-noise ratio (PSNR) is used to measure decoded
image quality:

𝑃𝑆𝑁𝑅 = 10 log10
⎛⎜
⎝

2552

1
𝑀𝑁 ∑𝑀

𝑥=1 ∑𝑁
𝑦=1[𝑓(𝑥, 𝑦) − 𝑓𝐷𝑒𝑐𝑜𝑑𝑒𝑑(𝑥, 𝑦)]2

⎞⎟
⎠

where 𝑓 and 𝑓𝐷𝑒𝑐𝑜𝑑𝑒𝑑 represent the input and decoded images, respectively.
Moreover, a logarithmic relationship exists between ACER and the PSNR of
the decoded image [35]:

𝑃𝑆𝑁𝑅 = 𝛽1 + 𝛽2 log10(𝐴𝐶𝐸𝑅)

where 𝛽1 and 𝛽2 are constant values. Finally, by Eqs. (33) and (35), we can
directly predict the PSNR of the decoded image.

4. Experiments
We adopted six 256 × 256 images (shown in Fig.7): Peppers, Airplane, Boat,
Bridge, House, and Lake. Four fractal image coding methods were used to assess
the performance of the proposed method [1,5-7]. The scaling and offset coeffi-
cients, 𝑠 and 𝑜, were quantized using 5 and 7 bits, respectively. The procedures
of the proposed method are as follows:

Step 1: Divide the input image into range and domain blocks, and sort the
range blocks by their variances from largest to smallest.

Step 2: Take one uncoded range block and encode it. If 𝐸𝐵𝐿-𝐴𝑃𝐴𝐶𝐸 is
smaller than 90%, return to Step 2. Otherwise, calculate 𝐸𝑇 𝐿-𝐴𝑃𝐴𝐶𝐸 and
proceed to Step 3.

Step 3: Calculate ACER using Eq. (33) and predict the decoded image quality
using Eq. (35).

(a) Peppers (b) Airplane (c) Boat (d) Bridge (e) House (f) Lake

Fig.7 Six test images.

When the range block size is set to 4×4 and 8×8, Tables 1 , 2, 3, and 4 list the
experimental results for Jacquin’s, Chaurasia’s, Zheng’s, and Gupta’s methods,
respectively [1,5-7]. In Table 1, when the range block size is 4 × 4, the second
row shows the PSNRs of decoded images for Jacquin’s method. In the third

chinarxiv.org/items/chinaxiv-202308.00720 Machine Translation

https://chinarxiv.org/items/chinaxiv-202308.00720


row, we encode all range blocks, perform block-matching 4,096 times for all test
images, and consider the percentage of computations as 100%. For the previous
method, the fourth to sixth rows list the predicted PSNRs, deviations between
predicted and actual PSNRs, and the percentage of computations relative to
Jacquin’s method, respectively. Similarly, the seventh to ninth rows show the
counterparts for the proposed method.

From Table 1, we observe that when the range block size is 4 × 4, the aver-
age deviations of the previous and proposed methods are 0.08 dB and 0.05
dB, respectively, and the average percentages of computations are 52.99% and
47.76%, respectively. When the range block size is 8 × 8, the average deviations
of the previous and proposed methods are 0.10 dB and 0.09 dB, respectively,
and the required percentages of computations are 52.62% and 50.73%, respec-
tively. These results demonstrate that compared with the previous method, the
proposed method provides higher prediction accuracy with fewer computations.
The analysis is as follows:

In the previous method, 𝐿𝐶𝐶𝐶𝑜𝑑𝑒𝑑_𝑀𝑖𝑛 and 𝐿𝐶𝐶𝐶𝑜𝑑𝑒𝑑_𝑀𝑎𝑥 were used to ap-
proximate 𝐿𝐶𝐶𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑖𝑛 and 𝐿𝐶𝐶𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑎𝑥, providing the bottom and
top limits of APACE as:

𝐴𝑃𝐴𝐶𝐸𝑀𝑖𝑛 = 𝐴𝐶𝐸𝐶𝑜𝑑𝑒𝑑
𝐴𝐶𝐸𝐶𝑜𝑑𝑒𝑑 + 𝐴𝐶𝐸𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑎𝑥

𝐴𝑃𝐴𝐶𝐸𝑀𝑎𝑥 = 𝐴𝐶𝐸𝐶𝑜𝑑𝑒𝑑
𝐴𝐶𝐸𝐶𝑜𝑑𝑒𝑑 + 𝐴𝐶𝐸𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑖𝑛

where:

𝐴𝐶𝐸𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑎𝑥 =
𝑁𝑢𝑚𝑈𝑛𝑐𝑜𝑑𝑒𝑑

∑
𝑖=1

(1 − 𝐿𝐶𝐶2
𝐶𝑜𝑑𝑒𝑑_𝑀𝑖𝑛) ⋅ 𝑉 𝑎𝑟(𝑅𝑖)

𝐴𝐶𝐸𝑈𝑛𝑐𝑜𝑑𝑒𝑑_𝑀𝑖𝑛 =
𝑁𝑢𝑚𝑈𝑛𝑐𝑜𝑑𝑒𝑑

∑
𝑖=1

(1 − 𝐿𝐶𝐶2
𝐶𝑜𝑑𝑒𝑑_𝑀𝑎𝑥) ⋅ 𝑉 𝑎𝑟(𝑅𝑖)

Similar to Eq. (12), for coded range blocks, we also have:

𝐿𝐶𝐶𝐶𝑜𝑑𝑒𝑑_𝑀𝑖𝑛_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 ≤ 𝐿𝐶𝐶𝐶𝑜𝑑𝑒𝑑_𝑀𝑖𝑛 ≤ 𝐿𝐶𝐶𝐶𝑜𝑑𝑒𝑑_𝑀𝑎𝑥 ≤ 𝐿𝐶𝐶𝐶𝑜𝑑𝑒𝑑_𝑀𝑎𝑥_𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒

By comparing Eq. (28) and (37), we obtain:

𝐴𝑃𝐴𝐶𝐸𝑀𝑖𝑛 < 𝐸𝐵𝐿-𝐴𝑃𝐴𝐶𝐸, 𝐸𝑇 𝐿-𝐴𝑃𝐴𝐶𝐸 < 𝐴𝑃𝐴𝐶𝐸𝑀𝑎𝑥
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By Eq. (39), 𝐴𝑃𝐴𝐶𝐸𝑀𝑖𝑛 is always smaller than 𝐸𝐵𝐿-𝐴𝑃𝐴𝐶𝐸. When
𝐸𝐵𝐿-𝐴𝑃𝐴𝐶𝐸 reaches 90% in the proposed method, 𝐴𝑃𝐴𝐶𝐸𝑀𝑖𝑛 is smaller
than 90%, implying that in the previous method, extra range blocks must be
encoded to make 𝐴𝑃𝐴𝐶𝐸𝑀𝑖𝑛 reach 90%. Thus, the proposed method saves
a significant number of computations. When the range block size is 4 × 4, we
have 4,096 range blocks in total. For Peppers, in the previous method, when
𝐴𝑃𝐴𝐶𝐸𝑀𝑖𝑛 reaches 90%, we need to encode 2,327 range blocks (represented
by red and white boxes in Fig.8 (a)), comprising 56.81% of total range blocks.
In the proposed method, when 𝐸𝐵𝐿-𝐴𝑃𝐴𝐶𝐸 reaches 90%, we only need to
encode 2,002 range blocks (represented by white boxes in Fig.8 (a)), comprising
48.88% of total range blocks. This implies that computations for 325 range
blocks (represented by red boxes) are saved. When the range block size is 8 × 8,
we have 1,024 range blocks in total. In the previous method, when 𝐴𝑃𝐴𝐶𝐸𝑀𝑖𝑛
reaches 90%, we need to encode 529 range blocks (represented by red and white
boxes in Fig.9 (a)), comprising 51.66% of total range blocks. In the proposed
method, when 𝐸𝐵𝐿-𝐴𝑃𝐴𝐶𝐸 reaches 90%, we need to encode 487 range blocks
(represented by white boxes in Fig.9 (a)), comprising 47.56% of total range
blocks. This implies that computations for 42 range blocks (represented by red
boxes) are saved. Moreover, by Eq. (39), we also know that compared with
the range from 𝐴𝑃𝐴𝐶𝐸𝑀𝑖𝑛 to 𝐴𝑃𝐴𝐶𝐸𝑀𝑎𝑥, the range from 𝐸𝐵𝐿-𝐴𝑃𝐴𝐶𝐸 to
𝐸𝑇 𝐿-𝐴𝑃𝐴𝐶𝐸 provides a smaller dynamic range for estimating APACE, and
the proposed method is expected to provide higher prediction accuracy.

In Table 2, for Chaurasia’s method, when the range block size is 4 × 4, the
average deviations of the previous and proposed methods are 0.07 dB and 0.05
dB, respectively, and the average percentages of computations are 54.14% and
48.12%, respectively. When the range block size is 8 × 8, the average deviations
of both methods are 0.17 dB, and the average percentages of computations are
52.44% and 50.31%, respectively.

In Table 3, for Zheng’s method, when the range block size is 4 × 4, the average
deviations of the previous and proposed methods are 0.14 dB and 0.10 dB, re-
spectively, and the average percentages of computations are 53.87% and 47.70%,
respectively. When the range block size is 8 × 8, the average deviations are 0.11
dB and 0.09 dB, respectively, and the average percentages of computations are
52.60% and 50.68%, respectively.

In Table 4, for Gupta’s method, when the range block size is 4 × 4, the average
deviations of the previous and proposed methods are 0.08 dB and 0.04 dB, re-
spectively, and the average percentages of computations are 53.24% and 48.13%,
respectively. When the range block size is 8 × 8, the average deviations are 0.15
dB and 0.14 dB, respectively, and the average percentages of computations are
52.80% and 50.90%, respectively.

In summary, compared with the previous method, the proposed method can
predict decoded image quality more accurately with fewer computations.

(a) Peppers (b) Airplane (c) Boat (d) Bridge (e) House (f) Lake
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Fig.8 When the range block size is 4 × 4, white and red boxes represent range
blocks encoded in the previous method, while white boxes represent range blocks
encoded in the proposed method.

(a) Peppers (b) Airplane (c) Boat (d) Bridge (e) House (f) Lake

Fig.9 When the range block size is 8 × 8, white and red boxes represent range
blocks encoded in the previous method, while white boxes represent range blocks
encoded in the proposed method.

Table 1 Performance comparison between the previous and proposed methods
for Jacquin’s method [1].

Test images Peppers Airplane Bridge House Average
Jacquin’s [1]
Decoded (dB)
Computations (%) 100 100 100 100 100
Previous [35]
Predicted (dB)
Deviation (dB)
Computations (%)
Proposed
Predicted (dB)
Deviation (dB)
Computations (%)

Table 2 Performance comparison between the previous and proposed methods
for Chaurasia’s method [5].

Test images Peppers Airplane Bridge House Average
Chaurasia’s
Decoded (dB)
Computations (%) 100 100 100 100 100
Previous [35]
Predicted (dB)
Deviation (dB)
Computations (%)
Proposed
Predicted (dB)
Deviation (dB)
Computations (%)

Table 3 Performance comparison between the previous and proposed methods
for Zheng’s method [6].
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Test images Peppers Airplane Bridge House Average
Zheng’s [6]
Decoded (dB)
Computations (%) 100 100 100 100 100
Previous [35]
Predicted (dB)
Deviation (dB)
Computations (%)
Proposed
Predicted (dB)
Deviation (dB)
Computations (%)

Table 4 Performance comparison between the previous and proposed methods
for Gupta’s method [7].

Test images Peppers Airplane Bridge House Average
Gupta’s [7]
Decoded (dB)
Computations (%) 100 100 100 100 100
Previous [35]
Predicted (dB)
Deviation (dB)
Computations (%)
Proposed
Predicted (dB)
Deviation (dB)
Computations (%)

5. Conclusion
This paper proposes an effective method for predicting fractal decoded image
quality. First, we introduced the effective minimum and maximum of LCCs,
which provide EBL-APACE and ETL-APACE for APACE. Then, decoded im-
age quality can be directly predicted when EBL-APACE reaches a large per-
centage. Experimental results demonstrate that compared with the previous
method, the proposed method provides higher prediction accuracy with fewer
computations. Future work will focus on two aspects: (a) Maintaining predic-
tion accuracy. By removing the interference of LCC outliers, we have obtained
satisfactory prediction accuracy, and we will strive to maintain this accuracy
in future work. (b) Shortening the prediction process. Compared with the pre-
vious method, the proposed method has reduced the number of computations,
and we will attempt to further reduce computations in future work.
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