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Abstract 

 
Based on the quincunx sub-sampling grid, the New Interleaved Hierarchical INTerpolation 

(NIHINT) method is recognized as a superior pyramid data structure for the lossless and 

progressive coding of natural images. In this paper, we propose a new image interpolation 

algorithm, Edge Adaptive Hierarchical INTerpolation (EAHINT), for a further reduction in 

the entropy of interpolation errors. We compute the local variance of the causal context to 

model the strength of a local edge around a target pixel and then apply three statistical decision 

rules to classify the local edge into a strong edge, a weak edge, or a medium edge. According 

to these local edge types, we apply an interpolation method to the target pixel using a 

one-directional interpolator for a strong edge, a multi-directional adaptive weighting 

interpolator for a medium edge, or a non-directional static weighting linear interpolator for a 

weak edge. Experimental results show that the proposed algorithm achieves a better 

compression bit rate than the NIHINT method for lossless image coding. It is shown that the 

compression bit rate is much better for images that are rich in directional edges and textures. 

Our algorithm also shows better rate-distortion performance and visual quality for progressive 

image transmission. 
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1. Introduction 

When a large digital image is transmitted across a low-bandwidth connection as a sequence 

of rows of the image from top to bottom, users can recognize the image after a significant 

portion of the image is transmitted. There is a long time delay before users can visually inspect 

the image. Image compression is a promising technique for reducing the transmission time. 

However, for lossless image applications such as medical imaging, the compression ratio is 

usually very low; thus, the transmission time remains long for lossless image applications [1]. 

Progressive image transmission can also alleviate a long transmission time in some 

applications [2][3][4]. In progressive image transmission schemes, an approximate version of 

the original image is transmitted, after which the quality of the image is progressively 

improved over a number of successive transmissions. The progressive image transmission 

technique reduce the transmission time by terminating the successive transmissions at any 

time when the intermediate quality is satisfactory but not a higher quality is required for 

applications such as interactive image searches, World Wide Web browsing, image 

broadcasting, or remote surveillance. 

Based on the way that the image is progressively updated, there are two types of 

progressive image transmission: progressive fidelity transmission and progressive resolution 

transmission. Progressive fidelity transmission is achieved by refining the precision of an 

image at each transmission stage. Initially, the low-precision form of an image is sent. In 

subsequent stages, the precision is gradually increased until the image reaches the full 

precision level.  For example, the bit-plane coding of an image transmits each binary digit of 

each pixel from the most significant bit to the least significant bit. This implies that each pixel 

value is refined progressively but that the reconstructed image is inherently the same size as 

the original image. Hence, an image can be represented by a single-resolution coding 

technique in progressive fidelity transmission. In progressive resolution transmission, an 

image with reduced resolution is transmitted first and displayed at a small size. The 

information to obtain a high-resolution image from a low-resolution image is transmitted 

progressively. Therefore, an image being processed by means of progressive resolution 

transmission is usually represented by a multi-resolution coding technique. Typically, this 

technique is based on a pyramid data structure. 

A number of pyramid data structures have been evaluated for multi-resolution lossless 

image coding and progressive image transmission. The Hierarchical INTerpolation (HINT) 

technique [5] showed superior performance compared to other basic pyramid data structures 

such as a mean pyramid or a difference pyramid. The Interleaved Hierarchical INTerpolation 

(IHINT) [6] and the New Interleaved Hierarchical INTerpolation (NIHINT) [7] methods were 

also developed as improvements of HINT to reduce the entropy of interpolation errors further. 

However, HINT, IHINT, and NIHINT as interpolative pyramid algorithms do not use 

techniques to identify the directions of strong intensity correlations near the target pixel so as 

to exploit the directional correlations among neighboring pixels. Moreover, the finite impulse 

response (FIR) interpolation filters of these pyramid algorithms are not adaptive to local 

structures around edges. As a result, interpolation errors along sharp edges are large and 

cannot be encoded efficiently by entropy coders. These interpolative algorithms also tend to 

generate interpolated images with blurred edges and annoying artifacts near the edges. 

In this paper, we propose a new image interpolation algorithm, Edge Adaptive Hierarchical 

INTerpolation (EAHINT), to reduce the entropy in interpolation errors by exploiting the 
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directional correlations around a target pixel. To model the strength of the local edge, we use 

the local variance of the causal context of the target pixel as a measure of the local activity 

level. Based on the local variance, three statistical decision rules are designed to classify the 

local edge into a strong, a weak, or a medium edge. If a local area with a strong edge is 

detected, the minimum gradient direction is selected from the horizontal, vertical, and 

diagonal directions and the target pixel is then interpolated using the neighboring pixels along 

the selected direction. If a local area with a medium edge is detected, multi-directional 

adaptive weighted interpolation is performed. Otherwise, for a local area with a weak edge, we 

apply non-directional interpolation with static weights. Hence, according to the type of a local 

edge, the proposed algorithm switches among its three interpolators. We also present 

experimental results to compare the compression bit rate, rate-distortion performance, and 

visual quality with respect to NIHINT, which is known to be a superior interpolative pyramid 

algorithm for lossless and progressive image coding. 

The rest of the paper is organized as follows. Section 2 reviews existing image 

interpolation algorithms as related work. Section 3 gives a general overview of the proposed 

algorithm and a detailed description of three interpolation methods. The experimental results 

are then presented in Section 4, which is followed by the conclusion in Section 5.  

2. Related Work 

Numerous studies related to image interpolation algorithms have been proposed over the last 

two decades. Image interpolation algorithms are typically used for image up-scaling, where 

the missing pixels of an up-scaled image are traditionally computed from simple interpolating 

polynomials such as pixel duplication, nearest neighbor, bilinear or cubic interpolation, or 

kernel-based methods. Since the coefficients of the interpolating polynomial are fixed once 

and remain the same throughout the image, they cannot capture the rapidly evolving statistics 

around the edges. As a result, they often produce an up-scaled image with blurred edges and 

jagged contours around the edges. Recently, several spatially adaptive interpolation 

techniques have been proposed to find the optimal coefficients by means of least-squares 

optimization [8][9][10][11][12][13]. They show the superior quality compared to other types 

of image interpolation techniques. Although they do not assume the strength or direction of a 

local edge, they are effective for an arbitrary edge direction.  However, finding the optimal 

coefficients is computationally very expensive because the least-squares covariance matrix for 

each pixel is computed from a large window. Hence, their use is limited in progressive 

transmission applications that require fast encoding. There are also several fast image 

up-scaling techniques that utilize smoothing filters, where the low-resolution image is a 

down-sampled image of the smoothed high-resolution image. These techniques utilize a 

bilateral filter [14], a Gaussian point spread function kernel [15], a 2x2 mean filter [16], and 

the Lagrange filter [17]. Because the filtered image is not identical to the original image, they 

are not suitable for lossless image compression.  

In this section, we focus on image interpolation algorithms for lossless and progressive 

transmission applications, specifically HINT [5], IHINT [6] and NIHINT [7]. We also address 

the weaknesses of these algorithms. These interpolative algorithms as well as our algorithm 

use the same down-sampling technique.  

Let Io(r, c), r = 0, 1, 2, 3, …, R-1, c = 0, 1, 2, 3, …, C-1, R = p  2
K
, and C = q  2

K
 be  the 

original input image, where p, q, and K are positive integers. The set of reduced-resolution 

images can be obtained by sub-sampling the original image such that 
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Il(i, j) = Il-1(2i, 2j) = Io(i  2
l
, j  2

l
),                                      (1) 

for  l =1, 2, 3, …, K, i = 0, 1, 2, 3, …, (R/2
l
)-1, and  j = 0, 1, 2, 3, …, (C/2

l
)-1. The set of 

down-sampled images Il at level l is a multi-resolution pyramid image representation, and K 

represents the top-level (base-band level) image IK with a size of p  q. In this multi-resolution 

image representation, a higher-resolution image Il-1 of 2R  2C pixels is reduced to a 

lower-resolution image Il of R  C pixels recursively such that Il-1(2i, 2j) = Il(i, j). Hence, a 

coarse representation of an image is formed by simply removing pixels from the image and 

using the remaining pixels to form a lower resolution image. The removed pixels can be 

predicted by an interpolation method from the remaining pixels, after which the interpolation 

errors are entropy-coded. The pixels remaining after each level of down-sampling are 

represented as low-band (L-band) nodes while the prediction errors that replace the removed 

pixels are represented as high-band (H-band) nodes [1]. An example of this multi-resolution 

image representation scheme when K=2 is shown in Fig. 1 (a). 

Prediction errors of L-band nodes and triplets of the interpolation errors of H-band nodes 

can be arranged recursively into sub-band-like regions, as shown in Fig. 1(b) when K=3. The 

subscript EE (even-even) represents the L-band nodes at the Il-1(2i, 2j) index. The subscripts 

OO (odd-odd), EO (even-odd) and OE (odd-even) represent the H-band nodes with 

Il-1(2i+1,2j+1), Il-1(2i+1, 2j) and Il-1(2i, 2j+1) indices, respectively. The numerical subscripts 

attached to EE, OO, EO and OE determine the level of image decomposition.  

 

L H1 H2 H1 L H1 H2 H1  LEE-3 HEO-3 

HEO-2 

HEO-1 

H1 H1 H1 H1 H1 H1 H1 H1 HOE-3 HOO-3 

H2 H1 H2 H1 H2 H1 H2 H1 

HOE-2 HOO-2 

H1 H1 H1 H1 H1 H1 H1 H1 

L H1 H2 H1 L H1 H2 H1 

HOE-1 HOO-1 

H1 H1 H1 H1 H1 H1 H1 H1 

H2 H1 H2 H1 H2 H1 H2 H1 

H1 H1 H1 H1 H1 H1 H1 H1 

                                   (a)                                                                                    (b) 

Fig. 1. (a) An example of multi-resolution image representation. Pixels labeled with Hi are removed at 

the multi-resolution pyramid level i; hence, L and H2 pixels remain at I1 and only L pixels remain at I2. 

(b) The base band and triplets of interpolation errors are recursively arranged into sub-band-like regions 

when K=3. 

For progressive resolution transmission, the lower-resolution image LEE-3 formed by the 

prediction errors of L-band nodes is first transmitted, and triplets of the interpolation errors of 

the H-band nodes (HOO-3, HEO-3, HOE-3) are then transmitted to refine the lower resolution 

image LEE-3. On the receiver side, the second-level image can be obtained by interpolating 

triplets of H-band nodes and adding the interpolation errors of HOO-3, HEO-3 and HOE-3 to LEE-3. 

The resulting image is labeled LEE-2. This process is repeated for the remaining levels of the 

pyramid structure so that the set of displayed pyramid images is the ordered set {LEE-3, LEE-2, 
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LEE-1, Io}, where Io is the original image.  

For progressive fidelity transmission, after the lower-resolution image LEE-3 is transmitted, 

the receiver expands the reduced resolution to the same resolution as the original image using 

an interpolative pyramid algorithm. The triplets of the interpolation errors of the H-band nodes 

(HOO-3, HEO-3, HOE-3) are then transmitted. The receiver adds the interpolated values of the 

H-band nodes and their interpolation errors to replace the original values with the interpolated 

values. Hence, the visual quality of the image improves progressively. Repeating similar 

operations on the remaining levels, the original image can be reconstructed perfectly. 

 

L Hh L Hh 

 

L Hh L Hh 

 

L Hnd L Hnd 

Hv Hd Hv Hd Hv Hv Hv Hv Hnd Hd Hnd Hd 

L Hh L Hh L Hh L Hh L Hnd L Hnd 

Hv Hd Hv Hd Hv Hv Hv Hv Hnd Hd Hnd Hd 

 (a)                                         (b)                                        (c)  

Fig. 2. Image decomposition schemes in (a) HINT, (b) IHINT, and (c) NIHINT. 

2.1 The HINT Algorithm 

The HINT algorithm proceeds in a sequence of rows of an input image from top to bottom and 

columns from left to right to interpolate missing pixels. As shown in Fig. 2(a), horizontal 

nodes (Hh) at level l are interpolated using the average of two horizontally aligned L-band 

nodes from level l+1; similarly, vertical nodes (Hv) at level l are interpolated using the average 

of two vertically aligned L-band nodes from level l+1. Diagonal nodes (Hd) at level l are 

interpolated using the average of four L-band nodes from level l+1. Because previously 

decoded nodes lying on the same pyramid level of the current node are not exploited to 

interpolate the current node, the four better-fitting neighbors that form a quincunx shape 

around the current node are not available. Therefore, the errors of the diagonal sub-band nodes 

are much more energetic than those of the horizontal and vertical sub-band nodes. 

2.2 The IHINT Algorithm 

The IHINT algorithm splits the interpolation process into two cascaded directional stages 

interleaved with the encoding of interpolation errors. Interpolation is initially done along 

either the horizontal or the vertical direction, after which the other direction is done. As shown 

in Fig. 2(b), horizontal nodes (Hh) are interpolated using the average of two L-band nodes, and 

vertical nodes (Hv) are then interpolated using the average of two L-band nodes or two 

horizontal nodes (Hh) at the same pyramid level. This shows that the pixels encoded in the first 

stage (horizontal interpolation in this example) can be used for the second stage of 

interpolation because the decoder reconstructs the original intensity values by adding the 

transmitted triplets of interpolation errors to the interpolated values. However, IHINT will be 

inadequate when the interpolation kernel is non-separable. Moreover, two out of the four best 

fitting neighbors are not available during the second stage of interpolation. 

2.3 The NIHINT Algorithm 

This algorithm decomposes the interpolation process into diagonal and non-diagonal stages, as 

shown in Fig. 2(c). First, all diagonal nodes (Hd) are interpolated, followed by non-diagonal 
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nodes (Hnd). This order of interpolation is appropriate because once the original intensity 

values of all diagonal nodes (Hd) are reconstructed, the four best-fitting neighbors (two L-band 

nodes and two Hd-band nodes) for non-diagonal nodes are available.  

In the first stage of interpolation for Hd nodes, a five-point FIR-median hybrid (FMH) filter 

was employed such that 

Y = Median of {P1, P2, P3, P4, PFIR},                                       (2) 

where P1, P2, P3 and P4 are the four nearest pixel values at the corner positions and PFIR is the 

value obtained using a 7  7 FIR filter. In the second stage of interpolation for Hnd nodes, a 

seven-point FMH filter was employed such that 

Z = Median of {P1, P2, P3, P4, PH, PV, PFIR},                                (3)                                                                                                  

where P1, P2, P3 and P4 are the four best-fitting neighbor pixels; PH and PV are two-point 

horizontal and vertical averages; and PFIR is the value obtained using a 5  5 FIR filter. 

2.4 Weakness of the HINT, IHINT and NIHINT Interpolating Algorithms 

As shown clearly in Fig. 2(b) and Fig. 2(c), for all Hh target pixels, the HINT and IHINT 

algorithms inherently assume that the left and right neighboring L-band pixels are closely 

related to the target pixel. However, this assumption is not effective when a vertical or 

diagonal edge exists around the target pixel. Similarly, for all Hv target pixels, these algorithms 

inherently assume that the upper and lower neighbor pixels are closely related to the target 

pixel. This assumption is not also effective when a horizontal or diagonal edge exists around 

the target pixel. This observation shows that the interpolation process remains mechanically 

fixed in horizontal or vertical directions without adapting to the direction of strong pixel 

correlation. Moreover, for all Hd target pixels, the HINT algorithm simply uses four-point 

average interpolation without considering the presence of any diagonal edges. The NIHINT 

algorithm simply uses the median operator without using an explicit technique to identify the 

direction of the strong correlation near the target pixel to exploit directional correlations 

among neighboring pixels. As a result, the interpolation errors by the NIHINT algorithm along 

sharp edges become large and thus cannot be coded efficiently by entropy coders. These 

algorithms also generate interpolated images with blurred edges and annoying artifacts near 

areas that contains sharp edges.  

In this paper, we propose a new interpolation algorithm, termed Edge Adaptive 

Hierarchical INTerpolation (EAHINT). It adaptively exploits the pixel correlation along the 

edges of a target pixel. The proposed algorithm reduces the entropy of interpolation errors 

more than the existing algorithm NIHINT and does not generate either an over-blurred image 

or annoying artifacts around sharp edges. 

3. Edge Adaptive Hierarchical Interpolation 

Because a strong edge typically appears along the boundary between two regions of an image, 

the intensity value changes abruptly from one region to the other across the edge. The variance 

(2
) of the causal neighbors of a target pixel is large if the local window consists of pixels from 

two different regions. In contrast, the variance of the causal neighbors of a target pixel is small 

within slowly varying local areas. Hence, using the local variance as a measure of the local 

activity level, the local area can be classified as an edge area or a smooth area. Hence, the 

proposed algorithm can switch between a non-directional static weighting interpolator for a 
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smooth area and a one-directional interpolator for an edge area. However, the proposed 

algorithm uses the sub-sampled lower-resolution image as input to generate the 

higher-resolution image. If sub-sampling is done within an edge area, it may break down the 

local geometry [18]. In other words, if the decomposition removes the directional correlation, 

it is very difficult to infer the location and the direction of the edge within the higher-resolution 

image based on the edge information obtained from the lower-resolution image [19][20]. Thus, 

one-directional interpolation may not be effective in subsequent stages of image 

decomposition. Therefore, we adopt a multi-directional interpolator as another component in 

our algorithm.  

Given two threshold values T1 and T2 (T1 < T2), three statistical decision rules are designed 

to detect the strength of a local edge. We apply one of them for the target pixel.  

 If 2
 < T1, a weak edge is inferred within a local window and the local window is 

considered as a smooth area. We apply a non-directional static weighting linear 

interpolator to the target pixel. 

 If 2
 > T2, we first partition the pixels within a local window into two groups 

according to the mean value μ of the pixels in a causal context; one group consists of 

the pixels whose intensities are greater than the mean and the other consists of the 

pixels whose intensities are less than or equal to the mean. The variance of each group 

is then computed as 1
2
 and 2

2
. If 2

 > 1
2
 + 2

2
, a strong edge with a strong 

directional correlation is inferred within a local window and the local window is 

considered as a strong edge area. Note that the variance 2
 should be compared with 

1
2
 + 2

2
 because a region with uniformly distributed intensity values may result in a 

considerable amount of variance [21]. We apply a one-directional interpolator to the 

target pixel along the edge. 

 Otherwise, that is, if T1 < 2
 ≤ T2 or (2

 > T2 and 2
 ≤ 1

2
 + 2

2
), a medium edge is 

inferred within a local window and the local window is considered as an area with 

medium edge strength, which is considered as a textured area. We apply a 

multi-directional adaptive weighting interpolator to the target pixel as a compromise 

between a strong edge area and a smooth area. It can handle textured and noisy areas.  

The two threshold values T1 and T2 are obtained empirically from statistical observations 

using the property of the variance. Assuming DM be the maximum of the deviations Di of the 

causal neighbors Pi such that Di = |Pi - μ|, we can obtain 
2

M

2 Dσ  . Initially, we set DM = 0, 

indicating that the causal neighbors are completely smooth. We increase the value of DM in 

steps of 1 while observing the change in the entropy and the visual quality due to the 

interpolation error. According to our statistical analysis, the reasonable ranges of T1 and T2 are 

[25, 36] and [225, 256], respectively, for most test images. Through extensive experiments, we 

found that T1 = 30 and T2 = 250 work very well for all test images. Thus, we used these 

threshold values in our experimental results. The pseudo code of the proposed EAHINT 

algorithm is represented below. 

 
Pseudo Code 1. Edge Adaptive Hierarchical Interpolation 

Let X = (P1, P2, P3, P4, P5, P6, P7, P8) // See Fig. 3 

8

8

1  i iP
     // Mean of the local window 
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8

)(
8

1

2

2  


 i iP 
    // Variance of the local window 

Let G1 and G2 be two empty sets 

if 2
 > T2 then 

foreach Pi ∈ X do 

if Pi > μ then  

G1 = G1 ∪ Pi 

else 

G2 = G2 ∪ Pi 

Compute 1
2
 and 2

2
 for each group G1 and G2 

if 2 
> 1

2
 + 2

2
 then   

One-Directional Interpolator to X    // Pseudo Code 2 

else 

Multi-Directional Adaptive Wighting Interpolator to X // Pseudo Code 4 

else if T1 < 2
 ≤ T2 then 

Multi-Directional Adaptive Weighting Interpolator to X  // Pseudo Code 4 

else 

Non-Directional Static Weighting Linear Interpolator to X // Pseudo Code 3 

 

 

 

 

 

 P1 P2 P3  

P1 P2 P3 P1 ? P3  P4 P P5  

P4 P P5 ? P ? P9 ? P7 ? P10 

P6 P7 P8 P6 ? P8  P11  P12  

(a)                                    (b)                                              (c)  

Fig. 3. (a) 3x3 local window to compute the variance, gradient, and edge orientation; (b) the pixels 

directly available in the first stage of interpolation; and (c) the pixels directly available in the second 

stage of interpolation. 

In a regular raster scanning order, all of the pixels around the target pixel cannot be used for 

prediction because only the pixels on the top and to the left of the target pixel are known both 

to the encoder and the decoder. This context is known as the 180
o
-type context, as the causal 

context forms a semi-circle around the target pixel [22]. On the other hand, the NIHINT 

algorithm provides a causal context which encloses the current pixel completely. This type of 

context is known as the 360
o
-type context. With the 360

o
-type context, the local image features, 

such as the intensity gradient, the edge orientation, and the texture, are better modeled by a 

predictor. We use the 360
o
-type context (See Fig. 3(a)) to compute the local variance as a 

measure of the local activity level. We also use the 360
o
-type context to estimate local 

intensity gradients in different directions to detect the orientation of a strong edge if it exists. 

 However, as shown in Fig. 3(b), only the four pixels (P1, P3, P6, P8) are available in the 

first stage of the interpolation directly from the upper level, where these pixels are labeled as L 

(See also Fig. 2(c)). The four best-fitting neighbors (P2, P4, P5, P7), which are labeled with 

question marks, are not available directly, where these pixels are labeled as Hnd. Hence, to 

estimate the variance, gradient, and edge orientation from the local geometry using the 

360
o
-type context, the missing pixel intensity values have to be interpolated from pixel level 



2076                         Biadgie et al.: Edge Adaptive Hierarchical Interpolation for Lossless and Progressive Image Transmission 

geometry using the IHINT algorithm as a sub-interpolation technique. Similarly, as shown in 

Fig. 3(c), pixels P2, P4, P5, P7, P9, and P11 are available directly in the second stage of the 

interpolation because they are labeled as either L or Hd (See also Fig. 2(c)). Pixels P1 and P3 

are also available from the upper and left neighbors even if they are labeled as Hnd. We 

adaptively interpolate P6 (and P8) along their minimum intensity difference direction either 

horizontally or vertically if one intensity difference is less than a threshold value and the other 

difference is greater than the same threshold value. Otherwise, we simply take the average of 

their best-fitting neighbors P4, P9, P7, and P11 (and P5, P7, P10, and P12, respectively). Note that 

the NIHINT algorithm did not exploit pixels P1, P3, P6, or P9. 

3.1 One-Directional Interpolator 

In principle, the direction of an edge is a continuous variable that ranges from 0
o
 to 180

o
. 

Because it is very difficult to estimate the orientation of an edge in a continuous domain within 

a digitized local window, we quantize the local directional correlations into four directional 

angles (0
o
, 45

o
, 90

o
 and 135

o
). The direction of a strong correlation to the target pixel is 

identified using well-known gradient estimation techniques [18][23][24][25]. 

If a one-directional interpolator is activated in the first stage of interpolation, the direction 

with the smallest local gradient is selected from the two diagonal directions. The target pixel is 

then interpolated using the two-point average along that direction. However, if this 

interpolator is activated during the second stage of interpolation, one direction is selected from 

four directions (horizontal, vertical, and the two diagonal directions). In this stage, the two 

diagonal gradients are computed from the sum of three absolute values of differences, whereas 

the horizontal and vertical gradients are computed from the sum of five absolute values of 

differences. As a result, the two diagonal directions are more likely to have minimum local 

variation and to be selected for one-directional interpolation compared to the horizontal and 

vertical directions. For a fair comparison, each diagonal gradient was multiplied by the 

constant integer m, where m ≥ 2. Experimentally, we found that m = 4 works very well. The 

pseudo code of the one-directional interpolator is presented as follows, where [•] denotes the 

rounding operation to the nearest integer.  

 
Pseudo Code 2. One-Directional Interpolator 

Let X = (P1, P2, P3, P4, P5, P6, P7, P8) // See Fig. 3 

//In the first stage of interpolation  

Δd = |P4 - P2|+|P6 - P3|+|P7 - P5| 

Δa = |P4 - P7|+|P1 - P8|+|P2 - P5| 

if Δd < Δa then 

        P = [(P3+P6)/2] 

else 

        P = [(P1+P8)/2] 

// In the second stage of interpolation  

Δd = m (|P4 - P2|+|P6 - P3|+|P7 - P5|) 

Δa = m (|P4 - P7|+|P1 - P8|+|P2 - P5|) 

Δh = |P1 - P2|+|P2 - P3|+|P4 - P5|+|P6 - P7|+|P7 - P8| 

Δv = |P1 - P4|+|P4 - P6|+|P2 - P7|+|P3 - P5|+|P5 - P8|       

if Δh < Δv, Δd, Δa then 

    P = [(P4+P5)/2] 

else if Δv < Δh, Δd, Δa then 

    P = [(P2+P7)/2] 

else if Δa < Δh, Δv, Δd then 
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    P = [(P3+P6)/2] 

else 

    P = [(P1+P8)/2] 

3.2 Non-Directional Static Weighting Linear Interpolator 

If a non-directional static weighting linear interpolator is activated during the first stage of 

interpolation, the target pixel is interpolated only from the average of the four neighboring 

pixels located at the corner positions. If this interpolator is activated in the second stage, the 

average of the four best-fitting neighbor pixels (non-diagonal neighbors) is calculated first. 

Then, the average of the four neighboring pixels located at the corner positions (diagonal 

neighbors) is calculated. Finally, the two averages are combined through the multiplication of 

0.95 and 0.05 weights to the non-diagonal and diagonal averages, respectively. Finding the 

two weights is empirical. However, these weights can be assigned by considering the inherent 

characteristics of the quincunx and rectangular sub-sampling shapes around the target pixel. 

The quincunx sub-sampling shape, formed around the target pixel by horizontal and vertical 

neighbors, does not reduce the resolution on “pure” horizontal and vertical frequencies. It 

limits only the high diagonal frequencies. In contrast, the rectangular sub-sampling shape 

formed by the corner neighbors will limit horizontal or vertical high frequencies. It will also 

limit diagonal high frequencies [6]. As a result, the horizontal and vertical neighbor pixels 

have higher weights than the diagonal neighbor pixels. The two static weights were found 

experimentally. The pseudo code of this interpolator is presented as follows. 

 
Pseudo Code 3. Non-Directional Static Weighting Linear Interpolator 

Let X = (P1, P2, P3, P4, P5, P6, P7, P8) // See Fig. 3 

// In the first stage of interpolation  

P = Vda = [(P1+P3 +P6+P8)/4] 

// In the second stage of interpolation  

Vda = [(P1+P3 +P6+P8)/4] 

Vhv = [(P2+P4 +P5+P7)/4] 

P = [0.95Vhv + 0.05Vda] 

3.3 Multi-Directional Adaptive Weighting Interpolator 

If a multi-directional adaptive weighting interpolator is activated during the first stage of 

interpolation, two-point average interpolations will be performed first along the two diagonal 

directions. The diagonal gradients are then inverted and normalized to compute their 

corresponding directional weights [7][20]. Finally, the two directional interpolation results are 

combined using their corresponding directional weights to compute the final estimation of the 

target pixel. Hence, the higher the gradient in a particular direction, the lower the weight is 

assigned and vice versa. To make the weighting coefficients more different, each gradient is 

multiplied by itself k times before inversion and normalization, where k is an integer constant 

with k ≥ 2. Experimentally, we found that k = 3 works very well. 

However, if this interpolator is activated in the second stage, two-point average 

interpolation will be computed first along four directions. The diagonal gradients are then 

inverted and normalized to compute their corresponding directional weights. The horizontal 

and vertical gradients are also inverted and normalized to compute their corresponding 

directional weights. The two-point average interpolation results along the diagonal directions 

are combined using directional weights to estimate the target pixel from the diagonal neighbor 

pixels. Similarly, the two-point average interpolation results along the horizontal and vertical 
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directions are combined using directional weights to estimate the target pixel from the 

non-diagonal neighbor pixels. Finally, the two interpolation results obtained from the diagonal 

and non-diagonal neighbor pixels are combined by assigning 0.95 and 0.05 weights for the 

diagonal and non-diagonal estimations, respectively. The pseudo code representation of this 

interpolator is presented below. 

 
Pseudo Code 4. Multi-Directional Adaptive Weighting Interpolator 

Let X = (P1, P2, P3, P4, P5, P6, P7, P8) // See Fig. 3 

// In the first stage of interpolation  

Id = [(P3+P6)/2] 

Ia = [(P1+P8)/2] 

Δd = |P4 - P2|+|P6 - P3|+|P7 - P5| 

Δa = |P4 - P7|+|P1 - P8|+|P2 - P5| 

// compute the unnormalized coefficients ud and ua for Id, and Ia, respectively. 

// add 1 to the denominator in order to avoid division by zero 

ud = 1/( Δd
k
+1) 

ua = 1/( Δa
k
+1) 

// compute the normalized coefficients nd and na for Id and Ia, respectively. 

nd = ua/(ud+ua) 

na = ud/(ud+ua) 

P = Vda = [ndId+naIa] 

// In the second stage of interpolation  

Id = [(P3+P6)/2], Ia = [(P1+P8)/2] 

Ih = [(P4+P5)/2], Iv = [(P2+P7)/2] 

Δd = |P4 - P2|+|P6 - P3|+|P7 - P5|  

Δa = |P4 - P7|+|P1 - P8|+|P2 - P5| 

Δh = |P1 - P2|+|P2 –P3|+|P4 - P5|+|P6 - P7|+|P7 - P8| 

Δv = |P1 - P4|+|P4 - P6|+|P2 - P7|+|P3 - P5|+|P5 - P8|       

// compute the unnormalized coefficients for Id, Ia, Ih and Iv 

// add 1 to the denominator in order to avoid division by zero 

ud = 1/(Δd
k
+1) 

ua = 1/(Δa
k
+1) 

uh = 1/(Δh
k
+1) 

uv = 1/(Δv
k
+1) 

// compute the normalized coefficients for Id, Ia, Ih and Iv 

nd = ua/(ud+ua) 

na = ud/(ud+ua) 

nh = uv/(uh+uv) 

nv = uh/(uh+uv) 

Vda = [ndId+naIa] 

Vhv = [nhIh+nvIv] 

P = [0.95Vhv + 0.05Vda] 

4. Experimental Results and Discussion 

In this section, we show our experimental results to compare the performance of the proposed 

algorithm EAHINT to that of NIHINT. Five common natural images 512x512 in size with 8 

bits per pixel, specifically Baboon, Boat, Lena, Barbara, and Pepper, are used in our 

experiments. Because the input image is encoded only once to a single bit stream, the total 

lossless bit rate is a common criteria to measure the performance of a multi-resolution lossless 

image compression scheme. When multi-resolution lossless image compression is used for 
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progressive transmission, the decoder performs the up-scaling of each layer to obtain the next 

layer progressively. Therefore, the rate distortion and the visual quality at the intermediate 

level of transmission are used to evaluate the performance of the interpolation algorithms. 

4.1 Total Lossless Compression Bit Rate 

To compute the total lossless compression bit rate, a different codebook was assumed to 

encode each pyramid level. The progressive bit rate up to level l, R(l), is equal to the total 

accumulated bit rate up to level l such that 

R(l) = R(l+1) + r(l),                    (4) 

where R(l+1) is  the progressive bit rate up to its upper level and r(l) is the bit rate used for 

transmitting the data at level l [2]. However, the bit rate of each pyramid level r(l) is given in 

terms of bits per node (bpn) and therefore must be normalized to the actual number of pixels in 

the original image. Hence, we use the equivalent pyramid entropy H0
eq

 measured at the pixel- 

by-pixel level for comparison purposes such that 

H0
eq

 = (Nn/Np) H0(l),           (5) 

where H0(l) is the zeroth-order entropy of the l-th level of the differential pyramid measured on 

a node-by-node basis, and Nn and Np are the numbers of nodes and pixels, respectively. For the 

NIHINT and EAHINT pyramid algorithms, note that Nn/Np = 1/4
K
 for the base-level K and 

Nn/Np = 1/4
l+1

 when 0 ≤ l ≤ K-1. As these interpolative pyramid algorithms guarantee lossless 

reproduction after transmitting the bottom level of the pyramid, we simply use the total 

accumulated bit rate up to the bottom-level l = 0  as the total lossless pyramid bit rate RL such 

that 
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where H0(GK) and H0(GK)/4
K
 = H0

eq
(GK) denote the zeroth-order entropy in bpn and the 

zeroth-order equivalent entropy in bpp of the differential pyramid at the base-band level K, 

respectively. H0(Dl) and 3H0(Dl)/4
l+1

 = H0
eq

(Dl) denote the zeroth-order entropy in bpn and the 

zeroth-order equivalent entropy in bpp of the differential pyramid  at level l [5]. 

The entropy values of the Lena image computed by NIHINT and by the proposed EAHINT 

algorithms are shown in Table 1 for different base-band level K values. When the base-band 

level K value increases, the percentage of entropy reduction by the EAHINT algorithm is 

marginal. Due to the absence of low-pass filtering, sub-sampling breaks down the local 

geometry as the base-band level K value increases, making it difficult to process the next level 

of image decomposition. Moreover, the intermediate images will have poor approximation to 

the original image due to accumulated aliasing artifacts [5][18][19][20]. Based on this 

reasoning, the base-band level in interpolating pyramid algorithms is usually set to K=2 or 

K=3. The total lossless compression bit rate RL for the other test images is also presented in 

Table 2 when K=3. The EAHINT algorithm reduces the total lossless bit rate RL significantly 

compared to the NIHINT algorithm for the Barbara, Boat and Lena images, whereas the 

reduction is marginal for the Baboon and Pepper images. This result was expected somewhat 

because the Boat image contains many sharp edges, the Barbara image contains strong 

directional textures, and the Lena image has fairly sharp edges with a small amount of 

texturing. However, the Baboon image has numerous fine details that are scarcely predictable, 

and the Pepper image has many smooth regions that are separated by sharp edges, where the 

total number of strong edge pixels is low compared to the total number of pixels. 
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Table 1. H0(Dl) and H0
eq

(Dl) of EAHINT and NIHINT methods for the test image Lena while varying 

the base-band level K from 1 to 3. H0(GK) and H0
eq

(GK) are generated using the Median Edge Detector 

(MED) of the JPEG-LS standard image compression. For RL, the gain represents the percentage of 

entropy reduction by EAHINT compared to NIHINT. 

l Entropy 
K=1 K=2 K=3 

NIHINT EAHINT NIHINT EAHINT NIHINT EAHINT 

3 
H0 - - - - 6.1108 6.1108 

H0
eq

 - - - - 0.0955 0.0955 

2 
H0 - - 5.6412 5.6412 5.5442 5.3070 

H0
eq

 - - 0.3526 0.3526 0.2599 0.2488 

1 
H0 5.1587 5.1587 4.9734 4.7303 4.9744 4.7303 

H0
eq

 1.2897 1.2897 0.9325 0.8869 0.9327 0.8869 

0 
H0 4.3601 4.0479 4.3601 4.0479 4.3601 4.0479 

H0
eq

 3.2701 3.0359 3.2701 3.0359 3.2701 3.0359 

RL 4.5598 4.3256 4.5552 4.2754 4.5582 4.2671 

Gain - 5.14% - 6.14% - 6.39% 

 
Table 2. RL of EAHINT and NIHINT for the base-band level K=3. The gain represents the percentage 

of entropy reduction by EAHINT compared to NIHINT. 

RL Baboon Barbara Boat Pepper Lena 

NIHINT 6.3342 5.5360 5.1946 4.7419 4.5582 

EAHINT 6.1350 5.2048 4.9118 4.5211 4.2671 

Gain 3.14% 5.98% 5.44% 4.66% 6.39% 

 

Fig. 4 shows two differential pyramids of the Lena image generated by the NIHINT and 

EAHINT algorithms after three levels of image decomposition. It is clear that the H-band 

sub-images generated by the EAHINT algorithm show less signal energy. Therefore, they are 

much less noticeable. The reduction in energy in this case shows that better compression 

results can be obtained using the proposed algorithm compared to NIHINT. 

Generally, prediction errors fall in the closed interval [-255,255] for 8-bit gray-scale 

images. These prediction errors are mapped into the interval [0,255] using a simple mapping 

technique [23] to display differential images, as shown in Fig. 4. To show the superior 

performance of the EAHINT algorithm pictorially in comparison to NIHINT along sharp 

edges and textured areas, we generated the black-and-white image shown in Fig. 5, as follows. 

For any pixel p in the image, let eE and eN be prediction errors in the interval [0,255] which are 

generated by the EAHINT and NIHINT algorithms, respectively. If the value of eE is less than 

the value of eN, black color is assigned for the corresponding pixel p. Otherwise, white color is 

assigned. Fig. 5 shows that our interpolation scheme is superior to NIHINT along sharp edges 

and around textured areas. Because eE and eN are equal in the base-band image (see Table 1), 

the top left image is completely white. 
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(a)                                                                              (b) 

Fig. 4. Differential pyramids of the Lena image generated by (a) NIHINT and (b) EAHINT after three 

levels of image decomposition. The darker the pixel, the larger the error. As shown in Table 1, the top 

left image is identical in both algorithms because this image is the base-band level image. 

 

 
Fig. 5. Comparison of EAHINT and NIHINT algorithm results along sharp edges or around textured 

areas after one level of image decomposition for the Lena image. The black pixels demonstrate that the 

EAHINT is superior to NIHINT along sharp edges or around textured areas. 

4.2 Rate Distortion and Visual Quality at Intermediate Levels 

Given a progressive bit rate up to level l, to estimate the average distortion of interpolated 

images at intermediate levels l of the pyramid, the receiver expands the reduced resolution to 

the same resolution as the original image using an interpolative pyramid algorithm. The 

average distortion of the interpolated image compared to the original image is measured using 

an objective image quality metric known as the Peak Signal-to-Noise Ratio (PSNR). The 

progressive entropy in bpp and the PSNR values of all test images are summarized in Table 3  

for the base-band level K=3. Our EAHINT algorithm shows a marginal improvement in the 

PSNR for the Baboon image, where numerous and scarcely predictable fine details exist. 
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Meanwhile, it shows significant improvement for images that have strong directional textures 

(Barbara), small amounts of texture with fairly sharp edges (Lena), or many sharp edges 

(Boat). 

Fig. 6 and Fig. 7 show zoomed-in portions of the Lena and Pepper images to compare the 

visual quality of the interpolation algorithms. The proposed algorithm preserves sharp edges 

better and generates images of higher visual quality compared to the NIHINT algorithm. 

 
Table 3. The entropy and PSNR of the images interpolated by NIHINT and EAHINT for the base-band 

level K=3. The gain represents the percentage of PSNR enhancement by EAHINT compared to 

NIHINT. 

image l 
NIHINT EAHINT 

Entropy PSNR Entropy PSNR Gain 

Baboon 

3 0.11 18.4348 0.11 18.5414 0.59% 

2 0.44 19.6941 0.43 19.7640 0.35% 

1 1.69 22.2330 1.68 23.0407 3.63% 

Barbara 

3 0.11 19.9701 0.11 20.6506 3.41% 

2 0.40 21.7546 0.39 22.3056 2.53% 

1 1.51 24.1009 1.47 25.3870 5.34% 

Boat 

3 0.10 20.5483 0.10 21.7256 5.73% 

2 0.38 23.3334 0.37 24.7363 6.01% 

1 1.42 27.5309 1.38 30.0667 9.21% 

Pepper 

3 0.10 20.9992 0.10 23.2694 10.81% 

2 0.36 24.9267 0.35 27.8741 11.82% 

1 1.28 29.4197 1.24 33.0776 12.43% 

Lena 

3 0.10 22.3863 0.10 24.4215 9.09% 

2 0.36 25.8468 0.34 28.3859 9.82% 

1 1.29 30.8009 1.23 34.1301 10.8% 

 

l=3 

   

l=2 
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l=1 

   
                 (a)                                            (b)                                           (c) 

Fig. 6. (a) Zoomed-in portion of the original Lena image, (b) the image interpolated by EAHINT, and 

(c) the image interpolated by NIHINT from top to bottom of pyramid levels l=3 (from 64x64 to 

512x512), l=2 (from 128x128 to 512x512), and l=1 (from 256x256 to 512x512). 

 

l=3 

   

l=2 

   

l=1 

   
                   (a)                                             (b)                                           (c) 

Fig. 7. (a) Zoomed-in portion of the original Pepper image, (b) an interpolated image by EAHINT, and 

(c) an interpolated image by NIHINT from top to bottom of pyramid levels l=3 (from 64x64 to 

512x512), l=2 (from 128x128 to 512x512), and l=1 (from 256x256 to 512x512). 

5. Conclusion 

In this paper, a new image interpolation algorithm, Edge Adaptive Hierarchical INTerpolation 

(EAHINT) is presented. To exploit directional correlations from the 360
o
-type context fully, 
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the missing neighbor pixels are interpolated using the IHINT algorithm as a sub-interpolation 

technique in the first stage of interpolation, after which an adaptive IHINT algorithm is used as 

a sub-interpolation technique during the second stage of interpolation. The proposed algorithm 

also uses the upper and left neighboring pixels from the second stage of interpolation, whereas 

the NIHINT algorithm does not use these neighboring pixels. The proposed algorithm also 

adopts the two stages of interpolation used in the NIHINT algorithm. All of these conditions 

allow the proposed algorithm to model local image features such as the variance, gradient and 

edge orientation information in a better way. 

According to the strength of the local edge, the interpolator switches adaptively between a 

non-directional static weighting linear interpolator for smooth areas, a one-directional 

interpolator for sharp edge areas, and multi-directional adaptive weighting interpolator for 

areas with medium edge strength. Although the actual interpolators are still linear functions, 

the switching mechanism can attempt to deal with non-linear local structures such as edges 

and textures. The one-directional interpolator and the multi-directional adaptive weighting 

interpolator are activated only when an edge with strong or medium strength is detected. As a 

result, this hybrid approach involving static and adaptive interpolators reduces the overall 

computational complexity. 

We presented experimental results to evaluate the performance of the proposed algorithm 

with respect to NIHINT. The experimental results showed that the proposed algorithm 

achieved better total lossless bit rates for multi-resolution lossless image compression while 

achieving better rate distortion and visual quality for progressive image transmission.  

The limitation of EAHINT comes mainly from its use of the selected threshold values T1 

and T2 in Pseudo Code 1. Statistically selected T1 and T2 values may not achieve the best 

performance for images which are not evaluated in this paper. This limitation remains as 

future work. 
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