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Existing scalable wavelet image coding approaches, such as set partitioning in hierarchical trees and its
derivatives, employ a memory-intensive tree-based coding structure. Existing tree-based wavelet coding
approaches are therefore not suitable for memory-constrained sensor nodes. In this paper, we introduce a
scalable wavelet image coding approach based on a line structure that requires very little memory. The
proposed line-based approach is suitable for scalable wavelet image coding in memory-constrained sen-
sor nodes, requiring only a few kilobytes of memory for a 256 x 256 pixel image. The presented line-
based wavelet coding algorithm accesses the image data line by line and thus conforms with the data
access patterns in current flash memory technology. Our performance evaluations demonstrate that
the proposed scalable line-based image wavelet coding approach has no overhead compared to one-
run (non-scalable) wavelet image coding and has competitive compression performance compared to
JPEG 2000 and the recent Google WebP image format.

© 2016 Elsevier Inc. All rights reserved.

1. Introduction
1.1. Motivation: scalable image coding and communication

Scalable image coding generates a base stream providing a low
(base) image quality as well as scalable (refinement) streams that
successively improve the image quality. Scalable image coding is a
promising technique for image communication in bandwidth con-
strained networks, such as wireless sensor networks, since the
base image quality can be displayed at the receiver after the first
bytes of the base stream have been received. As scalable (refine-
ment) streams are received, the image quality is improved.

Wavelet transform based image compression achieves superior
image quality when using extremely high data compression [1,2].
High compression is especially useful for low-cost camera sensor
networks with low-quality links. However, as reviewed in detail
in Section 1.5, set partitioning in hierarchical trees (SPIHT) and
similar tree-based wavelet image coding approaches have been
designed for implementation on a personal computer (PC) with
abundant random access memory (RAM). For a low-cost sensor
node with a 16-bit micro controller with limited memory only very
few approaches for scalable wavelet image coding have been
investigated, see Section 1.5. Typically, such low-RAM sensor
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nodes employ an external flash memory for storing the image data
[3,4]. This external flash memory has a line-based structure, i.e.,
read and write accesses on a line-by-line basis are significantly
more efficient than random access patterns [5,6]. We have specif-
ically designed our low-memory scalable image coding approach
to take the line-based organization of external flash memory into
consideration.

1.2. Application setting: wireless image sensor network

Node platforms and network structures for wireless camera
sensor networks have been extensively researched in recent years
[3,4,7-10]. Visual information processing constitutes often one of
the most resource demanding tasks in visual sensor networks
[11,12]. In particular, the image compression is a demanding task
for sensor nodes [13-15]. The considered application setting for
the proposed scalable image wavelet coding approach is a low-
cost camera sensor in a natural environment. (The proposed
approach has not been evaluated for artificial or medical images.)
The sensor node is connected via a network to a sink node, e.g., a
tablet. An image captured by the sensor camera is to be communi-
cated to the tablet. The scalability feature shall improve the user
experience.

The link between sensor node and tablet is typically limited. In
particular, the sensor node uploads the data over a wireless sensor
network which may be slow due to multiple wireless hops and
simple wireless transceivers. The tablet downloads the data over
an access network which can also be a bottleneck. The compression
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algorithm is part of the sensor node and the tablet software. In par-
ticular, the sensor node requires the low-memory feature of the
proposed coding algorithm, while the receiving tablet may not
require it (although for the receiver, the memory allocation is sim-
ilarly low). The sensor node sends a base quality of the image to the
tablet and the tablet displays the base quality image. Next, the sen-
sor node sends sets of image refinement data to the tablet, which
are utilized to update the previously displayed image, resulting
in image quality improvements. The update process can be
repeated multiple times.

Key parameters in this application scenario are the base amount
of data resulting in the base image quality and the amounts of data
for each update. The proposed algorithm allows for updates on the
receiver at the granularity of one or multiple quantization levels,
whereby one quantization level relates to the decoding of one
additional bit in all pixels of an image, see Section 2. A finer gran-
ularity, e.g., bit-wise granularity for single pixels, would require
significantly increased computation by the sender and receiver
and is thus not addressed by the presented algorithm.

1.3. Contribution

This paper proposes a low-complexity algorithm for scalable
wavelet image compression. Low-complexity refers to low RAM
requirements (in the range of a few kilobytes), efficient utilization
of line-based flash memory [16], and limited conceptual complex-
ity, as required for a typical low-cost sensor node. More specifi-
cally, the proposed scalable wavelet image compression requires
only RAM for two image lines, similar to the non-scalable two-
line codec [17,18]. The proposed coding method can be imple-
mented with a few pages of source code. We demonstrate that
the technique is competitive to state-of-the-art wavelet image
coding.

1.4. Article structure

The paper is structured as follows. Related work is reviewed in
Section 1.5. In Section 2, we describe the underlying principles and
the coding notation for this work. Section 3 describes the proposed
algorithm for scalable image compression. In Section 4, we analyze
the computational complexity of the proposed scalable line-based
image compression approach. In Section 5, the scalability feature of
the given system is verified and its rate-distortion (RD) compres-
sion performance is compared to JPEG 2000 and the Google WebP
converter. Section 6 concludes the paper.

1.5. Related work

Several studies have focused on reducing the memory required
for the compression (encoding) of the transform coefficients result-
ing from the wavelet transform of an image. One group of studies
has focused on the essential lists maintained for the popular set
partitioning in hierarchical trees (SPIHT) form of wavelet-based
image compression, see e.g., [19-24]. An extensive set of studies
has focused on reducing memory requirements by processing only
prescribed portions of the image. Strip-based approaches are
examined in [25-27], while block-based approaches are studied
in [28-31]. These studies have substantially reduced the memory
requirements to the order of roughly 10 kByte or more for common
image formats. For instance, the approach in [27] requires eight
image lines, i.e., 8 x 256 x 2 Bytes = 4096 Bytes for a 256 x 256
image of 16 bit samples. Eight to twelve image lines of memory
are needed for the approach in [32]. Similar line-based approaches
have been explored in [33,34] and require at least twelve image
lines of memory. An image coding approach based on generic hier-
archical transform, requiring tens to hundreds of image lines, is

developed in [35]. In contrast, to these existing low-memory wave-
let image compression approaches, which require at least memory
for eight (or more) lines of the image, we propose and evaluate a
novel scalable coding approach that reduces the memory require-
ments down to two image lines.

In order to achieve this significant reduction in memory
requirements we build on the backward coding wavelet tree
approach [36-39]. This backward encoding approach essentially
conducts the SPIHT processing backwards, starting from the lowest
wavelet transform level. The original backward encoding approach
requires approximately 20 kByte of RAM memory for a 256 x 256
image. By breaking coding units in the backward coding approach
into smaller pieces and interleaving coding tasks, the two-line
codec [17,18] reduces the memory requirements for compressing
a 256 x 256 image to approximately 1.5 kByte. Similar reductions
in memory requirements have been achieved by the scalable image
coder based on block tree coding (BTC) [40]. However, BTC pro-
ceeds along the wavelet coefficient tree structure and does not
consider the line-based organization of common external memory
structures [5,6] of sensor nodes with low random access memory
(RAM). In this study, we develop and evaluate a scalable two-line
wavelet image coder that accesses the externally stored image data
line by line.

The original backward encoding approach [37-39] as well as
the two-line approach [17,18] do not support scalable image cod-
ing. A number of extensions of the backward coding approach have
sought to add the scalable encoding feature [41-44] while main-
taining the relatively low memory requirement of approximately
20 kByte for a 256 x 256 image. In this article, we introduce and
evaluate a complementary scalable coding extension to the two-
line image coder [17,18] that retains the low 1.5 kByte memory
requirement for a 256 x 256 image, but provides flexible scaling
of encoded image size (in encoding bits per byte of image data)
and image quality.

2. Principles and notation for wavelet coding
2.1. Notation for sets of wavelet coefficients

Before the coding technique to be described can compress the
image, a wavelet transform has to be computed. For computation
of the transform we apply the low-memory fractional wavelet fil-
ter method [45-47]. While the fractional wavelet filter requires
multiple line-based accesses to the sensor node flash memory, it
has the least RAM requirements among the currently available
low-memory wavelet transform approaches. The coding approach
introduced in this article is completely independent from the
wavelet transform. Thus, future improved low-memory wavelet
transform approaches can be readily combined with our proposed
coding approach. The wavelet coefficients are computed and repre-
sented using a 16 bit fixed-point format.

The dimension of the original image is denoted by N (N columns
and N rows of image pixels). The initial wavelet transform (trans-
form level L = 1) of the original image computes four subbands,
namely subbands LL, LH, HL, and HH. The transform can be
repeated on the LL subband, resulting in four subbands of the next
higher wavelet transform level L = 2, see Fig. 1(a) for a two-level

transform. A subband has the dimension N/2*, where we typically
perform the transform for the levels L =1, 2,..., 6 (in general,
higher levels do not result in more compression). Note that the
transformed image that is taken as a basis for the compression also
has the dimension N, similarly as the original image.

We introduce a line-wise notation for the wavelet transform
coefficients, where sets of four coefficients are located within
two successive lines of a wavelet subband. Specifically, we denote
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Fig. 1. Illustration of wavelet transform and line-wise notion of sets of wavelet transform coefficients. Figure (a) shows the subbands of a two-level transform. For an image
with dimension N = 16, figure (b) illustrates the two lines | = 2 and [ + 1 = 3 within the wavelet subband b = LH of the first transform level L = 1, denoted as the two single-
line matrices £;_1p_tuj—2 and £;_1p_1-3; each line contains N/2" = 8 coefficients indexed by the horizontal coefficient position h =0, 1,..., N/2L — 1 =7. The two lines
contain the base sets B;_; p_n > (i), i=0,1,2,N, /2“1 — 1 = 3, whereby i indicates the horizontal base set position. Each base set contains four wavelet transform coefficients.
For instance, base set B;_1 51,2 (i = 1), indicated by the dashed circle, contains the wavelet transform coefficients £ 2 (h =2), Limm2(h=3), Lims(h=2), Lims(h=3).

L, for the row I of wavelet transform coefficients from wavelet
transform level L and subband b, b =LH, HL, HH, where [ =0
denotes the top line of the subband.

We denote the base set of four coefficients within the two lines [

and [+1 at horizontal base set position
i=0,1,2,..., N2V _1by
Lip(21 Lrpi(2i+1
Bt = (0 ) m
Lipip1(2i)  Lipra(2i+1)

For instance, the dashed circle in Fig. 1(b), indicates the base set
Bi_1p-1n-2(i = 1). The proposed coding algorithm traverses the sets
of a line one-by-one from left (i = 0) to right (i = N/2*Y — 1),

Wavelet transform coefficients within an image generally exhi-
bit a tree-structure, which is utilized by the encoding algorithm.
With growing distance from the root, the coefficient values in
the tree tend to decrease. The two lines £, and £; ;.1 have child
(successor) lines at £;_1p 2 and £;_1 2111 as well as £;_1p2¢41) and
Li-1p20+1)+1, that is, each single line has two child lines in the next
lower wavelet level, see Fig. 2. To address the coefficients in the
child lines we denote the set of four child sets (containing sixteen
child coefficients) of the base set By (i) as

Bro1p2(2))  Bioipa(2i+1) )
Biip212(21) Bii1pa2(2i+1) ’

We also use the term super set to denote these units of sixteen coef-
ficients (the super set is superior to each of the contained base sets).
Each of the four included sets again has four child sets, and thereby
a tree including all coefficients of a subband can be constructed. We
denote the set of all descending child sets of a base set B ,(i) as
Dypi(i), that is, the set Dyp,(i) contains the child coefficients of
Bip,(i), the grand children, and so on. The set 5;,,(i) contains the
set By, (i) and Dyp,(i), see Table 1 for a list of all denoted sets.

Crpi(i) = ( 2)

2.2. Notation for quantization levels

A quantization level (for brevity also referred to as level) serves as
a specific coefficient bound and is represented as a numeric bit posi-
tion of the considered coefficient(s). The numeric value 0 relates to
the right-most bit (i.e., the least significant bit). In the following

example, the bit position 2 is marked: 01011 0. We

1
distinguish between quantization levels that are (i) directly derived
from given (sets of) coefficients, and (ii) quantization levels that are
prescribed (selected) for the encoding process of coefficients or
levels.

2.2.1. Quantization levels of (sets of) coefficients

The maximum quantization level g(c) of a coefficient c charac-
terizes the bit position of the most significant non-zero bit. For
example, the coefficient ¢, = 001110 given in binary notation has
the maximum quantization level q(c;) = 3. The minimum quantiza-
tion level of a coefficient is the bit position of the least significant
non-zero bit. For the given example ¢, = 001110, the minimum
quantization level equals 1. Maximum quantization levels can also
be given for sets of coefficients. In that case, the maximum of all
levels in the considered set of coefficient is calculated.

Table 2 summarizes our notation for quantization levels. Note
that when we address maximum quantization levels of the coeffi-
cients of a set, we generally assume inclusion of all descending
coefficients of the set. However, note that the super set quantiza-
tion level q(D.p,(i)) denotes the quantization level required to
encode the super set C;,(i); the superset quantization level does
not denote the quantization level of the individual coefficients of
the super set.

2.2.2. Quantization levels as encoding bounds

When encoding sets of coefficients, in general only an excerpt of
the original representation (bit sequence) of the coefficient is
selected (thus achieving compression). The quantization level of
the original coefficient that serves as the most significant bit in
the encoded representation is called upper bound, while the level
that specifies the encoded least significant bit is called the lower
bound. The lower bound for all coefficients of an image is generally
denoted as q,,,,. For example, encoding the coefficient 0111 with
the upper bound 2 and the lower bound 1, results in the encoded
sequence 11.

When decoding a given sequence, the decoder must, of course,
be aware of the employed upper and lower encoding bounds.
Therefore, the respective bounds/quantization levels have to be
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Fig. 2. Illustration of tree structure of the wavelet transform coefficients for an image of dimension N = 32 and four wavelet transform levels. Each line I in a given subband b
at a given level L has two child (successor) lines at lines 2/ and 2I + 1 in subband b of the next lower level L — 1. As indicated by the gray shading, line I = 1 in subband b = LH
of transform level L = 4 has the two child lines 2 and 3 in subband b = LH of transform level L = 3. Then, in turn, the base set of four coefficients B;_3 _;;,—o(i = 1), which is
highlighted by the square with the thick lines at level L = 3, has sixteen child coefficients denoted by C;_3 »_;n-0(i = 1) and illustrated by the thick-line square on the right half

of lines 4-7.
Table 1
Overview of the coefficient notation.
By (i) Base set of 4 coefficients at transform level L, subband b, line [
at horizontal base set position i
Crpu(i) 16 child coefficients of base set By (i), also called super set
Dypi(i) All descending coefficients of By (i), including Cy (i), children
of C; (i), and so on
B[, (i) Base set B, (i) and all descending coefficients in D (i)

Dri1pi2(i/2) = the sets B, (i), B/, (i+1), B, ,,(i), and B} ,(i+1)

Table 2

Overview of the quantization level notation.
q(c) Quantization level of a single coefficient ¢
Q<be:(i)) Maximum quantization level of By (i) and Dy (i),

calculated as the maximum of the quantization levels of all
coefficients included in the set B/, (i)

q(Dpp, (i) Maximum quantization level of Dy (i) only, also called
super set quantization level

4(Dr1542(1/2)) = Maximum of the levels q(sz.,(i)),

q(Bipu(i+1)). a(Biys.a(0)). and (B, i+ 1)

encoded in advance. When encoding a quantization level, similarly
as when encoding a coefficient, an upper bound has to be
employed. For example, encoding the level 000100 results in the
encoded sequence 01 when 3 is chosen as upper bound. The fol-
lowing zero bits do not need to be sent, as a quantization level
has only a single non-zero bit. Therefore, when the decoder
decodes a level and encounters the first non-zero bit, the decoder
knows that this is the last bit relating to that level. This last bit is
thus also called the stop bit for the level.

3. Scalable wavelet image compression
3.1. Basic principle: base and scalable stream

The basic application setting of the introduced scalable image
compression is that there is an image of high quality at the sender
side (original image), which needs to be communicated in different
requested qualities q,,;, to the receiver, whereby the previously
sent version with lower quality of the image is reused. We now
consider the application scenario of refining a previously sent
image, see Fig. 3. We distinguish between a previous and a cur-
rent/new quality, denoted by minimum quantization levels
Qinpry ANd G, TEspectively, where the condition q;pry > Gmin
holds true (a smaller minimum quantization level refers to a higher
image quality). In a first run, the original image had been encoded
to a base stream with the quality q,;,p.,- The base stream was com-
municated to the receiver and decoded there. The base stream was
encoded and decoded with the Wavelet Image Two-Line Coder
(Wi2l) [17,18]. Now, in a second run, the receiver requests a higher
quality q,,, of the image. The sender then encodes the scalable
stream with the proposed scalable line-based wavelet image coder.
The scalable stream is used at the receiver side together with the
previously sent base stream to refine the image, thus achieving
the new quality q,,.

The receiver can now request a second refinement of the image.
Following the request, the sender encodes a new scalable stream to
allow the refinement at the receiver side. Note that we again
denote the new quality with q,,;, and the previous quality with
Quminpres S€€ Fig. 4. The quality q.p, equals the quality g, in
Fig. 3. For the refinement, the receiver uses the new scalable
stream and a base stream to decode the image in the new quality
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original picture base stream

2) decode

3
I 1) encode g 4) restore GminpPro =T

g 23.7dB
3) encode scal. l =5

Stream q”ll'l
5) refine 30.5dB
2500 Bytes

Fig. 3. Principle of updating a base stream with the quality q,,;,», = 7 to an image with a higher quality and correspondingly smaller quantization level q,;, = 5. The scalable
algorithm reuses the previously sent base stream and the new scalable stream to decode a refined version of the image.

Gumin = 3. The employed base stream is constructed at the receiver
side from the previously decoded image with quality ¢ =5
using the Wi2l coder and is a different base stream than in Fig. 3.
The constructed base stream contains quantization level informa-
tion (which is generally required for tree-based wavelet coding)
for the refinement of quantization levels and coefficients.

In principle, it is also possible to use the two previous streams
(base and scalable) at the receiver instead of constructing a new
base stream from the previous image. However, the previous
streams may not be available at the receiver any more (while the
previous image is still there). Note that the base stream at the
receiver side is built on the fly to deliver the missing information
when processing the scalable stream; thus, it does not require
much additional random access memory.

The outlined on-request successive refinements require that the
entire image is encoded again, each time a new refinement is
requested. An alternative application scenario of the proposed
encoder is to pre-specify some quantization levels, e.g., base
stream q = 7, first refinement q =5, second refinement q = 3,
and encode the entire image once to produce the base stream as
well as the scalable streams for the first and second refinement,
and store all three streams on the SD card. Then, the sensor node
can first send the base stream to the receiver, followed by the first
scalable refinement stream and the second scalable refinement
stream. A more general alternative application scenario is that a
given image is encoded once at the sensor node producing encoded
bit streams from some prescribed maximum considered quantiza-
tion scale (e.g., ¢ = 9 in our evaluations, see Section 5) to the small-
est quantization scale of ¢ = 0. Then, as the receiver requests a base
image quality, e.g., with g=7, the encoded streams for

base stream

3000 Bytes

original picture

q=9, q=_8,and q = 7 are sent from the sensor node to the recei-
ver and decoded at the receiver into the g = 7 base image. If the
receiver then requests a refinement to q =5, the pre-encoded
streams for g = 6 and q = 5 are sent from the sensor node to the
receiver.

In the following subsections, we describe the encoding of scal-
able information in detail (the decoding works the reverse way
and alternately processes information from the base and scalable
stream). Importantly, the introduced algorithm for quality refine-
ments does not introduce additional bits (e.g., for signaling) com-
pared to the case of coding and transmitting the image without
scalability. In particular, the total size of data (in bits) of the base
stream and the scalable stream to achieve the new quality g,
equals exactly the size of a base stream that would be required
to decode the image with quality q,,, without using the scalability
feature.

We base the Wi2l-scalable encoder on the backward coding
principles [36-39]. That is, we start the encoding with the lowest
wavelet transform level. This backwards coding reduces the
required memory as quantization level information does not need
to be retained in memory. More specifically, the backwards coding
allows for application of a specific scheme to link the quantization
level information from the already encoded coefficients with the
required level information for the next coefficients to be encoded.
This scheme of exploiting the linking quantization level informa-
tion for memory-efficient scalable coding is introduced in detail
in the following subsections. Note that with the proposed back-
ward coding based scalable coding approach, each scalable stream
is backward coded (from lowest to highest wavelet transform
level), stored on the SD-card as an intermediate buffer, and then

scalable stream

7500 Bytes

N
—
—
a
4
Q
=
a
AminPrv = 5
30.51 dB
]
—
a
:n!'
=3
o ke
J Amin = 3
¥ 38.5dB

apooud (] J,

Fig. 4. Second refinement of an image: ¢,y €quals now the quality g, = 5 from Fig. 3. The base stream for the quality g,i,pr, = 5 iS now constructed on the fly at the
receiver from the image with q,,;,p,, = 5 (as the receiver may have discarded the previously received base and scalable streams).
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sent out in the reverse order (from highest to lowest wavelet trans-
form level) to the receiver.

3.2. Refining coefficients via scalable stream

The scalable stream provides the differential information to
refine already communicated wavelet coefficients. In tree-based
encoding, the coding is performed in units of four sets, i.e.,
Brpi(i), Brpi(i+ 1), Bupi2(i), and Brp,.2(i + 1), where each set con-
tains four coefficients. For each of these four sets, an upper bound

is calculated, i.e., for the set B, (i), the bound q(B{_b_,(i)) is calcu-

lated by taking the maximum of the levels q(B;,(i)) and q(Dyp,(i));
for the sets Bypi(i+ 1), Brpi2(i), Brpi2(i+ 1), the upper bounds
are calculated similarly. Thus, coefficients and upper bounds of sets
of four coefficients need to be encoded. The upper bounds (of four
coefficients and their descendants) are in turn encoded in sets of
four using the maximum quantization level q(Dy1,2(i/2)), which
is the maximum quantization level of the 16 coefficients to be
encoded (building a super set when encoding the next higher
wavelet level L) and their descendants. Thus, the scalable stream
needs to contain refinement information for coefficients and quan-
tization levels.

When a set of coefficients is to be processed, we distinguish
between two cases: If the set has not yet been encoded in a previ-
ous run, we denote the respective coding operation with the term
encoding. Coefficient sign bits are part of that operation. Otherwise,
if previous coefficient information is available, we refer to the
operation as refinement of a set. Note that there can be insignificant
coefficients in such a set - that are coefficients that would actually
not require any (new) refinement information. A refinement
always requires quinprv — gmin Dits for each coefficient (including
possibly insignificant ones). Coefficients that have been insignifi-
cant in all previous runs and now become significant will require
an additional sign bit. This is the case if the quantization level
q(c) of the coefficient is smaller than q,,;,p.- For example, a given
coefficient ¢ = 000101 has quantization level g(c) = 2; if we con-
sider qinpry =4, then q(c) < quiger, thus the coefficient has not
been encoded in the previous run.

Therefore, if a set of coefficients is to be processed, it is first
checked if the set has already been encoded in a previous run,
resulting in a refinement if q(B.,(i)) > qminpr- If that is the case,
Gminery — 1 Serves as upper bound for the set, otherwise the actual
maximum quantization level is used as upper bound for encoding.
We therefore use the term Refine/Encode in the following algorithm
description. As an example we select four coefficients
c1=22,¢c=19, c3=3, and ¢, =1 of a base set By, (i) to be
encoded to the scalable stream, which are given in binary notation
as follows:

cg= 1 0 1 1 0

co= 1 0 0 1 1

5= 0 0 0 1 1

ca= 0 0 0 0 1
T T
GminPrv Gmin
=3 =1

We consider the maximum quantization levels q(B[b.,(i)) =4 and

assume q(Dypp,(i)) = 2. As minimum quantization levels we select
Qminpy = 3 and g, = 1. We can conclude now that the set has
already been encoded in a previous run, since

q(li’[_b_,(i)) =4 > (e = 3. That means, that for ¢;, i=1,...,4,
the binary sequences 11, 01, 01, and 00 have to be encoded. As c;

and ¢, have been insignificant in the previous run, they require a
sign bit as well, if they become significant.

To give another example, we set the coefficients ¢; to 00010 and
c; to 00011. We assume a maximum quantization level

q(B[,,_,(i)) =1 of the set. As q(B{_b_,(i)) =1 < qpinpry = 3, the set

has not yet been encoded before, and q(B{_b_,(i)) =1 serves as

the upper bound for encoding each of the coefficients in the set
Thus, the sequence 1110 is encoded for the four coefficients, and
each of the three coefficients cy, c,, c3 now requires a sign bit. Note
that the coefficient ¢, is coded without a sign bit, as it is still
insignificant. Its sign bit would be coded in a next run with a
Qimin = 0.

For the coding of quantization levels, there exists similarly as
for the coding of coefficients an actual lower encoding bound and
an upper encoding bound. If a level has not yet been encoded in
a previous run, it is encoded as usual in the tree-based coding with
the bit positions for the upper and lower bounds. The lower bound
is given as the maximum of q;, and the level to be coded itself,
whereby q.,;, defines the new quality. (The first non-zero bit thus
serves as a stop bit, as noted in Section 2.2.2.)

The upper encoding bound is selected due to the type of quan-
tization level; there exist two types of quantization levels, levels of
base sets that refer to 4 coefficients and levels of super sets, refer-
ring to 16 coefficients. Quantization levels of base sets are encoded
in groups of 4, that is, taking the base sets B/, (i), B/, ,(i+ 1),
Bl 1.0(), and B}, ,(i+ 1), the four respective quantization levels
are encoded altogether with a common upper bound given as
q(Dri1p12(i/2)). The second type of quantization level, which is a
quantization level of a super set, given as q(Dpp(i)), uses

q(B[b_[(i)> as an upper bound. To explain the wavelet level L + 1,

we note that the mentioned four base sets at a certain wavelet
level L build a super set at the next higher wavelet level L + 1. More
precisely, the sets By (i), B, (i+ 1), Bf,,,,(i), and Bj,;.,(i+1)
equal the set Dy, qp2(i/2).

As we introduce the scalable coding, there can be the case that a
level has already been encoded in a previous run. The upper encod-

ing bound, i.e., q( B}, ,(i)) or q(Dr,112(i/2)), is then larger or equal
g q(Bip(i)) or q(Driapy g q

than the previous minimum quantization level q,,;.p,,- In that case,
no new information needs to be conveyed. If, however, the level
has been encoded as zero in the previous run, the level is refined
using ey — 1 as the upper encoding bound. As an example, we
consider the three (super set) quantization levels
q(D(1)) =1, q(D(2)) = 3,and q(D(3)) = 0, with the assumed upper
encoding bounds as given in the following table (for simplicity we
leave the wavelet level, band, and line indices out, each level
relates to the given upper bound):

qD(1)= (0 0 0 1 0)2 with ¢(BT(1)) =1
qD2)= (0 1 0 0 0), with ¢(B*(2)) =4
q(DB))= (0 0 0 0 1) with ¢(B*(3)) =3
T T
dminPrv Jmin
=3 =1
The level ¢q(D(1)) has not yet been  encoded

(q(B*(1)) =1 < Qinpr, = 3), thus the bit 1 is sent using q(B"(1))
as an upper bound. The level q(D(2)) has already been sent in a pre-
vious run (q(B*(2)) =4 = Gminpr, = 3), NO information needs to be
conveyed. The level gq(D(3)) has already been sent as well
(@(B*(3)) =3 = Qpinpry = 3) but it has been zero. The sequence 00
is sent using qi,p, — 1 as upper bound.
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Fig. 5. Encoding of four lines: The algorithm traverses the four lines in sets of four coefficients, starting with the lower two lines, and then it continues with the next upper
two lines. Information that relates to a unit of 16 coefficients (which become a super set when the next higher wavelet level is encoded) is saved via a specific buffer, see Fig. 6.

3.3. Encoding of four lines

In the previous section we have described, how single coeffi-
cients in the base sets are encoded into the scalable stream. In this
section, we give a formal description of the scalable algorithm for
encoding of four lines of a wavelet subband. In principle, a com-
plete image can be encoded using such sets of four consecutive
lines. We distinguish between the lower two lines (line numbers
I+2 and | + 3, where [ denotes a line of a wavelet subband) and
the upper two lines (I and [ + 1) of such a set, see Fig. 5. The algo-
rithm starts to encode base sets By (i), i=0,1,...,5/ — 1, of four
coefficients in the lower two lines from the left to the right side.
When the last set of the lower two lines has been reached and pro-
cessed, the algorithm continues with the left-most set of the upper
two lines.

For the encoding of a coefficient base set B, (i), the maximum
quantization level information q(D;,(i)) of 16 descending coeffi-
cients is required; this level serves to compute the maximum

quantization level of the base set q(B[b‘l(i)), which in turn serves

as the upper bound for encoding the coefficients in the base set
By p(i). We can conclude that for encoding the given base set, the
complete set D;;(i) needs to be available, that is, all the sub-
trees that have their origin in one of the coefficients of the base
set. That is why the classical wavelet coding schemes traverse
the coefficients within a tree and frequently pass the sub-trees to
calculate the required level information. In this paper, however, a
line-based mechanism is introduced, thus a special mechanism is
necessary in order to keep the required information. For this pur-
pose, we employ a specific buffer that saves maximum quantiza-
tion level information, similarly as in [17,18], where the size of
this buffer is 3-°%"'"2 1 Bytes (N is the picture pixel dimension).
The interaction of the proposed algorithm with this buffer is illus-
trated in Fig. 6.

Fig. 6 illustrates in part (a) the retrieval of the maximum quan-
tization levels Dy p;.»(i) and Dyp,.2(i + 1) from the buffer (which
have been saved when encoding the respective descending super
set) for all descending coefficients of Bip;.»(i) and Bip; (i + 1).
The retrieved levels are employed to calculate the maximum quan-

tization levels q( Lfbm(i)) and q( o (i 1)), which are in turn

required for encoding the two base sets By . (i) and By 2(i + 1).
The two levels are saved to the buffer for later retrieval, see Fig. 6
(c). In Fig. 6(b), the base sets B; (i) and B p,(i + 1)) are coded, and
similarly as before the respective level information is retrieved
from the buffer to compute the maximum quantization levels

q(B[b.,(i)) and q(B[b.l(i + 1)) of the two sets. However, this time

the level information is not saved to the buffer but kept temporar-
ily. Fig. 6(c) illustrates that these levels together with the levels
saved in (a) are employed to calculate the maximum quantization
level q(Dyy154/2) to be saved to the buffer for later retrieval when
encoding coefficients of the next higher level.

We summarize the three types of operations in the encoding
algorithm to be described: (1) interaction with the buffer to save
or retrieve maximum quantization level information, (2) computa-
tion of maximum quantization level information, and (3) encoding
or refining of coefficient or level information. In the following we
give a formal description of the proposed encoding scheme, start-
ing with the description of the lower two lines and continuing with
the two upper two lines. As a parameter, the selected wavelet sub-
band b, the subband line I, and the levels q,,;, and ¢, for the
new and previous quality are used. Note that we present a text-
oriented description to make the scheme more readable, while it
still highly related to the employed source code in the C program-
ming language, which is freely available from http://mre.faculty.
asu.edu/Wi2l. For improved readability, we introduce the short-
hand notations gq,¢ for the super set maximum quantization level,
which has been denoted q(D;,.2) so far, and g, for the base set
quantization levels, which has been denoted by

Q(B[b.uz(i))v Q<3Zb,l+z(i + 1)), Q<8Zb,1(i)>: q<BL+‘b‘I(i + 1)) so far.

3.3.1. Refine (two lower) lines | + 2 and | + 3
Repeat the following steps (1.a) to (1.f) for horizontal positions
i=0,24,..., N 2

2L+1

(1.a) Retrieve q;5 = q(Drp:2(i))
(1.b) Calculate q, = q(B[b‘M(i)) using the coefficients in By, (i)

and the level q,¢. Keep that level for step (1.f).

(1.c) Refine/Encode g, retrieved in step (1.a) using qippry — 1 S
upper bound if q; > Qe (refinement) and the level g4
has been zero, otherwise use q, as upper bound. The first
non-zero bit serves as a stop-bit.

(1.d) Refine/Encode the coefficients in B 5, (i) using q,,;, as lower
bound. Use qnpry — 1 @s upper bound if q, > qinpry (refine-
ment), otherwise use g, as upper bound (set has no yet been
encoded in a previous run). Encode a sign bit for significant
coefficients that have been insignificant in the previous runs.

(1.e) Repeat the steps (1.a)-(1.d) fori=i+1

(1.f) Save the two levels q(B[b‘,ﬂ(a)), a=1i, i+ 1, calculated in
step (1.b) for later retrieval, see step (2.f) below.
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Fig. 6. Interaction with the buffer to encode a set of 16 coefficients. In (a), sets i and i + 1 in the lower two lines are encoded. The levels q(Dy .2 (i)) and q(Dyp2(i + 1)) are

retrieved to compute q(B[b.Hz(i))

and q( By, (i+ 1))' which are saved to the buffer. In (b), the levels q(B[b,(i)) and q(B[,,},(iJr 1))

are computed, but this time only

temporarily kept for usage in (c), where they are used together with the information from (a) to calculate the maximum quantization level q(Dy,151/2(i/2)).

3.3.2. Refine (two upper) lines l and | + 1

Steps (2.a)-(2.e) are the same as steps (1.a)-(1.e) which refine
lines [+ 2 and [ + 3; the only modification is that the parameters
[+2 and [ + 3 in steps (1.a)-(1.e) need to be replaced with [ and
I+ 1, respectively, for steps (2.a)-(2.e).

(2.f) Retrieve q(B[b.Hz(a)), a=1i, i+ 1, saved in step (1.f) when

refining the lines [ + 2 and [ + 3.

(2.g) Calculate q(Dyi1p42(i/2)) by taking the maximum of the
levels calculated in (2.b) and retrieved in (2.f).

(2.h) Refine/Encode q(B[bJM(i)), a=0, 2, and q(B[b_,+a(i+ 1)),
a=0, 2, using either q,,p,, — 1 or the level from step (2.g)
as upper bound, similarly as in step (1.c).

(2.1) Save the level calculated in step (2.g) to be retrieved in step
(1.a) when encoding lines of higher wavelet levels.

3.4. Recursive encoding of complete image

We have so far described how four consecutive lines of a sub-
band are encoded with to the proposed scalable method. To encode
a complete image: (1) the encoding of four lines has to be repeated
such that a complete wavelet subband is encoded, (2) the action of
(1) has to be repeated until all of the three subbands HL, LH, and HH
have been processed, and (3) the last level LL-subband with 16
coefficients has to be encoded similarly as described in Section 3.2,
including the maximum quantization levels of each of the sub-
bands and the maximum quantization level of the complete image;
this level serves as an upper bound for encoding the coefficients of

the last subband and is encoded in turn using a pre-defined max-
imum level (in our implementation we have selected q,,,, = 14).

Regarding the ordering of encoding of subband lines, we pro-
pose to traverse the lines recursively such that the required quan-
tization levels of lower subbands are calculated next prior to the
encoding of two lines. That is, before two lines I, [+ 1 in level L
are encoded, the child lines 2l +a, a=0, 1, 2, 3, in level L -1
are encoded. This will allow for usage of a minimally sized buffer
for saved maximum quantization levels, thus saving random access
memory. The proposed recursive traversal order is achieved with
the following small modification of step (a) of the procedures for
coding lines I, [+ 1 and [+ 2, I+ 3 in Section 3.3:

(a) Refine lines 2(I+2)+a, a=0, 1, 2, 3 at level L -1, and
then retrieve q,5 = q(...) and

(a) Refine lines 2I1+a, a=0, 1, 2, 3 at level L -1, and then
retrieve ¢, = q(...)

The modification first encodes the respective four child lines
before the two new lines are processed (the child lines trigger in
turn the encoding of child lines). Due to the recursion, the com-
plete subband can then be encoded via encoding of the lines
=0, 1, 2, 3. of the subbands in the last level.

4. Computational cost

In this section, we analyze the access pattern of the introduced
line-based scalable coding scheme and compare it to the classical
tree-based approach, i.e., the SPIHT algorithm. The access patterns
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of the considered algorithms reflects the read and write access of
the wavelet coefficients. The algorithms do rather not perform
mathematical calculations but describe an order in which the coef-
ficients in the transformed image have to be accessed; thus, the
computational cost is determined by the order of coefficient access.
Second, there exist memory buffers that store coefficient quantiza-
tion level information, and access to these buffers also accounts for
the computational cost. In this work, the buffers for quantization
level information are considered to be located in the RAM memory,
while the transformed wavelet image is located on flash memory
(with substantially slower access times).

An exact analysis of computational cost and the corresponding
coding times is not possible for the algorithm, as each image has a
different compressibility, resulting in an individual series of algo-
rithm steps and different computational cost for each given image.
We analyze therefore the principal steps of each of the two coding
schemes and evaluate the computational cost specifically for the
worst case of no compressibility. As we will explain later, the total
number of read operations for wavelet coefficients does not change
with a different compressibility, as for a new minimum quantiza-
tion level g, also the already encoded sets of coefficients have
to be checked for possible updates. We first consider the proposed
scalable scheme and then continue with SPIHT.

We consider images of dimension N x N pixels. In order to cap-
ture the time-consuming coding operations, we denote r and c for
reading and coding a coefficient and denote cl for the coding of a
coefficient level. These operations generally require flash memory
accesses in the considered sensor node platform. For intermediate
storage of wavelet level information, the operators g and p are
introduced in order to get or put levels to the RAM memory buffer.
(We note that the number of writing operations (to flash memory
in the scalable Wi2l approach and to RAM memory in the SPHIT
approach) correspond to the size (in Bytes) of the compressed
image.).

4.1. Scalable Wi2l

The following consideration is based on the algorithm descrip-
tion in Section 3.3.

4.1.1. Encoding of lower two lines

Let ¢;,,., denote the number of operations for encoding the
lower two lines I + 2 and I + 3, where L and b denote the wavelet
level and wavelet band, respectively. In the two lines, there exist

N/2"1 sets of four coefficients. For each set, a quantization level
q(Drpis2(i)) and the four coefficients in Bip;2(i) have to be
retrieved, and the retrieved level and coefficients have to be

encoded. Furthermore, the level q(B[bJ +2(a)) needs to be saved
to the buffer. The required operations for the two lines are thus

N
Pro1b1s2 :F(g+4r+cl+4c+p). 3)

For the first wavelet level, there are no descendant coefficients.
Thus, for L =1 the preceding equation has to be modified in that
there is no retrieval and coding of q(Dyp .2 (i)):

N
br1b2 = =g (47 +4c+p). (4)

L+1
2+

4.1.2. Encoding of upper two lines
For the upper two lines, the operations are the same with the

difference that the level Q(Bf,b,z +2(a)) needs to be retrieved from
the buffer (instead of being saved to the buffer), the quantization

levels q(B[bM(i)), a=0, 2, and q(B[b.Ha(H— 1)), a=0, 2, need
to be refined, and the level q(Dp.14,2(i/2)) to be saved:

N 1
Pro1p =50 <g+4r+cl+4c+g+2cl+jp)

N
:F(2g+4r+3cl+4c+p/2). (5)

Similarly as for the lower two lines, for L =1 the operations are
given as

N
d)L:l,b,l :F(g+4r+2d+4c+p/2). (6)

4.1.3. Encoding of complete level of a wavelet subband

For the encoding of a complete level of a wavelet subband with
N/2" lines, we denote ¢, , for the total number of operations. With
Egs. (3)-(6), the number of required operations for L > 1 are

1N
Pro1p = a5 (Prs1pii2 + Drs1p))

2

= 773 (62 +3p + 16¢ + 8cl + 161). @)

and for L =1 as

1N
Gr1p = iy (Pro1piez + ro1pi)

2

=@(16r+2g+3p+166+4cl). (8)

4.1.4. Encoding of complete image

For encoding of the complete image, 3 subbands have to be
encoded, whereby each subband contains log,N — 2 levels. The
total number of operations @ for an image (excluding the last
two levels, which are encoded separately, and are also excluded
from the SPHIT analysis) is given as

logyN-2 5
®=3 L; ¢L>1,b+¢HbzN2<r+c+Ecl+4g+4p>. 9)
4.2. SPIHT

The SPIHT algorithm recursively encodes base sets By ;,(i) of 4
coefficients. If we assume that the image is not compressible (thus
modeling the worst case in terms of computational cost) a succinct
description of the algorithm for encoding of a complete wavelet
subband is:

Encode(B, (i) {
1. Calculate q, = Q(Bf_b‘z(l‘))

2. Encode q4
3.if 44 = qmin
(a) Encode the coefficients in By (i)
(b) Calculate g4 = q(Dypp (D))
(c) Encode q4¢
(d) if 16 = qmin Encode (all sets in C (1))

The given description refers to the so-called list of insignificant
sets (LIS) which constitutes the recursive part of SPIHT. There exist
two other lists/buffers in SPIHT, the list of insignificant pixels (LIP) (a
coefficient is called pixel in SPIHT) and the list of significant pixels
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Table 3

Scalable amount of image data of proposed coding approach for the refined
quantization levels q,,;, = 8,...,0. Each table cell gives the amount of scalable image
data [in Bytes] of the proposed scalable image coder (first row), the corresponding
single-run (non-scalable) amount of image data [in Bytes] of Wi2l [18], which
achieves equivalent compression to SPIHT, and the corresponding PSNR image quality
[in dB]. The first column q,;, = 9 gives the base stream image data amount and PSNR
quality. Each successive column ¢, =8, 7,..., 0) gives the aggregate amount of
image data (of the preceding q,,, + 1 non-scalable (base) stream plus the scalable
refinement stream).

Image Metric Gmin
9 8 7 6 5

bridge Data am., scal. enc. 169 581 1849 5496

[Byte]

Data am., single 51 168 580 1848 5494

enc. [Byte]

PSNR img. qu. [dB]  17.85 19.31 213 23.72  27.03
goldh. Data am.,, scal. enc. 116 363 1164 3527

[Byte]

Data am., single 38 114 362 1162 3526

enc. [Byte]

PSNR img. qu. [dB]  19.74 21.19 23.18 2536  28.46
lena Data am., scal. enc. 201 545 1379 3097

[Byte]

Data am., single 77 200 544 1378 3096

enc. [Byte]

PSNR img. qu. [dB] 1846  21.1 23.67 26.85 3052

4 3 2 1 0

bridge Data am., scal. enc. 12,436 21,615 31,386 40,903 49,947

[Byte]

Data am., single 12,435 21,614 31,384 40902 49,946

enc. [Byte]

PSNR img. qu. [dB] 31.68 3739 4248 4515 46.73
goldh. Data am,, scal. enc. 8530 16,766 26,686 36,647 45,967

[Byte]

Data am., single 8529 16,764 26,685 36,645 45,966

enc. [Byte]

PSNR img. qu. [dB]  32.31 3726 4223 4508  46.75
lena Data am,, scal. enc. 6037 10,675 18,709 29,356 39,489

[Byte]

Data am., single 6035 10,674 18,707 29,355 39,487

enc. [Byte]

PSNR img. qu. [dB] ~ 34.50 3850 4221 4499  46.69

(LSP). Sets of coefficients that are encoded in Step (3) (a) leave the
LIS, and the respective isolated coefficients either move to the LIP
or LSP. The SPIHT algorithm does not exactly describe the memory
structures and buffers that are required to implement the algo-
rithm (low memory and speed was not a design goal of SPIHT),
therefore we do not discuss the respective operations here. Simi-
larly, the operations required to compute the level B;;,(i) in step
(1) are not detailed (as well as the related level in Step (3) (b)); this
computation would actually require to traverse the wavelet tree
until the first level.

The Encode function has to be called for Bi_iog,n—151-0(i = 0),
thus recursively encoding the complete subband. Regarding the
scalability, it is computationally worthwhile to mention that such
a function only triggers a refinement of a single bit for each coeffi-
cient, that is, q.inpry — Gmin = 1 (While the scalable Wi2l can refine
the coefficients for any number of bits in one run).

Note that step (3) (d) actually performs four recursive function
calls, each for one of the four sets in C;p,(i). In case of significant
coefficients, there is for each set B, (i) coding of two quantization
levels and four coefficients. Due to the recursion, the wavelet tree
is traversed until wavelet level L = 1, and for each wavelet level the
total number of operations is four times as high than in the previ-
ous level. For the first wavelet level, there is no encoding of
q(D.p,(i)) levels as there are no child coefficients. The resulting
number of operations ¢, is:

logyN—2
by= > 4" 1(2cl+4r +4c) + 49N (cl + 4r + 40) (10
L=1
1N\ N2
—(2cl+4r+4c)<—3+316> +E(Cl+4r+4c) 11
2
z%II\J—G(Scl+16r+16c) (12)

For encoding the complete image, all three subbands have to be
encoded, resulting in the total number of

5
@SPIHT:3‘¢[;:N2<T+C+EC1>. (13)
operations for encoding a complete image.

4.3. Discussion of analytical results

There are three main findings from the computational complex-
ity analysis: (i) SPIHT and scalable Wi2l both require the same
amount of coefficient read as well as coefficient and level coding

operations: An image of dimension N requires N(r + ¢ + 5cl/16)
operations; however, this holds only true for q.,prv — Gmin = 1,
otherwise SPIHT requires Quinpry — Gmin tiMes more operations
(than scalable Wi2l).

(ii) The SPIHT algorithm does not exactly describe the opera-
tions due to retrieval of level information, while the proposed scal-
able scheme gives an exact description of all required (flash)
memory/(RAM) buffer operations (in fact, the description almost
reflects the C-source code, alleviating the realization for the practi-
tioner). A comparison in terms of computational cost for the buffer
operations is thus not covered by the given SPHIT analysis. How-
ever, scalable Wi2l will in any case not require more buffer opera-
tions than SPIHT, because for each quantization level, SPIHT has to
traverse all coefficients: Even if there exist zerotrees (insignificant
coefficients detected in Step 3) of the SPIHT description), the
remaining coefficients in the LIP and LSP have to be checked for
possible updates. The computation of level information in Steps
(1) and (3) (b) will even require to scan the coefficients multiple
times (not covered by the given SPHIT analysis).

(iii) The access pattern of coefficients for SPIHT is purely recur-
sive, while the proposed algorithm processes sets of wavelet coef-
ficients line-wisely. Furthermore, the memory requirements in
terms of level information are fixed and very low, while the lists
in SPIHT require memory on the order of the total number of sig-
nificant sets of coefficients.

5. Performance evaluation

In this section we verify the functionality of our proposed scal-
able Wi2l encoding scheme and compare the compression results
to JPEG 2000 and the recent Google WebP compression. For the
evaluation we use selected images with the dimension
N x N = 256 x 256 pixels from the Greyscale Set 1 available at
http://links.uwaterloo.ca/. We convert the TIFF images to plain text
using the Linux convert tool. For the wavelet transform we use the
fractional wavelet filter implementation (with wLevel =6 and
default values) available at http://mre.faculty.asu.edu/fwf. The C
programming language source code of our scalable encoder, which
is based on the code for the related non-scalable wavelet image
two-line coder (Wi2l) [18], is freely available from http://mre.
faculty.asu.edu/Wi2l. For the comparison we used the jasper JPEG
2000 library and the Google WebP conversion tool. To obtain the
PSNR qualities with our own system we perform a reverse wavelet
transform of the refined wavelet image at the receiver side and
compute the PSNR of the reconstructed and the original image.

http://dx.doi.org/10.1016/j.jvcir.2016.07.006

Please cite this article in press as: S. Rein, M. Reisslein, Scalable line-based wavelet image coding in wireless sensor networks, J. Vis. Commun. (2016),



http://links.uwaterloo.ca/
http://mre.faculty.asu.edu/fwf
http://mre.faculty.asu.edu/Wi2l
http://mre.faculty.asu.edu/Wi2l
http://dx.doi.org/10.1016/j.jvcir.2016.07.006

S. Rein, M. Reisslein/]. Vis. Commun. Image R. xxx (2016) XXx—xxx

11

35 50 40 -
- 45 35
30 _® i > }
T 25 Fi 35 L ) M
@ 20 [ @ 30 m >
X, = 25 H X 20 L
15 8 mm ]
8 g ® (I 5 1 Il
- 10 LI o il S 4 [,
5 qp 12 i X qP ,
0 == I Eﬂj[ﬂ] 0 ==} [ﬂj 0 == p i
20 25 30 35 40 45 50 15 20 25 30 35 40 45 50 15 20 25 30 35 40 45 50
PSNR [dB] PSNR [dB] PSNR [dB]
(a) bird (b) bridge (c) camera
14 18 - 50
12 16 45 f}
40
T 10 g’p ) 1: | T 35 HL
g 8 8 10 Ul g {
3 I = m X 25 m
s 6 ] g 8 Ol 8 20 H
5 il . Il S Il
2 : . ] 10 ! Ul
2 5
g % 2] CL
0 0 0
15 20 25 30 35 40 45 50 15 20 25 30 35 40 45 50 15 20 25 30 35 40 45 50
PSNR [dB] PSNR [dB] PSNR [dB]
(d) circles (e) crosses (f) goldhill
7 40 . 30
6 | 35 } 25
— 5 T 30 i =
2 & 25 = 20 ;
o 4 = m
3 5 o 20 m' = 15 J
. T 15 = m
g 2 [ g 1 | g Il
1 : N 5 1
0 =;=] Eﬂj qp 0 = P qP 0 == G qp LHJ
20 25 30 35 40 45 50 15 20 25 30 35 40 45 50 15 20 25 30 35 40 45 50
PSNR [dB] PSNR [dB] PSNR [dB]
(g) horizon (h) lena (i) montage
16 45 60
14 4 I 50 m
5 12 < 35 - j
< 10 a 3 ¥ =% l
2 s < 28 X 30 I
o] fl 2 2 il
5 6 8 45 |-ﬁ 5 20 1l
; 1 m 1 ”
' 05
2 =T T e . Lm T
15 20 25 30 35 40 45 50 25 30 35 40 45 50 10 15 20 25 30 35 40 45 50
PSNR [dB] PSNR [dB] PSNR [dB]
(j) slope (k) squares 1) text

Fig. 7. Scalable amount of data (wide rectangles, in kB = 1000 B) transmitted by the proposed coding approach vs. achieved PSNR qualities for the refined quantization levels
Gumin = 8,...,0. The narrow bars give the corresponding single-run (non-scalable) compression achieved by Wi2l [18], which achieves equivalent compression to SPIHT.

5.1. Scalability feature

We first evaluate the scalability feature of the presented coding
algorithm. For each scalable amount of information that is trans-
ferred to the receiver in addition to the there already available base
stream image, we compare the achieved compression performance
with the corresponding one-run (non-scalable) compression. In
particular, for three selected test images, Table 3 gives in the
left-most column for q.;, =9 the data amount (in number of
Bytes) for a single-run encoding as well as the corresponding PSNR
image quality in dB. Each subsequent column for g, = 8 down to
Qmin = 0 gives the total amount of scalable image encoding data
(for a base image stream q,;, + 1 and the refinement stream from
Qmin + 1 10 4,in)- The difference between the scalable encoding data

amount in a given column q,,;, and the single encoding amount in
the neighboring column to the left (for g, + 1) gives the amount
of scalable image data that has to be transmitted for refining the
image from the q,;, + 1 base image quality to the refined q,,;, qual-
ity level. For example, consider the Lena image in Table 3, with a
base quality of 34.5dB (for q,,, = 4) requiring 6035 Bytes for a
single-run encoding. The refined 38.5 dB PSNR image quality (for
qmin = 3) requires a total of 10,675 Bytes of scalable image data;
in particular 6035 Bytes for the base stream and 4640 Bytes for
the scalable refinement stream. Notice that the corresponding
qmin = 3 non-scalable encoding with the Wi2l coder [18] achieves
exactly the same 38.5dB PSNR image quality and requires
10,674 Bytes. Generally, we observe from Table 3 that the scalable
encoding requires only one or two Bytes more data than the

http://dx.doi.org/10.1016/j.jvcir.2016.07.006

Please cite this article in press as: S. Rein, M. Reisslein, Scalable line-based wavelet image coding in wireless sensor networks, J. Vis. Commun. (2016),



http://dx.doi.org/10.1016/j.jvcir.2016.07.006

12 S. Rein, M. Reisslein/]. Vis. Commun. Image R. xxx (2016) XXx—xxx
50 40 50
own own ;‘/ own p
45 WebP 35 WebP --mxm ; 45 WebP 7
_. 40 LUPEG2000 _ UPEG2000 --x j 40 | UPEG2000
) o 3 o
S 35 k=) g o, 35
o o
z 30 z 25 ﬂzt 30
g 2 . a 20 — P
20 - 20 e
15 15y 15 fon
10 10 10
0.01 0.1 1 0.01 0.1 1 0.01 0.1 1
compression [bit per byte] compression [bit per byte] compression [bit per byte]
(a) bird (b) bridge (c) camera
70 80 45
own own own
60 WebP - 2 70 WebP - 40 WebP e p
YPEG2000 = P 60 UPEG2000 ---= UPEG2000 ;/’“
o 50 ~ o ¥ & 35 p
— 4
e - 3 50 : el o
o 40 x;/ Z 4 A 5 30 /
z o z .
Z 30 . i 5 a0 5 25 e
@ o 2 @ -
20 e 20 20 Fe
10« 10 | 15
0 0 10
0.01 0.1 1 0.01 0.1 1 0.01 0.1 1
compression [bit per byte] compression [bit per byte] compression [bit per byte]
(d) circles (e) crosses (f) goldhill
80 45 80
own . own own
70 WebP - ; 40 WebP --mxme 70 WebP e
. 60 FHUPEG2000 x| _ UPEG2000 ----= b UPEG2000
g ol g > g -
> ) = 30 = 50
40 i x x
z 7 zZ 2 Z 40
L T, o [ H
20 F '
10 i 15 £ 20 g
¥ -
0 10 10
0.01 0.1 1 0.01 0.1 1 0.01 0.1 1
compression [bit per byte] compression [bit per byte] compression [bit per byte]
(g) horizon (h) lena (i) montage
80 . 80 50
own own ——= own i
70 WebP e : 70 WebP x-se 45 WebP e #
—. 60 | UPEG2000 - - UPEG2000 ---x-: 40 | UPEG2000 ---»
) o o 60 o i
T 50 i S 5 ‘ o 35
x e x * o
£ 40 e < o A Z 30 i
L 30 £ 0 0 25 A
o o 30 o o p
20 _— ¥ 20 i
10 20 15 e
0 10 = 10 -
0.01 0.1 1 0.01 0.1 1 0.01 0.1 1

compression [bit per byte]
(j) slope

compression [bit per byte]
(k) squares

compression [bit per byte]
(1) text

Fig. 8. Compression comparison for the scalable system (own) with JPEG 2000 and Google’s WebP image format: PSNR image quality [dB] as a function of compression ratio
[bits of encoded image data per byte of raw image data]. For the PSNR image qualities below 40 dB, the image quality of our approach is higher or nearly the same compared

to JPEG 2000 and WebP.

corresponding non-scalable encoding. These one or two additional
Bytes are due to sending the image dimension in our implementa-
tion of the scalable algorithm, whereas the non-scalable imple-
mentation does not send the dimension (and assumes a
256 x 256 pixel image dimension). However, these one or two
additional Bytes are negligible compared to the encoded image
data amounts, which are typically hundreds of Bytes.

Fig. 7 gives the amount of scalable (refinement stream) data
(wide rectangular boxes) and the respective achieved image PSNR
qualities for a wide set of twelve test images. The amount of data to
achieve the same PSNR qualities with only one run (without scal-
ability) using the Wi2l coder [18], which gives the same compres-
sion as SPIHT, is given by the narrow bars in the plot. For instance,

we observe from Fig. 7(h) that for the Lena image, the wide rectan-
gular box at PSNR image quality 38.5 dB, corresponds to a refine-
ment of the image from quantization level q.,;, =4 to ¢, =3
and contains 4640 Bytes of scalable data. The size of the corre-
sponding base stream is 6035 Bytes. The Wi2l coder needs
10,674 Bytes to achieve the same image quality of 38.5 dB in one
run. We observe from Fig. 7 that the narrow bars always end at
the top of the wide boxes, indicating that the scalability does not
introduce additional cost (except for the one or two additional
Bytes that have been identified in Table 3).

We observe from the graphical representation of the scalable
encoding results in Fig. 7 that the amount of scalable data in gen-
eral increases with higher desired PSNR image quality. For
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instance, we observe for the bird test image from Fig. 7(a) that in
the low-quality range, a few hundred Bytes of scalable data
improve the PSNR image quality in steps of approximately 3 dB.
However, for the quality improvement from 34.2 dB to 37.5dB
approximately 1100 Bytes of scalable data are needed; then 2000
more Bytes to achieve 40.2 dB, and then approximately 5000 more
Bytes to achieve 42.7 dB.

We also observe from Fig. 7 that the amount of scalable data
(height of wide box) equals exactly (neglecting the one or two
extra Bytes) the difference of two consecutive narrow bars. This
observation holds for all bars (quality improvements) and test
images. Thus, a main result from the extensive evaluation in
Fig. 7 is that the proposed line-based low-memory encoder
achieves scalability of the image quality across a wide set of quality
ranges and image contents without incurring any significant over-
head compared to the non-scalable line-based low-memory coder
[18], which attains exactly the rate-distortion performance of the
SPIHT coding algorithm.

5.2. Comparison with JPEG 2000 and WebP

We next compare the rate-distortion (RD) compression perfor-
mance of the scalable coder with JPEG 2000 and WebP. Fig. 8 gives
the compression performance in bits per byte (bpb) for the levels
Gmin = 8,...,2, whereby our proposed encoder is designated by
own in the plots. We observe that for low to moderate PSNR image
qualities, the three coding approaches give very similar compres-
sion performance, whereby our proposed line-based approach
gives slightly better performance than JPEG 2000 and WebP for
low PSNR values. For instance, we observe from Fig. 8(h) specifi-
cally for the Lena image that all three encoding approaches give
similar compression performance for PSNR values below 40 dB.
For PSNR values below 27 dB, our proposed line-based approach
gives higher PSNR values than JPEG 2000 and WebP.

On the other hand, for high PSNR image qualities, we observe
the opposite behavior, i.e., our line-based approach gives worse
compression performance than JPEG 2000 and WebP. For instance,
for the Lena image (Fig. 8(h)), the proposed line-based approach is
not competitive for PSNR values above 40 dB. In that high quality
range, however, quality improvements are barely, if at all, visible.

We observe from Fig. 8 that WebP achieves generally competi-
tive compression performance. For instance, for the goldhill image,
see Fig. 8(f), WebP achieves a PSNR of 36.8 dB with a compression
of 1.68 bpb, while JPEG 2000 achieves 35.9 dB with 1.69 bpb, and
our line-based approach achieves 37.3 dB for 2.05 bpb. However,
WebP compression provides only very coarse granularity, giving
a base image quality of 24.6 dB. The wavelet based systems start
to provide base images earlier; specifically, the proposed system
delivers a base quality of 19.7 dB for the first 38 Bytes (not visible
in the plot) and 21.2 dB for the first 114 Bytes. The achieved com-
pression of our approach is the same as with the SPIHT algorithm.
We also observe from Fig. 8 that WebP achieves very good com-
pression performance for artificial images; this characteristic is
most pronounced for the squares and horizon test images (Fig. 8
(g) and (k)), which consist of square and horizontal line drawings.
For natural test images, which are more typical for image sensor
network applications, our proposed gives competitive compression
performance compared to WebP, especially in the lower image
quality range.

6. Conclusion

We have proposed a line-based approach for quality-scalable
wavelet image compression on low-memory sensor nodes. Com-
mon existing scalable image coding approaches are too complex

to be applied in sensor networks. Our key contribution in this
paper is to make scalability applicable to sensor nodes with very
little RAM and line-based external memory (e.g., in the form of
flash memory). Our proposed approach builds on established tech-
niques, namely on the wavelet transform as well as on the wavelet
image two line coder [18] and the backward coding principle [41],
which are based on the tree-based coding principle [48].

Our line-based encoding approach has extremely low complex-
ity, yet achieves compression performance competitive to the
state-of-the art approaches, especially for high compression rates.
Our extensive evaluations demonstrated the proper scalable com-
pression functionality of the proposed line-based approach. Our
method performs a re-ordering of the binary data and thus does
not introduce any significant overhead compared to non-scalable
wavelet image coding. The entropy of our line-based image coding
approach is thus the same as for SPIHT, which has been compared
to JPEG 2000 in [1]. We found that our line-based approach
achieves similar compression as JPEG 2000 and WebP in the high
compression ratio (low image quality) region, which is important
for sensor networks. In the low compression rate region, our
approach gives worse compression compared to JPEG 2000 and
WebP. Our wavelet based approach achieves fine granular scalable
image coding, providing a base image quality for very small base
image data sets on the order of tens of bytes, whereas WebP gives
only coarse granular scalability.

An important direction for future research on low-memory scal-
able image compression for sensor nodes is to explore combina-
tions of the computation of the transform and the encoding of
the wavelet transform coefficients. To date, research has examined
low-memory approaches for either the wavelet transform, or the
scalable encoding of the wavelet transform coefficients. Through
merging the wavelet transform and encoding stages, it may be pos-
sible to exploit synergies between the two stages that reduce the
overall memory required for image compression. Another impor-
tant research direction is to examine the energy consumption of
low-memory image compression on a variety of visual sensor node
platforms. Such future energy consumption studies could build on
and extend existing energy consumption characterization tech-
niques, e.g., [49-51], to capture the specific image coding related
energy expenditures.
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