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Abstract. The large amount of data generated by neuroprosthetic devices requires a high communication band-
width for extra-cranial transmission, critically limiting the number and utility of wireless implantable applications.
Discrete wavelet transform (DWT) can provide exceptionally efficient data compression for neural records. Two
energy efficient hardware implementations for one dimensional, multi-level, multi-channel DWT have been
compared to identify the optimal approach for real time processing within an implanted device. This paper defines
area-power minimized hardware implementation of the lifting and B-spline DWT schemes and analyzes their
performance tradeoffs for implantable neuroprosthetics. The lifting scheme is shown to be increasingly superior for a
larger number of input channels.
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Abbreviations
MEA microelectrode array

DWT discrete wavelet transform

CC computation core

CN computational node

1. Introduction and Motivation

Neuroprosthetic devices that utilize microelectrode
arrays (MEAs) to monitor ensemble neural activity
show great promise in modern biomedical applications.
However, the ability to implant devices into living
bodies is limited by many challenges. Among these,
two severe challenges are low area consumption and
low power dissipation. Large area results in physical
implantation challenges whereas high power dissipa-
tion could prove highly damaging to the tissue and
nerves neighboring the implanted device.

Extraction of useful information from MEA signals
requires processing that is too complex to be imple-
mented within an implanted system due to the sheer
amount of hardware that would be required. Wireless
transmission of raw sensor data for external processing
could provide a solution, but the tremendous magnitude
of data would require a prohibitively power hungry
transmission bandwidth. Data must be compressed
before transmission, within the implanted device, to
bring power consumption within an acceptable level [1].
Data compression can be effectively achieved by

performing a discrete wavelet transform (DWT) of the
sampled neural data [2, 3]. The resulting transform
coefficients give a sparse representation of the signal.
Coefficient values below a specific threshold can be
set to zero to compress the results into a smaller
number of coefficients, wherein the zeroing threshold
provides a tradeoff between signal integrity and com-
pression ratio. The non-zero coefficients can then be
encoded using a lossless encoding scheme and trans-



mitted to the extra-cranial or extra-cutaneous proces-
sing units [2, 4].
For implantable DWT hardware, power dissipation is

critical; to avoid seriously damaging the adjoining tis-
sues the device cannot generate a temperature increase
above 2°C [5]. Chip area is also critical because the
entire system package, including sensor, processor,
and communication hardware, should fit within the
hole diameter used by neurosurgeons, typically about
14 mm, which allows only several thousand transistors
for signal processing. DWT is computation intensive,
which traditionally translates to large chip size and
power dissipation. However, contrary to most modern
DWT applications, neuroprosthetics can afford long
computation intervals, up to 40 μs, to accommodate a
sampling rate of 25 KHz [2] relaxing hardware
requirements.
Modern neural probes include multiple recording

sites, and a state-of-the-art neuroprosthetic system
must permit multiple signal channels to be sampled
simultaneously. Real-time processing of multi-channel
signals eliminates the need for large data buffers that
would compromise the chip area of an implanted
system. Furthermore, DWT with multiple decomposi-
tion levels provides higher energy compaction in fewer
coefficients than single-level DWT, especially when
quantization is employed on limited word length data
[3, 6]. Thus, to achieve the compression goals re-
quired for wireless neuroprosthetic implants, area and
power efficient hardware is needed that can perform
multi-channel, multi-level DWT in real time.
Lifting and B-spline DWT factorization schemes

have very efficient hardware implementations. The
lifting approach to the DWT reduces the required
arithmetic operations and, as an in-place implementa-
tion, requires less memory at the expense of a longer
critical path [7, 8]. The B-spline factorization reduces
the critical path delay by converting some of the

required multiply operations into less computational-
ly intensive shift-and-add operations [8]. With few
exceptions, recent efforts to optimize DWT hardware
have concentrated on increasing throughput at the
expense of area and power [7, 8]. In contrast, this
paper identifies optimal implementations of the lifting
and B-spline architectures where chip area and power
have priority. First the theoretical background is
presented and the algorithms are compared for
resource requirements, then the architectural frame-
work of these two schemes are laid out. Their power-
area minimized hardware implementations are
discussed in the next section and extended to multi-
channel/level applications. Finally, results comparing
the two schemes are presented.

2. Algorithmic Framework and Comparison

Mallat’s algorithm [3] has been used traditionally for
evaluating the wavelet transform of a given signal
and involves recursively convolving the signal
through two decomposition filters H(z) and L(z) and
downsampling the result to obtain the approximation
and detail coefficients at every decomposition level
[6]. Figure 1 shows the multi-level decomposition of
input data into DWT coefficients where the blocks
represent the filtering and downsampling operations.
The second half of the Fig. 1 shows reconstruction of
the signal from transmitted coefficients. This paper
concentrates on the decomposition portion that must
be implemented within the implantable device,
whereas the reconstruction, if needed [9], can be done
extra-cutaneously where computational resources are
not scarce.
It has been shown that the ‘Symmlet’ family of

wavelet basis results in a near optimal compression of
neural signals [2]. Therefore, we will focus on this
basis with order 4 throughout the paper. The high

Figure 1. The multilevel DWT decomposition and reconstruction.
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pass and low pass equations of the discrete ‘Symmlet
4’ basis are given by

L zð Þ ¼ �0:076� 0:030z�1 þ 0:498z�2 þ 0:804z�3

þ 0:298z�4 � 0:099z�5 � 0:013z�6 þ 0:032z�7

H zð Þ ¼ �0:032� 0:013z�1 þ 0:099z�2 þ 0:298z�3

� 0:804z�4 þ 0:498z�5 þ 0:030z�6 � 0:076z�7

ð1Þ

The following subsections briefly compare the
algorithms and computation requirements when we
factorize Symmlet 4 filters with lifting and B-spline.

Lifting Factorization Any FIR wavelet transform can
be expressed in terms of lifting steps [6]. Optimizing
the conventional DWT algorithm, the lifting scheme
analysis is described with a sequence of “predict” and
“update” filters, Sn and Tn, respectively, which form
the lifting steps as evident in Eq. 2. Each lifting step
is generally a one tap filter, which is computationally
more efficient than longer, multiple tap filters.

P zð Þ ¼ K1 0

0 K2

 !Yn
i¼1

1 Si zð Þ
0 1

 !
1 0

Ti zð Þ 1

 !( )

ð2Þ

where K1 and K2 are scaling factors. Mathematically,
lifting DWT is implemented by splitting the data into
even and odd samples and applying the Sn and Tn
filters simultaneously as shown in Fig. 2. The data at

each step, after applying the filters, is labeled as f,
f1,...,fn, and h,h1,...,hn for update and predict steps,
respectively. The last step is a multiplication by
scaling factors K1=1.571 and K2=0.637. Our analysis
shows that if the decoding algorithm is modified
accordingly, these multiplications can be omitted and
correspondingly taken care of at the decoding side.
Thus to keep the number of required computations at a
minimum, the scaling factors have been eliminated in
the following discussion. In the case of a multi-level
decomposition, the outcome at an arbitrary decompo-
sition level ‘j’ is obtained as the approximation ‘a’ and
detail ‘d’. The former is fed back for the next level for
further DWT decomposition if required, whereas the
latter is transmitted.

B-spline Factorization It has been shown [8, 10] that
wavelet filters can be decomposed as

H zð Þ ¼ 1þ zð ÞMQ zð Þ � ho
L zð Þ ¼ 1� zð ÞMR zð Þ � lo

ð3Þ

where (1±z)M is called the B-spline factor and Q(z)
and R(z) are the distributed factors. Application of this
decomposition to the ‘Symmlet 4’ filters in Eq. 1,
results in H(z) and L(z) given by Eq. 4.

H zð Þ ¼ 1þ z�1
� �4

1þ A0z
�1 þ A1z

�2 þ A2z
�3

� � �0:076ð Þ
L zð Þ ¼ 1� z�1

� �4
1þ A3z

�1 þ A4z
�2 þ A5z

�3
� � �0:032ð Þ

ð4Þ

Figure 2. Lifting scheme for DWT.
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Expanding the B-spline polynomials in Eq. 4 results
in Eq. 5

1� z�1
� �4 ¼ 1þ 6z�2 þ z�4

� �� 4z�1 þ 4z�3
� � ð5Þ

which allows all the multiplications required in the B-
spline portion of Eq. 4 to be replaced by less com-
putationally demanding shift and add operations [8].
Symmlet 4 based DWT filters, when implemented

using B-spline optimization give us a factorization
which can be best represented figuratively as in Fig. 3.
Note that Fig. 3 contains two distinct portions. The
first portion (left) splits the input stream and imple-
ments B-spline portion of Eq. 4 where the multi-
plications are implemented using shifters and adders.
The model for these shift-and-add multiplications is
shown in a blowup box in Fig. 3. The second portion

(right) implements the distributed factors, where mul-
tiplications require a hardware multiplier.

Algorithmic Comparison According to Fig. 1, the
downsampling operation follows filtering, but this
removes half of the samples just calculated and results
in wasted computation energy. Lifting and B-spline
are both motivated by the idea of moving the down-
sampling stage before the filtering stage, so as not to
compute results that would eventually get thrown
away. The resulting filter-downsample operation
allows polyphase decomposition [6] to be used which,
in this case, involves splitting of the input signal into
even and odd samples and filtering them with even
and odd filter taps, respectively, to minimize hardware
resources. This approach results in almost half the
number of calculations compared to the standard

Figure 3. B-spline architecture for computing the Symmlet 4 based DWT.
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convolution-based filtering. Both, lifting and B-spline
use polyphase decomposition.
Figure 2 illustrates that lifting does not preserve

causality, and some of the resulting update and predict
filters introduce a latency between the input and cor-
responding output of the DWT block. Although the
lifting algorithm does not produce results strictly in
real-time, this lag is not critical in neuroprosthetic
applications where the biologically relevant sampling
rate is 25 KHz [2]. B-spline does not have any
causality issues, and the only delay between the input
and its corresponding output is the computation delay.
Table 1 compares the computational requirements

of convolution, B-spline and lifting based DWT im-
plementations. The standard convolution based filter
requires 14 multiplication and same number of ad-
ditions. The lifting scheme reduces computation re-
quirements to only eight multiplications and eight
additions. For B-spline factorization, the total multi-
plications required is reduced to 12 and 16 additions
are required. Out of these 12 multiplications, six of
the multiplications can be implemented using shift-
and-add operations. Figure 3 and Eq. 5 show that four
of these multiplications require only shift operations
to multiply by the binary factor of four. The remaining
two multiplications have six as the multiplicand and
require two shifts and one addition operations, as
shown in the blowup in Fig. 3. As a result, the mi-
nimized B-spline implementation requires only six
multiplications and 18 additions, as shown in paren-
theses in Table 1. Based on Table 1, B-spline has a
clear advantage in terms of required multiplications
which generally have a much stronger impact than
additions on all three parameters of interest, i.e. area,
power and delay.

3. Hardware Implementation

Lifting Implementation The lifting factorization is a
well known scheme resulting in a sequence of predict
(Sn) and update (Tn) filters as shown in Fig. 2. For the
Symmlet 4 basis, the set of lifting filters can be
described as in Thomson et al. [11] and Mason et al.
[12] by

P0 ¼ h0 þ B0f0
Q�1 ¼ f�1 þ B1P0 þ B2P�1

R�1 ¼ P�1 þ B3Q�1 þ B4Q�2

a�1 ¼ Q�1 þ B5R�1 þ B6R�2

d�2 ¼ R�2 þ B7a�1

ð6Þ

where a and d are approximation and detail results,
and P, Q, and R are intermediate results corresponding
to the h1, f1 and h2 of Fig. 2. Bi are the eight constant
filter coefficients with index i ranging from zero to
seven. Each equation represents one filter step, and
values of the filter coefficients are given in Table 2.
The subscripts of variables in Eq. 6 represent the

time sample, where 0 represents the current sample,
−1 represents the previous sample, and so on [13,
14]. Analysis of the lifting factorization and result-
ing equations in Eq. 6 shows that there is a noticeable
regularity in the required computations. All arithmetic
operations of the lifting implementation of ‘Symmlet
4’ can be expressed in the general form of

W ¼ X þ BiY þ BjZ ð7Þ

which permits all filter steps to be written as two
multiplications and two additions, with one of the
coefficients set to zero for the first and last step in Eq. 6
[13]. This regularity can be exploited to minimize
hardware by implementing a standard computation
core (CC) that executes Eq. 7, as shown in Fig. 4.
This single hardware block can be repeatedly used to
perform all the computational steps in Eq. 6 sequen-
tially [11, 12]. Sequential reuse of the same hardware

Table 1. Comparison of required computation.

Convolution B-spline Lifting

Multiplications 14 12(6) 8

Additions 14 16(18) 8

Table 2. Coefficients of the Symmlet 4 lifting factorization.

Coeff.

B0 B1 B2 B3 B4 B5 B6 B7

Value 0.3911 −0.1243 −0.3392 −1.4195 0.162 0.4312 0.1459 −1.0492
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reduces the area required by the overall DWT block
without impacting performance in this low bandwidth
application [12]. The hardware block in Fig. 4 will be
called the lifting computation core (CCL) in the
following discussion.
We have shown that fixed-point integer DWT

computation using the ‘Symmlet 4’ wavelet with filter
coefficients truncated to five bits and data values
truncated to 10 bits gives performance comparable to
floating-point calculations while significantly reducing
computational demand [14, 15]. A customized CCL

block has been designed to support fixed point
multiplications and additions. Using this CCL to
sequentially execute the steps in Eq. 6 requires five
cycles to compute results for one input sample. The
critical path for this CCL is Dm+2Da, where Dm is the
delay of the multiplier and Da is the delay of an adder.
Applying lifting to a wavelet basis does not

guarantee the resulting filters to be causal. In the case
of Symmlet 4, there are two filters that introduce non-
causality into the system. These filters can be
identified as S0 and T2 in Fig. 2 and are used for the
calculation of Q and d in Eq. 6. Thus, the current
calculations depend on availability of future samples.
The corresponding calculations can be delayed to
attain causality, resulting in a latency of three samples
between input and output.

B-spline Implementation To implement DWT using
B-spline factorization given in Eq. 4, we need to
obtain equations for B-spline corresponding to those

for lifting in Eq. 6. The time dependent equations
governing the calculation of B-spline approximation
and detail coefficients of Symmlet 4 based wavelet
transform can be expressed by

J0 ¼ h0 þ 6h�1 þ h�2

K0 ¼ 4h�1 þ 4h�2

L0 ¼ f0 þ 6f�1 þ f�2

M0 ¼ 4f0 þ 4h�1

N0 ¼ J0 þ K0

P0 ¼ J0 � K0

Q0 ¼ L0 þM0

R0 ¼ L0 �M0

S0 ¼ N0 þ A0N�1

T0 ¼ A1P0 þ A2P�1

U0 ¼ Q0 þ A3Q�1

V0 ¼ A4R0 þ A5R�1

a0 ¼ S0 þ T0
d0 ¼ U0 þ V0

ð8Þ

where a and d are approximation and detail results
and J, K, L, M, N, P, Q, R, S, T, U, and V are
intermediate results. The constant coefficients A0 to
A5 resulting from this factorization are listed in
Table 3. The subscripts of variables in Eq. 8 represent
the time samples, where 0 is the current sample, −1 is
the previous sample, and so on.
The B-spline equations in Eq. 8 do not exhibit a

regularity as that of lifting that allowed the general
equation of Eq. 7 to be utilized. However, the
required B-spline computations can be generalized
into two expressions

W ¼ AiY þ AjZ ð9Þ

W ¼ Y � Z ð10Þ

Figure 4. CC for lifting DWT [12].

Table 3. Coefficients of the B-spline factorization.

H(z) L(z)

A0 A1 A2 A3 A4 A5

−3.607 1.867 −0.425 4.391 8.485 2.339

Kamboh et al.



where Ai and Aj are constant coefficients. All of the
equations in Eq. 8 can be implemented using Eq. 9 or
10 in one or multiple cycles. Although the CCL used
for the lifting architecture cannot be applied to B-
spline, a new CC suitable for sequential evaluation of
the filter steps in Eq. 8 has been defined to minimize
hardware requirements. Figure 5 shows the hardware-
efficient CC tailored to the B-spline implementation
of Eqs. 9 and 10, hereafter called CCB1. Though the
B-spline algorithm requires six multiplies and 18
additions, the task can be handled by sequential reuse
of twomultipliers, an adder and twomultiplexers. Since
most of the equations do not needmultipliers, the inputs
are fed directly to the adder stage through multiplexers
to conserve power and reduce average delay. In
following discussion, the shifters needed to implement
binary integer multiplications are ignored because they
do not require significant hardware resources.
Using the CCB1 block, 18 cycles are required to

execute all of the steps in Eq. 8 because some of the
equations cannot be implemented in a single cycle. To
reduce calculation delay, notice that the CCB1 imple-
mentation relies on the fact that Eq. 10 can be
generalized by Eq. 9 when Ai and Aj are assigned an
appropriate unity values (±1). As a result, some of the
steps in Eq. 8 require two cycles to calculate.
The number of cycles required to calculate all of the

steps in Eq. 8 can be reduced to 11 cycles by including
another adder, as shown in Fig. 6. The new CC, CCB2,
allows several computations to be performed in
parallel. The delay reduction permitted by CCB2 comes
at the cost of an increase in chip area and a more

complex controller to handle the parallelism in this
multiple-input multiple-output block. Additional
performance comparisons of CCB1 and CCB2 are
discussed below. The critical path for both the B-
spline CCs is Dm+Dx+Da, where Dm and Da are
defined above and Dx is the delay due to the
multiplexer.

4. DWT Implementation

Single-Channel/Level Implementation The CCs de-
scribed above require supporting memory and a
controller to implement the full DWT. The collection
of memory, controller and CC blocks into a larger
module that is capable of independently calculating
DWT results will be referred to as computational node
(CN). The CN requires three different memory modules
to store filter coefficients, intermediate results for
sequential CC calculations, and intermediate channel/
level results as described below. It has been shown
previously [15] that quantizing the data to 10 bits and
filter coefficients to 5 bits maintains high signal to
noise ratio and does not distort the signal of interest
when lifting DWT is applied. For proper comparison,
the same quantization is assumed for B-spline.

Figure 6. Minimum delay CC for B-spline, CCB2.
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Computation Core Memory Due to the prescribed
sequential reuse of CC hardware, temporary memory
is required to store intermediate calculation results for
proper evaluation of Eq. 6 and 8. These ‘computation
core memory’ registers are used over and over again
for every cycle of the CC. A careful analysis shows
that, for lifting-based DWT, a total of seven 10-bit
registers are required while CC is processing one
sample. Both CC implementations for B-spline need
12 10-bit registers to hold temporary values during
sequential execution.

Coefficient Memory A separate ‘coefficient memory’
block is required to store the filter coefficients listed in
Tables 2 and 3. For lifting, the coefficient memory
block size is eight 5-bit registers, while for B-spline
only six registers are required. The coefficient
memory data is constant and can be implemented as
ROM or even hardwired to reduce transistor count.

Multi-Channel/Level Implementation Most neuro-
prosthetic applications require data from more than
one nerve or from spatially scattered locations. As a
result, multiple data streams need to be compressed
simultaneously in real-time using DWT and transmit-
ted to extra-cutaneous processing units. Because of
area constraints in surgically implanted neuropros-
thetics, it is desired to process all data channels within
a single interface chip. Furthermore, increasing the
number of decomposition levels inherently improves
the compression ratio of DWT [3, 6], which is vital for
reducing the power required to transmit data from the
implanted device. Therefore, this paper targets the
design of a CN that can compute multi-level DWT
for multiple channels pseudo-simultaneously, i.e.
within the sampling period. Recall that the relatively
long period between neurologically relevant data
samples motivated the design of a sequentially cycled
single-stage CC. Analysis of preliminary DWT
implementations [12] indicates that there is sufficient
bandwidth between samples to process many data
channels sequentially with a single CC, permitting
significant savings in chip area.

Channel/Level Memory Having adopted a pseudo-
simultaneous approach for processing multiple input
channels, notice that, for each data sample, the CC
finishes calculating results for a particular channel and
then proceeds to calculate results for next channel.
However, the intermediate values, or ‘state’, of the

current channel need to be stored in memory so they
are available when the CC returns to this channel for
the next data sample. Similarly, when the CC pro-
cesses a lower level of decomposition, the current
‘state’ of the CC needs to be stored. This ‘channel/
level memory’ is critical to restoring the ‘state’ of
computation when the CC switches between different
channels and levels.
Equations 6 and 8 define which values need to be

stored and made available to process future samples.
For each level and channel (beyond level=1 and
channel=1), the lifting architecture requires four 10-
bit values, a−1, R−1, Q−1 and P0, to be saved in CN
memory. Similarly for B-spline, there are a total of
eight 10-bit values, R0, Q0, P0, N0, f−1, f0, h−1 and h0,
that need to be stored in channel/level memory. Note
that these values are set by the algorithm and thus do
not change with either of the B-spline CCs presented
above. Compared to lifting, B-spline requires four
more 10-bit registers for each additional level or
channel. Although the number of levels would
typically remain small (<5), modern neural recording
arrays continue to push the boundary on available
channels, and this difference in memory requirements
becomes a key factor for large numbers of channels.

DWT Computational Node Arranging all the above
mentioned blocks, the CC, the controller, and the
memories, the general CN architecture of Fig. 7 is
obtained. The size of each block varies with algo-

Figure 7. The CN for sequential DWT.
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rithm, lifting or B-spline, as noted in the discussions
above. Based on this CN design, the next section
provides a thorough comparison of the VLSI imple-
mentations of the two algorithms.

5. Comparative Analysis

For the sake of comparison, the coefficients and data for
both the implementations have been quantized with the
same precision, i.e. 5 and 10 bits, respectively [15],
with negligible loss in signal fidelity. Table 4 summa-
rizes the hardware and timing characteristics of both
architectures when implemented with the CC modules
described above. Multipliers, adders, and memory
blocks were fully custom designed in 0.18 μm CMOS
and used in all implementations. The multipliers were
optimized for 10×5 bits so as to minimize the tran-
sistor count and reduce the delay compared to a stan-
dard square multiplier. The B-spline shifters are listed

in Table 4, though they require a fairly negligible
amount of hardware and contribute very small delay.
To compare critical path delays notice that, for

different adder/multiplier implementations, the rela-
tive delay of multipliers, Dm, and adders, Da, could
vary significantly. To evaluate the impact of this ratio
on computational delays, we defined Dm≈α•Da and
observed the delays in units of Da as a function of α.
Defining the total critical path delay as the CC critical
path delay times the required number of CC cycles per
sample, Fig. 8 plots these results, where B-spline 2
refers to B-spline implementation using CCB2, B-spline
uses CCB1, and Lifting uses CCL. Assuming that the
delay due to multiplexers, Dx, in B-spline is negligible,
Fig. 8 shows that B-spline 2 always has less delay than
both Lifting and B-spline, indicating the use of CCB2

would be preferred where delay poses a critical
constraint. The computational load per sample pair
listed in Table 4 is the measure of computational
resources used to calculate results for a single sample
pair and thus directly effects the power dissipation.
The lifting approach results in a highly regular set of

equations so that the corresponding CC has a high
utilization factor. The equations governing B-spline do
not follow any comparable regular pattern, which
results in a minimum area CCB1 that does not op-
timally use the capabilities of hardware. As a result,
CCB1 requires a high number of cycles to process a
set of samples. The CCB2, on the other hand, is
designed to improve the hardware utilization and thus
relatively fewer cycles are required for calculations.
Note from Eq. 6, for the lifting architecture the

inputs h and f lead to P0, which is required for cal-
culation of Q−1, which is subsequently required for
a−1 which finally produces d−2. Thus we cannot com-
pute d−2 until we have received h and f. Hence, as
discussed above, there is a latency of two samples
between input and its corresponding output. B-spline
does not have any future sample dependence so there
is no latency between input and output samples. The
cost, however, is that B-spline requires 18 or 11
cycles, depending upon the type of CC used, to
process one pair of samples as compared to 5 cycles
taken by lifting. This translates to a higher clocking
rate for B-spline. Note also that most of the transistors
in lifting architecture are active all the time, however,
since B-spline does not use the hardware very
efficiently, a large fraction of transistors in B-spline
remain inactive most of the time, dissipating undesir-
able static power. By counting the number of tran-

Table 4. Hardware comparison of lifting and B-Spline architectures.

Lifting
CCL B-spline CCB1 B-spline CCB2

Multipliers 2 2 2

Adders 2 1 2

Multiplexers 0 2 2

Shifters 0 4 4

Latency 2 0 0

Cycles per
Sample

5 18 11

Input Buffer
per Chn

1 1 1

Coeff. Mem.
(5 bit)

8 6 6

CC Mem.
(10 bit)

7 12 12

Per Chn/Lvl
Mem.

4 8 8

Critical Path
Delay

Dm+2Da Dm+Dx+Da Dm+Dx+Da

Computational
Load per
Sample Pair

5Dm+
10Da

4Dm+18Dx+
18Da

4Dm+11Dx+
18Da

No. of Tx for
CC

1,786 1,650 1,810

Lifting and B-Spline DWT Implementations



sistors active over different calculation cycles for a
single sample, power requirements can be modeled by

P ¼ S �
X
j

X
i

Ti � Ai;j ð11Þ

where the first summation ‘j’ is over the total number
of cycles (5, 18 and 11 for lifting, B-spline and
B-spline 2, respectively) and ‘i’ refers to the circuit
blocks, i.e., CC, controller, and different memory
blocks. Ti is the total number of transistors in
ith block and Ai,j is the fraction of transistors active
in ith block in the jth cycle. S is a constant which
depends on IC fabrication process parameters, source
voltage and clocking frequency. Note that the clock-
ing frequency is different for all the three implemen-
tations because of the different number of required
cycles per sample.
Based on Eq. 11, and assuming that the relative area

is directly proportional to transistor count, Fig. 9
compares the relative area and power consumption of
the B-spline and lifting designs for an increasing
number of channels and decomposition levels. The
plots show that lifting requires smaller area and con-
sumes less power than both implementations of B-

spline. CCB1 for B-spline requires one less adder than
lifting and thus has fewer transistors. However, in a
multi-channel, multi-level implementation the number
of transistors for the entire CN, including memory and
controller, increases much more rapidly with B-spline
than lifting, thus, offsetting any advantage gained by a
smaller CC. The B-spline implementation with CCB2

requires less power than CCB1 mainly because it
requires lower clocking frequency. The lifting imple-
mentation shows increasingly superior performance as
the number of channels and levels are scaled up, due
in large part to its lower channel/memory require-
ments compared to either B-spline implementation.
Table 5 shows the values used in plotting Fig. 9 for

the number of transistors required by each block of
the CN. For a single-channel, single-level DWT, no
channel/level memory is required. As channels or
levels increase beyond one, the difference between the
two B-spline CC implementations remains constant,
however, CCB2 retains the advantages of smaller
critical path delay and lower power consumption.
For every increase in the number of channels or
levels, lifting requires significantly fewer transistors
than B-spline, making it preferable for multi-channel
applications with power and area constraints.

Figure 8. Comparison of total critical path delay in units of Da for different values of α.

Kamboh et al.



6. Conclusions

Two hardware efficient implementations for multi-
level, multi-channel, one dimensional DWT have
been identified for real-time processing that enables
data compression before transmission within an
implanted neuroprosthetic device. Lifting-based and
B-spline-based DWT using ‘Symmlet 4’ wavelet
filters were shown to minimize the required number
of computations. Sequential evaluation of filter
equations was utilized to further reduce chip area
and power requirements without compromising per-
formance in neuroprosthetic applications. Full DWT
implementations, expanded around customized com-
putational core circuits, were defined for pseudo-
simultaneous processing of multiple signal channels
and multiple levels of decomposition. Analysis shows
that the B-spline implementation has lower latency
and slightly superior performance in single channel,
single level applications. However, for implantable
multi-channel neural recording devices, the memory
required per channel or level grows linearly and
becomes the limiting factor in chip area and power

consumption. Our results establish that the lifting
architecture has lower memory requirements and
outperforms the B-spline architecture in all important
characteristics. Because the lifting architecture exhib-
its better scalability, it is the favored option for
implementing data reduction within an implanted
neuroprosthetic device, and it is increasingly pre-
ferred as the number of channels and/or levels rises.

Table 5. Number of transistors per block.

Lifting
B-spline
CCB1

B-spline
CCB2

Controller 504 562 616

Coeff Memory 240 180 180

Input Buffer Per Chn 60 60 60

Memory Per Chn/Lvl 240 480 480

CC Memory 420 720 720

Comp. Core (CC) 1,786 1,652 1,812

Total Tx for 2 Chn/1 Lvl 3,190 3,594 3,808

Figure 9. Comparison of relative area and power consumption vs. number of levels and channels.
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