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Abstract— Two hardware architectures for implementing 
lifting-based discrete wavelet transform (DWT) suitable for 
implantable, real-time operation of high-density sensor array 
neuroprosthetic devices. A core computational node (CN) is 
designed for use in both architectures to yield maximum 
processor usage. The first uses multiple pipelined replicas of 
the CN, requiring fewer clock cycles. The second architecture 
reuses a single CN, thus requires less chip area but longer time 
delay. By utilizing the difference between the data sampling 
rate and available computation bandwidth, the novelty of both 
designs lies in the scalability to an arbitrary number of 
channels by interleaving the DWT computation without 
affecting the real-time operability. Performance comparison 
and overall considerations of both designs are presented in 
details.  

I. INTRODUCTION 
 Rapid advances in microfabrication technology enabled 

the integration of high-density microelectrode arrays on a 
single device for implantable neuroprosthetic applications 
[1]. Consequently, the need to transmit recorded neural data 
from an implantable neuroprosthetic device in real-time 
becomes increasingly demanding. Current signal processing 
and communication technology is not capable of transmitting 
the data within the available bandwidth [3]. Because of the 
sparse nature of neural signals on the time base, an 
alternative to existing techniques for raw data transmission is 
to extract the useful information prior to extra-cutaneous 
transmission. However, this strategy imposes severe 
limitations on the computational capabilities of the 
associated signal processing due to chip size and power 
constraints for implantability purposes. 

Recently, new methods for processing neural data have 
shown that bandwidth restrictions can be overcome by using 
a discrete wavelet transform (DWT) representation due to its 
high compression capabilities [2], while preserving the 
temporal information of the neural signals. The latter is 
thought to carry all the information needed to understand the 

neural coding mechanism in the nervous system. Equally 
important, hardware implementation of the DWT using the 
lifting approach permits significant reduction in the internal 
memory requirements [2][4]. Because external memory 
consumes the largest amount of chip area and power, 
pipelining is a desirable feature to reduce intermediate data 
storage [5]. Accordingly, an appropriate compromise among 
power, required bandwidth, computational load, memory, 
and delay time is needed to yield the most reliable design 
with highest signal fidelity. These parameters are linked in a 
very complex way. Nevertheless, some considerations can 
relax some of the parameter constraints to ease the design 
approach: 

• A neural prosthesis system can tolerate delays of several 
milliseconds. Therefore, the DWT can be computed for 
multiple data channels and multiple decomposition 
levels simultaneously. 

• 32 data channels from a closely-spaced device are a 
manageable number of interconnects and signal 
conditioning components in the volume over the tissue 
being considered. 

• A 14mm burr hole used by neurosurgeons is sufficient 
for a package of several hundred thousand transistors. 

• 25 kHz samples/sec quantized to 8 bits is a usual and 
logical sampling scheme if scaling is controlled [3]. 

The work we present herein constitutes our application-
driven approach to design efficient architecture for DWT 
computation in implantable neuroprosthetic device 
applications taking into account the above considerations. 

II. LIFTING-BASED WAVELET TRANSFORM  
The traditional Mallat’s algorithm for evaluating the 

wavelet transform of a given signal involves recursively 
convolving the signal through two decomposition filters l 
and b, and decimating the result to obtain the approximation 
and detail coefficients at every decomposition level [2]. The 
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lifting method, on the other hand, is based on factorizing the 
wavelet filters l and b into N lifting steps to obtain filters nS  
and nT   as 
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Mathematically, this is implemented by splitting the data 
into even and odd samples and applying the nS  and nT  
filters consecutively as shown in fig 1. The data at each step, 
after applying the filters are labeled as f0,f1...fN, and 
h0,h1....hN, respectively. The last step is a multiplication by a 
scaling factor K. The outcome at an arbitrary decomposition 
level j is obtained as the approximation ja  and detail jd . 
The former is fed back for the next level of DWT 
decomposition, whereas the latter is stored. 

It has been shown that fixed-point integer wavelet 
transform computation using the symmlet4 wavelet with 
filter coefficients truncated to 4 bits gives performance 
comparable to the floating-point case [6]. When using 
integer wavelet transform, the last scaling steps, which 
require multiplication by K  and K1 , can be eliminated. 
For a factorization of the symmlet4 wavelet, the filtering 
steps corresponding to fig. 1 can be written as 
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where 0f  and 0h  are the even and odd data samples; 1f , 1h , 
and 2h  are intermediate values which are discarded after 
being used, due to the in-place nature of the lifting 
algorithm; )(2 taf =  is the resulting approximation 
coefficient; )(3 tdh =  is the resulting detail; 1C  through 8C  
are the coefficients of the prediction and update filters given 
in Table I  along with their scaled to 4 bit integer values. 

 

TABLE I.    SYMMLET-4 DWT FILTER COEFFICIENTS 

Coef. Value Scaled Coef. Value Scaled 

1C  0.39114 3 5C  0.16203 2 

2C  -0.12439 -1 6C  0.43128 3 

3C  -0.33924 -5 7C  0.14598 1 

4C  -1.41951 -11 8C  -1.04925 8 

III. HARDWARE DESIGN 
Our goal is to design an architecture to perform the 1-D 

DWT for multichannel data under the constraints of 
implantability and real-time operation.  Unlike the 
interleaved computation proposed in [5], which assumes a 
whole data frame to be available, an interleaved computation 
of each level for a given number of channels can efficiently 
take place by making use of the difference between the 
biologically relevant sampling rate and the available clock 
speed. For that purpose, the DWT computation has to 
actively take place while an entire data frame is being 
acquired across multiple channels. The arithmetic operations 
in (2) have a noticeable regularity that permits any arbitrary 
step to be defined as  

ZCYCXW jiij ++=    (3) 

where the variables YXW ,, and Z  take the values of pf  

and qh , iC  and jC  are the constant coefficients given in 
Table 1. We will refer to the hardware block that computes 
equation (3) as a computational node (CN). 

B.  Simultaneous Execution 
Each of the five steps in (2) can be separated such that 

the associated constants can be directly hardwired into its 
own CN. Each CN belongs to a separate pipeline stage that 
can be executed simultaneously with all other pipeline 
stages. Since the steps are interdependent, they must be 
operating on multiple time instants. Assuming that an 
arbitrary sample pair at time nt  is available, then the sample 
pair being computed at the Gth pipeline stage will correspond 
to st where  

( ) 21 ×−−= Gtt ns     (4) 

We’ll denote by E0 and O0 the values held by the input 
registers for the even and odd incoming data sample pair, 
respectively. Also, we’ll denote by {P0, P1, P2}, {Q0, Q1, 
Q2}, {R0, R1, R2}, {A0, A1}, and {O1, O2} the values at 
registers for internal use by the DWT computation block. 
Thus, A2 and D0 are output registers holding the 
approximation and detail values at any given level. We will 
also define a delay node (DN) as a pipeline stage in which no 
computation takes place. Due to the noncausal nature of the 
DWT, delay nodes are necessary to deal with data 
interdependencies. After a single simultaneous execution of 

Fig 1.  Lifting scheme for DWT computation

1343



(2), the newly computed values are stored in all zero indexed 
registers. Thus, equation (2) can be redefined as 

1820

271620

251420

132220

0100

:7
6

:5
:4 
:3 

2
:1 

ACRDCN
DN

RCRCQACN
QCQCPRCN
PCPCOQCN

DN
OCEPCN

×+=

×+×+=
×+×+=
×+×+=

×+=

  (5) 

To enable simultaneous execution of all steps, the zero 
indexed registers where the current data is being written are 
not read during the execution.  In order to fill the higher 
indexed registers, a two-phase update step is necessary. The 
update step operates after a single execution of all steps as 
illustrated in fig.2. From (5), the pipeline length is seven, and 
it operates on a pair of data samples, so the resulting detail 
and approximation temporal latency is 14 samples.   
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Fig 2.  Update step for the simultaneous architecture 

B. Sequential  Execution 
The architecture described above allows much higher 

throughput but is not space efficient. Another approach to 
minimize the hardware size can be exploited if the steps are 
executed sequentially using a single CN to reduce the 
number of registers.  A single usage of the CN, denoted 
below by a computational step (CS), allows the architecture 
to take the following form 
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Because of the presence of the two DNs, the pipeline 
length is two. The overall result is a temporal latency of four 
data samples, as opposed to fourteen in the first design. We 
note that the indexing on each of the intermediate registers 
has decreased, which implies that fewer values need to be 
stored external to the DWT module, as well as decreasing the 

number of registers internal to the DWT module. However, 
this increases the critical path of a single execution. The 
second phase of the update step in fig 2 is the only one 
needed, and that results in a shorter pipeline.  

C. Multilevel and Multichannel Management 
It is desirable to use a single DWT module for all level 

and channel computations. The current level-channel data is 
moved to memory external to the CN, and a new level-
channel replaces it. Since the CNs new computed values are 
stored in the zero indexed registers, then the only values that 
must be stored externally are the ‘one’ and ‘two’ indexed 
registers.  

To minimize external memory access, we use a “bus” 
style register architecture using multitudes of registers to 
avoid the latency of memory reading and writing. Unlike the 
architecture in [5], we use an intelligent memory addressing 
where each address is subdivided in three parts: The most 
significant bits are used for channel addressing, the middle 
bits indicate the decomposition level, and the least 
significant bits indicate the particular register needed for 
computation.  

IV. PERFORMANCE  
For design constraints imposed by the required real-time 

operation, the total number of available clock cycles cN  
between two consecutive data samples is given by 

2
sf
cf

cN =          (7) 

where cf  is the chip clock rate, sf is the data sampling rate. 
To evaluate the performance of both designs, the total 
available latency must be used to determine the maximum 
number of channels ptC  that can be simultaneously 
processed based on the time constraint and is given by 

doe

c
pt NSW

NC
×+

=
)(

         (8) 

where dN is the minimum number of decomposition levels 
that must be executed between sample pairs to prevent data 
overlap. This value is independent of the actual number of 
decomposition levels being processed. eW  is the number of 
clock cycles needed to execute a single decomposition level, 
and oS  is the switching overhead required to change 
decomposition level and channel. For a given fixed chip 
area, the maximum number of data channels to process paC  
is thus given by 

 
rlr

mmcla
pa NNA

ANACC
××

×−−=     (9) 

where aC is the chip area dedicated to the DWT block, clA  
is the control logic area, mN  is the number of CNs per DWT 
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block, mA  is the area of a CN, rA is the size of a single 
memory module, rN  is the number of memory modules 
required for a single decomposition, and lN  is the number of 
decomposition levels required. 

V. RESULTS 
The design proposed in this paper were implemented in 

VHDL, and compared to MATLAB-based output. Table 2 
summarizes the critical path for each design architecture.  

In Figs. 3-4, the performance of both architecture is 
quantified in terms of the number of data channels for a 
given chip speed and memory requirements.  The results 
suggest that for a small number of channels and 
decomposition levels, the parallel architecture is favored 
over the sequential since the difference in size is 
compensated for by a large margin in speed. The rate of 
increase in the number of channels is clearly much larger 
than memory requirement which implies that with a faster 
chip, the number of channels that can be accommodated 
grows substantially without a proportional increase in 
memory requirements.  

TABLE 2: CRITICAL PATH RESULTS FOR BOTH ARCHITECTURES. mT  AND aT  

DEFINE THE NUMBER OF CLOCK CYCLES FOR A SINGLE MULTIPLIER AND A 
SINGLE ADDER, RESPECTIVELY 

 
Clock cycles 

eW  

Memory 
modules 

rN  

# of 
CNs 

mN  

Pipeline 
Pipeline 
Length 

Parallel 2 mT +3 aT  10 5 7 

Sequential 10 mT +15 aT  5 1 2 

VI. CONCLUSION  
Two design architectures for computing the DWT as a 

front-end signal processing stage in neuroprosthetic 
applications have been proposed. The implementations are 
based on the lifting-scheme for wavelet computation and 
integer fixed-point precision arithmetic, which minimize 
computational load and memory requirements. In particular, 
we showed that a parallel architecture could be efficiently 
designed to maximize the data throughput and minimize the 
latency making it more suitable for managing critical 
temporal information. The sequential architecture is more 
suited to size constrained applications such as low-density 
electrode arrays but at the expense of larger latency. By 
utilizing the difference between the data sampling rate and 
available computation bandwidth, both architectures yield   
significant data reduction while maintaining real-time 
operation. Our most recent results using layout techniques 
provide the information necessary to compute actual power 
consumption, as well as estimating the actual size of the 
individual components [7]. This will be used to determine 
the exact number of channels to be processed, and the 
maximum operating frequency for on-chip, real-time 

streaming of neural information, which can effectively 
maximize hardware usage.  

 

Fig 3.    Maximum number of channels to be processed versus clock speed 
( am TT 4= , 2=aT , 2=oS , 2=dN ) 

 
Fig 4.     Memory requirements to compute a 

lN  level DWT, versus 

number of channels simultaneously processed. 
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