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Abstract 

Progress in the area of neural signal processing has enabled rapid 
advances in neuroscience and brain-machine interfacing. Wavelets have 
already been studied for detection and compression of neural action 
potentials. Among the major challenges in realizing a practical brain-
machine interface is the design of ultra-low power electronic circuits. This 
paper is a survey of our efforts at Polystim Neurotechnologies Lab in 
designing wavelet transform (WT) processors for neural recording 
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implantable devices. We describe the issues and possible solutions in 
designing such processors. In particular, we elaborate on the design of 
discrete and continuous WT processors using digital and analog 
components, respectively. Our results show that a folded polyphase 
architecture can produce a low-area low-power digital implementation. 
Also, it is shown that a low-power implementation of continuous WT can 
highly benefit from log-domain filter design and CMOS transistors 
operated in the weak inversion regime. 

1. Introduction 

Recording extracellular neural biopotentials from many sites in the cortex is 
becoming a necessity for research in neuroscience. This approach allowed striking 
advances, such as linking intents of moving specific limbs with the neural activity 
recorded from a patient’s brain [1, 2]. Wirelessly controlled neural recording 
implants are a key component in the development of new research tools and 
emerging treatments based on this experimental method [3, 4]. Such miniature 
devices highly benefit from the progress in micromachining techniques and 
integrated circuits technology. In fact, there is a growing effort to build high-fidelity 
signal recording microsystems providing increased resolution and dense parallelism 
[5-11]. Wavelet signal processing plays a key role in such application for the 
detection and the compression of neural waveforms. 

Our team is currently building a dedicated neural recording implant that 
includes custom micro-powered neural amplifiers [12], low-power data acquisition 
and processing circuits [13-15], advanced data management processors, and 
dedicated controllers [16, 17]. Low-power telemetry is designed to supply the 
implanted circuits, and enabling bidirectional communications for control of the 
implant and transferring the recorded signals outside the body, for off-chip treatment 
and analysis. Wireless operation of such implanted interface will reduce complexity 
of the recording apparatus and avoids external leads, allowing full mobility of 
implanted subjects and low risk of infection. 

However, the level of power and data rates transmitted over today’s wireless 
links is severely limited due to (1) safety and (2) low data transfer efficiency. This in 
turn restricts the maximum number of recording channels served by a single wireless 
link. For example, a 100-channel neural implanted device operating at a sufficient 
sampling rate generates bit rates on the order of tens of Mbits/s, whereas present 
low-power telemetry links are able to transmit only 10% of such data rate. 
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Therefore, suitable mechanisms for data compression must be provided in implants 
in order to extract relevant information from raw neural signals and to reduce the 
data rate to be transmitted. Low-complexity custom integrated circuits have been 
used for real-time data compression in implants [6-8]. However, low-complexity 
schemes usually have the disadvantage of yielding poor signal integrity. For 
instance, low-complexity waveform detectors present rather high error rates since 
they present high sensitivity to noise. Noise has the adverse effects of boosting the 
data rate with false positives. Thus, high-fidelity compression techniques are needed 
in multi-channel recording implants to perform data compression while improving 
data integrity for yielding faithful results in neuroscience applications. 

The Wavelet Transform (WT) is an attractive approach to overcoming these 
limitations. WT processing is a very effective tool for time-frequency analysis, non-
stationary signal analysis and fast transients analysis [18]. It has been extensively 
used for various signal processing tasks such as generalized filtering, data 
compression, signal detection, feature extraction, sorting, and signal to noise ratio 
enhancement. Moreover, it offers substantial data compression factors and superior 
waveform integrity [19]. 

Designing a hardware WT processor dedicated to implantable devices presents 
very difficult challenges related to power consumption and chip area as both have to 
be minimized tremendously. A WT processor can either be implemented with digital 
building blocks or by means of analog circuits. A digital implementation realizes a 
discrete wavelet transform (DWT), whereas an analog one realizes a continuous-
time wavelet transform (CWT). Although the digital form is often preferred for its 
simplicity of implementation, its analog counterpart is not to be neglected for its 
numerous advantages. The digital form is assumed to give superior precision and 
better reliability, whereas analog implementation is chosen for its reduced size and 
lower power consumption. However, there are several possible realizations of a 
DWT or a CWT processor, each presenting a different trade-off. 

This paper describes the requirements, issues and solutions in the design of 
DWT and CWT processors dedicated to implantable neural recording devices. In the 
next section, an overview of neural signals and their compression using WT is 
presented. Section 3 provides a comparison study of different DWT processors and 
presents an efficient architecture for our application. Section 4 describes the issues 
and solutions for designing a filter bank devoted to a CWT processor. Section 5 
gives the conclusions on the presented work. 
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2. Neural Signal Compression with WT 

The principal mechanism of information transmission in the cortex is the 
generation of biopotentials waveforms (also called neural action potentials (APs), or 
“spikes” for short) by the neurons. The rate of generation of these action potentials 
conveys information to neighboring neurons. Spikes are short-lived waveforms of a 
few millisecond duration whose rate of occurrence ranges between 10 to a few 
hundred per second. Such neural waveforms originate from intracellular 
depolarization of neurons membranes. As shown in Figure 1, the depolarization can 
be divided into two periods. During the first, the electric potential experiences a 
sharp reversal reaching in approximately 1 ms to a potential value close to 1V. In the 
second period, it falls down to below its resting potential. During this period, the 
neuron cannot issue another potential, hence the name of “refractory period.” The 
peak to peak amplitude of the intracellular AP is from 90 to 100 mV, duration of 2 to 
3 ms and frequency content between 100 Hz and 10 kHz. The extracellular AP is 
similar to an echo of the intracellular potentials, but presents different shapes from a 
neuron to another, and has smaller voltage range (100 µV to 1 mV). 

 

Figure 1. A typical intracellular action potential. 

Data compression is used to decrease the volume of data that must be 
transmitted by low-power telemetry circuits in neural implants. Such procedure must 
extract relevant contents from the raw signal by means of real-time waveform 
detection and rejecting non relevant parts of the signal. This scheme is highly 
advantageous in multi-channel neural recording devices because of the 
discontinuous nature of the neural signal and its low duty cycle. Spike detection 
prior to data compression allows for omitting those parts of raw signals that bear no 
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information content. Figure 2 illustrates a simple spike compression scheme where 
only the time of occurrence of the detected spikes are captured. 

 

Figure 2. A simple neural spikes compression scheme in which the time of 
occurrence of each spike is detected and sent to the remote host. 

An efficient compression procedure must be joined with an efficient spike 
detection algorithm to allow for a faithful reconstruction of neural signals based on 
partial representation of the biopotentials. The WT provides the required accuracy 
for improving the detection rate and the data compression factor in neural recording 
implants [20]. 

In a simple compression scheme, the WT produces approximation and detail 
coefficients that give a sparse representation of an original signal. The coefficients 
whose values are below a specified threshold are ignored, reducing the number of 
bits to be transmitted to a remote base station. The remaining non-zero WT 
coefficients give an approximate representation of the original signal with a reduced 
volume of data. Most of the spectral power of neural spikes is located in the lower 
frequency bands, thus WT coefficients in higher bands can be removed as they 
contribute insignificantly to the reconstruction. The quadratic error increases in the 
reconstructed signal as we eliminate more coefficients. WT coefficient thresholding 
also serves for denoising as high frequency WT coefficients are removed and zeroed 
before signal reconstruction. Besides, the coefficients in higher frequency bands can 
be used to characterize the noise in the channel and to calculate the detection 
thresholds that yield the best performances. 

Similar to other circuits and systems dedicated to implantable devices, the 
design of a spike compressor presents major challenges in term of power 
consumption and chip area. However, WT-based compression is perhaps more 
demanding than a low-complexity scheme. Therefore, careful considerations must be 
made in the design phase. A trade-off exists among accuracy, circuit complexity, 
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chip area, and power consumption subject to the given requirements. For instance, 
the choice of a working frequency along with the targeted frequency bands will have 
an impact on the implementation. Since most of the neural signal energy resides 
between 100 Hz and 6 kHz, this requires overcoming some challenges in integrated 
circuit design. Also, the choice of a suitable wavelet basis is critical to reaching the 
required compression ratio. In particular, the chosen wavelet basis must resemble as 
much as possible the targeted waveforms in order to produce low error rate [17]. 

The discrete wavelet transforms lend themselves more easily to hardware 
implementation than continuous wavelet transforms because digital circuit design 
techniques have reached a high level of automation and reliability through the use of 
hardware description languages and powerful hardware simulators and synthesizers. 
However, analog implementations of CWTs are usually preferred where ultra low-
power operation is the primary concern. 

Several architectures for hardware implementation of DWT have been proposed 
in the past [18]. Most of the published results have focused on improving the 
processing speed in computation-intensive applications such as image processing 
and pattern recognition. Similarly, analog implementations of CWT can benefit from 
several circuit blocks including filters, amplifiers, or mixers, operated either in the 
voltage mode or in the current mode. In the next sections, we will elaborate on 
digital and analog WT processor architectures that were designed for data 
compression in low-power neural recording implants. 

3. Implementation of Discrete Wavelet Transform 

The Discrete Wavelet Transform (DWT), based on the idea of sub-band coding, 
yields a fast computation of WT which is also easy to implement in software and 
hardware. In CWT, the signals are analyzed using a set of basis functions which 
relate to each other by simple scaling and translation. In the case of DWT, a time-
scale representation of the digital signal is obtained using digital filtering techniques. 
The signal to be analyzed is passed through filters with different cutoff frequencies 
at different scales. 

The power consumption and silicon area of a digital processor are related to 
several factors such as the complexity of the implemented algorithm (i.e., number of 
processing elements and arrangement of the building blocks), the working 
frequency, the routing complexity, the sensitivity to quantization, and the finite word 
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length. As a result, the usual metrics including the number of processing elements 
(multipliers and adders), and the operating frequency gives only a rough 
approximation of the real power consumption and the area of a chosen architectures 
[18]. Consequently, an implementation based comparative study is proposed in order 
to find the best suited DWT architecture for this implantable application. 

Among the well-known wavelet bases, the Daubechie basis is the most suited to 
neural signal processing, as it is appropriate for monitoring discontinuities (i.e., the 
spikes) in an input signal. Based on our previous experimental work with real neural 
signals recorded for the visual cortex of rats [12], we have chosen the fourth order 
Daubechie wavelet basis (db4). The db8 basis can yield less reconstruction error but 
requires more computational resources. 

The DWT has numerous possible implementation forms [18]. Mallat [21] 
showed that the approximation coefficients of a DWT can recursively be processed 
by a two-channel filter bank in order to perform a multilevel wavelet decomposition. 
However, a straightforward circuit implementation of this scheme leads to 
tremendous inefficiency (low hardware utilization). Indeed, if the first 
decomposition level is clocked at frequency f, the decomposition level j would be 

clocked at frequency ,2 1−jf  wasting a considerable amount of clock cycles in the 

preceding stages. Careful consideration of this structure has led to the design of 
efficient DWT architectures. 

Two principal types of architectures enable to compute the DWT: 

1. convolution-based structure 

2. lifting-based structure 

The first approach uses a two-channel filter bank in its direct form (Figure 3) or 
in its polyphase form. Most convolution-based architectures aim at minimizing the 
number of required processing elements (mostly multipliers and adders). However, 
the required control schemes, and the routing complexity are often significant. A 
careful balance of parallelism and folding can be used to optimize such architecture 
[22]. A parallel multilevel DWT architecture, in which a progressive folding 
optimizes each level, can achieve a hardware utilization of 100%. 
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Figure 3. Direct form convolution-based structure. 

The second approach, the lifting scheme, is based on the factorization of the 
two-channel filter bank equations and gives a set of recursive equations that define a 
ladder structure, illustrated in Figure 4. Highly folded architectures based on this 
structure can lead to up to 100% hardware utilization. For example, a highly folded 
1-D lifting-based DWT can be implemented taking advantage on the specific 
symmetries in the 5/3 and 9/7 Daubechies wavelet bases [23]. This approach can 
reach 100% hardware utilization, but is not applicable to all wavelet bases. Besides, 
other types of implementation schemes such as systolic array-based architectures 
have been proposed [24]. A general method to realize folded lifting-based DWT is 
available to implement most wavelets bases [25]. This approach is systematic and 
offers decent hardware utilization (90% for 5 levels). In general, the lifting scheme 
can decrease the DWT computation complexity by up to 50%. 

 

Figure 4. Block diagram of a two-channel filter bank using the lifting scheme. 

At first glance, the lifting-based DWT may appear more appealing than the 
convolution-based DWT for low-power and small-chip area implementations. But, 
other important parameters, such as the computation complexity and precision have 
to be considered to find the best-suited architecture. A trade-off between these two 
issues must be made. For instance, fixed-point representations are usually less area 
and power consuming than floating-point ones. Simulink® models of generic 
polyphase and lifting structures can be implemented to assess the effect of finite 
precision on an implementation. The literature usually refers to input scaling, filter 
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quantization, and internal signals round-off as the principal causes of output signal 
distortion. The effect of each one of these parameters can successively be studied 
with the models. To quantify the distortion, an input signal is processed with the 
models, and reconstructed with an ideal inverse DWT. The distortion is assessed 
using to common indicators: the root mean square error (RMSE), and the signal to 
noise ratio (SNR). The RMSE is 

 ( ) ( )( ) ,1
1

2∑ =
−=

N

n
nrnxNRMSE  (1) 

where ( )nx  denotes the original signal, ( )nr  the reconstructed signal, whereas the 
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where 2
xσ  denotes the variance of the original signal, and 2

eσ  the variance of the 

error. Table 1 summarizes the performances of such models for a fixed-point 
implementation. We can see that the polyphase implementation performs slightly 
better than the lifting one. The lifting scheme requires 9 bits for its coefficients 
representation, compared to 8 bits for the polyphase scheme. 

Table 1. Parameters and performance of the DWT fixed-point models [18] 

Polyphase Lifting                Algorithm 

 Parameter Setting RMSE SNR Setting RMSE SNR 

Coef. quantization ( )a7,8    ( )6,9    

Internal round-off ( )7,bX 2.28 52.7 ( )2,X  5.75 48.2 

Output scaling ( )0,8    ( )0,8    

a. [ ]ba,  is such as a indicates the total number of bits and b the binary point 

b. X indicates that the integer part is chosen in the architecture to avoid overflow 
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Figure 5. Estimated silicon area for different DWT structures [18]. 

The chip-area and the power consumption of the polyphase and the lifting DWT 
structures can be compared. Four different DWT processors were implemented in a 
TSMC CMOS 0.18 μm process and simulated at the gate level with the Synopsys 
power compiler®. The implemented processors include two fully parallel structures, 
and two folded structures (one parallel and one folded implementation for each 
type), all realizing 3-levels Daubechies-4 DWTs. The fully parallel architectures 
implement the basic structures depicted in Figure 3 and in Figure 4. The two folded 
architectures improve the parallel ones by avoiding the inefficient down sampling 
task. The polyphase folded processor is based on [22] and the lifting folded one is 
based on [25]. These processors present hardware utilizations of 100% and 87.5%, 
respectively. The four DWT processors were synthesized with Synopsys using the 
Artisan CMOS 0.18 μm technology library, provided by CMC Microsystems 
(Kingston, ON, Canada). The number of gates yielded by each implementation is 
reported in Figure 5 for comparison. As shown, despite the lower computational 
complexity of the lifting-based architecture, both processors yield similar gate area. 
It ranges from 45,000 gates for the parallel architectures to 20,000 gates for the 
folded ones. This can be explained by the trade-offs for a reduced hardware 
complexity versus good precision. A slightly higher number of bits for the lifting 
scheme implies more processing elements and larger internal bus width for the 
lifting architectures. 

Several design parameters must be taken into account for an accurate evaluation 
of the static and dynamic power consumption in each processor: the supply voltage, 
the transistors characteristics (threshold voltage, mobility, etc.), gate loads and 
parasitic elements, the propagation delays, the operating frequency, and the 
switching rate at the different nodes. A gate-level simulation can capture the main 
design features with an accuracy ranging from 10% to 25% [26]. 
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Since, the power consumption of a digital processor is closely related to the 
processed data, real neural spike recorded from a past experiment were used for this 
evaluation. A bank of 20 test neural spikes was constructed from previously 
recorded waveforms obtained from the visual cortex of rats. Spikes were isolated 
and randomly distributed along the time axis according to a Poisson distribution, 
with an average rate of 60 spikes per second. 

A background neural noise was generated and adjusted to yield a SNR of 6 dB 
for each signal. Waveforms were of 1-second duration, and represented on 8 bits. 
The power consumptions yielded by these 20 tests signals were averaged for each 
DWT processor. Figure 6 shows the power consumption of the four architectures. It 
is shown that the lifting processors consume more power than the polyphase 
implementations. The static power consumption is almost equivalent, because of 
their similar gate area. But, the dynamic power consumption is higher for the lifting 
scheme. This high dynamic power consumption may result from the fact that both 
liftingbased processors are not pipelined, which implies long critical paths. These are 
known to be a major source of glitches. These unwanted transitions of logic states 
can account for 20% to 40% of the dynamic power dissipation [26]. Nevertheless, 
pipelining can considerably increase the size of a lifting-based DWT processor. 
Therefore, these results suggest that the polyphase scheme is better-suited to 
implantable biomedical devices. 

 
Figure 6. Power estimation for the six DWT processors [18]. 

3.1. Processor architecture 

An implantable solution must minimize the power consumption and circuit size 
by means of a dedicated architecture and simplified building blocks. A 32-channels 
DWT processor based on a polyphase structure was designed and implemented in 
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VHDL and prototyped using a Xilinx FPGA platform. The prototyping platform 
features a Virtex 2 (XCV2000E) FPGA and communicates with a remote software 
driver programming through a serial link. A block diagram of the implemented WT 
processor is depicted in Figure 7. The DWT processor uses multiplexing of four 
channels toward each DSP module in order to reduce their number and increasing 
the overall data processing efficiency. The processor extracts the neural signal 
recorded by an implant, and transmits it serially to a remote station for 
reconstruction and further processing. 

 

Figure 7. Block diagram of the DWT processor. 

A dynamically reconfigurable custom controller (Figure 7) is used for data 
management in the DSP core. This controller enables bidirectional data 
communications between the implant and an external host and manages the data path 
from the detector output to the data packetization module [20]. It includes one 
Channel Manager (CM) per channel (Figure 8), a packetizer module for the whole 
system, Random Access Memory (RAM) blocks, configuration registers, and a 
packet dispatcher including a transceiver for serial data transfer. A packet based 
protocol allows bidirectional communications between the implemented transceiver 
and the remote host trough a serial data link. The processor includes 32 CMs, each 
sharing 8 wavelet DSP cores. DSP cores enable feature extraction for spike 
detection, compression of the data, and denoising of neural input signals. 
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Figure 8. Block diagram of a Channel Manager. 

The DSP processor performs a Daubechie-4 wavelet with three levels of 
decomposition on a polyphase structure, giving 4 output frequency bands. The 
coefficients of each output bands are compared with a detection threshold. The noise 
level is evaluated with the output coefficients of the higher frequency bands, so the 
detection threshold can be set above this noise level. Figure 9 is showing WT 
denoising of a pre-recorded neural signal for SNRs of 10 dB, 5 dB, and 1 dB 
respectively, for a compression rate of 5%. It is seen that the reconstructed spike is 
degraded at very low SNRs. 

 

Figure 9. Neural spike denoising at different SNR levels. 

The controller module can be configured through a serial bus. It allows for 
individual channel configuration by writing to corresponding registers upon 
reception of a configuration command along with the channel address. It also 
includes a 32 bytes FIFO implementing a time-delay which is required to align the 
detected spikes and allows for a better waveform reconstitution. The data processing 
delay is removed thanks to this delay line. This data memory buffer allows triggering 
in the middle of a detected spike window, which leads to superior alignment and 
accuracy in downstream signal processing tasks. The RAM memory M1 included in 
each CM (Figure 8) is required for holding the detected waveform before sending it 
serially. The memories M2 and M3 serve as temporary buffers in the data 
compression and data transfer processes. The communication module manages the 
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bidirectional data link interface to access the registers and implement the 
communication protocol. The critical path has been optimized to avoid undetected 
spikes. The packet forming module can handle every detected waveforms occurring 
at least a refractory period after an event. Otherwise the detected event is considered 
as noise and is rejected. 

Each CM includes a FIFO that implements data buffering in the detection 
process. The packetizer adds a header to the detected spikes samples. This header is 
composed of a channel identification number, a timestamp and control tags. The 1-
kbyte memory M2, fed by the packetizer, implements a data buffer between the 
packetizer and the packet dispatcher. To overcome limitations due to burst-firing 
neurons and simultaneous channel firing, the critical path must be optimized to 
insure that each detected spike can be processed within the refractory period of a 
neuron (around 5 ms to 10 ms). The processing delay in the controller is expressed 
as follows: 

 ,R
s

s
TB

HN
N
MMDelay <⎥⎦

⎤
⎢⎣
⎡ +

⎥⎦
⎤

⎢⎣
⎡ −=  (3) 

where N is the number of channels, M is the memory buffer size, NS is the number 
of raw data samples per packet, B is the data link bandwidth, H is the header size and 

RT  is the refractory period of a neuron. The time required to process all channels is 

bounded by the number of channels and by the available bandwidth on the data link. 
Figure 10 illustrates the worst case delay in the controller with respect to the number 
of channels included and the available bandwidth, for a buffer size of 1024=M  
bytes, a packet size of 128=sN  samples, and a header of 4=H  bytes. 

 
Figure 10. Delay in controller with respect to number of channels and RF link 
bandwidth [17]. 
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A processing delay higher than the refractory period may result in spike loss. 
Figure 10 shows that a system without spike loss is obtained for the portion of the 
curve that is below the solid delimitation. According to (1), the presented 32-channel 
processor requires a data link with data rate of at least 634 kbit/s to avoid spike loss, 
considering a typical refractory period of 5 ms. 

Data compression is performed in order to minimize the output data rate of the 
WT processor. The data compression module selects coefficients whose magnitude 
that are greater than a pre-selected threshold and forwards them to the memory block 
M3. These data are then packetized and sent to an external receiver. The custom 
reconfigurable controller manages the register accesses and interrupts, and allows 
remote configuration of each CM through a serial bus master. Such design is highly 
suitable for channel expansion in future versions. The same bidirectional data link 
enables dynamic reconfiguration of the device controller and transmission of the 
data through the same port. This port is designed as half duplex with a higher 
priority given to register accesses over data. Incoming control packets need 
negligible processing time compared to a data transmission procedure. However, the 
WT processor cannot transfer data at full speed when device reconfiguration is 
performed because some overhead is required for control accesses. The average data 
rate and the maximum number of channels simultaneously open depend on the 
average neural activity (spike occurrences rate) in the recorded data. Direct register 
accesses to configuration memory allows for individual channel configuration, 
whereas indirect accesses enable to modify all the channels simultaneously. 

A multithreading software application running on a host PC sends commands to 
the WT processor and receives data while it manages the communication protocol. 
The host application initiates a connection with the controller, and then performs an 
initial device configuration. A first raw data recording phase must be made in order 
to measure the characteristics of the noise on each channel and to adjust the WT 
thresholds. The thresholds are configured by writing back the configuration to the 
appropriate register. Afterwards, the WT processor can perform neural processing 
with WT detection and compression enabled at maximal bandwidth utilization. 

3.2. Implementation results 

Table 2 presents the resources utilized for the FPGA prototype implementation. 
The CMs are by far the type of building blocks that require the largest amount of 
logical modules. This is because they include the DSPs which require multipliers 
and adders, consuming a large amount of resources. Moreover, each CM also 
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includes one 32-bytes FIFO per channel. Another important aspect to note from 
Table 2 is the number of RAM blocks used by the FPGA. Even if resource 
utilization reports 36 RAM blocks for this implementation, they are highly 
underused, and are available for system expansion towards more processing 
channels using the same prototyping platform. The bottleneck would arise at the 
logic modules in the WT processor. 

Table 2. Resources usage for 32 channels implemented in a Xilinx XCV2000E 
FPGA [20] 

Logic Modules RAM Memory 

Building Block REGs LUTs Module Bytes 4-Bytes Blocks 

Channel Manager ≈0% ≈0%    

Detection/Compressor ≈0% ≈0% M1 64 32 

Packetization 1% 1% M2 1 k 2 

Transceiver 36% 10% M3 1 k 2 

Total 71% 23% Total 4096 36/160 

We used pre-recorded neural signals to test the DWT processor prototype. The 
processor output produces raw DWT coefficients which allow recovering the raw 
input signal with a smaller quantity of data. The signals shown in Figure 11 and 
Figure 12 were obtained by keeping only eight WT coefficients from the 
transformed original waveform, buffered with a window size of 64 samples. This 
gives a raw compression rate of 8 for this window size at a sampling rate of 32 ks/s. 
Figure 11 shows a spike that is well detected by the DWT processor, whereas Figure 
12 depicts a detected spike that is poorly centered within the detection window. The 
thresholds must be well adjusted in the detection module to yield less false positive 
events as possible and to minimize the number of lost spikes. If the detection module 
is too permissive, the implant would require more bandwidth, but would also 
presents better signal integrity at reconstruction. The threshold must be set according 
to the available bandwidth at the communication link. The thresholds are usually 
adjusted within 3 to 5 standard deviations of the input signals. However, for optimal 
results, fine tuning must often be performed online to adjust the detection thresholds 
according to a targeted neural signal integrity and bandwidth utilization. 
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Figure 11. A 64-sample signal. Solid line is original signal. Dashed line is 
reconstructed from 8 coefficients. The reconstructed signal is acceptable. 

 

Figure 12. A 64-sample signal. Solid line is original signal. Dashed line is 
reconstructed from 8 coefficients. The reconstructed signal is unacceptable. 

4. Implementation of the Continuous Wavelet Transform 

A general CWT is described by the following equation 

 ( ) ( )∫ ⎟
⎠
⎞⎜

⎝
⎛ −ψ= ,1, dta

bttx
a

baX  (4) 

where ( )tx  is the signal to be analyzed, ( )tψ  is called the mother wavelet or the 

basis function, b is the translation parameter and a is the scale parameter. All the 
wavelet functions used in the transformation are derived from the mother wavelet by 
translating and scaling operations. A mother wavelet must satisfy two conditions: (i) 
zero mean condition, (ii) admissibility condition. The definition of the former 
condition is selfevident, and the latter is described by the following equation: 
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where ( )ωΨ  is the Fourier transform of the mother wavelet. The admissibility 

condition guarantees that the original signal can be reconstructed by the inverse 
wavelet transform. It also implies that the Fourier transform of the wavelet must 
have a zero component at zero frequency. Hence, the wavelets are inherently band-
pass filters in the Fourier domain, defined as wavelet filters. Any function that has 
finite energy is square integrable and satisfies the wavelet admissibility condition 
can be a wavelet. 

The wavelet analysis has become a very useful tool in neural spike processing, 
as it can nicely separates low frequency spikes from a high frequency background 
noise. Although, the wavelet transforms are most often implemented in digital forms 
(software or hardware), an analog implementation may be an attractive design choice 
when low-power operation is of primary concern. Approaches for implementing the 
WT within analog circuits have been proposed in the literature [27], [28], and [29]. 
A very effective method consists of implementing an approximated wavelet basis 
with the impulse response of a linear filter [28]. This approach allows implementing 
a wavelet processor with very low-power and small chip area by means of low-
voltage analog filters. 

An analog WT implementation begins by choosing a suitable wavelet basis. The 
chosen basis must present low complexity and be easily approximated by a fraction 
of low order polynomials. We chose a bi-orthogonal Gaussian wavelet basis because 
it has a high degree of similarity with bi-phasic extracellular spike signals, and 
because such basis provides a very good time-frequency resolution. Moreover, the 
Gaussian basis can easily be implemented with analog filters since band-pass filters 
naturally exhibit a Gaussian-like response [28]. By taking such an approach, the 
analog circuits complexity will depends on the accuracy of the wavelet transform 
approximation. We discuss the translation of the chosen wavelet basis into a rational 
transfer function in the next section. 

4.1. Wavelet basis approximation 

To implement the wavelet filter, one must first determine a linear differential 
equation whose impulse response resembles closely the intended mother wavelet (in 
our case, a Gaussian mother wavelet). However, starting from a given impulse 
response ( )tψ  does not necessarily lead to a physically realizable and stable system. 

Therefore, one is forced to start by transforming the mother wavelet ( )tψ  to its 

Laplace-domain representation, ( ),sΨ  and then using an approximation method that 
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yields a low-order rational function ( )sH  for serving as the filter’s frequency 

response. Two methods have been used in the literature: (1) Padé approximation [30] 
and 2) L-2 approximation [31]. Each of these methods has its own advantages and 
disadvantages. The former is computationally fast but produces less accurate results 
than the latter [31]. On the other hand, the quality of L-2 approximation significantly 
depends on the starting point of its optimization algorithm and local optima                
can prevent the algorithm from convergence to the global optimum. Besides, the            
Padé approximation may produce an unstable system depending on its expansion 
point .0s  

For its ease of use, we employed Padé approximation to directly produce a low 
order rational polynomial function. The procedure is as follows. Suppose a rational 
function ( )sH  is desired that has a numerator of order m and a denominator of order 

n. The Padé method allows one to approximate the original function ( )sΨ  up to 

order .1++ nm  Suppose that we have the Taylor series expansion of ( )sΨ  around 

some point, e.g., ,0=s  as follows: 

 ( ) ( ),12
210

++++++=Ψ kk
k sOscscsccs  (6) 

where .1 nmk ++=  Let ( )sΨ
~  be the truncated Taylor series given by the first 

1+k  terms of Equation (6). The Padé approximation of ( )sΨ  is obtained by setting 

( )sΨ
~  equal to a rational function ( )sH  

 ( ) ( ) ( )
( ) .~

10

10
n

n

m
m
sqsqq
spspp

SQ
sPsHs

+++

+++
===Ψ  (7) 

The coefficients ip  and iq  are now to be determined. This is done by solving a set 

of linear equations which result from equating the corresponding coefficients on 

both sides of the following equation: ( ).~ sΨ  ( ) ( ).sPsQ =  The method is detailed in 

[30] and [28]. 

The best approximation we found using a Padé approximation is a 6th order 
rational function (Equation (8)) of the mother wavelet shown in Figure 13. Mother 
wavelet to be approximated, and it meets the required admissibility condition 
(Equation (5)) for a wavelet transform. The time and frequency responses of the 
approximation are presented in Figure 14. (a) Frequency response and (b) impulse 
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response of 

( ) .
125.05145.0569.1537.2139.3058.2

4786.0
23456

3

++++++
=

ssssss
ssH  (8) 

 
Figure 13. Mother wavelet to be approximated. 

 
(a) 

 
(b) 

Figure 14. (a) Frequency response and (b) impulse response of ( ).sH  

The magnitude of tΔΩΔ  of the approximating function is 0.41113 while that of 
the approximated function is 0.42259; this is only 2.8% higher, which is an 
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acceptable accuracy. The realization of the transfer function is one of the difficult 
steps because one can easily simulate it in software, but it is not easy to implement 
as an analog circuit. We have approximated the CWT using a bank of band-pass 
filters which covers the frequency range that spans a typical spike waveform. The 
architecture of the filter bank is discussed in the next section. 

4.2. Wavelet filter bank design 

We implemented the approximated Gaussian wavelet basis with six Q-constant 
6th order band-pass filters whose respective center frequencies are logarithmically 
spaced to cover most of the biopotentials frequency range (100 Hz to 7 kHz). This 
filter bank decomposes the input signal into a set of frequency bands by passing it 
through the six band-pass filters. The transfer function of each band-pass filter 
implements a 6th order Gaussian wavelet basis generated in the previous section. 
The band-pass filters in the filter bank have their central frequencies located at 

af ψ0  and their bandwidth equal to ,aΔΩ  where a is a variable scale factor, ψ0f  

is the central frequency, and ΔΩ  is the bandwidth of the mother wavelet ψ, 
respectively. The quality factor Q of each filter is given by 

 .00
Ω
ψ== W

f
BW
fQ  (9) 

Each 6th order band-pass filter is composed of three 2nd order band-pass filters. 
A straightforward implementation would require eighteen 2nd order filters. But as 
depicted in Figure 15. Band-pass filter bank we have employed a parallel topology 
that shares 2nd order filters between each 6th order filters in order to minimize 
circuit area and power consumption. The 6th order filters are now organized into 
thirteen interleaving 2nd order band-pass filters. The resulting transfer function 
approximates the chosen Gaussian wavelet basis. The six outputs of the filter bank 
are each related to a specific frequency band as well to a corresponding center 
frequency. A threshold function can then be applied to one or several combined 
outputs of the wavelet filter bank to efficiently detect spike waveforms. 

Given that the difference between filter components of a CWT processor is 
based only on factor a and does not depend on Q, therefore, the bank of filters to be 
designed is constant-Q filters [22]. The cutoff frequency of filter i, a band-pass filter 
centered at if0  with a band with of iBW  is given by Equation (10). In order for the 

sum of all filters to cover the full desired bandwidth, we must have the upper cutoff 
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frequency of filter ( )iHfi  to be equal to the lower cutoff frequency of filter 

( ),1 iLfi +  

( ) ( ).11421142
21020

1 ++==++= +
+

QQ
ffQQ

ff i
L

i
H ii  (10) 

The filter described by ( )sH  in Equation (8) has a quality factor of 1.47. Therefore, 

the ratio between the center frequencies of two adjacent filters is given by 

 .51.0
114

114
2

2

10
0 =
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−+=
+ Q

Q
f
f
i

i  (11) 

Hence, each filter has a frequency about two times greater than the previous one, as 
shown in Table 3. Therefore, six filters are sufficient to cover the band of interest. 

Table 3. Filter bank characteristics 

Filter Center 
Frequency (Hz) 

Lower Cut-off 
Frequency (Hz) 

Higher Cut-off 
Frequency (Hz) 

F1 5000 3581 6980 

F2 2500 1791 3490 

F3 1250 895 1745 

F4 625 448 873 

F5 313 224 437 

F6 156 112 218 

To reduce the implementation area, we have used transitional filter techniques 
[19] with transfer function manipulations which permits sharing of the 2nd order 
filters between each adjacent 6th order filter. As seen from Figure 15, each 6th order 
filter is composed of three 2nd order filters in parallel. Thus, we have covered the 
entire frequency range of a neural action potential using 13 filters only. Figure 16 
shows the frequency response and time response of the filter bank. As seen in the 
Bode diagram, the pass band of the filter starts at 100 Hz and ends around 7 kHz. 
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Figure 15. Band-pass filter bank. 

 
(a) 

 
(b) 

Figure 16. (a) Frequency and (b) time response of designed filter bank. 

4.3. Circuit implementation 

In general, a circuit that implements a given transfer function has many possible 
state space descriptions and many different realizations. Therefore a designer has the 
freedom to find a circuit that fits his requirements best. Among the low-power and 
small chip area requirements, a filter bank for WT should have large dynamic range 
and high linearity. Also, because we adopted a synthesis technique that exclusively 
uses integrators, special techniques need to be employed to achieve very long time 
constants in integrators operating in the very low frequency range of neural action 
potentials [29]. 
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There is a multitude of methods for implementing analog filters. MOS-C filters 
are based on standard active circuits whose resistances have been replaced by MOS 
transistors operating in triode. Gm-C filters operates in current-mode and use 
transconductors and capacitor as integrators, however, they show low linearity and 
high sensitivity to process variations [32]. Switched capacitor filters (SC) sample a 
continuous signal using switches controlling the flow of charges. But, sampling 
makes these circuits prone to charge injection and clock feed-through [32]. Besides, 
log-domain filters [33] present high dynamic range and consume very little energy, 
especially when implemented in CMOS technology. Therefore, we chose a log-
domain circuit implementation for this wavelet filter bank. The filtering process 
takes place in the logarithmic domain which is highly nonlinear. CMOS log-domain 
filters exploit the exponential characteristic of MOSFET devices biased in the 
subthreshold regime. They inherently exhibit high dynamic range because they do 
not require any linearization, as other analog filters do. Log-domain filters use 
current-mode input signals that are internally compressed as a function of voltages in 
the filter integrator node, as illustrated in Figure 17. 

 

Figure 17. General structure of a log-domain filter. 

The usage of CMOS transistors biased in weak inversion allows achieving the 
very low-power consumption needed for an implantable device. Log-domain filters 
logarithmically compress an input current into internal voltages that are processed 
before being expanded back; therefore they are well suited to low-voltage circuits. A 
straightforward implementation of the state space model derived from the transfer 
function results in circuit realizations that are often impossible to realize because of 
the wide range of bias current and capacitance size. We chose the set of filter 
coefficients so as to make sure that the biasing currents are either equal or at least in 
the same range. This enables sharing of biasing circuits among elements. 
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Figure 18. Schematic of the implemented 2nd order log-domain filter. 

Figure 18 shows the schematic of our 2nd order class AB log-domain band-pass 
filter obtained from our state space models. It is composed of eight integrators along 
with a logarithmic compressor and an exponential expander. We have integrated the 
current splitter to the logarithmic compressor to make the schematic more 
comprehensible. The presence of the compressor and expander allows the circuit to 
work in the log-domain mode at very low voltage supply. The inputs Iin+and Iin- 
correspond respectively to the p-type input and n-type input of our filter. The Vref 
potential along with the currents Iref i_sup/inf, Iref comp_p/n and Iref expand_p/n 
are employed to bias the circuit. In addition, using the currents Iref i_sup/inf, and 
capacitors C1 and C2, it is possible to precisely set the central frequency of the 
filters. 

 

Figure 19. Schematic of the implemented integrator circuit. 
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Figure 19 shows the configuration of our integrator which is similar to a 
CGm −  integrator made from a differential pair [34]. The difference is that the 

current in transistor M5 is not constant but increases with the output voltage. Given 
the level of compatibility between outputs and inputs, this kind of log-domain 
integrator can be easily cascaded in order to make high-order transfer functions [34]. 
This property is used for our 6th order filters. In addition, this integrator has low 
input noise levels thanks to the filter configuration. The noise current of M6 and M5 
is equally separated through M1 and M4 before being inverted by the current mirror 
and added at the capacitor node. Assuming perfect matching between those currents, 
the noise is cancelled. As a result, for small signals, the noise of the current mirror is 
insignificant, and only the noise of the two inputs transistors must be taken into 
consideration [34]. 

 

Figure 20. Schematic of the implemented logarithmic compressor circuit. 

Figure 20 shows our class AB log-domain compressor [34]. It compresses the 
input current and transforms it into a voltage. It is composed of six pMOS 
transistors, as well of a current splitter that splits the current to be directed towards 
the class AB filter configuration. Terminals Iin+ and Iin- are the inputs and V_n and 
V_p the outputs of this building block. 

 
Figure 21. Schematic of the implemented current splitter circuit. 



HARDWARE IMPLEMENTATION OF WAVELET TRANSFORMS … 27 

The role of the current splitter (Figure 21) is to split the input current into two 
currents going to the two branches of the class AB 2nd order filter [35]. The two 
outputs currents are always positive. 

 
Figure 22. Schematic of the implemented expander circuit. 

The circuit in Figure 22 shows our expander [34]. It performs the inverse of our 
compressor circuit by expanding the voltage signal and transforming it into current. 
Figure 23 shows the overall schematic of our class AB log-domain 6th order band-
pass filter. There are three 2nd order band-pass filters, arranged in series, in order to 
realize a 6th order filter. The six biasing circuits for the integrators, the compressors 
and the expanders are located at the bottom of the schematic. The three circuits at the 
top of the figure are the biasing circuits for the current splitter. The circuit outline on 
the right of the figure is a current adder that sum up the p-type and n-type output 
phases to recover the total output from the class AB circuit. 

 
Figure 23. Schematic of the implemented sixth order band-pass filter. 
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4.4. Implementation results 

We verified our log-domain filter design in a 0.18μm CMOS technology kit 
using the Spectre® circuit simulator. The results of the 2nd order filters are 
presented first. We have simulated the AC performance of the circuit depicted in 
Figure 18. The frequency response is plotted in Figure 24. The filter shows a slope 
of -60 dB per decade and a central frequency of approximately 1 kHz. 

 

Figure 24. Frequency response of 2nd order band-pass filter. 

Table 4. Power consumption and center frequency of the 6th order filters of the 
filter bank 

Filter Power 
(nW) 

Center 
Frequency (Hz) 

F1 559 5000 

F2 285 2500 

F3 230 1250 

F4 184 625 

F5 181 313 

F6 159 156 

The power consumption for each of the 6th order filter was estimated. The filter 
F1 corresponds to the highest frequency filter. As seen from Table 4, power 
consumption tends to decrease with the frequency of the filter as it is proportional to 
the current over the integrating capacitor (I/C). In order to observe the functioning 
limits of our circuits, the total harmonic distortion (THD) was taken into 
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consideration. With a THD lower than 0.1%, we obtain the currents shown in Table 
5. It is concluded that the input currents must be lower than 1 nA for the circuits to 
work at the best conditions. The supply voltage of the filter is 1.8 V. A parametric 
analysis showed that the design is robust against the variation of the supply voltage. 

Table 5. Filter input range 

Filter Maximal Input Current 
(nA) 

F1 1 

F2 0.9 

F3 0.6 

F4 0.6 

F5 0.6 

F6 0.5 

Overall, a total power consumption of 5.6 μW was estimated for the entire filter 
bank which is indeed very low and quite acceptable for our application. The filter 
bank occupies 0.25 mm of chip area, which is also good. An integrated circuit was 
fabricated in TSMC CMOS technology 0.18 ìm to validate our design. The IC mask 
layout is shown in Figure 25. 

 

Figure 25. Layout of the proposed wavelet filter. 
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5. Conclusion 

Wavelet signal processing plays a key role in neural interface applications since 
the reliability and performance of a multi-channel neural recording implant directly 
depends on the efficient detection and compression of the neural waveforms. The 
DWT and the CWT have been extensively used for bioelectric signal processing, 
and their superior detection and compression efficiency compared to other methods 
is already known [36-41]. We have developed digital and analog building blocks for 
a low-power implementation of neural spike detectors and compressors. 

In digital implementation, two approaches, namely the polyphase and the lifting 
structures were compared in terms of power consumption and chip area for the 
implementation of a DWT. The polyphase structure outperforms the lifting structure 
in terms of RMSE and SNR for fixed-point implementations. Both structures can be 
implemented using either fully parallel or folded architecture. Between the two 
architectures, the latter is recommended as it offers better chip area and higher power 
savings. Between the basic polyphase structure and the folded polyphase structure, 
the latter offers lower static power consumption (at identical CMOS technologies). 
This result is significant because as the implementations are pushed further towards 
deep submicron technologies, static power consumption become increasingly 
important. 

Then, the CWT was implemented using an analog filter bank comprising high–
order log-domain filters. The proposed structure allows fitting the design into the 
low power and area budgets. The key design steps for such circuit structure were 
presented along with the simulation and implementation results. The combination of 
logdomain technique and weak inversion that we have used for our wavelet filter 
bank enables an ultra-low power implementation of a full WT processor. An analog 
design can offer very small chip area and achieve high power savings. Indeed, a 
digital implementation operating in subthreshold regime may produce the same level 
of power saving in addition to ease of design and inherent flexibility. This question 
of interest will be investigated in our future work. 

As shown in this paper, the power and bandwidth limitations in neural implants 
can be efficiently addressed by employing on-chip processing cores. The proposed 
approach employs real-time wavelet signal processing to achieve better signal 
detection and compression. In fact, automatic detection and compression of 
biopotentials signals considerably reduces the amount of data to be handled by a 
wireless transmitter, leading to great reduction in power consumption. 
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Although tremendous progress has been made in the area of neural interfacing, 
there are still critical needs for increased performance. Wireless operation of 
implants is necessary because it enables for battery-less operation and avoids 
percutaneous connections, which reduce the risk of infection and provide more 
flexibility. There is an urgent need for more efficiency in wireless powering 
interfaces as well as in on-chip signal processors before we can benefit from the 
several emerging clinical applications in this field. 
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