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Abstract—Spike sorting plays a vital role in recording neural 
signals using microelectrode arrays for neuroscience research. 
The bandwidth bottleneck is greatly eased for data transmission 
of hundreds of channels in neuroprosthetic application through 
on-chip spike sorting. Our previous work on feature extraction 
algorithm called Zero-Crossing Features (ZCF) shows good 
performance for data reduction and spike classification while 
requiring minimal hardware resources. In this paper, a new 
spike clustering & classification method based on ZCF feature 
extraction is presented. The method is shown to perform well in 
identifying the number of neurons in a spike channel and 
classifying spikes into correct neurons. An implant-compatible 
VLSI hardware architecture to cluster and classify spikes in the 
ZCF feature space is also presented.  

I. INTRODUCTION 
Neuroscientists require simultaneous recording of action 

potentials from many neurons to study the neural population 
and understand many types of brain function. For example, in 
visual restoration, it needs information from hundreds of 
channels to afford a minimum functional resolution. [1] Recent 
technological advances have made it possible to record the 
activity of thousands of neurons using implanted 
microelectrode arrays [1]. However, a single electrode can 
record the activity of multiple neurons. The study of brain 
function and the application of neuroprosthetics have a demand 
to classify recorded action potentials to specific source neurons. 
Spike sorting refers to the procedure of assigning different 
action potentials or spikes to different neurons. Usually, spike 
sorting consists of three steps: spike detection, feature 
extraction and clustering & classification. Clustering is the 
process of determining the number of neurons (spike templates) 
on a single electrode referred to as a channel, and classification 
is the process of assigning each recorded spike to a source 
neuron. The performance of each step will have a great impact 
on the final accuracy of a spike sorting system. 

Offline spike sorting algorithms have been intensively 
investigated in the literature [2-3]. For offline methods, a 
considerable amount of raw neural data has to be transmitted 
out of the body. Wireless transmission at such a high data rate 
challenges the bandwidth capability of biotelemetry techniques 
and severely limits the number of channels that can be recorded 
at the same time. VLSI implementation of existing algorithms 
to sort spikes online, within the front-end implant, would 
reduce wireless transmission but would consume too much area 
and power. Front-end spike sorting requires computationally 
simple and efficient algorithms to minimize chip area and 
power dissipation for implantable realization. Recently, DSP 
chips for spike sorting have been introduced [4-5] utilizing 
energy based filters for spike detection and discrete-derivative 

methods for feature extraction to achieve data rate reduction of 
above 90% [5]. Because the spike clustering & classification 
that would provide further data reduction is done using off-chip 
software, these systems are limited to a moderate number 
(~100) of channels due to bandwidth limitations (~1Mbps) in 
wireless implants. However, many future applications, e.g., in 
the visual cortex, will require recording hundreds of channels, 
where implant requirements will necessitate performing 
clustering & classification on chip.  

This paper presents an on-chip spike clustering & 
classification system based on the self organizing map (SOM) 
algorithm that enables on-chip clustering and online 
classification in real time. The system utilizes our previously 
reported Zero-Crossing Features (ZCF) [6] that provides 
extremely efficient feature extraction for a large number of 
channels. The presented system performs well for both 
clustering and classification over a wide range of signal-to-
noise ratio (SNR). The algorithm was selected for its 
computational efficiency, and a hardware architecture suitable 
for implantable applications is presented. 

II. ZERO CROSSING FEATURES 
ZCF utilizes the fact that, statistically, spikes in the same 

channel from different neurons will nearly always have 
different area (energy) within two lobes defined before and 
after the first zero crossing after the spike was detected. 
Mathematically, this can be expressed as  
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where ZC1 and ZC2 are two features, K is the number of 
samples in a spike and Z is the sample index of first zero 
crossing. When there is no zero crossing in a spike, ZC1 will 
sum up all the samples of the spike and ZC2 will remain zero. 
Fig. 1 illustrates the ZCF features for a typical spike and shows 
the projection of ZCF features in their feature domain. The 
clusters of different spike templates are clearly separated from 
each other using ZCF features. 

The advantages of ZCF features [6] lie in: 1) each spike is 
represented by only two features, which reduces the data rate to 
2% of the raw data (typical), 2) the sorting accuracy of ZCF is 
comparable to traditional principle component analysis (PCA) 
while using less than 5% of PCA’s computations, 3) it does not 
require any training phase. To capitalize on the efficiency of 
this two dimensional feature set, the spike clustering & 
classification algorithm described below is compatible with 
ZCF. and the system developed to characterize spike sorting 
performance utilizes ZCF extraction. 
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III. CLUSTERING & CLASSIFICATION ALGORITHM 
In reported off-chip spike sorting systems, the number of 

neurons per channel was assumed to be known a priori, (three 
neurons in [5] and two in [4]), reducing the task to 
classification only, without clustering. However, in practice, 
the number of neurons per channel is an unknown, and it has 
been shown that estimating the number of neurons per channel 
through clustering is essential before classification [7]. An 
initial training phase is required to estimate the number of 
clusters before classification of detected spikes can begin.  

The most common method for clustering is K-means. 
However, K-means requires prior knowledge of the number of 
clusters in a channel and is therefore an incomplete solution. 
Fuzzy C-means is an alternative method for spike clustering 
that can inherently determine the number of clusters in a 
channel [8]. However, this approach requires that the whole 
data set to be available, which makes it unsuitable for real time 
operation and incompatible with implantation because of large 
memory requirements and high computational complexity. 

To be suitable for on-chip, implantable, implementation, the 
algorithm must processes each input feature pattern in real 
time, as it is fed into a cluster, without significant memory for 
storage. SOM is an unsupervised learning neural network 
algorithm. The network can be thought of as a sheet of units 
arranged in a two-dimensional space, where each unit is 
associated with a weight vector that can be updated with each 
input. The resulting network shows natural relationships among 
the patterns that are given to the network. The SOM algorithm 
can be generalized as two steps employed in a training phase to 
estimate the number of clusters prior to clustering and 
classification. The first step is competition, where each unit 
compares its weight vector with an incoming input and 
determines the nearest unit, which is called the winner unit. 
The second step is adaptation, where the winner unit updates 
its weight and the winner’s neighbors update their weights as 
well. At the end of the algorithm, the units serve as an 
abstraction of data set. 

An illustration of SOM applied to clustering of ZCF features 
is shown in Fig. 2 for an example having three clusters. 
Because the number of the clusters is initially unknown, the 
beginning number of units should be greater than the number 
of actual clusters recorded in a channel, and beginning weight 
vectors can be set randomly. Each unit is given an initial 
number to represent a cluster. When the algorithm finishes, as 

shown in Fig. 2 (b), some clusters contain more than one unit 
and some units are excluded out of any cluster. The decision is 
then made to 1) merge units inside the same cluster by 
assigning them the same label and 2) remove units that are not 
included in any cluster, as shown in Fig. 2 (c). After the 
number of clusters is determined, each input feature pattern is 
classified to a cluster by being assigned to the closest unit. 

A more specific and detailed implementation of the SOM-
based clustering and classification algorithm is summarized by 
the following rules: 

1. Decide the number of units for an SOM neural network. 
This number must be equal to or greater than the maximum 
number of spike types that will occur in a channel. Once the 
number is determined, the maximum value is used for all 
channels. 

2. Initialize the weights randomly. 

3. Calculate winner unit for each input pattern. Normally, the 
Euclidean distance is used for this measurement, but this 
requires a squaring operation. To reduce hardware resources, 
the Manhattan distance, dn,i, has been utilized, which can be 
expressed as  

 , ( ) ( )n i id x n w n= −  (2) 

where x(n) represents the input feature vector and wi is the 
weight vector. 

4. Update the winner unit and neighboring weights. The 
adaptation methods are different between the winner and its 
neighbors. The winner unit is updated by the equation 

 ( 1) ( ) [ ( ) ( )]i iw n w n x n w nη+ = + × −  (3) 

where η is called learning rate. The neighbor units are updated 
by  

 ( 1) ( ) [ ( ) ( )]
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Fig. 1. (a) Graphical representation of ZCF features for a single spike and (b) 
projection of ZCF features in the feature space for two spike clusters. 
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Fig. 2. (a) Initialization of weight vectors. (b) Adaptation of weight vectors at 
the convergence of the algorithm. (c) Mergence and elimination of weight 
vectors to determine the number of clusters. 
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where h(n) is a neighborhood interaction function, a parameter 
that will vary with time. Traditionally, h(n) is a Gaussian 
function decreasing exponentially with time. For hardware 
efficiency, h(n) has been designed to change periodically by an 
integer power of 2 so that the division is only a shift operation. 

5. When the weight updating stops, (2) is used to calculate 
the distance between weights. Units are considered to be in the 
same cluster for distances smaller than a threshold. 
Additionally, units with a low number of weight updates are 
removed. Thus, each unit requires a counter to monitor how 
many times it is updated during the training phase. 

6. After the weight vectors and number of clusters are 
determined, each input is compared to the final updated units 
and classified to its nearest unit. 

Equations (2) through (4) show that this algorithm requires 
operations consisting of, at most, one multiplication and two 
additions, and the operations in each step can be executed by 
sequentially using a common computation block. The 
clustering phase is more complicated than the classification 
phase. It demands an initial training phrase to determine the 
number of spikes in a channel, and its result directly affect 
classification performance. It is important to note that if the 
algorithm fails to determine the correct number of clusters, any 
subsequent classification result is meaningless.  

IV. SYSTEM ARCHITECTURE 
To efficiently implement this algorithm in hardware, the 

architecture presented in Fig. 3 was developed. It is composed 
of a computation core, a global controller, and multiple 
memory and counter units. The computation core is responsible 
for calculating distances and updating weights, which as 
described above can be accomplished with only one 
multiplication and two additions. The system counter operates 
during the clustering phase to count how many inputs have 
been processed. It controls the value of neighborhood 
interaction function h(n) in different periods and indicates 
when the clustering phase is complete. Weight counters are 
employed to monitor the histogram for each unit to determine 
whether a unit represents a cluster or not. Weight memories 
store weight vectors for each channel. These memories will 
dominate the area required to implement this architecture in an 
integrated circuit. The global controller primarily routes 
different types of data to the computation core and manages 
communication between modules  

The firing rate of spikes is typically between 10-100Hz, 
which means spikes provide a sparse representation of neural 
signals. Thus, if each channel had its own clustering and 

classification hardware unit, the overall system could operate at 
low speed with low power. However, for multiple channels, the 
area required would not be suitable for implantation. 
Alternatively, because the data rate is much lower than the 
potential speed of electronics, the system could process each 
channel sequentially, in pseudo-real time, permitting many of 
the modules to be shared by many channels. In this approach, 
the circuit area would be dependent on the size of weight 
memories, the weight counters and the system counters. For a 
1000 channel implementation, the dominate hardware resource 
would be a memory block around 8kB, which would occupy 
less than 0.8mm2 in 130nm technology. The area efficiency of 
this SOM-based approach makes it suitable for implantation in 
wireless neural recording. An additional buffer would be 
needed to support sequential firing of spikes on multiple 
channels, with the length of the buffer set by the application 
specific tradeoff between circuit area and required spike 
recording accuracy. 

V. RESULTS AND DISSCUTION 
Neural spikes recorded from live experiments were used to 

generate synthetic neural signals by a neural signal generator. 
The detailed procedure for data collection can be found in [10]. 
To test only the sorting algorithm, it is assumed that all spikes 
are detected without errors so that the detection accuracy has 
no effect on the measured clustering & classification 
performance. Recent research indicates that the number of 
neurons in multi-neuronal spike trains is generally between two 
and five [9]. Accordingly, the maximum number of neurons 
was set to five in our simulations. The six spike templates 
shown in Fig. 4 were used to mimic neural signals. To examine 
the reliability of our algorithm, all possible combinations of 
two to five spike templates per channel were tested under 
different SNRs. The definition of SNR varies in the literature, 
and we adopt the formula found in [11] as  

 SNR = 
peak to peak amplitude

2×standard deviation of noise  (5) 

The performance of a clustering & classification system can 
be measured by the clustering accuracy and the classification 
accuracy. The clustering accuracy is defined as 

 Clustering Acc = 
# of correct clustering combinations

# of total combinations   (6) 

Correct clustering means that the number of clusters 
determined by the algorithm matches the number of spikes 
present in a channel. Classification accuracy is defined by 

 Classification Acc = 
# of correct classifed spikes

# of total spikes   (7) 

It is important to note that classification accuracy is meaningful 
only when the clustering result is correct. Thus, the clustering 
accuracy dominates system performance. 

 
Fig. 3. Block diagram of SOM based spike clustering & classification system.

 
Fig. 4. Six spike templates used for simulation. 
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The SOM-based spike clustering & classification system 
was simulated using all 56 combinations of spike templates 
yielding channels with two to five spikes/clusters. Fig. 5 shows 
the resulting clustering accuracy as a function of SNR. Notice 
that the performance relationship is very similar for all tested 
number of clusters per channel. As expected, for low SNR and 
some clusters may overlap and be incorrectly merged into one 
cluster thus reducing accuracy. Averaged across all number of 
clusters, the clustering accuracy is above 90% for SNR greater 
than 7 and falls below 50% for SNR less than 5. To better 
illustrate the high quality of these results, the SOM-based 
algorithm was compared to the Fuzzy C-means algorithm, 
which is believed to be the best reported clustering & 
classification approach that does not require prior knowledge 
of the number of clusters per channel [12]. Fig. 6(a) shows that 
the SOM-based algorithm outperforms Fuzzy C-means in 
clustering accuracy by almost 20% averaged over SNR. In 
cases where some clusters are close to each other but far away 
from another cluster, Fuzzy C-means was more likely to 
incorrectly merge the close clusters into one cluster. For 
classification accuracy, Fig. 6(b) shows the results are very 
similar when clustering is set to 100% accuracy, with Fuzzy C-
means slightly better at low SNR. However, for both 
algorithms, accuracy degraded significantly less with SNR for 
classification than for clustering. Combing this observation 
with the fact that inaccuracy in clustering degrades 
classification performance, the superior clustering performance 
of the SOM-based algorithm provides a clear advantage in 
overall performance.  

In a 1024 channel system with a sampling frequency of 
25Ks/sec/channel and 10 bits ADC resolution, ZCF encodes 
each spike into two features (around 30 bits per spike), which 

reduces data rate to ~3Mbps, less than 2% of raw sampled data 
[6]. When combined with spike clustering & classification, 
where each spike is represented by a single label (around 3 bits 
per spike), the data rate is reduced to 300kbps, only 0.2% of the 
original data. For wireless neural recording applications, this 
data rate reduction makes it possible to probe hundreds of 
channels by reducing the bandwidth and power requirements 
for wireless transmission. The SOM based algorithm can be 
used with any two dimensional feature set besides ZCF. 

VI. CONCLUSION 
A new algorithm for real time spike clustering & 

classification that is suitable for realization within an 
implantable circuit was presented. The algorithm is based on 
SOM and was developed for ZCF feature extraction. A 
computationally efficient hardware implementation based on 
this algorithm was also described and shown to have an area 
limited only by the memory needed to store the weight units 
within each channel. The clustering accuracy of the SOM-
based algorithm was reported over a range of SNR values and 
number of clusters per channel. Performance was also 
compared to the Fuzzy C-means algorithm, where the superior 
clustering performance of the SOM-based algorithm 
demonstrated a clear advantage in overall spike sorting 
performance. 
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Fig. 5. Clustering accuracy vs. SNR for each number of clusters per channel. 
 

 

4 6 8 10
0.2

0.4

0.6

0.8

1

SNR

C
lu

st
er

 a
cc

ur
ac

y

4 6 8 10
0.85

0.9

0.95

1

SNR

C
la

ss
ifi

ca
tio

n 
ac

cu
ra

cy

Fuzzy

SOM

Fuzzy

SOM

 
 (a)  (b) 
Fig. 6. Comparison of SOM and Fuzzy C-means for (a) clustering accuracy 
(b) classification accuracy when clustering is assumed correct. 
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