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Abstract—Nowadays, brain scientific research progress 

depends on signal compression at high spatial resolutions, for 
efficient storage and low-rate transmission through wireless 
connection to outside world. So that neural data compression at 
the implant site is necessary in order to conform with the wireless 
rates restrictions. In this paper, the high spatial correlation is 
utilized to increase the data compression ratio. Then we 
investigate and compare three different proposed low-power 
image compression algorithms based on discrete cosine 
transform (DCT) and discrete wavelet transform (DWT) to 
provide the best trade-off between hardware complexity and 
compression performance. Hence, we conclude that Adaptive 2D-
DWT algorithm is a promising solution for low-power 
implantable devices. 
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I. INTRODUCTION 

eural implantable recording systems are widely utilized to 
treat neural disorders as Parkinson and Epilepsy diseases. 
To diagnose and detect these disorders, the complete 

waveform for every electrode needs to be extracted instead of 
extracting the special signal features only. Hence, data 
compression at the implant site is very important to be able to 
transmit these huge sizes. To conform to the implantable 
subsystem requirements such as limited wireless transmission 
bandwidth with the outside world and low received electric 
power despite of huge number of recording channels, which 
reaches up to 1024 channels and even more to cover finer 
spatial resolution of the recordings, a low-power and efficient 
compression algorithm is needed. 
In this work we target high resolution neural signals whether 
Electrocorticography (ECOG) or Electroencephalography 
(EEG) or any other high resolution neural signals. Spatial 
space reaches up to 0.5 mm between the neighboring 
electrodes. Temporal sampling rate reaches up to 20 
KSample/s/channel. These high resolution signals 
characterized high spatial domain correlation as well. 
In neural measurement systems the wireless transmission node 
is the functional bottleneck in terms of a very limited data rate 
of a couple of hundred kBit/s [1]. For the transmission of high 
resolution neural raw data for 1024 electrodes, and electrode 
resolution is 8-bit with previous mentioned high rate (20 
KSample/s/channel), wireless data rates are in order of 200 

MBit/s. Hence, Powerful and efficient compression algorithms 
at the implant site to comply with this huge increase in neural 
data size is required. In this work we do not only concentrate 
on powerful compression algorithms and higher compression 
ratios, but also we include the hardware efficient (Low-Power 
and Area-Efficient) algorithms, because power consumption is 
the main parameter in implantable devices. In addition, the 
high sampling rate places another restriction on the hardware 
latency of the target compression algorithm to not violate the 
real-time processing. Hence, all these restrictions should be 
combined as design guidelines to choose the most suitable 
compression algorithm.  
Most of compression techniques which have been proposed 
for multichannel ECOG or EEG are based on the similarity 
between neural data compression and image compression [2]-
[3]-[4]. Image compression algorithms utilize the spatial 
correlation between adjacent electrodes only like JPEG and 
JPEG2000. It is obvious that these algorithms could not be 
used directly because they are very complex and could not 
achieve our low-power and real time restrictions. However, 
these algorithms should be modified to make them suitable for 
our implantable devices requirements.  
We apply the three proposed compression algorithms that 
depend on two well-known bases and evaluate their 
performance, area, time and power. These bases are the two 
main transform coding methods which are used in image 
compression. They are (DCT) and (DWT). These two bases 
are widely used to compress images, videos and neural data. 
The rest of the paper is organized as follows. Section II 
presents the signal characteristics and correlation. Section III 
provides the description and hardware implementation of our 
proposed compression algorithms. Results and a comparison 
between these different algorithms are discussed in Section 
IV. Finally our conclusions are drawn in Section V. 

II. SIGNAL CORRELATION 

To evaluate the performance of the compression algorithms 
for high resolution neural data, virtual recorded data is used 
with the same signals characteristics (spatial correlation) of 
real data, because there is no available high resolution 
recorded data with these large sizes yet (1024 channels and 
more). Accordingly we use virtual data for 1024 channels with 
roughly the same correlation of smaller sizes high resolution 
systems [2]-[3].In order to measure the correlation between 
two signals X  and X  we use the Pearson Product-Moment 
Coefficient [5], as shown in Eq. (1). 
 r = [( )( )]

                       (1) 

The correlation coefficient r between two random 
variables and  with Mean values μ  and μ  and standard deviations and	 . 
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The degree of correlation is classified in to [3]: 
• 0    <	|r|	< 0.2   : weak correlation 
• 0.2 <	|r| < 0.5   : medium correlation 
• 0.5 <	|r| < 1      : strong correlation 

 
Our current model consists of 1024 channels organized in 
32x32 grid. It has a strong average spatial correlation between 
adjacent channels of 0.6130 and maximum of 0.996, and goes 
lower when channels are spatially apart. 

III. COMPRESSION ALGORITHMS 

1. 2D-DCT8x8 Based Compression Method 
The neural time instant frame of channels is divided into 8x8 
blocks, working from left to right, top to bottom. The 2D-DCT 
is applied on each block to be converted to frequency 
representation. 
 

 
Figure 1: 2D-DCT8x8 Based Compression procedure. 

 
Block size 8x8 has high hardware complexity but it has high 
compression ratio. We propose to perform the two-
dimensional Discrete Cosine Transform by coefficients matrix 
multiplication [6]. 
   = 	 	 ′                                  (2) 
 
In Eq. (2) matrix p is left multiplied by the DCT coefficients 
matrix T , as shown in Fig. 2, this transforms the rows then  
multiplied by the transpose of DCT coefficients matrix to 
transform the columns. 
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 Figure	2:	  Coefficients Matrix 
 

Then our 8x8 block of DCT frequency components is ready 
for quantization, as shown in Fig. 1. This stage is the main 
stage to control in compression ratio and quality level. 
Quantization is the only lossy stage duo to rounding process, 
as shown in Eq. (3).  

 = ( 	∗	 	_ )                         (3) 

 
Here we use a scalar constant 'Quality Level' as a quality 
controller, it changes from 1 to 10. For a highest quality and 
the lowest compression ratio select '10' and for a lowest 
quality and the highest compression select '1'. Then, it divided 
by the quantization value according to Q_matrix, as shown in 
Fig. 3. 
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  Figure 3: _  
 
Quantizer output should have a lot of zeros components in the 
right bottom corner and decrease gradually to be minimum at 
the left top side, so that we propose to use JPEG standard 
block ZIGZAG Reorder to reorder the components from lower 
probability to be zero to higher probability to be zero to get 
higher compression ratio in the Entropy stage, as shown in 
Fig. (4). It needs a memory size 64B to reorder the 8x8 
quantized block.  
 

 
      
                       Figure 4: Zigzag Order 

 
Entropy stage is a lossless stage replaces nonzero components 
to a stream of binary bits. Huffman coding is a common 
method to encode the DCT components with variable length 
codes according to common tables that are assigned according 
to statistical probabilities. A frequently used symbol will be 
encoded with a short code, while symbols that are rarely used 
are represented by a long code. 
JPEG standard uses up to 4 tables divided to 2 sets luminance 
(DC and AC) and chrominance (DC and AC). We propose to 
use the luminance tables because Neural signals DCT 
components have a similar behavior of luminance DCT 
components. 
 

2. 2D-DCT4x4 Based Compression Method 
The 2D-DCT8x8 based algorithm requires high computation 
power and large area, and thus is not a suitable choice for 
implantable devices. So that we use the same algorithm with 
smaller block 4x4. We perform 4x4 2D-DCT by matrix 
multiplication too with coefficients matrix T , as shown in 
Fig. 5. 
 . 5 			.5 			.5 			.5. 6353 			.2706 			−	.2706 	−.6353. 5 		−.5 −.5 . 5. 2706 −.6533 			.6533 −.2706  

	
Figure 5:  Coefficients Matrix 

 
Then the DCT frequency components are quantized with the 
same procedure as 8x8 2D_DCT based algorithm with the 
proposed Q_marix_4x4, as shown in Fig. 6. 
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Figure 6:	 _  

 
Then a memory size 16B is needed to apply ZIGZAG reorder 
procedure on the 4x4 quantized block. Then, the output is 
Huffman encoded, as shown in Fig. 1. 
 

3. ADAPTIVE 2D-DWT Based Compression Method 
The main difference between DWT-based and DCT-based 
methods is the transformation block. The remaining path is 
roughly similar, as shown in Fig. 7. Input data are directly 2D-
DWT transformed as a one block without division to smaller 
blocks [7]-[8]. 

 
Figure 7: Adaptive DWT based Compression procedure. 

 
In this work we propose to use the Adaptive quantization 
DWT compression algorithm instead of regular DWT, because 
it achieves higher performance than regular DWT [9], with a 
smaller hardware overhead. The complexity of DWT depends 
on the length of the filter coefficients and the number of  
levels. Hence, we propose to use 1-level DWT with the 
biorthogonal spline 5/3 filter. We use 2D-DWT to transform 
the frame to frequency domain. The 2D-DWT output is 
divided to 4 sub-bands, denoted as LL, LH, HL and HH. 
The Adaptive quantizer uses different quantization values to 
compress the DWT sub-bands. LL is the most important 
quarter so that it divided by the lowest quantization value. 
Then LH and HL are divided by intermediate quantization 
value. Finally HH has the lowest importance so that it's 
divided by the highest quantization value. To perform the 
adaptive quantization algorithm, the right interval width, left 
interval width, and median for each sub-band have to be 
computed in advance [9]. 
 

                       Figure 8: Adaptive DWT Procedure 
 Q , = sign(C , ) , .   (4) 

 
Quantized value of 2D-DWT output is calculated, as shown in 
Eq. 4. Quantization Interval will equal the right interval width 
divided by the quantization step if the DWT component is 
larger than the median, or will equal the left interval width 

divided by the quantization step if the DWT component is 
smaller than the median, as shown in Fig. 8. Quantization step 
is used to control in the compression ratio. If it's large the 
compression ratio will be small, and vice versa. After 
quantization, we should have a lot of zeros in HH sub-band, 
and less in HL and LH sub-bands, then LL has a lowest 
number of zeros. So that the Quantization outputs LL, HL, LH 
and HH respectively are reordered to be ready for Huffman 
encoder. 

IV. RESULTS AND DISCUSSION 

In order to evaluate our proposed compression algorithms we 
use three performance metrics: 
• Compression ratio (R): to measure the ratio between 

compressed data size and original data size, as shown in 
Eq. (5). 

  = 	 	 		 	 	                           (5) 

 
• Signal to Noise and Distortion Ratio (SNDR): to measure 

the quality of reconstruction data  after compression and 
decompression again compared to original data D [3], as 
shown in Eq. (6). 	 = 10 	. log	 ‖ ‖‖ ‖                  (6) 

• Figure of Merit (FOM): The SNDR measures the quality 
only. But there is another performance measurement to be 
compared and it's not less importance than SNDR 
especially in implantable devices. This parameter is the 
hardware complexity (area or power). Both can be used to 
express the hardware complexity. We use an area as an 
indicator on the hardware complexity. Area (Power) can 
not be used alone, because it can be decreased at the 
expense of output Latency and vice versa by changing the 
level of pipelining. So that the hardware block latency 
should be included, as well, in our consideration to be fair 
comparison, as shown in Eq. (7). 

										 	 = 10 	.		 ‖ ‖
	.		                    (7) 

 
We try our proposed algorithms with a lot of input data and 
average the results as shown in Fig.9. Fig. 9.a shows the 
signal-to-noise and distortion ratio (SNDR) for all proposed 
compression algorithms for different compression ratios. 
 In addition, it's obvious that DCT_8*8 achieve better 
performance than DCT_4*4 duo to larger block size. Block 
size 8*8 utilizes the correlation between 64 channels but 4*4 
block utilize the correlation between 16 channels only. But 
DCT_8*8 algorithm it's not a perfect compression algorithm 
to be used in implantable devices duo to its hardware 
complexity as we will discuss later. Adaptive quantization 
DWT algorithm achieves better compression performance 
than DCT_4*4 compression algorithm for a wide range of 
compression ratios till SNDR value at or above 45 dB. But it's 
still lower than DCT_8*8 compression algorithm. 
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    (a)      (b)
Figure 9: Comparison of the performance of the compression algorithms 

 
 Area 

(μm ) 
Memory (KB) Memory 

(μm ) 
Total Area 

(μm ) 
Power (mw) Latency Per Frame 

(clock cycle)  
DCT 8*8 726923 0.086 1710 728633 96.94 3280 

DWT 110639 1 19906 130545 11.36 5888 
DCT 4*4 232939 0.02 427 233366 32.06 3648 

 
Table 1: Hardware Performance Summary of the compression algorithms 

 
The above comparison among the compression algorithms is 
based on the performance (SNDR). Now the hardware 
implementation area and hardware latency should be included 
into the comparison to give real design insights. In order to get 
them, the following steps are conducted: 
• The area of the hardware design is measured on 130nm 

technology for ASIC implementation. And calculate the 
needed SRAM memory for every compression algorithm 
then multiply it by 6-transistor SRAM area for the same 
technology.  

• Hardware latency per frame (1024 channels) is used as a 
reference in our comparison. 

• Area and latency is used normalized to the maximum 
value. 

Table 1 lists the performance metrics for the algorithms and 
the following design insights are extracted from the table:  
• DWT algorithm has the smallest area and power, but it 

has the largest latency per frame.  
• DCT_8*8 has the largest area and power (triple of 

DCT_4*4), but it has the smallest latency per frame. 
Fig. 9.b shows the FOM for all previous compression 
algorithms for different compression ratios. We can conclude 
that Adaptive DWT compression algorithm is the best 
algorithm for all compression ratios duo to its hardware 
simplicity and all DCT based algorithms is worse for all 
compression ratios duo to its hardware complexity.  
Finally, the Adaptive Quantization DWT algorithm is 
recommended as the most suitable compression algorithm for 
low-power implantable devices for neural data compressing. 
To reconstruct the data without performance degradation 
SNDR more than 42 dB needs to be achieved. Then, the size 
of compressed data will be 19% from the original data size. 
For the seizure detection, SNDR around 30 dB is adequate. 
Then, the size of reconstructed data will be 2.5% from the 
original data size.  

V. CONCLUSION 

Neural data research has a wide application today. And it 
heavily depends on high resolution data compression to be 
able to extract the all signal waveforms with finer resolution to 
be analyzed. This paper proposes an Adaptive 2D-DWT as a 
most suitable compression algorithm for Low-Power Area-
Efficient design for high resolution neural data. 
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