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Abstract

Recent developments in integrated circuit (IC) design technology enable us to re-
alize the complicated applications and algorithms which were mainly implemented in
software-based platform. In addition, the rapid advancements in the world of digital sig-
nal and image processing have simultaneously brought the newer and more efficient al-
gorithms into existence. For example, the frequency-based image processing that was
first relied on Fourier transform, has been gradually looked for another powerful trans-
forms. They not only unmask the frequency components, but also provide the position of
the frequency components such as Laplacian and Gaussian Pyramids (LP and GP) and
wavelet transform. Going to more than one dimensional signal processing necessitates
having the transform providing more information of the signal such as directionality. For
instance, curvelet (for continuous signals) and Contourlet (for two dimensional (2D) dis-
crete signals) transforms have been developed to address those issues. By tracking the
time passed from Fourier transform to Contourlet transform which is almost 130-year-
old journey, we have been able to access to more information, though the complexity is
considerably increasing. Now, there are various mathematically complex algorithms de-
veloped to achieve the desired outcome in the areas like biomedical and mobile applica-

tions, coding, robotics, three dimensional (3D) graphics and so on.

Many of the mentioned applications require to be implemented in hardware in
order to have the real-time performance. Moreover, some needs to be ultra-low power to

operate for a longer time, especially for biomedical applications in which both battery



life and thermal energy transferred to body tissues are of great concerns. For instance,
the online spike sorting DSP has been developed to do sorting on the signals (spike) rec-
orded from a brain in a real time. Two requirements that should be always met are the
real-time performance and the power density. The latter one is also very essential be-
cause the hardware implanted in a brain must avoid damaging brain tissue. So, the main
bottlenecks of achieving ultra-low power signal and image processors for biomedical

and Internet of thing (10T) applications are memory and computational complexity.

In the first part of this thesis, | propose architecture level contributions to achieve
ultra-low power digital processor for biomedical and loT applications. The proposed
techniques reduce the power and area by addressing the area- and power-hungry compo-
nents of such applications which are FIFOs and memory. The proposed techniques are 1-
FIFO with error-reduced data compression (FERDC) and 2- FIFO with adaptive error
reduced data compression (FAERDC). FERDC internal parameters are set in advance
and it has less design complexity. Whereas in the latter one, the adaptive mechanism
updates internal parameters with respect to input data pattern to reduce the output error
and gain more power and area saving. FERDC and FAERDC can be generally applied to
various digital signal and image processors and hardware accelerators because there is
no assumption on which FERDC and FAERDC are proposed. FERDC has been exten-
sively investigated using the various simulations to verify the functionality as well as
power and area reduction. Then FAERDC along with a proposed extension method for

filtering and a near-threshold operation have been proposed to design an ultra-low power



Laplacian Pyramid (LP) engine as a popular hardware accelerator. The LP has been fab-

ricated in 180 nm CMOS technology and its functionality is verified at 0.5 V.

In the next part of this thesis, Contourlet transform (CT) which is a multiresolu-
tion image representation is studied. CT is one of the latest directional image transform
whose hardware implementation has not been yet investigated. It consists of LP and di-
rectional filter bank (DFB). DFB is extracting the frequency components with respect to
their directions. We have proposed the first hardware architecture of CT and studied the
DFB in detail. The proposed architecture has been functionally verified through exten-
sive simulation results. DFB is also a memory-intensive algorithm through which the

whole input should be iteratively read, processed and stored back in the memory.

The last part of this thesis is devoted to a real-time multi-channel spike sorting
chip. Various techniques are proposed to design a 128-channel real-time spike sorting
DSP operating at near-threshold (NT) voltage. The main contributions are categorized as
architecture and circuit levels. We have proposed a new spike detector, feature extrac-
tion and training algorithms to improve the accuracy of clustering and then reduce the
memory requirement in training and clustering parts. In order to further reduce the area
to accommodate 128 channels as well as leakage power, a full custom 8T-cell SRAM is
designed to operate in NT. An auto-biased bit-line keeper provides a reliable sensing
margin at near- and sub-threshold operation so that a single power supply can be used
for both the digital core and SRAM. The measurement results verify the chip function-

ality at 0.54 V with 0.175 ulW /ch.

Xi



List of Figures
Figure 1-1. (a) Conceptual design of retinal implant. (b) Argus-11 retinal implant [12, 13]. ........cccccovriennne 3

Figure 1-2. Conceptual procedure of image processing unit in retinal implant. (a) A 256x256 input image.
(b) Decimated image (128x128). (c) Edge-detected binary image. ........cccevvveeieienenese e 3

Figure 1-3. (a) Fourier Spectrum of the image “cameraman”. (b) LP approximation of the image
“cameraman”. (c) GP approximation of the image “cameraman”. ...........ccooeererieriirsiennee e 5

Figure 1-4. Compression efficiency of 2D FFT vs. LP in a simple lossy compression algorithm. (a)

Reconstructed image by 2D FFT (PSNR = 0). (b) Reconstructed image by the LP (PSNR = 17 dB)........ 5
Figure 1-5. (a) A capsule endoscopy. (b) A capsule endoscopic system. (c) Some taken pictures [5]. ........ 7
Figure 1-6. Typical spike SOrting fIOW. ........ccoiiiiiiic e 9
Figure 2-1: Sample filter configurations: (a) 2D filter and (b) Two 1D filters. ........ccccovvriniininnicnnnn, 16
Figure 2-2. FIFO architecture for an 8-tab vertical filter: (a) Using proposed FERDC technique. (b) Using
CONVENLIONAL FIFO. ...ttt r e 19
Figure 2-3. Histogram of “Barbara” (First row) for (a) xiand (D) ¥i. ....ccccoorvininiiiiie 22
Figure 2-4. Differential and inverse differential predictors’ architectures. .........ccoceevveriininnininesenn 22
Figure 2-5. Error mathematical model 0f FERDC. .........ccovoiiiii it 23
Figure 2-6. Error mathematical model of FERDC without applying the “error update” block (named as
= 1) OO 23
Figure 2-7. Row 310 of the horizontal low-pass filtered image "Cameraman”. ............ccccocerviniennincnnenn, 24

Figure 2-8. Error of the quantized difference values in Fig. 7: (a) Partial error, Ei. (b) Accumulated error,

ET _FDC. ..ottt 24
Figure 2-9. Comparison of outputs for FERDC and FDC methods with reference to original input. (a)
Original input. (b) xig_FERDC. (C) XIG_FDC......ccccomioiiiiiiieieiee ettt e 26
Figure 2-10. Quantizer used for positive (Qp) and negative (Qn) NUMDEIS.........coeiiiiiiiiinicieiee e, 27
Figure 2-11. Direct-form Implementation of horizontal filters. ..., 29
Figure 2-12. Maximum and absolute minimum values of datasets. ..........cocovverviiinin 33
Figure 2-13. fL vs. sL for the various combinations of Step1 and Step2........cccocvvvveniiiiinniiicneisenen 34
Figure 2-14. MSE and sLvs. fL for Step1=1and Step2 = 8. .....cccoiiiiiiiiinieieee e 34

Xii


file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641255
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641256
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641256
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641257
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641257
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641258
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641258
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641259
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641260
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641261
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641262
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641262
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641263
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641264
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641265
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641266
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641266
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641267
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641268
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641268
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641269
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641269
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641270
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641271
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641272
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641273
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641274

Figure 2-15. FERDC-based FIFO with L=128 (fL=25, sL=314. Step1=1 and Step2=8).......c..c.cecrcvrur... 34

Figure 2-16. Area for the conventional FIFO and proposed FIFO. .........ccccovieiiiiiiie e 35
Figure 2-17. Area breakdown for the proposed FIFO. ........cccciiieiiiiie e 36
Figure 2-18. (a) Comparison between the total power of the conventional FIFO and proposed FIFO. (b)
Comparison between the energy of the conventional FIFO and proposed FIFO. .........cccccoovviviivecievenecnnn, 38
Figure 2-19. Power breakdown of the proposed FIFO for different W........ccccceoveieviiiieiisie e, 39
Figure 2-20. Leakage power comparison of the conventional FIFO and proposed FIFO. .........c.cccccovenn. 39
Figure 3-1. Laplacian PYramid...........ccooiiiiiiiiiiiiieie sttt 43
Figure 3-2. Hierarchical LP. (a) Input image, Barbara. (b) Scale 0 HFC. (c) Scale 1 LFC. (d) Scale 1 HFC.
(e) Scale 2 LFC. (f) Scale 2 HFC. (g) Scale 3 LFC. ..ottt 44
Figure 3-3. LP realized DY 1D fIlters.......cov i et 48

Figure 3-4. Equivalent block for the combinations of filter and resampling.(a) Filter H with
downsampling. (b) Polyphase decomposition of filter H. (c) Reversing the polyphase components of filter
H with downsampling after performing the noble identity 1. (d) Filter G with upsampling. (e) Polyphase
decomposition of filter G. (f) Reversing the polyphase components of filter G with upsampling after

performing the NODIE TAENTLILY 2. .....c..ociiie e et a e te e reeaeanees 48
Figure 3-5. LP architeCture in [20]. ......ccoiiiiiiiiiiee et 48
Figure 3-6. Conventional extension MEtNOUS. ..........cooeiiiiiiiie s 50

Figure 3-7. (a) A block diagram of FERDC. (b) Differential and I. Differential Predictors. (¢) Quantizer
for positive and Negative NUMDETS. .......oovi et e e nre s 52

Figure 3-8. Proposed FIFO with adaptive error reduced data compression technique (FAERDC). .......... 55

Figure 3-9. (a) fLvs. sL for the various combinations of Step1 and Step2. (b) The reason why at least two
(Stepl, Step2) cOMbINALIONS Are FEOUITEA. ... cc.ieuiiieieiee ittt sttt st b et see e 55

Figure 3-10. Proposed semi-periodic extension method for row filtering..........cccoceoni i, 58

Figure 3-11. MSE comparison between the proposed extension and other extension methods over 100
SEANGAAIT TEST IMAGES. ettt ettt ettt et st e bbb e bt be e e bt be e et bt et st e e b et ene 58

Figure 3-12. Proposed FIFOs architecture for a 5"-0rder filter. ............c...coovuorveervoeceeseieseecree s, 61

Figure 3-13. Proposed 4WW-delay data synchronization. It has only one decoding part compared to
FROUIE B-12. ettt b bbb bbb bR bbbt b e bRt b bt n bt n b e 61

Figure 3-14. Differential Predictor and Update Error hardware implementation...........cccccoevevevvencrennnnnn, 62

Xiii


file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641275
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641276
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641277
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641278
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641278
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641279
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641280
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641281
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641282
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641282
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641283
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641284
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641284
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641284
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641284
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641284
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641285
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641286
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641287
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641287
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641288
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641289
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641289
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641290
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641291
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641291
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641292
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641293
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641293
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641294

Figure 3-15. Quantizer hardware implementation. (a) Calculating yis (b) Calculating yiq..........c.cc.cc..... 63
Figure 3-16. I.Quantizer hardware implementation. ...........ccccveivireieiiie e 64
Figure 3-17. I.Differential Predictor hardware implementation...........c.ccocveiveieeiieiencsie s 64

Figure 3-18. Quantizer Tuner consists of two blocks which are (a) Quantizer Parameters Update block. (b)

W T (o TR o Y o] [0 PSRN 65
Figure 3-19. Direct form implementation of a general 5"-order linear phase filter with reduced numbers of
0T 7o) 1TSS 68
Figure 3-20. Pipeline implementation of LP. There are only eight pipeline stages shown here. ................ 68

Figure 3-21. Level shifter for fast and energy-efficient wide-range voltage conversion from near/sub-
threshold up t0 1/O VOITAGE [74]. ...veeieeeee ettt ettt st e sre e nneeneeenes 69

Figure 3-22. Chip MICIOQIaPN. ....ve ettt et a e be e e s reesreesreesteenteenseeneesreenreens 71

Figure 3-23. Testing setup using Xilinx ZYNQ-7000 SOC video and imaging kit with Xilinx FMC
XIML05 AEDUG CAIUS. ...t b et b bbbt b e b 71

Figure 3-24. MSE performance and standard deviation of MSE of LPPE outputs applying FIFO
architectures in [24] and FAERDC with 7-bit wide FIFOs over 100 standard test images...........ccccovenenne. 72

Figure 3-25. MSE performance and standard deviation of new LP outputs applying FIFO architectures in
[24] and FAERDC with 6-bit wide FIFOs over 100 standard teSt iMmages. ........ccocevvrererinerereneneieieneeas 72

Figure 3-26. (a) Power measurement result for LP operating at 0.5 V with both non-adaptive and adaptive
modes. (b) MSE comparison of the “Cameraman” input image in non-adaptive and adaptive modes....... 75

Figure 3-27. (a) The LPPE output for Cameraman Image. (b) The difference between the outputs of
adaptive and NONAAAPTIVE MOUES. ...cc.eiviiieiiece et e et et e e be e teasaesreesreesreesaeenreenes 75

Figure 3-28. Area breakdown of LP core. The number written in the boxes are referred to the number
assigned to “New FIFO” blocks in Figure 3-20. .......cccociiiiiiiiiieieieneseseseeeee e e 76

Figure 3-29. Area breakdown of New FIFO blocks in (a) decimation, (b) interpolation parts. The numbers
used to name the New FIFO blocks referred to the numbers in Figure 3-20. .......cccooivininininiiiieiene 78

Figure 3-30. Area breakdown of non-adaptive and adaptive parts of New FIFO block numbered as 3 in
FROUIE 3-29. 1.ttt b et b et bbbt bbb E Rt R R e bttt n bt n bt enes 79

Figure 3-31. Total area improvement vs. different input image Size. .......ccocooeeoiiiiiniiie e, 79

Figure 4-1. (a) High level block diagram of CT, (b) hierarchical block diagram of CT, (c) 2D frequency
plane decomposition for nLevs = 2,3, and (d) “Barbara” image for nLevs = 2,3......ccccvvveverererernnnn 85

Figure 4-2. General structure of Laplacian Pyramid (LP).........ccccceveiiriiiiisisieeie et 86

Xiv


file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641295
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641296
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641297
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641298
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641298
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641299
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641299
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641300
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641301
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641301
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641302
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641303
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641303
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641304
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641304
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641305
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641305
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641306
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641306
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641307
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641307
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641308
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641308
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641309
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641309
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641310
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641310
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641311
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641312
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641312
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641313

Figure 4-3. BIOCK diagram OF DFB .........ccooiiiiiiiiiiiiiieee ettt 87

Figure 4-4. (a) The first two levels of DFB, each level is a QFB, (b) directional quadruple division of the

frequency plane, (c) RQFB Type0, and (d) RQFB TYPEL [79]....ccceieiiieiireieeieieeseseste e 89
Figure 4-5. PropoSsed LP @rChitECIUNE. ..........eviiiiiiiiitcictert st 91
Figure 4-6. Block diagrams of RQFB and QFB...........ccooiiiiiiiiiiincieeeseee s 93
Figure 4-7. Eight distinct rotation SYMDOIS. ... 93

Figure 4-8. (a) Input image, (b) Image after shifting rows to right by i — 1, (c) Output image after
applying Figure 4-7(d), (d) Output image after applying Figure 4-7(h), and (e) Output image after applying
T TU L= (o) SRS 93
Figure 4-9. Equivalent block diagrams for QPDECs named Typel,ow, TYP€20m TYPeley and Type2y,... 94
Figure 4-10. Equivalent block diagrams for PPDECs named TypeO, Typel, Type2 and Type3................ 94
Figure 4-11. Outputs of QPDEC Typeloy (&) PO and (D) Pl.....cccccoiviriiiiiiiieieiseeeseecse s 96

Figure 4-12. Ladder structures: (a) Ladder structure in CT construction and (b) Ladder structure in CT
L=Tol o] 0 1 (U (o1 o PO RRPRPRRPR 96

Figure 4-13. CT block diagram with nLevs = [1]. (The numbers written in parentheses are the size of

TNPUL BNT OULPULS) ..ttt et bbbt b e bt b e stk sb e bbbt sb et ebenn e e ebenne e 97
Figure 4-14. CT block diagram with nLevs = 3. (The numbers written in parentheses are the size of
Lo TUL 101U £ OSSR 98
Figure 4-15. CT reconstruction block diagram with nLevs = 1. (The numbers written in parentheses are
the Size Of INPULS 8N OULPULS) ....cveieiiiteiicieiteree bbb bbb et 99
Figure 4-16. Hardware Implementation of the LP proposed architeCture. ...........ccooeveiveneinincncenenee 100
FIQUIE 4-17. QPDEC TYPEL gu-cveerververseruestereaeeiaaeenteseeatessesseasesssesessessessessessesnsesssssessessessessesssssessessessens 101
Figure 4-18. QPDEC Typel,oy applied on an 8X8 INPUL. .........cveieiiiiriiierisieiee e 102
Figure 4-19. (a) Memory content related to QPDEC Typel,q. (b) Data scanning flow of the memory for
QP DEC TYPBL gw: eeereeererarersuersueesteanseasteasteasaeasesssessseesseasseanesaseeaseesseesseessensseasesssesssessseessesnseansesnsesssesseessenns 102
Figure 4-20. Dual-input and dual-output Memory with the address CONVErter. ...........ccocvvrveeienenennens 103

Figure 4-21. Ladder structure simplification: (a) Equivalent ladder structure for Figure 4-12(a), and (b)
Equivalent ladder structure for Figure 4-12()........ccooeiiiriiieieeieneesie et 104

Figure 4-22. Three tree pipeline architectures: (a) Tree architecture related to coefficients b, e, c (TS Type
1), (b) Tree pipeline architecture related to coefficients a, d, k (TS Type 2), (c) Tree pipeline architecture
used to add the results of other tree pipeline architectures (TS Type 3). (The numbers written in

XV


file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641314
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641315
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641315
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641316
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641317
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641318
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641319
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641319
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641319
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641320
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641321
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641322
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641323
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641323
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641324
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641324
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641325
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641325
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641326
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641326
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641327
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641328
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641329
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641330
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641330
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641331
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641332
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641332
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641333
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641333
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641333

parentheses are the width of stage's output. They are obtained based on the quantization analysis given in

SECLION 4.5) .ttt bbb b b E R R R R R E R R bR R bt h bt et e 106
Figure 4-23. Proposed pipeline architecture for ladder StrUCLUIe. .........ccocveveiieieie i 107
Figure 4-24. CT Proposed ArCNITECTUIE. .......cvcieieiiie ettt sttt ste e ae s e resne 108

Figure 4-25. Quantization analysis: (a), (b) ‘9’ filter frequency response, (c) Decimation part, and (d)
INEEMPOIALION PAIT. ... vtttk b e bbbt bbbt b b nne e 110

Figure 4-26. Quantization Analysis of 2D PKVAG filter: (a) floating point, (b) 8-bit quantization, and (c)
6-bit quantization. (The frequency response in Figure 4-26(b) is quite closer to the frequency response in

Figure 4-26(a), focusing 0N band-pass regION.) .......coeeieriiiereiene e 112
Figure 4-27. Maximum numbers exceeding by 4095 for different 7. ... 113
Figure 5-1. Conceptual BMI application to help patient with severe neurological disorder..................... 119

Figure 5-2. Extracellular recording signal. (a) High-frequency content, (b) Low-frequency content....... 120

Figure 5-3. A typical brain signal recording system consists of an analog front-end and spike sorting back-
<10 o PO TP U TPV PR PP TOUT PP 120

Figure 5-4. (a) a 966-electrode probe for neural signal recording. Up to 384 channels can be
simultouneously recorded. (b) Estimated power and the required memory size for one day recording for
various scenarios in 128-channel recording system. The assumptios for power calculations are Analog
front-end: 10 uW/ch, communication: 1 nJ/bit, Spike detection: 2 yW/ch, Clustering: 4.65 uyW/ch.... 122

Figure 5-5. Various detection methods comparison over two input signals with different noise levels. .. 128

Figure 5-6. Detected spikes are aligned to their maiximum slope whose index is 11. (a) Before alignment;
() I AN C= = Lo g 01T SRS 129

Figure 5-7. Four selected features whose indexes are 8, 11, 18 and 25 on two sample spikes. ................ 131

Figure 5-8. (a)-(b) Original spike samples whose indexes are 11 and 18. (c)-(d) Outputs of yFE whose
indexes are 11 and 18. Green, red and blue circles are representing the actual neurons and the black ones
AT OULTTEIS. ..ttt bbb bbb bbb bbbt R b r e 133

Figure 5-9. Performance comparison of different choice of features across several datasets. MATLAB
k —mean was used for clustering in conjunction of our feature extraction to compare the effectiveness of
the ChOICE OF TRALUIES. ....ivveiii e ettt e e ae e e teseesteereeneeseeneeneenes 133

Figure 5-10. Averaged clustering accuracy for different feature extraction. ...........ccocoovvrerniieieinenene 134

Figure 5-11. Cluster means convergence during the training phase for three input signals. Four clusters are
initially selected and after training phase each cluster mean is converged to its final value shown in black
circle. Three out of four clusters correspond to three various neurons and the forth one is outliers. The
number given for each cluster is indicating the total samples assigned to the cluster during the training
O ]S SS SN 140

XVi


file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641333
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641333
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641334
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641335
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641336
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641336
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641337
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641337
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641337
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641338
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641339
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641340
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641341
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641341
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641342
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641342
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641342
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641342
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641343
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641344
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641344
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641345
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641346
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641346
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641346
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641347
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641347
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641347
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641348
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641349
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641349
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641349
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641349
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641349

Figure 5-12. Clustering accuracy of Improved k-means compared to [9] and original k-means using

‘Replicates’” option SEE 0 L00.......cuiiiiiiiiee ettt 140
Figure 5-13. Functional block diagram of Spike SOMtiNgG. .......ccccceveieiiiniiieirseee e 142
Figure 5-14. Timing and scheduling diagram of “Detector”, “FE, DR” and clustering after spike is
(0121 CETod (<o T TSSO ST TP P PO UPTPTPROPPPPO 143
Figure 5-15. Simplified interleaved architecture for 128-channel detection. ..............c.ccoviiiiinciinnne 146

Figure 5-16. Parallel implementation of the required memory in 128-channel detection. RBi blocks
indicate the register banks for each channel. Each channel is controlled by its specified clock signal named
R3O 14 SRR TRUPRN 146

Figure 5-17. Power comparison between interleaved and parallel architecture which is normalized to
MAXTMUM VBIUE. ...ttt et r et r e r e r e r e r e nn e enenn e enenn s 147

Figure 5-18. Arithmetic unit implemented by converting filter coefficients to power-of-two values and
using left shift @S @ MUIIPIET. ....c.eocreecece e et e e e e esreeas 147

Figure 5-19. (a) Block diagram of the customized 8T SRAM (b) 1000-iteration Monte-Carlo simulation of
the memory cell to verify its stability under half-select condition. (c) Measured consecutive write and read
waveforms of the proposed SRAM at 0.36 V, room temperature. (d) Maximum operating frequency of the

SRAM at different supply voltages (ROOM tEMPEIALUIE).........cccveiveieeieeesie e se e ste e e sae e 150
Figure 5-20. 128-channel spike sorting chip MiCrograph. .........ccccceevviiiiii i 153
Figure 5-21. Testing setup using ZYNQ-7000 SOC video and imaging kit with the Xilinx FMC XM105
ABIOUG CAIU. ... b bbb bbb bbbt bbbt bbbt b bbbt 153
Figure 5-22. The main outputs of the 12-channel spike sorting chip for a sampled input. ..............cc..c.... 155
Figure 5-23. The measurement results shown by logic analyzer for a sampled input.............cccccevveneene 156
Figure 5-24. Power consumption per Channel. ............ooviiiiii e 156
Figure 5-25. The power breakdown of 128-channel spike sorting chip at 0.6 V and 3.2 MHz. ............... 158

XVii


file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641350
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641350
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641351
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641352
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641352
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641353
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641354
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641354
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641354
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641355
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641355
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641356
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641356
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641357
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641357
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641357
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641357
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641358
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641359
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641359
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641360
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641361
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641362
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641363

List of Tables

Table 2-1. Computational complexity of two 2D Filtering StrUCLUIES .........cccevirereiieneirereeseee e 16
Table 3-1 MSE comparison between FERDC and FAERDC ..........cccoociiiiiiinieeieiese s 53
Table 3-2 Chip SPECITICALIONS. ... ....civeieieiise sttt e besresre s e ene e e eteneeneens 70
Table 3-3 MSE for LFC and HFC 0Ver 100 tESt IMAGES ....c.ververerrerieierierieiisie ettt 76
Table 3-4 Comparison With OtNEr WOEKS .........ciiiiiiiieieie ettt st see 76

Table 3-5 Comparison of Number of addition and Multiplication in decimation and interpolation parts

(Excluding the 0peration iN FIFO) ..o 80
Table 4-1. MSE of LFC, HFC and PSNR of the Reconstructed Images for LP..........ccccccovevvineniinennn 111
Table 4-2. The number of coefficients exceeds by 4095 OF -4096. ..........cccoovveririieneinieneee e 113
I o] (=T o T o T[0T Vo | -y o PSSR 115
Table 4-4. Usage Of HardWare RESOUICES ........ccviiiieieiiresesteeeesieieste e stestesseeneesaessestestessessesnseseenseseeses 116
Table 5-1. Performance COMPAISON .......cc.ciriiririiiiirieiei sttt bbbt bbb e e sbe e 158

XVviii


file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641364
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641365
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641366
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641367
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641368
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641369
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641369
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641370
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641371
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641372
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641373
file:///G:/Backup/University%20Desktop/Windows/My%20Paper%20&%20QE%20&%20Thesis%20&%20Meeting%20&%20Docs%20&%20Courses/Thesis/word%20file/thesis_final.docx%23_Toc479641374

Chapter 1. Introduction

With the advancement of Integrated Circuit (IC) design technology, many bio-
medical and loT (internet of thing) applications, requiring complex digital signal and
image processing algorithms, can be implemented in hardware to have the real-time and
ultra-low power operation. Bioelectronics and loT are two popular interdisciplinary
fields that can promote the life quality not only by making the life easier and safer but
also by introducing the new approaches to diagnose and treat diseases and study the hu-
man body [1-5]. The latter one brings new hopes to patient with severe diseases and dis-
abilities such as damaged retina cells, damaged inner ear and spinal cord injury. Besides,
it has also made the new opportunities to neurophysiologists studying the human brain

behaviour [6-9].

A typical biomedical system consists of digital, analog, mixed-signal and RF
parts. Ultra-low power operation is a key element in such a biomedical system mainly
because of the power management issue and heat dissipation to a nearby tissue. Digital
parts are usually very power hungry due to the huge memory requirement as well as in-
tensive computational complexity [10, 11]. Therefore, double efforts should be made to
address these requirements in digital circuit and consequently improve the whole system
performance. The new IC design technology makes us fulfil the complex hardware ac-
celerator and system on chip (SOC) although incorporating all the desired parameters at

the same time seems to be difficult and sometimes mutually exclusive.



1.1 Digital Signal/lmage Processing in Biomedical Applications

As an state of the art example in biomedical applications, a retinal prosthesis sys-
tem [12, 13], also known as the bionic eye or retinal implant, is a good candidate. It
shows the role of the two dimensional (2D) digital image processing and its real-time
hardware implementation in daily life and how important it is to bring new hopes to
blind persons by restoring some basic vision. The conceptual architecture of retinal im-
plant is illustrated in Figure 1-1(a). As shown, an electrode array will eventually replace
a damaged retina by either epiretinal implants (on the retina) or subretinal implants (be-
hind the retina). A miniature camera embedded in the glasses captures visual signals and
transmits via wireless link to the multi-channel electrode array. The image processing
unit is responsible for processing the taken image and sent the instruction to the implant.
In more detail, an input image has to be decimated due to the limited number of intra-
ocular implanted electrodes [1, 14]. Therefore, while doing decimation, the image cru-
cial contents should be preserved as much as possible like edges as opposed to the tex-
ture. Figure 1-2(c) shows edge-detected binary image demonstrating the significant con-
tent of the image only by 1 bit per pixel as compared to 8-bit decimated image
(Figure 1-2(b)). Interestingly, recently commercialized retinal implant named as Argus II
[13] is already approved by FDA (U.S. Food and Drug Administration) in 2013
(Figure 1-1(b)), yet many steps left to be taken in different parts of the retinal implant to
open the new window to the blind individuals. In the digital image processor, performing
the many operations requires FIFO (first input, first output) which considerably contrib-

utes to a system power.
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Figure 1-1. (a) Conceptual design of retinal implant. (b) Argus-I1 retinal implant [12, 13].

Figure 1-2. Conceptual procedure of image processing unit in retinal implant. (a) A 256x256

input image. (b) Decimated image (128x128). (c) Edge-detected binary image.

By looking into the world of digital image processing, we can figure out that the
input image are processed in either spatial domain or frequency domain [15]. In the spa-
tial domain, image pixels are directly manipulated whereas in the frequency domain an
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input image is transferred into another domain to provide the meaningful information
which is not visible in the image itself. Both domains are extensively applied in different
image processing algorithms such as image enhancement, denoising, compression, fea-
ture extraction, object recognition and segmentation [16]. The frequency domain ap-
proach can be categorized as 1- 2D Fast Fourier transform (FFT) as the mainstay of this
kind and 2- pyramidal transforms. The former one only gives what frequencies are in the
input image. The latter one gives both what frequencies are available and where they
occur, such as Gaussian and Laplacian Pyramid (GP and LP), Discrete Wavelet Trans-
form (DWT) and Contourlet transform (CT) [17]. In addition, the pyramidal transforms
incorporate the multiresolution processing in which the input image can be scaled down

into different subbands providing the various resolutions of the input.

For example, the difference between 2D FFT and GP and LP can be figured out
by applying them to the Figure 1-2(a). Figure 1-3(a) shows the output of 2D FFT, and
pyramidal counterpart is shown in Figure 1-3(b)-(c). 2D FFT output does not include
any spatial information of the frequency component whereas the low-pass and band-pass
frequency responses have the spatial information. Since GP and LP outputs are more
informative than that of 2D FFT, they are applied in many powerful image processing
algorithms. Suppose a very simple compression scheme when the band-pass frequency

components of the LP are simply set to zero (Figure 1-3(b) replaced by all-zero matrix)
and the frequency components of 2D FFT lying in (— T, —g] and [g,n] change to zero.

The reconstructed images displayed in Figure 1-4 show that the LP reconstructed image



is almost similar to input image, though PSNR (peak signal to noise ratio) is lower than

35 dB, whereas the FFT counterpart is nothing but a simple grey image.

@ D

Figure 1-3. (a) Fourier Spectrum of the image “cameraman”. (b) LP approximation of the image

“cameraman”. (c¢) GP approximation of the image “cameraman”.

(@

Figure 1-4. Compression efficiency of 2D FFT vs. LP in a simple lossy compression algorithm.
(a) Reconstructed image by 2D FFT (PSNR = 0). (b) Reconstructed image by the
LP (PSNR = 17 dB).



1.2 Ultra-low Power Digital Image Processors Design Challenges

Undoubtedly, memory is an essential element in performing the image pro-
cessing algorithms [3, 10, 18] and its huge size is a key contributor to a power consump-
tion (dynamic and static power components). For example, almost all image/video pro-
cessing algorithms require digital filtering in frequency or spatial domains such as image
enhancement, restoration, compression and segmentation. From the hardware view, fil-
tering operations require storing a part of the input image or previous results temporarily
in line buffer (i.e. FIFO). The size of the FIFO significantly affects the total area and
power of the design. For instance, FIFOs consume more than 75% of the route area and
power in [19] and more than 80% of power consumption in [20]. So in order to reach the
ultra-low power design, the memory usage should be exactly investigated to figure out
how we can improve the power and area without degrading the operating frequency and
output accuracy. Intensive computational complexity is another important factor in de-
signing the ultra-low power image processors. The algorithms should be precisely stud-
ied to apply different architectural techniques to reduce the complexity as well as area

and power.

For instance, the Capsule Endoscopy (CE) [5] which is one of the examples of
biomedical image processors is used to examine the digestive tract especially small in-
testine. The capsule shown in Figure 1-5(a)-(b) consists of a tiny camera, an image pro-
cessor, RF transmitter and a battery. Once swallowed by the patient, it takes the picture

of the gastrointestinal tract (Figure 1-5(c)) and transmit it to the outside station wireless-



ly in real-time. The image processor is so far intended to compress the captured image
with the rich information of the alimentary canal and removing the rest. The major de-
sign challenges of digital part are huge required memory, a minimum PSNR of 35 dB for
reconstructed image, up to 24 frames per second (fps) and the power consumption that

should be less than 1 mW.
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E 7 RF Transmitter .

Electronic capsule
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Figure 1-5. (a) A capsule endoscopy. (b) A capsule endoscopic system. (¢) Some taken pictures

(5]

1.3 Biomedical System on Chip for Brain Study

Brain study is another important biomedical application which has encouraged
many researchers from various scientific fields to extensively work on that. Many at-
tempts in IC design have been so far made to facilitate this process and to develop moni-
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toring and stimulating brain systems to study the various brain functions and to treat
some severe diseases. For example, spike sorting process is in fact one of the popular
methods in neuroscience to investigate and study the brain behaviour [8]. In spike sort-
ing, very small electrodes are implanted inside the objects’ brains to monitor the activity
of close by neurons named spikes or action potential (AP). Recorded signals combined
of spikes and noise are later transferred to a computer to be studied by neurophysiolo-
gists/scientists. Each recorded signal includes 3 to 6 types of spikes from the adjacent
neurons [9], given that, each neuron fires a particular spike. Therefore, spikes should be
detected and later all similar ones should be classified in a single cluster. Each cluster in

fact indicates an individual neuron.

In conventional recording system, the raw signals are transmitted to a nearby
computer. However, after widely developing high-density arrays of microelectrodes [21,
22], this approach faces practical limitations such as very high data rate, real-time opera-
tion issue especially for neural prostheses applications, freedom of movement and infec-
tion on subjects. For instance, the data rate for 128 channels, 25kS/s recording system
using 8 bit ADCs is 25.6 Mb/s. Therefore, practically transmitting this amount of data
violates the power density requirement on implantable devices which is expected to be

less than 277 pW/mm? [8].

An IC implementation of spike sorting has been in fact proved to be essential for
multi-channel neural signal processing research. Integrating whole or a part of spike

sorting algorithm on-chip leads to a significant reduction of the data to be transmitted to



the subsequent blocks [7, 9]. Moreover, it is much faster and more power-efficient than
that in the software domain and especially makes it feasible for real-time multi-channel
processing applications. Typical spike sorting algorithm as shown in Figure 1-6 consists
of 1- a spike detector (SD) to detect and align spikes with respect to a common point; 2-
a feature extractor and dimensionality reduction (FE and DR) to extract information-rich
features from noisy data; 3- a classifier to assign the detected spike to a neuron ID; and
4- a training engine (TE) to train the chip and store cluster means to a memory to be
used by the classifier. Prior to normal operation, on-chip spike sorting must be trained to
identify mean values of clusters, each representing one neuron source. Once trained, the
TE writes cluster means to a memory for subsequent clustering. During normal opera-
tion, TE is turned off and features of the detected spikes are compared with cluster

means and assigned to a cluster with the minimum distance.
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Input Detector E —channel 1D,
> : | FE, DR [P Classifier |2 Cluster_ID «
9 |(+ Alignment) ' '
A A T A 0 A ] '
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Control b N Memory |
. . : Training > '
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Figure 1-6. Typical spike sorting flow.



1.4 Summary of Thesis Contributions

This thesis makes several contributions and implements some digital signal and
image processors. It first proposes an architecture level contribution to address the ultra-
low power digital processor design issues for biomedical and 10T applications. It is in-
tended to reduce the power and area and keep the mean square error small. The proposed
techniques are 1-FIFO with error-reduced data compression (FERDC) and 2-FIFO archi-
tecture with adaptive error reduced data compression (FAERDC). In the latter one, it
adaptively updates its internal parameters with respect to input data pattern to reduce the
output error. However, the former one’s internal parameters are set in advance and there-

fore it has less design complexity.

FERDC and FAERDC can be generally applied to almost all digital image pro-
cessors and hardware accelerators since there is no assumption on the algorithms being
operated. FERDC has been extensively investigated using the various simulations to ver-
ify the functionality as well as power and area reduction percentage. FAERDC along
with a proposed extension method and a near-threshold operation have been applied in
LP (including GP) as a sample popular hardware accelerator. The LP has been fabricated
in 180 nm CMOS technology and its functionality is verified at 0.5 V. We have pub-

lished these works in [23], [24], [25], [26].

In continuous of studying LP, we have proposed the first hardware architecture
of CT. CT is one of the latest directional image transform whose hardware implementa-

tion has not been investigated yet. It consists of LP and directional filter bank (DFB).
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DFB is responsible for extracting the frequency components with the respect to their
directions. The proposed architecture has been functionally verified through extensive
simulation results. DFB is also a memory-intensive algorithm through which the whole
input should be iteratively read, processed and stored back in the memory in a very spe-
cific manner. Therefore a memory address generator is proposed to provide the appro-

priate data required by DFB. This work has been published in [27].

The last part of this thesis is devoted to a real-time multichannel spike sorting
chip introduced in Section 1.3. Various techniques are proposed to design a 128-channel
real-time spike sorting chip operating at near-threshold (NT) voltage. The main contribu-
tions are categorized as architecture and circuit levels. | have proposed new SD, FE and
TE algorithms to first improve the accuracy of clustering and second reduce the memory
requirement in clustering part. In order to accommodate 128 channels as well as reduc-
ing the leakage power dominated by the memory, a full custom memory is designed to
operate in NT. The measurement results verify the chip functionality at 0.54 V. This

work has been published in [28], [29], [30].

The organization of this thesis is as follows: Chapter 2 explains 2D filtering
briefly and presents the proposed FERDC technique to reduce the power and area of the
FIFO in image/video processing applications. Chapter 3 describes the proposed
FAERDC technique to adaptively reduce the power and area and how LP is realised us-
ing this technique and NT operation. Chapter 4 discusses Contourlet transform and its

hardware architecture. Chapter 5 studies a multi-channel spike sorting chip for 128
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channels to real-time process the brain extracellular signals. Finally, Chapter 6 con-

cludes this thesis.
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Chapter 2. Proposed FERDC Technique

2.1 Introduction

Rapid advancement in VLSI systems has enabled the real-time hardware imple-
mentation of high computational complexity image/video processing algorithms. Some
recent works requiring fast hardware implementation are video codec [3], computational
photography [2], wavelet transform [31], laplacian pyramid [20] and biomedical applica-
tions [1]. Early image/video processors focused on improving the speed/throughput of
the systems while the contemporary state-of-the-art image/video processors confront

additional challenges such as low power consumption and real-time processing.

Many image/video processing algorithms require digital filtering like image en-
hancement, image restoration, image compression, image segmentation, and video cod-
ing [16], [32] in both spatial and frequency domains. Regarding the hardware implemen-
tation of image/video signal processing algorithms, many filtering operations require
storing part of input image or part of previous stage results temporarily. However, it has
not been comprehensively investigated to reduce the size of the temporary pixel buffers
(i.e. FIFO). The size of the FIFO significantly affects the total area and power of a de-
sign. It has been reported that FIFOs consume more than 75% of the route area and pow-
er in [19] and more than 80% of power consumption in [20]. Various approaches have
been developed to reduce the power consumption of FIFOs. However, most of them are

focusing on the circuit-level techniques and memory-splitting schemes along with power
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gating [19], [33]. In this chapter, | propose a new architecture-level technique to reduce
the size of FIFO only with negligible degradation in the error metrics such as mean
square error (MSE) and peak signal to noise ratio (PSNR) [34]. The reduced FIFO size
through the proposed method also improves the dynamic and leakage power consump-
tions. It is worth mentioning that MSE and PSNR are two popular metrics to measure the
output quality of various transforms. It is because they have low computational complex-
ity and easy to realize it. The greater the PSNR is, the better the image quality is. In-

versely, the lower the MSE is, the better the image quality is.

This chapter is organized as follows. Section 2.2 introduces the usage of FIFO in
image/video processing. Section 2.3 reviews the existing design techniques for power-
and area-efficient FIFO. Sections 2.4 and 2.5 presents the details of the proposed area
and energy efficient FIFO using error-reduced data compression and near-threshold op-
eration. Section 2.6 shows the experimental results and comparison between the pro-
posed FIFO design and conventional design. Finally, Section 2.7 concludes the chap-

ter Chapter 2.
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2.2 2D Filtering in Image/Video Signal Processing

Filtering is an inevitable function of image/video processing algorithms, which

can be generalized as:

90, y) =Ty * f(x,¥) 2-1

where f(x, y) is the input image, T, is the filter transfer function and g(x, y) is
the output. The output is defined as the convolution of the pixel values located in a given
filter window (T'). The window is usually a square with N x N pixels where N is an odd
number to have an exact centre pixel. T can be either a 2D filter where T, represents the
filter coefficient or two one dimensional (1D) filters where t,,, is the coefficient of the
1 x N filter. In the latter one, t is first applied to the horizontal rows of the input, fol-
lowed by the vertical columns or vice versa. In either case, it requires N — 1 FIFOs to
store (N — 1) rows of W pixels (Figure 2-1(a) and Figure 2-1(b)) where W is the input
image width. So the number of reads is N pixels during each clock cycle.
wise, N X N pixels have to be read every clock cycle to fill the filter window [35]. As
already mentioned, FIFOs have significant impact on the circuit area and power con-
sumption, particularly when the size of the filter, N, is large. Table 2-1 shows the com-
putational complexity of separable and inseparable 2D filtering and memory footprint
size. Since memory size is quite significant (W >> N for a practical application), the

power is mainly contributed by memory.
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Figure 2-1: Sample filter configurations: (a) 2D filter and (b) Two 1D filters.
Table 2-1. Computational complexity of two 2D Filtering structures
Filter Adder Multiplier Memory
Non-separable NZ-1 N? W(N-1)+NXN
separable 2(N-1) 2N WN-1)+2X%XN

W: Image width, N: Filter size

2.3 Existing Design Techniques for Power- and Area-efficient FIFO

Various approaches have been proposed to reduce the size and power consump-
tion of FIFO in image/video applications. They can be categorized as architecture-level
and circuit-level techniques. The architecture-level techniques mainly focus on sharing
FIFOs [36] or changing the original algorithms so that they require either less FIFOs [4]

or less frequent FIFO access [37-40].

The H.265/HEVC (high efficiency video coding) decoder implemented in [36]
shows an example of FIFO sharing technique. In conventional design, five FIFOs, occu-

pying 75% of the total area, are needed in Intra Predictor (IP) and De-blocking Filter
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(DF) blocks, respectively. In [36], first FIFO is shared between IP and DF by adding
Share Above Line Buffer (SALB) block, leading to 20% area reduction in the price of
5% overhead in computational complexity. A 16-core graphical processing unit (GPU) is
developed in [4] for mobile application. In order to drain less power, the approximated
technique using wavelet is proposed. It replaces the lower scale of a flat texture adap-
tively by the higher one. Therefore, the average access to FIFO is reduced by 24.57% at
the price of the quality degradation. The proposed DWT architecture [37, 38] uses tile-
based image segmentation along with data interleaving to reduce the size of FIFO for
low frequency spectrum so as to reduce both the area and power consumption. In [39],
an image scaling processor is designed for up/downscaling of an image. T-model and
inversed T-model filters are used to replace the conventional filter structures to reduce
the storage requirement from two FIFOs to one with increase of MSE. The unified
memory-centric architecture suitable for both separable and non-separable 2D FIR (fi-
nite impulse response) filter is proposed in [40] to address the memory issue. It uses ful-
ly-direct implementation of 2D FIR filter together with FIFO sharing to achieve area-
delay-power-efficient architecture. To do so, the block-based approach applying the
equally partitioned FIFOs provides the essential data for block processing. Therefore
with the same amount of FIFO as conventional method, a block of input data will be

processed at any time.

The circuit-level methods include latch-based FIFO [11], ultra-low power
SRAMs [33], memory-splitting, and clock gating [19]. Regarding the circuit-level meth-

ods, in feature extraction accelerator [11], a new latch-based FIFO is introduced to re-
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duce the area and power as compared to the conventional flipflop-based FIFO, which
requires two latches per cell. The resultant FIFO is 49% smaller with 62% lower energy
for a 16b 1k-entry FIFO compared to the flipflop-based FIFO. In [33], a decoupled 10-T
SRAM cell with improved SNM (static noise margin), write margin and the bitline sens-
ing margin is developed to achieve ultra-low voltage operation to reduce the power con-
sumption in FIFO or other on-chip storage. A 24-core processor in [19] for multi-media
and communication application uses a packet-switched network-on-chips (NOC) ex-
ploiting FIFOs to synchronize the on-chip data transfer. 29.3% power reduction is

achieved by splitting the memory with clock gating.

2.4 Proposed Area and Energy Efficient FIFO with Error-reduced Da-

ta Compression (FERDC)

In this section, an area and energy efficient FIFO design is proposed. On archi-
tecture level, a technique named as FIFO with error-reduced data compression (FERDC)
is proposed to reduce the FIFO size. This reduces both area and power consumption of
the FIFO with negligible distortion. On circuit level, near-threshold operation is adopted
to reduce the power consumption of the FIFO. We use MSE to evaluate the distortion
introduced by the proposed technique [16]. In general cases, an acceptable MSE value is
less than 20 [34]. Lower MSE values indicate that reconstructed images are closer to

original ones.
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Figure 2-2 illustrates the proposed FERDC technique to realize an 8x8 filter us-
ing the architecture described in Figure 2-1(b). Since there is an 8-tap vertical filter ap-
plied, 7 FIFOs are required to store the data in Figure 2-2. FERDC employs a concept of
pixel prediction where every pixel can be predicted utilizing adjacent pixels and accord-
ingly input data is horizontally decorrelated and then quantized. Finally the encoded data
read from FIFO are decoded to retrieve the original input data. So, it consists of encod-
ing and decoding parts along with the reduced-size FIFO. So in Figure 2-2, all FIFOs
except for the first one are fed by the output of previous FIFOs. Therefore, one encoding
part is required for the seven FIFOs while one decoding part is needed at the output of

each FIFO.
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Figure 2-2. FIFO architecture for an 8-tab vertical filter: (a) Using proposed FERDC technique.
(b) Using conventional FIFO.
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2.4.1 Encoder Design

For encoding, input data, x; is given to a differential predictor which calculates
the difference between the consecutive inputs denoted as y;. The differential predictor is
to remove horizontal correlations between consecutive inputs. In that case, it ensures the
energy of input correlated data, x; (Figure 2-3(a)), is compacted around zero, y;
(Figure 2-3(b)) and only a few large numbers spread throughout the entire B-bit integer
value range. A B-bit subtractor and adder along with a B-bit register are used for both
differential predictor and inverse differential predictor as shown in Figure 2-4. Although
applying the differential predictor helps to compact the energy of signal, the quantizer is
required to reduce the data width as in detail explained in the next part. By doing so, the
quantization error will get accumulated at the output of the design. So an update error
block is proposed to cancel the error from getting accumulated at the output. Therefore,
before sending the difference values to quantizer, the energy-compacted difference is
updated by the quantization error of previous difference (E;_,) to prevent the quantiza-
tion errors from being accumulated at the output, x;,. To obtain the error mathematical
model of proposed FIFO, “update error” and “Q.” (quantizer) blocks as shown in Fig-
ure 2-2 are substituted with the noise injection models as given in Figure 2-5. The output

can be expressed by:

Xig = Yig t X(i-1)q » fori=1:x,=x 2-2

After solving Equation 2-2, the output, named as X;; rgrpc, IS:
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Xiq rErpc = X + E; — E7 Er perpc = Ei — E4 2-3

In order to compare FERDC output error with the architecture not including “up-
date error” block (FDC) (Figure 2-6), similar calculation is performed on Figure 2-6.

The output is derived as:

i i
Xig_rpc = Xi + ZE' ) E7 ppc ZZE] 2-4
j=2 ]=2

As clearly seen in equation 2-4, the errors in the output are added together for any
given i. It may cause the large accumulated error (E;) if any large partial error (E;) arises
during the quantization and is not offset by next partial errors while processing the row i.
Whereas the error component in Equation 2-3 is considerably reduced to error difference

of the i input and the first input.
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Figure 2-6. Error mathematical model of FERDC without applying the “error update” block
(named as FDC).

For instance, the 310th row of horizontal low-pass filtered image “cameraman” is
illustrated in Figure 2-7. The partial error, E; and accumulated error E pc are drawn in
Figure 2-8. As seen in Figure 2-8(a), there are some large errors such as points A, B and
C due to quantization process. Note that in Figure 2-8(b) the accumulated error of point
A is added to all next 68 values coming right after that, the same happens to other large
error points shown in Figure 2-8(b). So it is observed that large error imposed on the

output, x;, rpc, Makes MSE very large. This situation happens in the positions known as
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edge that is a pixel or pixels having the distinct brightness as compared to their neigh-

bouring pixels (Figure 2-7). Er rgrpc 1S almost similar to E; as given in Equation 2-3.

A B: C

X=36, X=105, X=163,
Y=43.27 Y=277.81 Y=262.75

Figure 2-7. Row 310 of the horizontal low-pass filtered image "Cameraman".
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As depicted in Figure 2-9, the output of FERDC (Figure 2-9(b)) compared to the
output of FDC (Figure 2-9(c)) better resembles the original one (Figure 2-9(a)). MSE of
Figure 2-9(b) is just 0.92 while MSE of Figure 2-9(c) is 65.98 times larger

(MSEFigure 2-9c) = 60.70) because the error is getting accumulated in Figure 2-9(c).
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Figure 2-9. Comparison of outputs for FERDC and FDC methods with reference to original in-
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Now the updated difference values can be quantized to b-bit integer values to re-
duce the data width and thus the FIFO size significantly. To implement a power- and
complexity-effective quantizer, a non-uniformly distributed symmetric quantizer is pro-
posed following the same distribution of its input data (Figure 2-3(b)). The quantizer
comprises two parts named as @, and @, which are applied to positive and negative

numbers. @, and @, have three segments determined by fL and sL as depicted in Fig-

ure 2-10.

“Qp (Symbols)

Slepl Step2

Step Size:---»s ‘p iy
-

(L/Z)-l """""""""""" A
J T
Kl [
-sL -(fL+Step1) T =
. : ;" fL+Stepl sL 7Y {O
P )
i '_T_T' Q
B =
— (L/2) =
Qn

Figure 2-10. Quantizer used for positive (Q,,) and negative (Q,) numbers.

In order to generalize the quantizer, the first two segments are considered to have
the step sizes of Step1 and Step2, respectively. The output of quantizer is just a symbol
which varies in the range of [—L/2,L/2). If the positive number, i, lies between zero

and fL + Step1, it is symbolized as |i]. If the positive number, i, lies between fL +
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Step1 and sL, it is symbolized as fL + Step1 + |(i — fL — Step1)/Step2|. Similarly
the negative numbers in the corresponding ranges are symbolized as —|i] and —(fL +
Stepl) + |(i + fL + Step1)/Step2]. The last segment has a constant symbol which
means that every value either larger than sL or less than —sL is represented by one sym-
bol. Figure 2-10 facilitates the calculation of the new FIFO cells width, b, by applying

the total number of quantized levels denoted as L to Equation 2-5.

1 1
L=2 L — L(
U (Stepl StepZ) s Step2

et

To calculate all the possible values for fL and sL with respect to Step1 and
Step2, fL can be derived from Equation 2-6 as the function of sL,Step1 and Step2.
The maximum value of fL is achieved as Equation 2-7 when sL = 0. Similarly, the
maximum value of sL is also calculated when fL = 0 in Equation 2-8. Among all avail-
able combinations of fL and sL, those satisfy the condition of sL > fL > 0 are selected.

L 1 Stepl
2 st (StepZ) 3+ Step2 2.6

fL =

(Stelpl B StelpZ)

L Stepl
L _ 2 —3+Sten2 Step?2 2-7
f max — ( 1 _ 1 )
Stepl Step2

L Stepl
2 — 3+ Step2 Step?2 2-8
SLkmax = 1
(StepZ)
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For instance, if L is 256, b becomes 8 bits. Now for a certain value of b, the
quantizer parameters fL and sL can be selected by monitoring the best values of MSE
(or PSNR). Besides, since many image processing algorithms are implemented with
fixed-point arithmetic, B can be measured at the output of the horizontal filter
(Figure 2-1(b)) performed by the direct-form implementation as shown in Figure 2-11.
In Figure 2-11, if the very input data is assumed to be represented by K bits and the filter

coefficients (tap weight), t;;, are quantized into M integer bits, the worst-case value of B

j1
is calculated as Equation 2-10, where +1 is for the sign bit. In order to compensate the

M-bit integer representation of the filter coefficients, an M-bit right shifter is added in

Figure 2-11.
N
C= log2(2|t1j|) + [log2(2* — 1)] 2-9
=1
B=C-M+1 2-10
K bits tj:M bits i=1, Dj:Delay
D, D> Dn =LN i=L1:N
tiyy  t2 t13 tin
B bits
H—D H—M
C bits

»M | :Shift to right by M bits

Figure 2-11. Direct-form Implementation of horizontal filters.
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2.4.2 Decoder Design

In decoding part, the read data from the FIFOs are sent to the inverse quantizer
(1.Q.) to retrieve the b-bit data corresponding to the symbol introduced by quantizer. The
positive symbol, i, between zero and fL + Step1 is corresponding to value [i] + 0.5, the
positive symbol i between fL + Step1 and sL is corresponding to value fL + Stepl +
|(i — fL — Stepl)/Step2|Step2 + Step2/2 and finally symbol (L/2) — 1 is retrieved
as a constant value, sL + Step2/2 + 15. Similarly, the negative symbol, i, between zero
and —(fL + Step1) is corresponding to value —|i] + 0.5, the negative symbol i be-
tween —(fL + Step1) and - sL is corresponding to value —(fL + Stepl) + |(i + fL +
Stepl)/Step2|Step2 + Step2/2 and finally symbol —(L/2) is retrieved as a constant
value, —sL — Step2/2 — 15. Then, the inverse differential predictor generates the out-

put (x;4) using the retrieved b-bit values (as depicted in Figure 2-4).

2.5 Near-threshold Operation Technique

Voltage scaling has been proved to be an effective way to reduce power con-
sumption in digital circuits and systems [41]. In conventional voltage scaling, the supply
voltage is scaled only to a voltage in super-threshold region, resulting in limited power
reduction. Recently it has been shown that significant power reduction can be achieved
by scaling the supply voltage to sub/near-threshold region [42-44]. This requires new
circuit design methodology called near/sub-threshold design. Compared to sub-threshold

design, near-threshold design can achieve much better performance with only slight
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power increase. In the design of the proposed FIFO, near-threshold operation is adopted

to achieve further power reduction.

According to the studies in the past, most of digital standard cells are able to op-
erate in the near-threshold region except the cells with high fan-in which show function-
al failure or large delay variation. In this design, based on a standard cell library for
nominal voltage operation, extensive simulations are performed to evaluate the perfor-
mance of cells with high fan-in. The library is reconstructed by excluding the cells with
fan-in more than 4. Following that, the reconstructed library is characterized at 0.5 V
which is a near-threshold voltage in the selected process technology to obtain timing
information for synthesis and back-end design [45]. For near-threshold operation,
SRAM need to be redesigned as they have problems working at very low voltage. This
usually causes large design effort [33]. In this design, however, as the FIFO size is sig-
nificantly reduced, flip-flops can be used to implement FIFO. So the additional design
effort is saved. Also, the flip-flop is usually more robust than SRAM in ultra-low voltage

operation.

2.6 Experimental Results

To demonstrate the proposed FIFO design, it has been implemented using a 0.18
pm CMOS process technology. The implementation covers different FIFO length in-
cluding 128, 256, 512 and 1024. For comparison, the FIFO using the conventional archi-

tecture as shown in Figure 2-2 is also implemented. Post-Synthesis simulation results
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show that the proposed design is able to operate at 28.57 MHz at 0.5 V and 200 MHz at
1.8V. To provide realistic input data for testing, the commonly used CDF 9/7 biorthogo-
nal filter [46] is used to implement 2D wavelet transform in MATLAB with the standard
test images as its input. Then the output generated by horizontal wavelet is used as input

to FIFOs.

2.6.1 Parameters Selection and MSE Results

To determine the parameters fL, sL,Step1 and Step2, first L is assumed to be
128 in Equation 2-5. In other words, the data input bit-width (B) which is 11 bits for the
generated tested dataset shown in Figure 2-12, is compressed to 7-bit data before the
input of FIFOs (b) in Figure 2-2(a). The tested dataset is extracted from popular standard
test images in [47] to check the proposed design with the real data. Second, if the histo-
gram of y; (the output of differential predictor in Figure 2-2(a)) is monitored, it is ob-
served that more than 68% of difference values lie in the range of (-74.6, 78.4) for given
datasets. Figure 2-13 illustrates sL vs. fL for various combinations of Step1 and Step2.
Step1 = 1 better fits to the variation of (-74.6, 78.4) because the maximum value of fL
is equal to 61 while it is 122 for Step1 = 2 which is quite far from the range (-74.6,
78.4). However these values cannot be considered as the optimum values since they are
a function of input data characteristics. The adaptive approach is proposed in Sec-

tion 3.5.

In addition, because the average maximum value is around 615 (refer to

ure 2-12) Step2 is selected to be 8. Hence, the maximum value of sL becomes 482
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which is closer to 615 than that of Step2 when equals 16. The selected values for Step1

and Step2 in Figure 2-13 are the factors of two to achieve the multiplierless design.

Then average and standard deviation of MSE of dataset along with fL vs. sL are
depicted in Figure 2-14. As shown in Figure 2-14, standard deviation of MSE is less than
two for all fL values equal to or less than 29 which means that sensitivity of MSE to
various datasets is negligible. So, finally, fL and sL leading to standard deviation of
MSE and MSE less than 4 are chosen as general accepted values [34]. We selected 25
and 314 for fL and sL, respectively, which in average leads to MSE of 2.76 (Figure 2-14

and Figure 2-15).

Il Maximum values B -1 x Minimum Values
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400 -
300 -
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Different Dataset

Figure 2-12. Maximum and absolute minimum values of datasets.
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Figure 2-13. fL vs. sL for the various combinations of Step1 and Step2.
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Figure 2-14. MSE and sLvs. fL for Step1=1 and Step2 = 8.
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Figure 2-15. FERDC-based FIFO with L=128 (fL=25, sL=314. Step1=1 and Step2=8).
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2.6.2 Area Reduction
Figure 2-16 shows the area for conventional FIFO and the proposed FIFO. The

percentage of reduction increases from 25.14% to 34.91% when the width is increased
from 128 to 1024. The area reduction is mainly from the reduced FIFO size due to pro-
posed FERDC technique. Figure 2-17 shows that the overhead circuitry (including dif-
ferential predictor, update error, quantizer, inverse quantizer and inverse differential pre-
dictor) varies between 17.37% (W = 128) and 2.6% (W = 1024) in the proposed FIFO

which implies that area overhead is very small when W is larger than 256.

Hl Conventional FIFO B FERDC

Millions

Area (um?

w=128 W=256 W=512 wW=1024

Figure 2-16. Area for the conventional FIFO and proposed FIFO.
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Figure 2-17. Area breakdown for the proposed FIFO.

2.6.3 Power and Energy Consumption Reduction

To estimate the power consumption, the generated tested data are applied to the
conventional and the proposed FIFO. The comparison of power and energy consumption
is illustrated in Figure 2-18. It shows that the total power and energy reduction is more
than 90% between the conventional FIFO and the proposed FIFO with both FERDC and
near-threshold operation. However the operating frequency of the proposed FIFO in near

threshold region is degraded as compared to a nominal operation voltage.

Among them 14.86% ~ 28.84% (for various W) is from the FERDC and
70.47%~84.3% is from near-threshold operation. Figure 2-19 shows that the percentage
of power consumption of the overhead circuitry varies from 24.65% (W = 128) to 3.79%
(W =1024) in the proposed FIFO. It is negligible for W larger than 256. The leakage
power reduction of the proposed FIFO with FERDC and near-threshold operation is

more than 75% compared with conventional FIFO as drawn in Figure 2-20. FERDC
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contributes 17.65% to 32.73% of the leakage power reduction. The near-threshold opera-
tion exponentially reduces the leakage current which contributes 44.13%~54.9% of the

leakage power reduction.
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Figure 2-18. (a) Comparison between the total power of the conventional FIFO and proposed
FIFO. (b) Comparison between the energy of the conventional FIFO and proposed
FIFO.
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Figure 2-19. Power breakdown of the proposed FIFO for different /.
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Figure 2-20. Leakage power comparison of the conventional FIFO and proposed FIFO.
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2.7 Conclusion

Many image/video processing algorithms require FIFO for filtering. The FIFO
size is proportional to the length of the filters and input data width, causing large area
and power consumption. We have proposed an energy and area efficient FIFO design for
image/video applications through error-reduced data compression and near-threshold
operation. On architecture-level, FERDC technique is proposed to reduce the size and
power consumption of the FIFO by utilizing the spatial correlation between neighbour-
ing pixels and performing error-reduced data compression together with quantization to
minimize the MSE. On circuit-level, near-threshold operation is adopted to achieve fur-
ther power reduction while maintaining the required performance. To demonstrate the
proposed FIFO, it has been implemented using a 0.18 um CMOS process technology.
The implementation covers different FIFO length including 128, 256, 512 and 1024. The
experimental results show that the proposed FIFO operating at 0.5 V and 28.57 MHz
achieves up to 99%, 65 % and 34.91% reduction in dynamic power, leakage power and
area respectively with a small MSE of 2.76, compared to the conventional FIFO design.
The proposed FIFO can be applied to a wide range of image/video signal processing ap-

plications to achieve high area and energy efficiency.
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Chapter 3. Area- and Power-efficient Laplacian Pyramid Pro-
cessing Engine Using FIFO with Adaptive Error Reduced Data

Compression

3.1 Introduction

Recent developments in integrated circuits design enable us to realize complex
algorithms on silicon. In the meanwhile, rapid advancements in image/video processing
have introduced more powerful and efficient algorithms. For instance, LP, GP, Wavelet
Transform (WT) and CT are extensively used for applications such as image compres-
sion, video coding, object recognition and 3D graphics [2-5]. Most of the image/video
processors implemented in hardware require real-time processing performance [48-50].
In recent years, low power and miniaturized designs have become important as various

portable and mobile image/video applications have been developed [10, 51, 52].

Laplacian Pyramid is one of the popular multi-resolution (multiscale) image rep-
resentations in image/video processing applications such as image fusion, compression,
feature extraction and object recognition [53-55]. Various LP hardware designs have
been proposed [20, 56, 57]. However, they all focus on the performance rather than the
power consumption. As portable applications become more and more popular, there is
an increasing demand for system miniaturization and low power consumption, which is

shifting the design focus from performance to area and power optimization.
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As a heavily used component in LP processing engine (LPPE) as well as in other
image/video processors, FIFO consumes significant portion of area and power consump-
tion. Various techniques are available in literature for dealing with FIFOs as detailed in
Section 2.3. Our work published in [24] and explained in Section 2.4 is a general archi-
tecture-level approach introducing the area and energy efficient FERDC. FERDC reduc-
es dynamic and leakage power, and area by 28.84% and 32.73%, and 34.91% respective-
ly. However, due to its non-adaptive nature, the MSE increases significantly over a wide
range of input images. Moreover, the more FIFO size reduction was achieved at cost of
large MSE, which is not applicable to practical implementations. In this chapter, the
LPPE chip focusing on power and area optimization is proposed. The power and area
optimization is performed utilizing a novel FIFO architecture with adaptive error re-
duced data compression (FAERDC), and near-threshold operation. In addition to the
power and area optimization, a new extension method is proposed to reduce the output

errors caused by boundary pixels of input image.

This chapter is organized as follows. Section 3.2 introduces the fundamental of
LP and its application. Section 3.3 presents the existing hardware architectures of LP
followed by hardware design considerations of LP in Section 3.4. Proposed FAERDC
and semi-periodic extension techniques are described in Sections 3.5 and 3.6. Sec-
tion 3.7 explains the detailed implementation of LPPE and Section 3.8 demonstrates the

experimental and simulation results. Finally, Section 3.9 concludes the chapter.
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3.2 Fundamental of Laplacian Pyramid and its Applications

LP comprises decimation and interpolation parts as shown in Figure 3-1. The
decimation part, denoted as Gaussian pyramid (GP), produces low frequency coeffi-
cients (LFC) from an input image (C,). The output of the decimation part is further pro-
cessed by the interpolation part to calculate an estimated version of the input image.
Subsequently, high frequency coefficients (HFC) are obtained by subtracting the esti-
mated image from the original input image. The low frequency output can be fed back to

the input to construct the hierarchical representation of the input image.

» LFC
Decimation Part Interpolation Part

Co G —EF?—PHFC

Figure 3-1. Laplacian Pyramid

Illustrative example in Figure 3-2 shows three resolutions of the image in which
each new resolution is smaller in size and has a less amount of information as compared

with previous ones.
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(b) (d) ®

Figure 3-2. Hierarchical LP. (a) Input image, Barbara. (b) Scale 0 HFC. (c) Scale 1 LFC. (d)
Scale 1 HFC. (e) Scale 2 LFC. (f) Scale 2 HFC. (g) Scale 3 LFC.

Laplacian pyramid was first proposed in [53] for image coding. Since LP only
provides one bandpass signal [58], its output can be further fed to directional filter banks
in order to do subband decomposition such as Contourlet transform [17]. LP is also used
to realize the image fusion which requires real-time image processing and a smaller
memory size [59]. Another popular application of LP is in optical flow [60] where mo-
tion estimation is approximated by visual displacement, and LP is applied to deal with

the large displacement and noisy areas.
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3.3 Existing Hardware Architectures of LP

First hardware-oriented architecture of the LP was introduced in [61]. It uses a
so-called “segmented pipeline” to keep the processing element run at their maximum
capacity. The first LP chip named as PYR chip is proposed in [62]. It functions at 15~20
MHz and processes a 512x480 image in 22.7 msec. In [63], a video processor utilizing
three LP processors is realized on FPGA platform to reduce the processing time at the
price of larger memory. In [64], A pattern-selective pyramidal image fusion based on GP
and LP is implemented on FPGA. In [65], another real-time LP-based image fusion is
realized on FPGA and can process dual channels 640x480 images at 25 frames per sec-
ond. In [66], a color image fusion algorithm built upon the LP is implemented by FPGA
and showed the real time performance for surveillance and security applications. A vi-
sion processor named as Acadia | in [67] is able to perform vision applications such as
video stabilization, mosaicking, video fusion and enhancement. Acadia | operates at
100MHz and can process one 512x512 image within 2.75ms. The second generation of
Acadia I chip is proposed in [68], where the pyramidal processing unit remains the same.
In [69], LP is used to estimate the motion (optical flow) and disparity of color images. It
supports real-time operation up to 36 fps for 640x480 input images. Real-time imple-
mentation of image blending in [57] is another LP application implementing four cas-
cading LP blocks by FPGA to realize a dual video stream at 420 MHz. A new LP archi-
tecture presented in [20] tries to reduce the computational complexity by applying poly-
phase decomposition and noble identities. The existing LP hardware implementations
mainly focus on the performance optimization. As portable applications become more
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and more popular, there is an increasing demand for system miniaturization and low
power consumption, which is shifting the design focus from performance to power and

area.

3.4 Hardware Design Considerations of LP

Figure 3-1 shows the conventional LP architecture. In general, every other row
and column of the output of H is discarded to generate the low-pass filtered output. After
that, LFC is upsampled by adding a zero between subsequent samples and is convolved
by a filter (G) to obtain the high frequency component of the input image. In the decima-
tion part, 75% of the filter (H) outputs are redundant and should be removed after
downsampling. A similar condition happens in the interpolation part where zeros added
between neighboring pixels are involved in mathematical operations. Consequently, re-
dundant arithmetic operations slow down the overall processing time as well as increase
the power. All the existing designs except for [20] suffer from this issue. In [20], an im-
proved LP architecture is presented. It uses the poly-phase representations and the noble
identities [70] to reverse the order of resampling and filtering, and hence avoid redun-
dant and zero-operand operations. In this LP architecture, filters (H and ) are realized
by 1D filters as shown in Figure 3-3. The row and column blocks in Figure 3-3 can be
replaced by the equivalent blocks illustrated in Figure 3-4(c) and Figure 3-4(f). The LP
architecture after filter replacement is depicted in Figure 3-5. It is worth noticing that,

contrary to Figure 3-3, two rows of an image are processed in Figure 3-5 (Row,; and
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Row,;_;) because the equivalent column block in decimation part in Figure 3-3 necessi-

tates its second input from the next row [20].
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Figure 3-3. LP realized by 1D filters.
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Figure 3-4. Equivalent block for the combinations of filter and resampling.(a) Filter H with
downsampling. (b) Polyphase decomposition of filter H. (c) Reversing the polyphase components
of filter H with downsampling after performing the noble identity 1. (d) Filter G with upsampling.
(e) Polyphase decomposition of filter G. (f) Reversing the polyphase components of filter G with
upsampling after performing the noble identity 2.
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Figure 3-5. LP architecture in [20].
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One of the main bottlenecks of achieving high area and power efficiency lies in
the optimization of FIFO [71]. In LP, FIFO is the major component consuming power
and area. Each column block (Figure 3-4) requires a big FIFO to keep the essential num-
ber of data, generated by the row block. Its size is the function of the filter length, the
input image width and the input data bit-width. A FIFO block for a 5th-order filter re-
quires 4 FIFOs, keeping the necessary amount of data to start filtering. Moreover, since
the Delay blocks in Figure 3-4 synchronize the original input data with the outputs of
“gy”, they are also realized by the FIFOs. Their size is defined by the input data bit-
width and the total delay introduced by decimation and interpolation parts. The afore-
mentioned delay is the function of the extension method and filters lengths applied in

decimation and interpolation parts.

As we discussed in Chapter 2, various techniques to optimize FIFOs power and
area can be categorized as architecture-level and circuit-level techniques. On architecture
level, most of the techniques focus on algorithm dependent optimizations [39, 40]. The
circuit level techniques mainly include latch-based FIFO [11], ultra-low power SRAMs
[33], memory-splitting and clock gating techniques [19]. We have shown a general ap-
proach [23, 24] for area and power optimization of FIFO with error-reduced data com-
pression in Section 2.4. However, due to its non-adaptive nature, the MSE increases sig-
nificantly over a wide range of input images and therefore further power and area im-
provement is not achievable because the more compression on FIFO cells deteriorates
the output MSE considerably. In the next Section, we will show how the FIFO area and
power can be reduced by the proposed adaptive data compression technique.
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Another design issue of the existing LP hardware architectures is caused by the
boundary pixels where a filter window is not completely covered by the input image
[35]. Methods such as constant extension, duplication extension and mirroring extension
are typically applied to address this issue as described in Figure 3-6. The constant exten-
sion method basically assigns a predefined constant value to the image boundary. The
duplication and mirroring methods extend the image across the boundary by deploying
available pixels outside of the image. However, they all give rise to undesired artifacts

within the image boundary, which also deteriorates the MSE of the low and high fre-

guency outputs.
Input Data: X1 X2 X3 ...Xp-2 Xp-1 Xn Length filter: 5
Constant Extension (Left-Side): - - - - X1 X2 X3 ...Xn-2 Xn-1 Xn
Constant Extension (Both-side): . X1 X2 X3 ...Xpn-2 Xpn-1 X _ _
Duplication: X1 Xo X1 X2 X3 ...Xn-2 Xn-1 Xn éXn_l Xn
Mirroring: X3 Xo i X1 X2 X3 Xn2 Xn-1 Xn ixo 1 X

Figure 3-6. Conventional extension methods.

3.5 Proposed FAERDC Principles

3.5.1 FERDC Technique and its Potential Drawbacks

Figure 3-7(a) shows the conceptual block diagram of FERDC for a single FIFO
[37] which is fully explained in Chapter 2. It consists of encoding and decoding parts.

The input data (x;) is first horizontally decorrelated by the differential predictor
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(Figure 3-7(a)) and quantizer (Q.) (Figure 3-7) to reduce B bits to b bits where b < B.
In addition, the update error block is applied to avoid adding the quantizer errors to very
final output (x;4). The quantizer (Q.) has three segments for both positive and negative
input values which are represented by fL and sL. The first and second segments have
the step size of Step1 and Step2, respectively and the last segment is represented by
only one symbol. These parameters in [24] are constant and determined based on the
simulation of some images and therefore they would not be updated with respect to the
input data. The output of the quantizer is a b-bit symbol that is stored in FIFO whose
word width is b bits which is less than B bits. The FIFO is implemented by a FF-based
register bank to further reduce the power as compared to a conventional FIFO in which
FFs connected in series. Similarly, in decoding part, the b-bit symbol from the FIFO is
passed through 1.Q. and real data is retrieved and then decoded by inverse deferential

predictor (Figure 3-7(b)) to obtain the original input data.

Further studies on FERDC show that there are some input images having signifi-
cant error at the output. It is because all the quantizer parameters of FERDC are constant
and is not updated according to input data. In other words, when quantizer input (Y;,)
faces different numbers of large values for various images, it is required to have variable
quantizer parameters to reduce the error. However the FERDC quantizer is constant and
equally behaves to all sets of input values which generate a big error when its input has
large values. This situation becomes unacceptable when the large values located on ei-
ther of the last segments of Figure 3-7(c). Since the last segments are only represented

by one symbol, all input data are mapped similarly in encoding part and then they are all
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retrieved to the fixed values meaning %— 1 or %L in decoding part. Therefore, a huge

accumulated error appears in the final output. The MSE of LP outputs using FERDC are
tabulated in Table 3-1 for some input images. It is seen that the MSE of LFC and HFC
are very big due to the large accumulated errors introduced during the encoding and de-

coding phases.
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Figure 3-7. (a) A block diagram of FERDC. (b) Differential and I. Differential Predictors. (c)

Quantizer for positive and negative numbers.
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Table 3-1 MSE comparison between FERDC and FAERDC

FERDC FAERDC Improvement (%)
mage LEC HFC LFC | HFC LFC HFC
Casel 53.9 135 15 0.9 97.2 93.3
Case2 82 4.4 14 0.9 98.3 79.6
Case3 119.1 295 1.9 18 98.4 93.9
Case3 198.7 498 2.7 1.4 98.6 97.2

3.5.2 FAERDC Technique

To address the above issues, | propose a FIFO with adaptive error reduced data
compression technique (FAERDC) shown in Figure 3-8. Quantizer Tuner block consists
of two parts. First, it adaptively updates the quantizer parameters (fL, sL, Step1 and
Step2) for the next row by a function of the present row to encompass the input data
spectrum within [—sL, sL]. Second, it reduces the error of the input data falling outside
of [—sL, sL] while processing the next row. To see how it updates the quantizer parame-
ters, the total number of quantizer levels is denoted as L and is written in Equation 3-1.
fL and sL are accordingly calculated as Equations 3-2 and 3-3. If L is set to 128 (mean-
ing b is 7 bits) (Figure 3-7), sL vs. fL can be drawn for various combinations of Step1
and Step?2 as illustrated in Figure 3-9(a). If Step1 and Step?2 are adaptively chosen as
(1, 4) or (1, 8), sL can vary from 242 to 482 which is quite enough for many applica-
tions. Then, fL and sL should be adaptively calculated with respect to Equations 3-2
or 3-3 which are derived from Equation 3-1. Step1 is selected as 1 in both cases because

the quantizer input is densely populated in [—fL, fL], and therefore it is necessary to
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have a finer resolution in this region. In order to select a combinations of Step1 and
Step?2 for the next row, the maximum value of y; (named as Max(y;)) from the present
row needs to be calculated. If Max(y;) is less than 242, it is assigned to sL and fL is
calculated with Equation 3-2. Otherwise Max(y;) is larger than 242 and assigned to
sL and then fL is calculated with Equation 3-3. Step?2 is selected as a power of two val-

ues to minimize the hardware complexity.
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For Max(y;) smaller than 242 if fL2 is selected instead, as shown in
ure 3-9(b), the Step2 region becomes contracted. Therefore the number of quantizer lev-
els in this region is reduced and added to the Step1 region. In this case, overall MSE is
degraded because more errors are contributed to the outputs due to less quantizer levels
in the Step2 region. In other words, when the maximum value of the input row is small-

er than 242, it is not required to allocate more quantizer levels to the Step1 region.

Besides, if there are some cases in which values larger than 500 are generated
(Step1, Step2) equal to (1,16) can be included in decision-making. As a result, this
technique in fact exploits the vertical correlation between the subsequent rows and is

hereafter referred as Quantizer Parameters Update block.

Although the present row is used to calculate the quantizer parameters of the in-
coming row, while processing the next row, there may be some values fall outside
[—sL, sL] (last segments of quantizer in Figure 3-7(c)). Since all those values are repre-
sented just by one symbol, the quantizer error is large. To suppress this error, all similar-

ly generated errors in the encoding part are averaged and used later to be added to the
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retrieved data (x;4;) for improving MSE. This is referred as Average Update block. For
other retrieved data, x;4, is directly sent to output. The last two columns in Table 3-1

show the MSE improvement achieved by proposed FAERDC, which is more than 90%.

3.6 Proposed Semi-periodic Extension Method

The original extension method of LP introduced in [17] is periodic and only suit-
able for non-casual software implementation when the input image is completely stored
in the memory. A new extension method named as semi-periodic extension is proposed
and shown in Figure 3-10. For instance, for a 5th-order filter, first two data of each row
is added to the end of the row and two last data of each row is added to the beginning of
the next row. To do the column filtering, the mirroring extension method is used. The LP
simulation result using the proposed extension method over 100 standard test images in
Figure 3-11 reveals that the MSE of LFC is improved by 41.2% and 76.6% compared
with mirroring and constant extension methods, respectively. MSE of HFC is also im-
proved by 45.1% and 86.2% compared with mirroring and constant extension methods,

respectively.
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Figure 3-10. Proposed semi-periodic extension method for row filtering.
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3.7 Proposed LP Processing Engine (LPPE) Implementation

This section will describe the hardware implementation of the LPPE utilizing the

proposed FAERDC and the semi-periodic extension method.

3.7.1 FIFO with FAERDC

Proposed LPPE employs FAERDC in the column filtering and data synchroniza-
tion blocks to reduce the area and power. The 9/7’ filters introduced in [46] are selected
as H and G filters in Figure 3-1. After applying polyphase decompositions and noble
identities, the E,, E;, R, and R, blocks (Figure 3-5) are 5™, 4"-, 4" and 3"-order filters,
respectively. Figure 3-12 illustrates the proposed FIFO architecture for a 5"-order filter.
In Figure 3-12, the output of each FIFO, named as y;s;, where j varies from 1 to 4, is
connected to the input of the next FIFO core. So, only one encoding part is required.
Moreover, the quantizer tuner calculates only the quantizer parameters for FIFO Core;.
The calculated parameters are stored to be used in the subsequent FIFO cores. However,

each row needs a separate decoding part to generate the desired inputs for the filter.

In data synchronization application whose input-output delay is larger than input
image width (W), the proposed FIFO architecture can be utilized. For instance, if it is
needed to have a four-row (4W) delay between the input and output, the data synchroni-
zation in Figure 3-13 is proposed. Since there is only one output, one decoding part for
the last FIFO is required. So, in general, MW -data synchronization, where M is larger
than 1, can be designed by adding the M numbers of FIFO between encoding part and

decoding part.
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Five FIFO blocks in Figure 3-5 are numbered from one to five and a set of pa-
rameters is denoted as (B, L, N). They determine the FIFO block specification (FBS),
where B is the input bit-width, L is the FIFO length and N represents the number of
FIFOs in the FIFO block. Since there are five FIFO blocks, the FBSs are (12, W/2, 4),
(12, w12, 3), (12, W, 3), (9, W, 4) and (9, W, 4), respectively, where W is the input im-
age width. For instance, the FIFO block, numbered as 1 and preceded E, (Figure 3-5),
requires four FIFOs with length of W/2 because E, is a 5™-order filter. Regarding the
delay blocks, numbered as 4 and 5 in Figure 3-5, the number of FIFOs is 4 because the
delay from input to output is the function of filter extension method which is measured
as 4W. For FIFO block 1, the FIFO architecture in Figure 3-13 can be exactly used,
while for FIFO blocks, numbered as 2 and 3, the number of FIFO cores in Figure 3-12
should be reduced to 3. For FIFO blocks, numbered as 4 and 5, the FIFO architecture in
Figure 3-13 is applied without further modification. In all proposed FIFO architecture,
the total numbers of quantizer levels, L, is set to 128, meaning that all FIFOs in FIFO

blocks are 7-bit wide (b in Figure 3-12 and Figure 3-13)
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The “Differential Predictor” and “Update Error” are implemented as shown in
Figure 3-14. The error of the previous input is generated by taking the difference be-
tween y;. and y;; Where y;, is calculated in “Q.” block. Then the output, y;, , is sent to

“Q.” formulated as Equation 3-4.

(il 0<yge<A
YVie —A
A - A<vy; B
i * Step2 = Yie <
_J\e3 B <y
Yis ( Wil — A<y <0
Yie + A 3-4
—A+ |[2E— —B<y,<-A
i * Step2 = Jie
—64 Yie <-B
A= fL + Stepl
B = (fL + Stepl) + (lSL_fLJ+1)><St 2
= epl) Step2 ep
H 8i-1:yic - yiq
Xi % Yi i *: """""" > Yie
‘ R : YL

Figure 3-14. Differential Predictor and Update Error hardware implementation.

The hardware implementation of “Q.” is shown in Figure 3-15(a)-(b) where A and B
specify the quantizer different areas. Figure 3-15(a) calculates 7-bit y;; (Figure 3-7(c))
which is the corresponding symbol of y;.. Similarly, Figure 3-15(b) calculates the
Yiq €xpressed in Equation 3-5 which is applied to Figure 3-14 to generate y;.. After cal-
culating y;, it is stored in FIFOs which is realized by the conventional FF-based FIFO.
Once the FIFOs are full, the output of FIFOs block is then passed through “I.Q” and in-

verse differential predictor shown in Figure 3-16 and Figure 3-17.

62



(lyis] + 0.5 0<y, <A

p
Step?2
<A+(2(yis—A)+1)>< A<y, <63
Step?2
| B — + 15 Vis = 63
Yia (sl — A<y <0
Step2
<—A+(2(yis+A)+1)>< - 63y, <-4
Step?2
LL—(B— > 15) Vie = —64

Sop1y 1 Sapr2
Yie
10

1)
\\1(:A/
J

-

yﬁ» yia
é} Sop2 7 2
011111 P)
yEF Yie 1
B 3> sou
Yie Sqo
y£>
-i Sonz T s
QN2
(a
Sap1| | Sarz
11->(4) i | Yiey o
o OO @—):
A 1
Step2
11>(=) | PREN
-11—>
. E' D[~ [=-0—}:
-13=>(-) A 2
Step2 SQNl SQNZ
(b)

T

>

Yis

= O

SQO

Figure 3-15. Quantizer hardware implementation. (a) Calculating y;s (b) Calculating y;,.

Yiq

3-5

63



Sigp1 Sigr2

A yls

11_> =0
—p@-)l << Step?2) 1
2 ) H
Yiq
StepZ A y|s 1 !_>
1y '
Step2

Siont 'Signe2

Yis Yis Yis Yis Yis
Siqo
(Z:B_> 65:@—} S|QP1 E:B—P S|Qp2 -GZ%:D—V S|QN1 -E:B—D S|QN2

Figure 3-16. I.Quantizer hardware implementation.

First value
of each row @ @ .

YIqJ—'_T@—> R

Figure 3-17. |.Differential Predictor hardware implementation.

Quantizer tuner consists of quantizer parameters update and average update
blocks. Figure 3-18(a) shows the hardware implementation of quantizer parameters up-
date block, realizing Equations 3-2 and 3-3. Control Circuitl calculates the Max(y;) of
each row. If Max(y;) is smaller than or equal to 242, Step2 is set to 4 and quantizer
parameters are accordingly updated as Equation 3-2  through multiplexers in
ure 3-18(a) controlled by S1 and S0. Similarly, if Max(y;) is larger than 242 and small-
er than or equal to 482, Step2 is set to 8 and quantizer parameters are accordingly up-
dated as Equation 3-3. In the case that Max(y;) is larger than 482, Step2 is set 8 and fL

and sL are selected as 1 and 482. To avoid implementing two dividers in Equations 3-2
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and 3-3, each one is converted to a multiplier and a right shift as shown in dotted box in

Figure 3-18(a).
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Figure 3-18. Quantizer Tuner consists of two blocks which are (a) Quantizer Parameters Update
block. (b) Average Update block.
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Average update block is implemented in Figure 3-18(b). Each input which is
quantized into 63 or -64 is sent to it. Then the difference between input (y;.) and corre-
sponding y;, is calculated and averaged for both positive and negative values separately.
In this block, there are two dividers in which both numerator and denominator are varia-
ble; however, they are enabled once per Wcycle right after filling the FIFO. As a result,
PAand NA are obtained as the average of difference values for positive and negative
parts of the quantizer and applied to retrieved data to compensate the error. It is noted
that the new FIFO architecture can function in two modes which are named as adaptive
and non-adaptive modes. In non-adaptive mode which is mainly used for testing, Quan-
tizer tuner is disabled and therefore the quantizer parameters are constant. While in

adaptive mode all the parameters are updated as explained so far.

3.7.2 Pipelined Implementation of LP

Since all the mentioned filters are linear phase, symmetrical coefficients can be
used to reduce the number of multipliers. For example, for a 5™-order filter, the number
of multipliers is reduced from five to three as shown in Figure 3-19. Similarly, remain-
ing filters can be fit into an equivalent direct form implementation with two pipeline
stages. We did not put more effort on optimizing the filters hardware implementation
because the post-layout power simulation showed that all filter blocks contribute only
less than 5% of the total power. Similarly the whole design excluding FIFOs contributes
less than 7% of the area. However, when filter blocks significantly affect the power,
speed, and area, efficient single/multiple constant multiplication (SCM/MCM) tech-

niques such as canonical signed digit (CSD) or RADIX-2r recoding [72, 73] must be
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applied. In addition, the fixed-point two’s complement arithmetic is used to calculate the
output. So, filter coefficients (t;;) are quantized into M-bit integer and input data is as-
sumed to be K-bit wide. The M-bit right shift in Figure 3-19 is to compensate the M-bit
integer representation of the filter coefficients. Finally the result is rounded with respect

to discarded M bits.

Having implemented FIFO blocks and new extension method, we are now able to
replace them with equivalent blocks in Figure 3-5 and draw the pipelined implementa-
tion of LP as illustrated in Figure 3-20. It consists of eight pipeline stages indicated as S1
to S8. It also incorporates other pipeline stages within the filter and FIFO blocks. Fig-
ure 3-20 shows that there are two inputs required to start the LP process. The first two
blocks indicated as D1 and D2 perform decimation on their inputs. They provide two
subsequent data at the input of the filter blocks located in the next stage. So, data arrival
is controlled by a clock (Clk1) that is twice faster than second clock (Clk2). Clk2 is also
connected to remaining blocks of decimation part. Decimation operation in “h,,” block is
implicitly applied by providing two data from neighbouring rows through FIFOs. In ad-
dition, interpolation in “g,” block is performed by a multiplexer. It sends inputs to out-
put one after another using the faster clock (Clk1). Hereafter the following blocks are all
controlled by Clk1. As a result, LFC and two high frequency outputs are streamed out
with Clk2 and Clk1, respectively. The “Control Unit” is responsible to reset the blocks
at the beginning, disable/enable the New FIFO adaptive part and most importantly con-

trol the whole processing flow of the image.
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3.7.3 Near-threshold Operation Technique

Besides reducing the power consumption on architecture level by adopting pro-
posed FAERDC technique, near-threshold operation [45] is also adopted to further re-
duce the power as explained in details in Section 2.5. In addition, ultra-low voltage level
shifters [74] are also adopted in the design to interface between the near-threshold core

and 1/Os as shown in Figure 3-21.
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Figure 3-21. Level shifter for fast and energy-efficient wide-range voltage conversion

from near/sub-threshold up to 1/0 voltage [74].
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3.8 Experimental Results

We have fabricated the proposed LPPE at a 0.18 pm CMOS process technology.
The proposed LPPE is described in VHDL and then synthesized using the Cadence RTL
Compiler. The placement and routing (PnR) was done by the Cadence SOC Encounter
applying the CPF (common power format) flow for the low power design. The full-
customized level-shifter is exploited during synthesis and PnR to connect the core out-
puts to the inputs of the I/O pads operating at 1.8V. Since the main core is operating at
0.5 V, level-shifter voltage conversion is from 0.5 V to 1.8 V. Figure 3-22 shows the
chip micrograph of the fabricated LP with the size of 4 x 4 mm? in 0.18 pm CMOS
technology. Detailed specifications of chip are summarized in Table 3-2. A Xilinx
ZYNQ-7000 SOC video and imaging kit with Xilinx FMC XM105 debug cards is used
to test the chip. To do so, the input image is stored in embedded memory of ZYNQ de-
vice and then later two pixels are simultaneously sent to the chip and the results are read
to logic analyzer, as shown in Figure 3-23. Finally the results collected by the logic ana-

lyzer are verified in MATLAB to check the functionality of the chip.

Table 3-2 Chip specifications

Technology 0.18um
Pad/Core Voltage 3.3-1.8V/0.50 V
Frames per second (fps) 112
Power (UW) 452
Frequency (MHz) 3.68
Energy/cycle (pJ/cycle) 122.83
Image size 256x256
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Figure 3-23. Testing setuusing Xilinx ZYNQ-7000 SOC video and imaging kit with Xilinx
FMC XM105 debug cards.

3.8.1 MSE Performance

All the “New FIFO” blocks in Figure 3-20 are implemented with 7-bit wide
FIFO. The extensive simulation results over 100 standard test images [47], which are
popular in image processing and computer vision applications evaluation, show that it
outperforms the architecture in by more than 90% for LFC and more than 86% for HFC
as shown in Figure 3-24. The standard deviation of MSE in Figure 3-24 reveals that the
MSE just varies 0.85 and 0.43 for LFC and HFC, respectively, which is 98% better than

those of others. In addition, if more area and power reduction are desired, the FIFO cell

71



width should be reduced more. In this case the MSE of other methods will be very large.
Suppose that FIFO cells width is reduced to 6; therefore, the proposed design is perform-
ing 92% better than [24] as illustrated in Figure 3-25. The standard deviation in Fig-

ure 3-25 also exposes that the MSE variation is 96% better.
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Figure 3-24. MSE performance and standard deviation of MSE of LPPE outputs applying FIFO

architectures in [24] and FAERDC with 7-bit wide FIFOs over 100 standard test
images.
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Figure 3-25. MSE performance and standard deviation of new LP outputs applying FIFO

architectures in [24] and FAERDC with 6-bit wide FIFOs over 100 standard test
images.
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3.8.2 Power and Area

Since the proposed FIFO architecture has adaptive and non-adaptive operating
modes, the chip can function in two different modes. The chip operates at 0.50V and
3.68 MHz for processing 112 images (256 x 256) per second. The resultant power for
adaptive and non-adaptive modes is 452 pyW and 445 pW, respectively shown in Fig-
ure 3-26(a) for “Cameraman” input image. It turns out that the Quantizer Parameters
Update block responsible for adaptive operation just contributes 1.55% of the total pow-
er. However, the MSE of output in adaptive operating mode is more than 95% better
than that of non-adaptive one as given in Figure 3-26(b). Power simulation result of
post-layout netlist using real input images shows that the LPPE consumes 58 mW at

nominal voltage of 1.8V and operating frequency of 10 MHz.

Figure 3-27(a) shows the low and high frequency outputs of LP for “Camera-
man” input image. Figure 3-27(b) illustrates the difference between adaptive and non-
adaptive outputs in which adaptive mode outperforms nonadaptive one on the edges
which conveys vital information of the image. Since interpolation part includes more
FIFO blocks compared to decimation part, 70.85% of the core area is occupied by inter-
polation part and the rest by decimation part. Table 3-3 summarizes the MSE and its var-
iation for LFC and HFC over 100 standard test images as well as the sample input image
(Cameraman).

Table 3-4 compares the proposed LP engine with other hardware implementa-
tions. Since the proposed design is operating at near threshold voltage, the frequency is

degraded. Other designs in Table 3-3 are all operating at nominal voltage and therefore
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the operating frequency is higher and suitable for high performance applications. How-
ever, all are almost suffering from redundant and zero-operand arithmetic operations.
The proposed LPPE is designed for biomedical applications such as CE which requires
256 x 256 input image as well as IoT applications. The achieved operating frequency
which is 3.68 MHz is far enough for example for real-time observation of internal diges-
tive tracts. The frame per second (fps) can be calculated as below:

_ 2xf 3-6
"~ NXN

fps

Where fis the operating frequency and N X N is the input image size. The Pro-
posed design can support VGA input standard with the operating frequency of 3.84 MHz
for fps = 25. The required operating frequency for HD input standards is 12 MHz
(1280 x 720) and 26 MHz (1920 x 1080), respectively, for fps = 25. If the required
fps is doubled, the abovementioned frequencies are also doubled. For such a high per-
formance applications, the LPPE can be also operated at a higher voltage in order to
achieve the required frequency. As a result the LPPE can support VGA and HD stand-
ards with lower operating frequency and smaller area and power consumption as com-

pared to the existing ones.

The latency of LPPE to generate the first output can be calculated as
tion 3-7 as a function of input image size and operating frequency. The constant value 4

is introduced due to the proposed extension method.

4%x N
f

Latency = second 3-7
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Figure 3-26. (a) Power measurement result for LP operating at 0.5 V with both non-adaptive
and adaptive modes. (b) MSE comparison of the “Cameraman” input image in non-

adaptive and adaptive modes.
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Figure 3-27. (a) The LPPE output for Cameraman Image. (b) The difference between the
outputs of adaptive and nonadaptive modes.
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Table 3-3 MSE for LFC and HFC over 100 test images

[20] [24] This work
LFC HFC LFC HFC LFC HFC
Averaged MSE NA NA 21.33 5.65 1.22 0.81
7-bit
Variation NA NA 89.43 0.85 21.67 0.43
Averaged MSE NA NA 103.53 26.11 4.40 1.93
6-bi
" Variation NA NA 351.93 85.48 7.42 2.63
MSE (Cameraman Image) 5960 2339 128.46 36.54 2.45 1.77
NA: Not applicable
Table 3-4 Comparison with other works
This
[20] | [57] | [62] | [63] | [64] | [68] | [69] work
Freq.
(MH2) 200 | 420 20 25 31 108 83 3.68
fps 1525 | 94 55 35 101 400 270 112
Image 512x 512x 256
Size 512 | 1P [ 512 | -~ | VOA|VEA | VEA| o5
App. Al A6 Al A2 A3 A4 A5 Al
ASIC (A)
FPGA (F) F F A F F A F A
Latency (ms) ~0 - - - ~50 ~1 - 0.28
Energy(pJ) ) ) ) ) ; . -
lcycle/pixel 0.002

Al: GP and LP, A2: Target tracking and Image stabilization, A3: Image fusion
A4: Vision processor, A5: Motion and depth estimation, A6:Image blending
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Figure 3-28. Area breakdown of LP core. The number written in the boxes are referred to the

number assigned to “New FIFO” blocks in Figure 3-20.
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Figure 3-28 shows that New FIFO blocks in interpolation and decimation parts
(Figure 3-5) occupies 66.80% and 26.24% of the core area, respectively, which is
93.31% of the whole area. The numbers shown in Figure 3-28 refer to the New FIFO
blocks indexed in Figure 3-20. More than 66% of the area of New FIFO blocks in deci-
mation part is occupied by the FIFO parts as shown in Figure 3-29(a) and the rest is used
by nonadaptive and adaptive parts. Figure 3-29(b) also shows that 85% of the area of
New FIFO blocks in interpolation part is occupied by FIFO parts and remaining area is
used by nonadaptive and adaptive parts. The area breakdown of non-adaptive and adap-
tive parts in New FIFO block named 3 is shown in Figure 3-30. In non-adaptive part 1.Q.
dominates the area because each FIFO core requires a separate one. In adaptive part, the
area is almost divided between average update and quantizer parameters update blocks;
however, further reduction in average update block can be achieved by replacing two
dividers with the simpler design. As a result, the total area improvement estimated for
512 x 512 and 1024 x 1024 input image sizes are 28.79% and 36.06% respectively as

shown in Figure 3-31.
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the numbers in Figure 3-20.
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3.9 Computational Complexity Analysis

The required number of arithmetic operations throughout the whole process can
be generally calculated as given in Table 3-5 for an W x W input image, 1 X K decima-
tion filter and 1 x P interpolation filter. It shows that the proposed LP architecture re-
duces the arithmetic operations by half in decimation part. Similarly, the zero operand
arithmetic operations is reduced by P x 100%/(2P — 1) in the proposed LP architec-
ture and therefore there is 54% reduction for the 7"-order filter (P = 7). Moreover, since
the proposed method is processing the two rows of the image simultaneously, the whole

process requires some W2 /2 clock pulses to finish the analysis of an W x W image.

Table 3-5 Comparison of Number of addition and Multiplication in decimation and interpolation
parts (Excluding the operation in FIFO)

Operation Conventional Methods Proposed Method
5 Addition 1.5 x W2(K — 1) 0.75 X W?(K — 1)
g
'S Multiplication 1.5 x W?K 0.75 x W?K
al
5 Addition 15X W?(P - 1) 0.75 x W?(P — 2)
<
2
3 Multiplication 1.5 x W?2p 0.75 x W?P
o
Processing time - W2 _we?
(Number of clock cycle) - =
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3.10 Conclusion

In this chapter, we have presented a power and area efficient Laplacian Pyramid
processing engine (LPPE) for image/video processing applications. LPPE applies archi-
tecture-level and circuit-level techniques to reduce the power and area and improve the
MSE. On architecture-level, FEARDC and new extension method are proposed to com-
press the FIFO size, reduce the power and area and improve the MSE. On circuit level,
near-threshold design is adopted to further reduce the power consumption. As a result,
the area is reduced by 18.98%~36.06%. Measurement results show that the proposed
LPPE achieves the operating frequency of 3.68 MHz at 0.50 V for processing 112 fps

while consuming only 452 uW.
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Chapter 4. Structuring of Contourlet Transform for Pipeline-

based Implementation

4.1 Introduction

Digital signal processing has been developed with the aids of various transform
algorithms such as discrete cosine transform (DCT) [75], discrete Fourier transform
(DFT) [76], Wavelet transform [77], etc. Basic transforms such as DCT and DFT pro-
vide coefficients in the frequency domain regardless of the space or time occurred. The
Wavelet transform has been introduced to obtain signal properties in the specified time
or space coordinated. 2D wavelet transform detects edge points efficiently, but cannot
detect the smoothness of contours. To tackle the above limitations, various new schemes
such as curvelet [78] and contourlet [17, 79] have been proposed, trying to overcome the

limitations of the standard wavelets.

Contourlet transform (CT) is a powerful and contemporary tool in extracting vital
information from an image [17, 79]. It is mainly composed of two parts named LP and
directional filter bank (DFB). CT is widely used in many image/video processing appli-
cations such as image quality assessment, watermarking, denoising, compression, etc
[80-85]. Hardware implementation of transform algorithms is highly required due to
numerous real time applications for signal and image processing. Even though CT has
been increasingly used for image and video processing applications, hardware architec-

ture of CT has not completely been reported. However, various LP algorithms have been
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proposed as a part of systems [56, 62, 86, 87] and fully reviewed in Chapter 2. In [88], a
video denoising algorithm applying CT was implemented on FPGA. It uses the conven-
tional LP architecture and only performs QPDEC decomposition in DFB part; however,

the details of the design are not included.

In this chapter, a structure for CT, composed of the LP and DFB that is suitable
for efficient hardware implementation is proposed. A new architecture of the LP pro-
posed in Chapter 2 uses the poly-phase representation and the noble identities to reduce
the number of mathematical operations. We also present hardware architecture of the
directional filter bank utilizing 2-D filters and several arithmetic structures with the re-
duced number of multipliers. Moreover, for the CT to extract data from different direc-
tions of an input image, a memory-based structure is designed to perform the rotation
operation. Quantization analysis is utilized to determine the width of memory for the
registers and FIFO cells in different pipeline stages. The final CT architecture is ob-
tained by concatenating the proposed LP and DFB and then is verified by FPGA imple-

mentation.

The organization of this chapter is as follows. In Section 4.2, a brief and intuitive
principle of CT is presented. Section 4.3 explains the proposed hardware-oriented struc-
ture of CT, followed by its hardware architecture given in Section 4.4. Performance
evaluation, including quantization and complexity analyses of CT and FPGA implemen-

tation is presented in Section 4.5. Finally, the conclusions are drawn in Section. 4.6.
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4.2 Review of Contourlet Transform Principle

CT consists of two parts, LP and DFB (Figure 4-1(a)). LP comprises a decima-
tion part and an interpolation part. These two parts produce low frequency (LF) and
high frequency coefficients from the original input image [53]. DFB analyzes the high
frequency coefficients, generated by LP, to show directionality in the frequency domain.
CT can be constructed hierarchically by applying low frequency coefficients from one
LP (e.g. ny in Figure 4-1(b)) to the input of another LP (e.g. n, in Figure 4-1(b)) as illus-
trated in Figure 4-1(b). The directional filter bank decomposition at each pyramidal level
is defined by a vector, nLevs = [n; ...n, n,]. Each scale divides its high frequency co-
efficients (HF) into 2™ wedge-shaped sub-bands wherei = 1,2, ...,t. Foran N X N in-
put image, the size of HF; sub-bands and LF is N x N/(44~D2m) and N x N/4%, re-
spectively. Figure 4-1(c) illustrates the 2D frequency plane decomposition of nLevs =
[2,3]. It shows two sets of directional sub-bands (A and B) that are 8 and 4 wedge-
shaped directional sub-bands. Figure 4-1(d) shows the CT transform of Barbara image
for nLevs = [2,3]. Note that the number of the output coefficients of CT transform is

larger than that of input image pixels by about 25%.

84



Contourlet Transform

nlevs  —» —> LF
: Toniac J Directional Filter |
: aplacian Bank :
Input Image—e-» Pyramid(LP) > (DFB) —E—b HF

Input Image

nLevs
=[Ny, ..., Nz, N4]

(d)

Figure 4-1. (a) High level block diagram of CT, (b) hierarchical block diagram of CT, (c) 2D
frequency plane decomposition for nLevs = [2,3], and (d) “Barbara” image for
nlLevs = [2,3].



The general structure of the LP as explained in Chapter 2 is illustrated in
ure 4-2 [53, 79]. C,, C;and D, represent input image, low and high frequency coeffi-
cients, respectively. H and G are filters used in the decimation and interpolation parts.
LP is a hierarchical algorithm where the input image, represented by C,, determines the
zero level of LP. The first pyramidal output (C;) is a low-pass filtered version of C,. It

then goes to interpolation part to produce D;.

Co

Figure 4-2. General structure of Laplacian Pyramid (LP).

Filter banks (FB) are powerful tools for decomposing and analyzing discrete sig-
nals in digital signal processing [70, 89]. Advancements in new 2D multi-scale represen-
tation have revealed that directionality is a crucial feature for an efficient image repre-
sentation [79]. In [90], non-separable FB is explored for constructing a 2D directional
filter bank. This 2D DFB involves input signal modulation using diamond-shaped filters.

(See [91] for details).

To simplify the analysis of the iterated DFB, a new formulation has been pro-
posed based only on Quincunx Filter Bank (QFB) with fan filters in [17, 79]. This elimi-
nates the modulation of the input image and has a simpler rule for expansion. In sum-

mary, DFB partitions frequency planes into wedge-shaped parts by combining QFBs

86



with “rotation” operations through resampling. To avoid higher mathematical complexi-
ty of DFB, a descriptive explanation of DFB decomposition using QFB and Resampled
Quincunx Filter Bank (RQFB) is given (Figure 4-3). In this decomposition, QFB is em-
ployed for n; = 1,2 while QFB and RQFB are both utilized for n; > 2. Figure 4-4(a)

shows the DFB decomposition of the first two levels using QFB.

J »Qutput (For n; <=2)
From

Lp - QFB Stage RQFB Stage »Output (For n; >2)

v

Figure 4-3. Block diagram of DFB

Matrices Q, and Q, followed by fan filters represent the two-dimensional quin-
cunx sub-lattice [92]. Using this decomposition method, we could divide the frequency
plane into four parts as depicted in Figure 4-4(b). The four outputs of Figure 4-4(a) (i.e.
0, 1, 2, and 3) correspond to the four distinct regions in Figure 4-4(b). Forn; > 2, fre-
quency planes are partitioned into finer regions by RQFBs. Four types of RQFB are es-
tablished by resampling matrices (R,, Ry, R, and R3), which are used for each RQFB
type [17]. Figure 4-4(c)-(d) illustrates TypeO and Typel of RQFBs including Ry, R;, and

fan filters (for Type3 and Type4, refer to [79]).

Finally, the above RQFBs are combined with Figure 4-4(a) to obtain the finer
wedge-shaped parts in Figure 4-4(a). RQFBs of TypeO and Typel are used in the first

half whose outputs are indexed as ‘0’ and ‘1’ while RQFBs of Type2 and Type3 are
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adopted in the second half whose outputs are indexed as ‘2’ and “3’. This procedure con-
tinues iteratively for the outputs of Figure 4-4(c)-(d), that is, RQFBs of typeO and typel
are applied again based on the index of outputs mentioned. This trend is called expan-

sion rule and applied until the proper number of fine partitions is acquired.
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4.3 Proposed Decomposition of CT Structure for Pipeline Suita-

bility

Although CT has been gaining more and more popularity in digital image/video
processing, comprehensive research works on hardware architecture have rarely been
conducted. In this section, the structures of LP and DFB that are suitable for the intended
pipeline implementation of CT are proposed. Since LP structure has already been dis-
cussed in detail in Chapter 4, we just recap it here very briefly to make the whole struc-

ture understandable. Later we will explain DFB in more details.

4.3.1 Proposed LP Structure

The proposed LP structure is illustrated in Figure 4-5. It uses one dimensional
(1D) filters (h, and h,,, g, and g,). By applying poly-phase representation H(z) and
G(z) (z-transform of g and h in Figure 4-2) can be represented by E;(z) and R;(z)
named as polyphase components. Then by using nobble identities, E;(z) and R;(z) can
be reversed by resampling [70]. M and L are the decimation and interpolation values
[70]. So the proposed LP structure processes two rows of an image simultaneously.
Therefore, two high frequency coefficients (HFC,;_, and HFC,;) are calculated concur-
rently in addition to the low frequency coefficient (LFC;). h, calculates the horizontal
convolution while h,, calculates the vertical convolution through which even-indexed
and odd-indexed results coming from h, are processed by E, and E; respectively. The
outputs of E, and E; are added to produce the LFC;. LFC; is processed by R, and R, and

their results are interleaved to produce the results of a horizontal convolution. The output
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of the horizontal convolution is applied to R, and R,, which generates the high frequen-
cy coefficients. For synchronization, delayed input signals, which are implemented by

FIFOs, are used in the high frequency coefficient calculation.

[ elay |
| Delay |
h)’
ROW».1 > LFC;
\_‘ Y
Ro(2) = — HFCoiq
Row,;
Rl(Z) — —VHFC2i
i A
Oy

Decimation Part | Interpolation Part |
' gy I

Figure 4-5. Proposed LP architecture.

\
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4.3.2 Proposed Directional Filter Bank (DFB) Structure

Since DFB has high mathematical complexity, as was explained in Section 4.2, it
IS necessary to figure out a structure which facilitates achieving the hardware architec-
ture. To do so, we employ DFB decomposition using QFB and RQFB whose structures
are illustrated in Figure 4-6 and elaborated in [17, 79]. RQFB consists of Parallelogram
Poly-phase Decomposition (PPDEC) and ladder structure. Similarly, QFB comprises
Quincunx Poly-phase Decomposition (QPDEC) and ladder structure. In order to reach
the hardware-oriented structure, new rotation symbols are introduced in Figure 4-7 to
explain QPDEC and PPDEC block diagrams (Figure 4-6). Each rotation symbol indi-
cates the rotation direction of an input image. Figure 4-8 shows sample images after ro-
tation. For example, by applying the rotation of Figure 4-7(d) to an input image
(Figure 4-8(a)), firstly all of the rows of the image are shifted to right by i —1
(Figure 4-8(b)) where i is the row index starting from ‘1’. However, the vertically ex-
tended image has more columns than the input image. Secondly, the empty columns are
filled with the pixels in the additional columns, generating the image shown in Fig-
ure 4-8(c). Compared to Figure 4-7(d), Figure 4-7(h) rotates all the rows in an image by
i where i is the row index. Therefore, the difference between Figure 4-8(c) and Fig-
ure 4-8(d) cannot be visually recognized. Similarly, Figure 4-7(b) rotates the columns of
the image downward by j — 1, where j is the column index. Figure 4-8(e) illustrates the

resultant image.
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Figure 4-6. Block diagrams of RQFB and QFB.
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Figure 4-7. Eight distinct rotation symbols.

(b)

©
Figure 4-8. (a) Input image, (b) Image after shifting rows to right by i — 1, (c) Output image after
applying Figure 4-7(d), (d) Output image after applying Figure 4-7(h), and (e) Output
image after applying Figure 4-7(b).
By using the above symbols, the equivalent block diagrams for QPDEC and

PPDEC can be obtained as illustrated in Figure 4-9 and Figure 4-10. The term , z; %, de-

notes down-sampling applied on the input rows; in other words, odd and even rows are
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sent to the upper branch and the lower branch, respectively. Similarly, z;* represents

down-sampling for the input columns.

Typelco Type2co
Figure 4-9. Equivalent block diagrams for QPDECs named Typeliow, TYP€2iow, TYPelcy and

Typezcol-

SRR IO

R R
(He—P —(2H(>)—"
TypeO Typel
H)—r (12"

4 -1

L L

R H()-"
Type2 Type3

Figure 4-10. Equivalent block diagrams for PPDECs named TypeO, Typel, Type2 and Type3.

In Figure 4-9, ‘Typel,w’ and ‘Type2.,’ represent the quincunx matrices for

rows while ‘Typele,’ and ‘Type2q,’ indicate the quincunx matrices for columns. In Fig-
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ure 4-10, ‘Type0’, “Typel’, ‘Type2’ and ‘Type3’ correspond to the matrices, R, t0 R,
respectively. For example, if the input image in Figure 4-8(a) is applied to ‘Typelow’
(QPDEC), firstly the input image will be rotated downward by the symbol of
ure 4-7(b) generating the image in Figure 4-8(e). After that, the odd row part is rotated
by the symbol of Figure 4-7(c) and the even row part is rotated by Figure 4-7(g). The
outputs of ‘Typelin’ (Pyand P;) are shown in Figure 4-11(a)-(b). The operations of
PPDECs described in Figure 4-10 are similar since they are a part of QPDECs in Fig-
ure 4-9. The final step for realizing the QFB and RQFB block diagrams is filter imple-
mentation. A ladder structure based on 2D separable filters named F [17, 79] is em-
ployed to estimate the directions (Figure 4-12(a)). Figure 4-12(b) is a reconstructing lad-

der structure that will be used in the CT reconstruction flow.
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4.3.3 Proposed CT Block Diagram

(b)

By combining the proposed hardware-oriented structures of LP and DFB, the

proposed CT block diagram with nLevs = [1] is depicted in Figure 4-13, where nLevs

represents the number of pyramidal levels as well as the number of wedge-shaped direc-

tional sub-bands. As explained in Section 4.2, QFB is utilized for DFB at n; = 1 or 2.

An N x N image is analyzed by LP generating low frequency and high frequency out-

puts.
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Figure 4-13. CT block diagram with nLevs = [1]. (The numbers written in parentheses are the

size of input and outputs)

The high frequency output is further processed by QFB implemented by
Typelow (QPDEC) and the ladder structure as explained in the previous section. In Fig-
ure 4-13, LP produces low frequency output (C) with the size of (N/2) x (N/2) and
two high frequency outputs (Y;; for odd rows and Y;, for even rows) with the size of
(N/2) x N. Similarly, the CT Block diagram for nLevs = [3] is presented in Fig-
ure 4-14 where QPDEC ‘Type2.,’ accompanied by a ladder structure constitutes the
second level QFB. The high frequency outputs for nLevs = [2] divides the frequency
plane into four parts (Y5, Y5, Y53, and Y,,), directionally, which is explained in Fig-
ure 4-4(b). In the third level RQFB is implemented by PPDECs and ladder structures.

The four outputs of the second level QFB are further divided into eight parts (i.e. Ys;

wherej = 0,1, ...,8).
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Figure 4-14. CT block diagram with nLevs = [3]. (The numbers written in parentheses are the size of

outputs).

To realize efficient hardware architecture of CT, its reconstruction block is also
critical. The CT reconstruction structure is achieved by reversing the rotation directions
and using the corresponding ladder structure for filtering (Figure 4-12(b)). The CT re-
construction block diagram for nLevs = [1] is shown in Figure 4-15. The reconstruction

will be lossless if the output of CT is not modified [79].
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Figure 4-15. CT reconstruction block diagram with nLevs = [1]. (The numbers written in

parentheses are the size of inputs and outputs)

4.4 Proposed Hardware Architecture for Contourlet Transform

441 LP Architecture

For achieving high performance and cost-effective design, the LP architectures
proposed in Chapter 3 can be realized as a pipeline-based hardware redrawn in Fig-
ure 4-16. In the first stage, two neighbouring pixels of Row,;_, are saved in block 1 and
then sent simultaneously to the second stage of the pipeline. Same thing happens for ad-
jacent row (Row,;). This approach requires two separate clocks where the pixels arrival
is controlled by a Clk1 and sending them out to the second stage is done by Clk2 with
half the frequency of Clk1. Horizontal convolution is applied in the second stage of
pipeline and essential number of data (N x 5/2 and N x 4/2 pixels for two FIFOs in
stage 3) is stored in FIFO located in stage 3 of pipeline. Vertical convolution is per-
formed in stage 4 and low frequency coefficients are calculated. All these stages are
making a decimation part of LP. In stage 5, interpolation part starts horizontal convolu-
tion followed by interleaving operation. Then sufficient number of data is stored in FIFO

in stage 6. Finally in stage 7 the vertical convolution is performed and high frequency
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coefficients of two neighboring rows are obtained [20]. The FIFO-related design issues

have been discussed in Chapter 3

Stagel Stage2

Decimation Part

Stage3

Stage4

Stage5

Stage6

Interpolation Part——
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—Rowy;.1™| JL-» 1

—Row,i»| —o->

9y
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-

LFC—»

FHFC2i.>

—HFCo»

— A

——Clk

—Clky

Figure 4-16. Hardware Implementation of the LP proposed architecture.

4.4.2 QFB and RQFB Architecture

In this section, we explain the hardware architecture of QFB and RQFB utilizing

QPDEC and PPDEC (as shown in Figure 4-9 and Figure 4-10). For instance, Figure 4-18

shows the data processing of QPDEC Typel, (Figure 4-17) when an 8x8 matrix (Ma-

trix A) is applied. Matrix A is assumed as LP's high frequency output shown by

a;, b;,c;, d;, e;, fi,g; and h; where i = 1,2,...,7. Figure 4-18(b)-(d) are the output ma-

trixes at three rotations (B, C, and D). For example, the gray pixels in the first row in

Matrix A are rotated downward (Figure 4-7(b)), generating Matrix B. After that, the de-

composed odd and even rows are rotated leftward (Figure 4-7(c) and (g)), which produc-

es Matrix C and Matrix D (Figure 4-18). Because the data arrangement in Matrix C and

D is non-causal, a memory has to be employed to save the number of pixels for imple-
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menting the required filter operation with the different memory access patterns and a

ladder structure.

Figure 4-19(a) shows the memory content corresponding to QPDEC Typelow.
Figure 4-19(b) reveals the data flow in the memory where the locations with black
squares indicate the firstly arrived pixels of each column. The locations with black cir-
cles indicate the final pixels of each column. The zigzag lines show the memory scan-
ning direction. This method is also used for other types of QPDEC and PPDEC in realiz-
ing their memory address generators. It is worthy of mentioning that QPDEC Typel,ow
address generator can be used as QPDEC Type2., (Figure 4-9) address generator if the
coordinate x and coordinate y are reversed and the input is horizontally swept. Therefore,
the implementation of QPDEC and PPDEC needs a memory as well as memory address
generator producing the suitable addresses required. Since QPDEC and PPDEC have
two outputs, a dual-input and dual-output memory is used in this work. Note that the

proposed LP architecture also produces two outputs as shown in Figure 4-5.

AB D
(D@

TypelI‘OW
Figure 4-17. QPDEC Typel,on.
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Figure 4-19. (a) Memory content related to QPDEC Typel,w. (b) Data scanning flow of the
memory for QPDEC Typel,qn.

Even though the data flow described in Figure 4-19(b) needs memory with 2D
address line ((Xaddr,, Yaddr,) and (Xaddr,, Yaddry)), its hardware is impractical due
to many required resources. Therefore, a dual-input and dual-output random access
memory with two single address lines accompanied by an address converter, changing
2D address to 1D address, are utilized (Figure 4-20). Following are the expressions for

the above address conversion for a Z X R memory:
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Addr_a = (Yaddr, — 1) + [(Xaddr, — 1) X Z]
1 <Yaddr, <R, 1< Xaddr, <Z
=0<Addra<(Z*R)—-1 41
Addr_b = (Yaddr, — 1) + [(Xaddr, — 1) X Z]
1 <Yaddr, <R,1 < Xaddr, <Z
= 0<Addr b <(Z*R)-1

Data_a —
En_a —
Z——
1 _E— Data_a
Xaddr_a — En_a
: 0 dd :
Yaddr_a — -+ oo Memory e Qa
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Figure 4-20. Dual-input and dual-output Memory with the address converter.

4.4.3 Ladder Architecture

In this section, our hardware-efficient architecture of ladder structure is proposed
for DFB implementation. The original ladder structure (Figure 4-12) used in the DFB
design has two coefficients (i.e. 1/4/2 and — v/2), which increases the hardware com-
plexity. It also degrades the accuracy if implemented in a fixed-point mode. These coef-
ficients can be removed by merging them in both construction and reconstruction blocks

by manipulating the equations describing them.

Figure 4-21(a)-(b) illustrate the proposed equivalent ladder structures of those in
Figure 4-12(a)-(b). The proposed structures only have 2 and 0.5 as coefficients, which
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can be realized by simple shift operation. Using a 2D filter with the size L x L of leads

to L? — 1 adders and L? multipliers. A 2D filter based upon the PKVA filter [93] with

the filter size of 6 x 6 is described in Equation 4-2.

[+a +b
| +b +d
F = +c +e
| —c —e
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—e —d -b]|
-k —e —c|
+k +e +c
te +d +b]
+c +b +aJ
Y, -0.5
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(b)
Figure 4-21. Ladder structure simplification: (a) Equivalent ladder structure for Figure 4-12(a), and

(b) Equivalent ladder structure for Figure 4-12(b).

+

P1

Po

4-2

The 2D filter (F) consists of six distinct coefficients (i.e.a, b,c,d, e, k). Three

coefficients (a,d,and k) are repeated four times and the rest of the coefficients

(b, e,and c) are repeated eight times. In order to get the output, pixels surrounded by

filter F are multiplied in parallel by the corresponding filter coefficients and added.

Since the multipliers use a lot of resources, three pipeline tree architectures are designed

to decrease the number of multipliers to L. The corresponding tree architectures depicted

in Figure 4-22(a)-(b) are used to facilitate an output generation. Figure 4-22(c) is a tree

structure for adding the results of the above two tree structures.
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Figure 4-23 illustrates the pipeline architecture for implementing the ladder

structures. Two 6 X 6 Register matrixes R;; (where i,j = 0,1, 2,3,4,5) store 36 pixels

within the windows to calculate the outputs (Y, and Y; ). The aforementioned tree struc-
tures are doing the filter function by taking four or six pixels from R;; as indicated in
Figure 4-23. Two series of five N X 1 FIFOs in parallel with the window are to buffer
the recently arrived data which should be processed through 6 x 6 windows. As a result,
DFB is a combination of memories, various memory address generators and ladder

structures.
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Figure 4-22. Three tree pipeline architectures: (a) Tree architecture related to coefficients b, e, c

(TS Type 1), (b) Tree pipeline architecture related to coefficients a, d, k (TS Type 2),

(c) Tree pipeline architecture used to add the results of other tree pipeline architectures

(TS Type 3). (The numbers written in parentheses are the width of stage's output. They

are obtained based on the quantization analysis given in Section 4.5)
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Figure 4-23. Proposed pipeline architecture for ladder structure.

4.4.4 Proposed Hardware Architecture of Contourlet Transform

Y’y

Having proposed hardware architectures of LP and DFB in the previous sections,

we can thus achieve the proposed hardware architecture of CT by concatenating LP and

DFB as shown in Figure 4-24. In the proposed architecture, input image is first analyzed

by LP to generate the low and high frequency outputs. High frequency output is then

stored in the memory through multiplexers (M; and M,), sharing the memory between

LP and ladder structure. After that memory is devoted to DFB and control circuits check

the whole flow of directional division of high frequency part with respect to the nLevs.
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4.5 Performance Evaluation

In this section, we first conduct extensive quantization analysis to evaluate the er-
ror occurred due to the fixed-point arithmetic for representing filters coefficients and
executing mathematical operations in the proposed CT architecture both in Laplacian
pyramid and directional filter bank. Then the time complexity of LP as well as the whole
flow of the CT architecture is provided. Finally the proposed architecture is verified by

FPGA implementation and the results are given in details.

4.5.1 Quantization Analysis of Laplacian Pyramid

The LP algorithm is implemented by the ‘9/7’ filters that were introduced in [94].

To reduce the amount of errors, the frequency response of the quantized filters need to
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be preserved close to the ideal case [95]. Figure 4-25(a)-(b) explain that the 8-bit quanti-
zation for the decimation filter in Figure 4-5 provides a similar frequency response com-
pared to the ideal one. In addition, we need to estimate the effect of the number of coef-
ficient bits on the LP outputs. The number of required coefficient bits can be determined
by examining various images in terms of MSE and PSNR. Figure 4-25(c) presents the
MSE values of the low frequency coefficients (LFC in Figure 4-5) of several images
over different numbers of coefficient bits for decimation filter. It reveals that MSE is less
than 10 if 6 or more bits are employed in the decimation filter (h, and h, ). Similarly,
Figure 4-25(d) illustrates the MSEs in the interpolation part (g and g,). By adopting 8

bits for the interpolation filters (g, and g,), the MSE of the high frequency coefficients

(HFC in Figure 4-5) becomes less than 5. In this works, we employ 8-bit coefficients,

which results in PSNR greater than 40 dB.
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Figure 4-25. Quantization analysis: (a), (b) 9’ filter frequency response, (c) Decimation part, and

(d) Interpolation part.
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Table 4-1 summarizes the simulated MSE and PSNR results of some standard
images for LP. Good values can be observed since the PSNR values are more than 30 dB
and MSE values are all less than 7 [96]. Since 8 bits are used to implement the LP filters,
the high frequency output can be truncated to 13 bits without losing output accuracy for

the standard test images. Therefore, the memory width should be equal to or greater than

13 bits.
Table 4-1. MSE of LFC, HFC and PSNR of the Reconstructed Images for LP.
Image MSE(LFC) MSE(HFC) PSNR(R)
Cameraman 6.4354 3.2741 40.5050
Barbara 6.4063 2.7167 40.9748
Lena 6.2835 2.1329 44.8239
Baboon 6.4563 2.4270 40.7610

Note: Filters are quantized to 8 bits.

4.5.2 Quantization Analysis of Directional Filter Bank

Similarly, the effect of DFB quantization on the filter F (Figure 4-21) is illustrat-
ed in Figure 4-26. Note that the frequency response of 8-bit representation is almost
equal to floating-point one (focusing on band-pass regions). It turns out that MSE of
both 8-bit and 6-bit representations are small. By selecting 13-bit, the maximum and the
minimum possible values are 4095 and -4096, respectively. Figure 4-27 shows the max-
imum absolute value of Y, and Y, (Figure 4-21) versus n;. According to Figure 4-27,
for n; = 4,5 there are some outputs that are greater than 4095 or less than -4096. Their
numbers are tabulated in Table 4-2. If 4095 and -4096 replace all these values when n;
equals four, PSNR between ideal and quantized reconstructed images is calculated as

PSNR,,,—, in Table 4-2. The results in Table 4-2 validate that the proposed CT architec-
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ture shows good performance. Similar replacement with n; = 5 leads to acceptable re-
sults as summarized in Table 4-2. For better PSNR, it is required to increase the memory

width by one bit.
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Figure 4-26. Quantization Analysis of 2D PKVAG filter: (a) floating point, (b) 8-bit quantization,
and (c) 6-bit quantization. (The frequency response in Figure 4-26(b) is quite closer to

the frequency response in Figure 4-26(a), focusing on band-pass region.)
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Table 4-2. The number of coefficients exceeds by 4095 or -4096.

Image n; =4 n; =5 PSNRn=4 PSNRn;=5
Cameraman 12 761 51.3 29.33
Barbara 6 573 70.61 31.86
Lena 1 235 74.43 39.11
Baboon 5 642 62.98 31.04

4.5.3 Computational Complexity of the Proposed LP and DFB

In order to compare the proposed LP architecture with the existing ones [56, 62,
86, 87], the computational complexity is analyzed in this section. Suppose that for an
N X N input image, the K X 1 decimation filter and the P x 1 interpolation filter, the
number of required additions and multiplications throughout the whole process can be
calculated. In the proposed LP architecture, The numbers of additions and multiplica-
tions in the decimation part are respectively 3N2(K — 1)/4 and 3KN? /4. In addition,
the numbers of additions and multiplications in the interpolation part are 3N?(P — 2)/4
and 3PN?2/4. Whereas in the conventional architectures, the numbers of additions and

multiplications in decimation part are 3N2(K — 1)/2 and 3KN?/2 and the numbers of

113



additions and multiplications in the interpolation part are 3N2(P — 2)/2 and 3PN?/2,
respectively. We can thus conclude that half of the arithmetic operations in decimation
part are redundant and the percentage of the redundant additions and multiplications in

the interpolation part are P x 100% /(2P — 2) and 50 %, respectively.

In order to analyze the computational complexity of filtering in DFB, the filter
size and input image size are generalized as G X G and g X N (for example refer to Fig-

ure 4-13). The total numbers of multiplications and additions are N2G and N?(G? — 1),

respectively. Ac compare to conventional DFB implementation, the number of multipli-

cations is reduced by % % 100, which is 83.33% for G = 6.

4.5.4 Time Complexity of the Proposed Hardware Architecture of Contour-
let

For an N x N image, during the first N2 /2 cycles, low and high frequency coef-
ficients concerning LP are calculated and the high frequency coefficients are stored in
the memory whose addresses are generated by the address generator for QPDEC
Typelow. During the next NZ2cycles,Y;; and Y;, corresponding to nLevs = [1]
(Figure 4-13) are obtained and saved in the memory. After that, Y, is fetched from the
memory in order of QPDEC Type2 and is analyzed with the ladder structure. Then the
results, Y,, and Y5, are saved in the memory in N2 /2 cycles. After that, the ladder struc-
ture is devoted to the Y;, in the next N2/2 cycles calculating Y,5 and Y,,. The timing
diagram given in Table 4-3 exemplifies these processes for nLevs = [3] (n; is equal to

3), which is acquired by total cycle (TC):
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N XN -
TC=——+n(NxN), n=12,. 4-3

Finally by assuming that CT is implemented at the most by nLevs = [i, j, k], the

TCis:

_ 231N?

TC
32

fori,j, k=5

For N which is equal to 512, TC is 1892352. So for real-time application, the

frame per second equal to 40 (fps) requires:

fps = 40 = f > 75.7 MHz 4-5

Table 4-3. Timing Diagram
nLevs=[3]
Cycle LP n=1 n=2 n=3
LFC
HFC

N2/2

3N?/2

2N?

5N2/2

11N2/4

12N?/4 Va4

13N2/4

14N2 /4
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455 FPGA Implementation and Comparison

To verify the proposed architecture, the whole design is described in VHDL and
then implemented on Altera Stratix 1l EP2S180F1020CS FPGA device [97] operating at
100MHz. This FPGA has three internal RAM blocks named as M512, M4K and M-
RAM that can be configured as dual-input dual-output RAM. In the design, 36% of total
RAM blocks are utilized to realize the 512 x 512 memory with word-length of 13 bits.
The basic building block of logic in this chip is named the adaptive logic module
(ALM). In EP2S180F1020CS FPGA chip, there are 143520 ALM blocks out of which
62518 are deployed to implement the design. FIFOs utilized in ladder structure
(Figure 4-23) use 23353 ALM blocks of 24980 ALM blocks (Table 4-4). In addition,
28571 of 33911 ALM blocks utilized in LP are used to implement the FIFOs
(Figure 4-16). Therefore it is seen that FIFOs dominates around 83% of the ALM blocks

in the whole design.

Table 4-4. Usage of Hardware Resources

LP Ladder struc- Dual-input dual -output Other

ture Memory parts’
Number of ALM 33911 24980 3538 89
ALM (%) 23.63 17.41 2.47 .06

'Other parts include “Address Gen.” and “Control Circuits”

The only hardware implementation of Contourlet transform is presented in [88]
for an image denoising application. It performs the Contourlet with nLevs = [2] on the
8x8 block of the input image. Since the input image size is highly limited to an 8x8
block, the hardware implementation is very much simplified. In addition, the conven-

tional LP architecture is implemented, leading to more than 50% redundant and zero-
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operand arithmetic operations. There is not enough detail on DFB in order to do compar-
ison. The design in [88] can operate at maximum frequency of 150 MHz and uses 22k

logic cells and 75k memory cells.

4.6 Conclusion

This chapter has presented proposed hardware architecture for Contourlet Trans-
form. The objective is to firstly bring an intuitive explanation of the process leading to
directionally dividing of 2D frequency plane. It is done by proposing a new set of sym-
bols and block diagrams making CT more comprehensible. Secondly, a CT proposed
architecture is developed by separating into main parts named Laplacian Pyramid and
directional filter banks. In LP, more than half of the arithmetic operations in decimation
and interpolation parts have been reduced compared to conventional designs. In DFB a
memory-based architecture along with various address generators are employed to get
the wedge-shaped sub-bands. Tree structures and 2D filtering are utilized to reach the
real time performance. In addition, quantization analysis extensively applies to estimates
the FIFOs and memory cells width and the required number of bits for fixed-point
arithmetic. Finally, it is verified through FPGA implementation. it should be pointed out
that we are going to design integrated circuit of CT with further architecture and circuit

improvements to reduce the power for low power applications.
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Chapter 5. A 128-Channel Spike Sorting Processor

5.1 Introduction

Multi-electrode intracranial recording technology is highly required for various
applications such as brain studies, brain machine interface (BMI) and treatment of disor-
ders like epilepsy, memory loss and paralysis [98, 99]. The intracranial recording signals
are generally recorded by intracellular or extracellular electrodes. Intracellular electrode
is attached to a cell and records the activity of the cell whereas the extracellular electrode
records the activity from outside of the cell through the cell medium. Implanting large
number of electrodes to intracellularly record the brain signals is very difficult. There-
fore, the extracellular recording has become dominant technique in many brain studies
and it has provided the opportunity of exploring complex brain activities such as percep-
tion and movement [8]. In BMI [100], the neuronal signals from patients can be real-
time translated to command signals to use in assistive devices. In these applications, the
chronic electrode arrays are needed to be implanted for long-life use and moreover the
signal interpretation should be performed in real-time. As shown in Figure 5-1, a severe
spinal chord injury prevents transmitting movement command to the hand muscles. As
an alternative approach, the command signal can be recorded from motor cortex and af-
ter being processed by computer is converted to a steering command [101]. In this way

patient regain some sort of movement.
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Figure 5-1. Conceptual BMI application to help patient with severe neurological disorder.

The recorded signal by extracellular electrodes as shown in Figure 5-2 is com-
posed of high-frequency content (300Hz ~ 6KHz) named unit activity or spike, and low-
frequency content (< 600Hz), named local field potential (LFP) [102]. LFP is signifi-
cantly originated from large populations of cells and is an indication of the “cooperative
actions” of neurons. The high-frequency signal, which is our band of interest, is the ac-
tivity of neurons close enough to the electrode tip (single-unit and multiunit activity)
plus the background noise generated by distant neurons. Therefore to obtain the unit ac-
tivity signal, the raw data is first band-pass filtered and then digitized by sampling fre-
quency around 25 KHz. The crucial step to extract the information from high frequency
content of extracellular recording is called spike sorting [8] and shown in Figure 5-3. It
basically assigns the detected spikes to their source neurons located near recording elec-
trodes. Spike sorting typically consists of spike detector (SD), feature extractor (FE) and
dimensionality reduction (DR), and clustering including classifier and training engine.

Detector first identifies the spikes from the neural signal and aligns them to a common

119



point to offset the sampling jitter. Then a set of features is extracted and sent to the clus-

tering assigning detected spikes to a specific neuron near by the electrode.
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Figure 5-2. Extracellular recording signal. (a) High-frequency content, (b) Low-frequency

content.
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Figure 5-3. A typical brain signal recording system consists of an analog front-end and spike

sorting back-end.
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In general, neural recording system has exponentially grown since the 1950s and
now there are multi-electrode arrays which allow recording hundreds of neurons [21, 22,
102]. Neural probe [22] shown in Figure 5-4(a) has achieved the highest electrode count
reported so far. It can record up to 384 channels at the same time. In traditional off-line
spike sorting, raw signals from different neurons are transmitted to a nearby computer
through wires for further analysis (Figure 5-4(a)). However, this approach faces practical
limitations such as very high data rate, real-time closed-loop experiment, freedom of
movement and infection on subjects [8, 102]. For instance, the data rate for 128 chan-
nels, 25 kS/s recording system using 8 bit ADCs is 25.6 Mb/s. Therefore, practically
transmitting this amount of data violates the power density requirement on implantable
devices which is expected to be less than 277 pW/mm? [103]. As estimated in Figure 5-4
(b), on-chip spike sorting can reduce required storage memory for one day recording by
99% from 332 GB to 2.2 GB. More importantly, the transmitted data rate and thus power
consumption is reduced by 93%, making implantable chip much more feasible.

As a result, an IC implementation of spike sorting has been proved to be essential
for multi-channel neural signal processing research [7-9, 102, 104]. Integrating whole or
a part of spike sorting algorithm on-chip leads to a significant reduction of the data to be
transmitted to the subsequent blocks [98-100]. Moreover, such a realization of spike
sorting is much faster and more power-efficient than that in the software domain. As a

result, it makes multi-channel real-time processing applications much more feasible.
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Figure 5-4. (a) a 966-electrode probe for neural signal recording. Up to 384 channels can be
simultouneously recorded. (b) Estimated power and the required memory size for
one day recording for various scenarios in 128-channel recording system. The
assumptios for power calculations are Analog front-end: 10 pW/ch,
communication: 1 nJ/bit, Spike detection: 2 uW/ch, Clustering: 4.65 uW/ch.

To our best knowledge, none of the state-of-the-art spike sorting chips [6, 99,
100, 103, 104] has implemented the whole spike sorting flow. [99] performs detection
and feature extraction on 128-channel design. [7, 104] applies detection, alignment and
feature extraction for 64-channel design. In [7, 9, 99], clustering is performed offline. [9]
is the first 16-channel spike sorting chip performing online unsupervised clustering algo-

rithm. However it does not include the feature extraction since the clustering algorithm
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requires operating on the original spike data. Therefore it requires a large memory and
thus the number of channels is more or less restricted.

In this chapter, we present a new spike sorting DSP performing detection, align-
ment, feature extraction and clustering for 128 channels. | propose a new detection and
feature extraction operators which outperform the existing designs in terms of detection
accuracy. Most importantly, its power consumption is only linearly dependent on the
number of channels and thus they are more suitable for the hardware implementation. To
improve the real-time clustering accuracy, an improved k-means algorithm that address-
es the existing issues in k-means algorithm is proposed. Besides, novel circuit level tech-
niques are also exploited to achieve energy-efficient multi-channel design. The rest of
this chapter is as follows. Section 5.2 explains about dataset and design approach. Work-
ing principles of the proposed detector, feature extractor and improved k-means for
online clustering is explained in Sections 5.3 and 5.4. Hardware implementation of 128
channels chip is described in Section 5.5. The measurement results are presented in Sec-

tion 5.6. Section 5.7 concludes our chapter.
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5.2 Neural Dataset and Design Approach

Evaluating the spike sorting algorithm requires the extensive realistic spike data
with the defined true spikes and their corresponding clusters for classification accuracy
verification. The most practical approach is to use the synthetic data [7, 9, 105]. This
approach also makes it easier to compare our design with existing state-of-the-art. In this
work, we use the popular database available in [105]. This database has 21 datasets, each
contains 1440000 data points representing a digitized version of a continuous neural re-
cording. Since the typical neural signal sampling rate is 20~30 kS/s [8], each dataset is
equivalent to a waveform of 60 seconds recording time. True spike locations and cluster
IDs are also available for each waveform. Each waveform has different number of spikes
(1636-1787), spike locations, noise levels as well as number of spike clusters. This wide
range of spike signal scenarios allow us to extensively test our sorting algorithm. From
now on, the dataset refers to one complete waveform given in the database.

By using this database, our spike sorting algorithm was simulated using
MATLAB to verify its clustering accuracy. Several existing algorithms were also simu-
lated for comparison. The proposed spike sorting algorithm was then optimized for digi-
tal core RTL implementation. The core is subsequently synthesized, placed and routed

(PnR) before being connected to the full-customized SRAM.
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5.3 Proposed Detector and Feature Extractor

5.3.1 Detection and alignment

Spike detection is an essential step in the spike sorting flow separating the spikes
from the neural signal [8]. All spike detection methods involve two stages of pre-
emphasizing and thresholding. Having applied the pre-emphasis part, a threshold value
checks if a spike is available or not. The main pre-emphasis methods are absolute
thresholding and nonlinear energy operator (NEO) [106] and hybrid algorithm [107].
Once a spike is detected, a 3-ms window of the input signal is captured for further pro-
cessing [8]. This is because brain spikes usually last less than 3 ms [8]. Finally, the cap-
tured spikes are aligned in specific ways to mitigate the sampling jitter and noise effects
which deteriorate the spike clustering. There are some popular alignment methods by
which all spikes are aligned to a specific points such as maximum or minimum value, or
maximum slope. We will discuss about this later in this section.

In hardware realization, there are always trade-offs between the detection accura-
cy (i.e. probability of detection), probability of false alarm, the power consumption and
the circuit complexity [108]. Both absolute thresholding and NEO schemes are popular
thanks to their simple circuit structures and good detection accuracy [109, 110]. In gen-
eral, NEO outperforms absolute thresholding at the cost of adding complexity and power
consumption.

Absolute thresholding, Equation 5-1, compares the absolute of input data (s(n):

spike sample) and a predefined threshold value [105]. If abs(s(n)) is larger than Thr
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(threshold value), a spike is detected. Only one comparator is required to implement this

detector.

Thr = 40y oy = median ((156(;21;) 5-1
NEO 1 takes into account the differences between s(n), s(n — 1) and s(n + 1),
as shown in Equation 5-2. Intuitively, if we approximate s(n —1) = s(n) — € and
s(n+1)=sn) +e,¥P(s(n)) = €2 Thus Y[s(n)] will be very large if a spike is pre-
sent. This operator amplifies the spike signal and suppresses noise and other low-
frequency components. Therefore, it provides better detection accuracy. Similar to abso-
lute thresholding, ¥[s(n)] is compared with Thr_NEO in Equation 5-3 to make deci-

sion.

Ylx)] =s?(m) —s(n—-1) xs(n+1) 5-2

N
Thr NEO = 4%2 D[s(m)] 5-3

Instead of using NEO or absolute thresholding, an integer coefficient filter-based
pre-emphasis method, expressed in Equation 5-4, is proposed. The proposed filter y,
acts as a short-window convolution to capture spike-like waveforms. As a result, it pro-
vides better accuracy performance compared to both NEO and absolute thresholding,

especially for noisy signals. Furthermore, because the filter coefficients are integers, its
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hardware complexity is reduced to shift and addition. Its hardware implementation will
be discussed in more details in Section 5.5.2.
ypln] = 128s(n) —48s(n — 1) — 156s(n — 2) — 36s(n — 3) + 56s(n — 4)
5-4
+ 32s(n—15)

Figure 5-5 shows the Receiver Operating Characteristic (ROC) comparing vari-
ous detection methods using two different datasets with different noise levels. The ROC
is characterized using probability of detection and probability of false alarm (Pg,). To
draw ROC curve, any of pre-emphasis methods are applied to the input signals provided
in [105] and then output is subjected to a threshold. The threshold is swept from very
low to very high value. Simultaneously P, and Pr, are recorded for each threshold val-
ue. When the threshold is too low, everything is considered spike and thus the probabil-
ity of detection approaches 100% but it also has a lot of false alarm. On the other hand,
when the threshold is too high, only a few true spikes are detected when no false alarm
happens. Apparently, there is a trade-off between the two. In Figure 5-5, only data points
with P, > 90% are shown since we are more interested in high spike detection accuracy
regions. It can be seen that, when we lower the threshold value, more spikes are captured
but it also results in higher false alarm rate. This is true for all three designs. However,
the proposed design offers a better trade-off when compared to the other two designs. It
improves both P, and P4, especially for noisy signals. Note that reducing P, facilitates

the clustering operation by allowing the cluster means to converge to the accurate final

values smoothly without being interfered by outliers’ effect on the cluster means.
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Figure 5-5. Various detection methods comparison over two input signals with different noise

levels.

For spike alignment, we use the maximum slope since it is biologically signifi-
cant and results in better clustering accuracy as compared to other most common method
[8]. Correspondingly, every captured spike waveform is shifted so that index 11 has the
maximum slope. Therefore all spikes are aligned with respect to index 11 as shown in
Figure 5-6. Next, 48 samples of each detected spike are stored and undergone the feature

extraction process explained in the next section.
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Figure 5-6. Detected spikes are aligned to their maiximum slope whose index is 11. (a) Before

alignment; (b) After alignment.

5.3.2 Feature extraction (FE) and dimensionality reduction (DR)

FE along with DR is the second step of spike sorting flow. It basically extracts
the major components of detected spikes and condenses them into several most im-
portant features to provide faster and more accurate clustering. The popular feature ex-
traction methods [8] are Principal-Component Analysis (PCA), Discrete Wavelet Trans-
form (DWT), Discrete Derivatives (DD) and Integral Transform (IT). As comprehen-
sively studied in [8, 109], PCA is the most common approach in off-line spike sorting
because of its high accuracy. PCA and DWT compute the same number of coefficients
as the detected spike then reduces them to several largest coefficients before sending
them to the clustering engine. However, they are not suitable for the hardware realization

due to its complexity and high memory requirement.
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DD approach is inspired by DWT but it is much simpler and thus more suitable
for hardware implementation. It is described in Equation 5-5 where s(n) is the spike
sample, § is the time step and n is the current sample index. In [7], § issetto 1, 3,and 7,
thereby generating a 3 x coefficients compared to the total number of spike samples.
Then, seven coefficients are uniformly selected for each level, which result in 21 coeffi-
cients per spikes. The way through which the coefficients are selected is very important

and affects the clustering accuracy.

dds(n) = s(n) —s(n—9) 5-5

IT method computes the area under the spike curve both in positive and negative
phases. It generates two features per spike and can be easily implemented in hardware.
However, its accuracy is not satisfactory and some parameters are required to be calcu-
lated through training phase. From above observation we conclude that DD feature ex-
traction method is the most suitable choice for the hardware implementation, thanks to
its simple hardware requirement and reasonable clustering accuracy. In fact, DD reaches
higher accuracy compared to DWT for various DR methods though it requires more fea-
tures.

We realize the FE using another integer-coefficient filter, yz in Equation 5-6, to
process the detected spike. Subsequently, some samples are selected to reduce the di-
mensions. Since the sample selection greatly impacts on clustering accuracy, sampling
method must be carefully chosen. Our observations on MATLAB simulations of various

datasets reveals that samples whose indexes are 8, 11, 18 and 25 give the best clustering
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results. They also outperform other hardware-oriented feature extraction methods. Fig-

ure 5-7 shows how the FE filter amplifies spike components and the significant of these

indices. It can be seen that these indices coincides or very close to the local peaks. Most

importantly, since index 11 has the maximum slope, it coincides with the global peak of

the filtered waveform and thus is a crucial feature for classification.
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Figure 5-8 shows how y; can improve the clustering accuracy by making very
good separation in the feature spaces, which is a necessity for the good clustering. In
order to visualize it, samples 11 and 18 are selected from both the spike samples and ygg
in Figure 5-8(a)-(d) for two difficult (i.e. spike classes are similar) datasets. In Fig-
ure 5-8(b) data points from different classes are hardly discriminated from each other.
After going through our filter, they have much better features separation. Figure 5-9
shows that four selected features leads to the better clustering accuracy for various da-
tasets compared to other scenarios. In Figure 5-9, MATLAB-based k-means clustering

was used on top of the extracted features to compare the choice of features.
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MATLAB k —mean was used for clustering in conjunction of our feature
extraction to compare the effectiveness of the choice of features.
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Figure 5-10 compares the proposed method with various numbers of features
with DD whose § is set to 1, 3, and 7, using standard MATLAB k-means function. It
shows that the proposed feature extraction method with four, three and two features out-
performs DD with 24 uniformly selected features and DD with the same four features.
Furthermore, applying Equation 5-6 to detected spikes and then selecting 4 features
leads to much smaller required memory compared to DD with 24 features. For instance,
for a 3-neuron input signal, only 120 bits are required for four features, each with 10
bits. However it is 720 bits for the DD counterpart with 24 features. In addition, the
number of features highly affects the clustering complexity in terms of computations and
memory access power. For example, in [9] where no feature extraction is implemented,
clustering algorithm requires the whole spike samples for time-domain comparison. It
results in a large memory size which contributes to 88% of the DSP power and around
60% ~70% of active area. The proposed method therefore significantly reduces the com-

plexity of the clustering engine when compared to existing state-of-the-arts.
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Figure 5-10. Averaged clustering accuracy for different feature extraction.
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5.4 Proposed Improved k-means for Clustering

Clustering algorithms can be widely divided into two classes: supervised and un-
supervised. In supervised learning, neuron ID of each spike in the training set is provid-
ed so that the model can predict the correct ID of the new spikes in the test set. However,
in spike sorting applications, this supervised learning is both undesirable and infeasible.
This is because both ground truth is hard to obtain (requires a lot of expert hours) and
expert themselves can make mistakes when the number of spikes are large. Therefore,
unsupervised algorithm is much more desirable. Another approach is to use semi-
supervised algorithm when experts can interferes to enhance the clustering accuracy.

Most of currently available clustering algorithms are run on software with large
memory capacity and powerful processors. (WaveClus [105], Klustakwik [111] and
Osort [112]). Osort is the reasonable clustering implemented on hardware. However, it
requires large memory to implement. In this work, an improved k-means to improve
both clustering accuracy and hardware efficiency is proposed.

k-means is a popular unsupervised/semisupervised clustering algorithm which
classifies the input data based on their distance to the existing trained cluster means.
During training, cluster means are initiated using randomly chosen some data points and
then adjusted by looping through the whole training set. One prohibiting feature of k-
means is that it requires the whole dataset to be stored for training. This is not feasible
for hardware real-time training because of the limited memory capacity. Furthermore,

the initial cluster means can be assigned wrongly (i.e. two data points belong to the same
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clusters can be assigned to different means). In this case, k-means will have difficulty
converging to the correct mean.

For example if we have two classes A and B but somehow the initial means are
initiated both from data points in class A, M; = A; and M, = A;. Therefore, with any
other data points, they will be assigned to either M; and M,, regardless of their actual
class. Even those in class B can also be assigned to M; and M, with similar probability.
As a result, cluster means will never converge. Therefore, k-means is usually repeated
several times to find the best mean convergence. Thus, conventional k-means cannot be
used in real-time hardware implementation. Because data only passes through the system
once and large data storage are not available.

An improved k-means algorithm which functions in unsupervised fashion or
semi-supervised is proposed. It also addresses the convergence issue of k-means. In un-
supervised mode, the number of clusters is not specified but we assume that it has less
than six clusters. In semi-supervised mode, number of clusters is provided to guide the
cluster means convergence.

We tackle the issue of wrongly initiated means by allows the new data to form a
new cluster, instead of forcing it to one of the existing means. Similar to k-means, dis-
tances from the new data to existing means are computed. In addition, distances between
the existing means are also calculated. If the distances between the new data to existing
means are much larger than distance between the means themselves, it indicates that the
new data is quite far away from the means and thus deserve to form a new cluster. In this

case, two of the existing means should be merged, to maintain the same number of clus-
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ter. Extensive simulations have shown that, this allows us to converge even though ini-
tial means are purposely assigned wrongly.

Detailed implementation of the algorithm is as follows. Our cluster means’ fea-
tures are denoted as C;;, where i changes from 0 to 5 (represent 6 clusters) and k changes
from 0 to 3 indicating four features obtained in feature extraction. The number of clus-
ters is selected as six because there are usually less than six to eight neurons [9, 113].
This is the upper bound and is not the actual cluster means. If the actual number of clus-
ters is less than 6 (e.g. 3), only the first 3 clusters are meaningful. Initially, C;; is filled
by the first 24 features from the first 6 spikes in the training set. Then the next four fea-
tures of the 7™ spike are stored in the temporary cluster (7" cluster) whose mean is
named as Cg. After that two set of [ -distances represented by d(Cy,Cj) and
d(Cix, Cer) are calculated as Equation 5-7. [;-distance is used due to its good clustering

accuracy and simple circuit implementation compare to [2-distance.

4
d(Cik'Cjk)i,j=0:5;i¢j - Zlcik = G
k=1

5-7
4
d(Ci, Cordizos = ) |Cax = Corl
k=1
du(Cik’Cjk)i,j=0:5,i¢j = 15+ d(Cuc, G >8
15 = Cik + Cjk 5-9
Cik,neW = 16
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d(Cik'ka)i,jzo:s represents the distances between existing clusters while

d(Cix, Cor)i—os represents the distance between the new data point (i.e. the temporary
cluster) to the existing clusters. After calculating all d(Cik,Cjk), they are weighted as
given in Equation 5-8, so that the two main clusters (i changes from 0 to 5) are less sub-
jected to merge together as compared to the case of main and temporary clusters. As a
result, the minimum of all values among d,,(Ci, Cjx) and d(Cy, Cei) are selected and
two corresponding clusters are merged together. Once two clusters i and j are merged in
cluster i, the cluster i mean is updated as Equation 5-9. Finally, after the training period
is finished, the clusters means converge to their final values.

In supervised mode, the user should determine the number of clusters and the
proposed clustering algorithm is adapted to it and operates similar to what is explained
in unsupervised mode. Figure 5-11 shows how cluster means converge to their final val-
ues for user-predefined four clusters. Each cluster mean converges to its final value after
training phase and it is shown by a dark circle. Since input signals incorporate three
spikes classes, Figure 5-11 indicates three main clusters and one cluster for outliers.

Figure 5-12 compares the proposed clustering method with other clustering
methods when applied to the whole dataset. As shown in Figure 5-12, the proposed one
outperforms [9] in supervised and unsupervised modes. Note that in semi-supervised
mode, the proposed algorithm has better accuracy when compared to unsupervised
mode. The original k-means running in MATLAB using option “Replicates” which is
set to 100, gives the better result. It is because original k-means is set to run 100 times
with the new initial values to get the better clustering accuracy. As it is seen in Fig-
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ure 5-12, the averaged clustering accuracy is achieved 72% for the proposed unsuper-

vised clustering and it goes up to 86% if the number of clusters is known in advance.
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5.5 Spike Sorting Chip

5.5.1 Architecture and Operation

Block diagram of the proposed design is illustrated in Figure 5-13. It closely fol-
lows the sorting flow. Input data of 128 channels are serially transmitted to the chip with
the frequency of 3.2 MHz, thus the actual data rate for each channel is 25 kS/s. The chip
works in two main modes: training modes and classifying mode. It has two clock do-
mains, CLK and CLKS. CLK frequency is 3.2 MHz, corresponding to the input data rate
and CLKS frequency is 25 KHz, corresponding to the ADC sampling rate/channel. In

general fCLK = fCLKS x N where N is the number of channels and fCLKS is 25 KHz.

Training is only required to run once in a while to update the cluster means. Each
channel is trained sequentially. The training period for a specified channel is controlled
by the control circuit and it can vary from one channel to another one. During the train-
ing mode, after a spike is detected, features are calculated and passed through the train-
ing engine. After the training, the final clusters means are stored in the SRAM memory

for classifying.
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Figure 5-13. Functional block diagram of spike sorting.

During the classification phase, in parallel with performing the feature extraction,
the previously trained clusters means of the corresponding channel are read out from the
SRAM to a local memory inside the Classifier. This helps reducing the whole processing
time. Furthermore, it allows the SRAM to operate using slow clock, which in turns al-
lows us to use HVT device to suppress SRAM leakage because its speed performance is
now relaxed. The Classifier runs and looks for the nearest cluster using [;-distance to
assign to it in 8 clock cycles. Finally the Classifier is clock-gated and reset for the next
similar operation. Note that, in training mode, the Classifier is clock-gated to save power
and vice-versa. Furthermore, Detector, FE and DR are shared between these two phases

to save hardware resources.

In particular, Figure 5-14 shows the timing and scheduling of “Detector”, “FE,
DR” and clustering after a spike is detected. The detector is fully clock-gated by the con-
trol circuit. Since the detector filter is fifth order, there are six samples available for the
corresponding channel in detector. “FE, DR” (shown in Figure 5-13) continues reading
next 46 samples from that channel as shown in Figure 5-14. Simultaneously, it calculates
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the maximum slope and features which will be stored in the local memory. Because in-

put data of 128 channels is sequentially streamed in, the data for the detected channel is

available every 128 cycles. So “FE, DR” block is only clocked once in a 128 clock cy-

cles to reduce unnecessary switching activity. Right after reading 46 samples, “FE, DR”

block is running with the fast clock to finish maximum slope and features calculation

and selecting 4 corresponding features aligned to the maximum slope. As a result, the

whole “FE, DR” block takes 5898(46 * 128 + 10) fast clock cycles to extract the fea-

tures and then “FE, DR” is clock-gated and reset. 5898 clock cycles is almost equal to a

single spike window width. Next depending on the operating phase, the features are sent

either to training or to classifier as shown in Figure 5-13.
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Figure 5-14. Timing and scheduling diagram of “Detector”, “FE, DR” and clustering after spike

is detected.
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5.5.2 Circuit Design Consideration

From the hardware point of view, each channel needs five 9-bit (i.e 45 bits) reg-
isters in detector. Therefore, 5.625 kb of memory is required in total to simultaneously
perform detection for 128 channels. Because detector is almost operating all the time, it
is the main source of dynamic power consumption. Furthermore, both its clock frequen-
cy (i.e. fCLK = fCLKS x N) and loading (i.e. number of flip-flops) linearly grow with
the number of channels, its dynamic power increases linearly with square of number of
channels. As a result, the detector’s dynamic power becomes prohibitive when N is high.
Other blocks such as “FE, DR”, “Training” and “Classifier” are shared between all
channels and only activated once required to perform their operations through gated
clock. We discuss a novel architecture to reduce dynamic power of the detector.

Interleaved architecture in [7] leads to a huge dynamic power loss because all the
registers are connected in sequence and therefore their content is changing each clock
cycle as depicted in Figure 5-15 for 128 channels. To avoid data transition of all regis-
ters at each clock cycle, a time-multiplexing architecture as shown in Figure 5-16 is de-
signed to perform the clock gating technique. In Figure 5-16, RB; where i varies from 1
to 128 shows the register bank for each channel. Mux; where i is from 1 to 5 is selecting
5 data of the same channel and stores them in the output register. Clk; where i is from 0
to 128 is the gated clock attributed to channel i.

The power comparison between two architectures shown in Figure 5-15 and Fig-
ure 5-16 for various numbers of channels is illustrated in Figure 5-17. The power is im-

proved by 74% for 128 channels using time-multiplexing architecture applying extensive
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clock gating technique. For 8 channels and less the interleaved implementation outper-
forms parallel one since the clock gating power overhead is significant.

To further reduce the computational complexity of arithmetic unit in detector, all
multiplications introduced by the filter coefficients are converted to shift and addition
operations. Therefore, power-of-two coefficients such as 128 and 32 are easily realized
by the shift operations. Other coefficients such as -48, -156, -36 and 56 are first convert-
ed to the summation of power-of-two values and then implemented by the shift opera-
tions as shown in Figure 5-18. Four pipeline stages are incorporated to improve perfor-
mance, especially in near-threshold voltage where latency of the long adder chain be-

comes critical and affects the whole design performance.
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Figure 5-15. Simplified interleaved architecture for 128-channel detection.
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Figure 5-16. Parallel implementation of the required memory in 128-channel detection.
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5.5.3 SRAM Memory

A fully-customized 8T SRAM were designed and implemented to support the
128-channel spike-sorting core. Since each channel may contain up to 6 spike clusters,
each cluster mean requires 40 bits storage (4 features, each 13 bits), a total capacity of
39 kbits is required. Figure 5-19 shows the block diagram of the implemented SRAM.
8T cell was chosen due to its suitability for low-voltage operation. Note that the memory
IS written once after training and read only when a spike is detected. Therefore, in this
implementation memory active power is insignificant. Consequently, special care was
taken to minimize leakage power of the memory.

Apparently HVT (high threshold voltage) device is the first choice to reduce
leakage power but access speed will be greatly reduced around the threshold voltage. To
overcome this, HVT devices are used for the 6T structure while SVT (standard threshold
voltage) devices are used at the read port and peripheral circuits. Furthermore, as men-
tioned before, SRAM operates under CLKS therefore its speed constraint is only of sec-
ondary concern. Our simulation (and later measurement) shows that its maximum oper-
ating frequency at 0.5 V and 0.4 V are 4 MHz and 500 KHz, respectively. This gives a
safe margin as our intended fCLKS is only 25 KHz.

Another concern of the SRAM at sub- and near-threshold design is the cell stabil-
ity margin under half-select condition. This happens even with 8T cell when some cells
on a row are written while the rest are half-selected, i.e. their world-line is turned on but
their data are meant to stay unchanged. Figure 5-19(b) shows the Monte-Carlo simula-

tion of our 8T cell under half-select condition at 0.2 V and 0.3 V supply condition. It is
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noticeable that when V,, = 0.2V, some cells flipped and are deemed to be unstable.
However, when V), is raised to 0.3 V, none of them fails. As the intended operating
voltage of the whole chip is around 0.5 V, this confirms that the cell is stable enough to
overcome the half-select disturb issues.

A similar memory is separately implemented on the same die to check the per-
formance and reliability of the design. Measurement results as depicted in Figure 5-19(c)
confirms that the proposed SRAM operates correctly down to 0.36 V and a maximum
operating frequency of 250 KHz. Figure 5-19(d) shows memory maximum operating

frequencies at different supply voltages.
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5.5.4 Power/Speed Optimization

During synthesis, standard library choice greatly impacts the overall performance
of the chip. For example, LVT (low threshold voltage) device can easily satisfy speed
requirement but may incur more leakage. As a result, we may need to push the operating
voltage to deep sub-threshold to maintain the same leakage level as SVT and HVT
While it is feasible to do so, operating at these voltages incurs unprecedented amount of
process variations and thus timing errors in digital circuits. On the other hand, HVT de-
vices can reduce leakage but requires higher supply voltage to operate. Note that in our
design, CLK and CLKS frequency is predetermined by the analog front end and hence
are unlikely to be scalable. As a result, using HVT will significantly increase the dynam-
ic power consumed by the detection circuit. Finally, SVT devices are chosen as they

provide a good balance between speed performance dynamic and leakage power.

151



5.6 Measurement Result

The 128-channel spike sorting chip has been fabricated in 65-nm CMOS process
technology. The chip microphotograph is shown in Figure 5-20, alongside with chip
specification. It has two distinct parts which are digital processing core including the
“Detector”, “FE, DR”, Classifier and Training engine and the fully customized 8T
SRAM. The typical ADC sampling frequency for spike signal recording is 25 KHz [7, 9,
104] and therefore the operating frequency of 128 channels is set to 3.2 MHz. A Xilinx
ZYNQ-7000 SOC video and imaging kit with Xilinx FMC XM105 debug cards is used
to test the chip as shown in Figure 5-21. The logic analyzer is used to capture output da-
ta. Digitized neural signals [105] is streamed out through ZYNQ board to the chip and

finally results are recorded by the logic analyzer for later verification in MATLAB.
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CHIP SPECIFICATION

Technology 65-nm
Total Area (mm? 0.414
Core voltage 0.54
Number of Ch. 128
Total Power (UW) 22.4
Input Frequency(MHz) | 3.2
Spike Data Reduction | 257

Figure 5-20. 128-channel spike sorting chip micrograph.

Spike Xilinx FMC XM105 Xilinx ZYNQ-7000
sorting chip

..........
- -
Eid e

Figure 5-21. Testing setup using ZYNQ-7000 SOC video and imaging kit with the Xilinx FMC
XM105 debug card.

During classification, the designed chip can be configured to operate in three dif-
ferent modes: Detection only, (2) Detection and FE; and (3) Detection, FE and Classifi-
cation. Figure 5-22 shows the measurement waveforms during different modes. As
shown in Figure 5-22, in Detection only mode, a spike is detected and the detection flag
is enabled accordingly. In Detection/FE mode, in addition to a detection flag, a FE flag
is also enabled showing the features are calculated and streamed out. Finally in the third

mode, neuron IDs are also available corresponding to each detected spike. These three
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modes of operations provide user flexibility to control over data rate and power con-
sumption. Figure 5-23 shows a short window capture of the measurement result from the

logic analyzer.
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Figure 5-22. The main outputs of the 12-channel spike sorting chip for a sampled input.
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Figure 5-23. The measurement results shown by logic analyzer for a sampled input.
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Figure 5-24. Power consumption per channel.
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After verifying the chips functionality, its power consumption at different voltag-
es is recoded, keeping the same clock frequency. Its minimum operating voltage that can
support 3.2 MHz is 0.54V. Figure 5-24 shows the power consumption per channel when
supply voltage changes from 1.2 V to 0.54 V. Unlike existing designs in which leakage
dominates the total power consumption at low voltages, our designs’ leakage is success-
fully suppressed thanks to the customized low-leakage SRAM. As illustrated in Fig-
ure 5-25, 82% of the total power is dynamic power and the rest is leakage power. Detec-
tor contributes 67% of the total power because it is active almost all the time.

Table | compares our chip with existing state-of-the-arts. [9] is the first design
performing the spike sorting flow for 16 channels. In comparison to [9], power con-

sumption and area per channel is reduced by 26 and 23x, respectively.
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Figure 5-25. The power breakdown of 128-channel spike sorting chip at 0.6 V and 3.2 MHz.

Table 5-1. Performance Comparison

Reference [7] [9] [99] [104] This work

No. of Chs. 64 16 128 64 128
Detection Y Y Y Y Y
Feature Extraction Y N Y Y Y
Clustering N Y N N Y

Core Voltage (V) 0.55 0.27 3 0.25 0.54

Power (uW/Ch) 2.03 4.68 75 0.46 0.175

Area (mm?/Ch) 0.06 0.07 0.11 0.03 0.003

Power Density (uWW/mm?) 33.8 66.8 682 15.33 58.33
Process (nm) 90 65 500 65 65
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5.7 Conclusion

This chapter has presented a 128-channel spike sorting chip to analyze the brain
recorded activities. This design proposes a new on-line spike sorting algorithm to im-
prove the clustering accuracy and to lower the power and area per channel. It includes
three main parts which are new detection, feature extraction and improved k-means clus-
tering algorithms. In hardware implementation, a time-multiplexing detector and SRAM
is proposed to reduce the power and area. Measurement results show that the proposed
design operates down to 0.54 V and reduces the power and area by 26x and 23x. The

averaged clustering accuracy is between 72% ~ 86%.
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Chapter 6. Conclusions and Future Works

In this thesis, several architecture- and circuit-level techniques have been devel-
oped to address the main issues of power and area in designing the ultra-low power pro-
cessor. These processors are frequently applied in biomedical and IoT applications
where both power and area are very critical. The general architecture-level techniques
named as FERDC and FAERDC are introduced to reduce the power and area in FIFO
which is extensively used in signal and image filtering. After that, FAERDC is exploited
in hardware implementation of LP and the measurement and testing results verify the
functionality as well as power and area reduction. Then, CT is comprehensively studied
from hardware point of view and verified through FPGA implementation. CT in fact
consists of LP and DFB and it can be considered as a hardware accelerator to perform
complex image processing applications. Finally, a complete spike sorting chip has been

designed and proposed using the various architectures and circuit level techniques.

In Chapter 2 and Chapter 3, FERDC and FEARDC techniques are proposed to
reduce the area and power consumption of the FIFO by utilizing the spatial correlation
between neighbouring pixels and performing error-reduced data compression together
with nonadaptive and adaptive gquantization to minimize the MSE. For future work, a
reconfigurable FIFO can be designed in which the cell bit-width can be voluntarily ad-
justed with respect to applications required precision. Moreover, it gives more flexibility
to error-resilient applications to reduce the power. In addition to that, FIFO core can be

designed in more customized approach to reduce the area and power more significantly.
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In chapter 3, a power and area efficient Laplacian Pyramid processing engine is
presented for image/video processing applications. LPPE applies architecture-level and
circuit-level techniques to reduce the power and area as well as improving the MSE. The
proposed architecture optimizes the number of arithmetic operations and removes all
redundant operations. Besides, it uses FEARDC to significantly reduce the power and
area which are mainly dominated by FIFOs. For future work, the increase of fps can be
investigated by using more parallel architecture. Currently, the proposed architecture
halves the input image processing time as compared to the conventional approach. The
more parallel architecture further reduces the operating frequency by the power of two in

the price of larger area.

In chapter 4, new hardware architecture for CT is proposed. CT consists of LP
and DFB. LP architecture was studied in Chapter 3. For DFB, a memory-based archi-
tecture along with various address generators are employed to get the wedge-shaped sub-
bands. For future work, CT can be developed to do the reconfigurable computing on in-
put image for various applications, requiring the block-based image processing. To do
so, the LP and DFB should be adaptively adjusted to the block size in order to reduce the
power.

Chapter 5 has presented a 128-channel spike sorting chip to analyze the brain
recorded activities. The proposed design operates down to 0.54 V and reduces the power

and area by 26 and 23x. The averaged spikes classification accuracy is between 72% ~

161



86%. For future work, some vital contributions are possible to improve the spike sorting
chip. For instance, in the current chip, once a spike is detected, the chip is dedicated to
spike classification of the corresponding channel and other channels are skipped within
this period. This one can be addressed by employing more processing unit to stop losing
any concurrent spike. To do so, the extensive study on multi-electrode probe should be

made to figure out the statistics of concurrent occurrence of spikes on different channels.
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