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A motor imagery EEG signal recognition system based on a bit-serial
convolutional neural network accelerator

CHENG Xiaoshu, WANG Yiwen', LOU Hongfei, DING Weiran, and LI Ping

(School of Integrated Circuit Science and Engineering (Exemplary School of Microelectronics),
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Abstract: Accurate recognition of motor imagery electroencephalogram (EEG) signals is a significant
challenge in neuroscience and biomedical engineering. This paper presents an EEG signal recognition system based
on a bit-serial convolutional neural network (CNN) accelerator, leveraging its advantages of compact size, low
power consumption, and high real-time performance. The software implementation includes the preprocessing,
feature extraction, and classification of EEG data, and utilizes Gramian angular field (GAF) transformation to map
one-dimensional signals into two-dimensional feature maps for network processing. On the hardware side,
innovative methods such as column-buffering dataflow and fixed-multiplier bit-serial multiplication are proposed,
and a prototype of the bit-serial CNN accelerator is successfully implemented on FPGA. The results show that the
FPGA implementation of the bit-serial LeNet-5 accelerator achieves average classification accuracies of 95.68%
and 97.32% on the BCI Competition IV datasets 2a and 2b, with kappa values of 0.942 and 0.946, respectively.
These performances provide an efficient solution for the recognition of motor imagery EEG signals.
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% 1 B8R T £ AR FPGA V- & E 5 LeNet-
5B IMEREXT G 5 SCHR [29] FASCHR [30] FAR T
BCRAHLCE, AR SCHFFUREL T SR AT A3 772, T
M FE R IHAT N KRN S, RS
FiR [29] #RAE A T 8 A ] & RS B THE, T SCHR [30]
WA T 16 . 7€ FCL FICEE b, ARCTAE K
R [29] B3R AL SRR, SR [30] WA . AT
F #) FPGA LA 500 MHz {1 3E E 1247, #Bid T
ik [29] B 136 MHz 1 3Lk [30] 1) 88.07 MHz. 7E

BEUR A R Z T T, AR SCHE FiAE DSP. LUT,
FF. BRAM %4 J7 T8 i 1 i3t 2 T SC ik [29], % 9
TR BIR AR . RE AT E) D) Z I FE 865
mW, BT SCHR [30] 1 616 mW, {HE RIS E
I B R g Ak B R 3 AR T SCHR (291, AR ER I R R
284.13 ps, /T 3CHR [29] #4530 ps F1SCHR [30]
1) 734 ps. SMAKRE, ARTAEREIEY)ZIHFE Lk
T OCHER [29], (HAERE AR SR E L I (E R
B BERUCRIAL RN [R) 3R BLH

%=1 7A[E FPGA T &SLIN LeNet-5 MR 3ZATEL 4

izt SCHR[29] SCHR[30] AT
et AT I fr R AT
L& Pyng-z2 Altera Cyclone I1 2C70 Xilinx Kintex-7
B SO IE £ 1605 5 ST IE £
A5 /MHz 136 88.07 500
DSP 91 142 2
LUT 34 643 9399 8981
FF 18 272 NA 19 050
BRAM 139 22 21
YiFe/mW 616 143 865
Fit 8/GOPS 4.46 N/A 7.87
A8 3/GOPS-W! 7.24 N/A 9.10
FEIT /us 4530 734 284.13
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PAER R . & 16a B~ , LED AT A HL A fi
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3RS, BIARZE 2. M40 4 AL AR g i 5 R4
¥, 0011, HIRARIREE 2. XF T 404 4 2b P
ZEN 1 IREAS, B 16b FTas, 3 ALk s AR 45
NI REE . HAE N 010, B2 EE 2 Mhr
%, B4R RERZE 1o M4 5 ALARER S 15 )5 i 2L
P&, M 00010, HIRRIREE 1.
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b. FREE2b AR ZE N AR AR
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# 2 JE/N T FPGA H#EH 4 4 2a (111 A 5 Al
kappa {H. ARSCHEFCM 9 0323 K- e F N
95.68%, “T-14 kappa fH N 0.942. ¥t # T AHF 7T 1
A 5 AT LeNet-5 NIl T8 45 75 B4 45 2a 1% S 18 17
A T B R m s A — B, AR
£ 2a FRIRIT.

FPGA B Z0 45 4 2b M HERf K W3R 3 Fiow
AL T 9 A7 52 1T S HER 268 97.32%,
V-3 kappa 18N 0.946, W3] 7 AT 5T KA H AT
LeNet-5 Jili# 2378 BE 4 2b R i 1 40 284145 F
AW H P RE A A S

#2 EBCIZEZEIV K 2a BIEE LHIRRIGERITEL

N T BAE GAF ¥4/ KRG tEaeh mrER, &
THIFREAT T I mh s, LR T ARG IE R E S 42
JiEAE BCI 3 38 IV #4545 2a F1 2b B 73 K1
Ao BN LI 3 Fpor oA L2 A A (common
spatial pattern, CSP) 45 & FCL /7 3%, CSP4i &
CNN 7%, LLJK GAF 454 CNN J7ik. CSP 45iH
FCL 77722 F8 45 7 S 2 ) =00 il FELAS 5 EA T AR AIE
P, IR ERE RTINS KTk,
RPFT IR SR

MW 4 TTLLE H, GAF 454 CNN 7w A
IR L R bERe BT HAL vk R
££ 2a I, GAF 454 CNN J5 vk 1 24 e i 04 3
95.68%, Lt CSP 454 FCL J7 %Al CSP 45 & CNN
05384y B 19.45% A1 10.05%:  kappa 15 i F
0.942, W3 mT CSP 454 FCL 7774/ 0.683 F1 CSP
4E4 CNN £/ 0.808. 7EHE4E 2b |, GAF 45
4 CNN J7 ¥ (1 °F ¥ #E 1 % F kappa {5 73 7 N
97.32% A1 0.946, W% FT CSP 454 FC J7 kM
CSP £54 CNN Jiik.

F 4 FEF5EE BCIRE IV HIEE 2a 71 2b _EAGIRFI

Ak & g5 — — il ” ;

CHR[31] SCHR[32] SCHAR[33] A3
Al 91.72 91 97.23 98.61
A2 88.48 89 94.77 99.31
A3 91.72 93 94.12 94.10
A4 88.95 89 95.22 96.88
A5 88.31 92 93.25 95.49
A6 89.12 92 92.36 96.53
A7 89.53 92 94.80 97.92
A8 91.78 93 95.75 90.63
A9 93.75 95 96.38 91.67
P 90.37 92 94.88 95.68

LERIEE
Kbtk ik PSR R/% “F¥kappafti
CSP+FCL 76.23 0.683
2a CSP+CNN 85.63 0.808
GAF+CNN 95.68 0.942
CSP+FCL 80.09 0.602
2b CSP+CNN 86.08 0.714
GAF+CNN 97.32 0.946

%3 ZEBCIZZE IV 2b #iB&E FAINRIZE R XTEE

ok o 5 — Mﬁq}: o -
SCHR[34] SCHR[35] A

Bl 87.20 93.4 100
B2 79.79 88.7 97.50
B3 84.19 89.1 93.33
B4 96.32 95.3 99.17
B5 94.06 95.1 92.50
B6 89.27 93.8 99.17
B7 82.98 94.7 96.67
BS 90.63 96.8 97.50
B9 92.80 96.7 100
T 88.58 93.7 97.32
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