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Overlapping Peak Classification Algorithm Based on Attention Residual Network

YU Haixiang, WANG Manqing, WANG Lutao
(School of Computer Science, Chengdu University of Information Technology, Chengdu 610225, China)

Abstract: In the study of neural decoding, simultaneous firing of multiple neurons creates spike overlap, which affects the accuracy of decod-
ing. Therefore, the classification of overlapping spikes is critical in decoding the activity of neuronal clusters. This paper proposes an algorithm
for overlapping spike classification based on Gramian Angular Summation Field and Attention Residual Network (GASF-CBAM-ResNet).
First, the training set of overlapping spike templates is created using independent spikes. The Gramian angular summation field is then applied
to convert the 1D spike signal into a 2D image, which is used as input to the attention residual network. Finally, both independent and overlap-
ping spikes are classified and identified. The average accuracy of the proposed network reaches 92.737% on the "Wave_clus" data sets, and
outperforms the traditional methods. The results show that GASF-~CBAM~-ResNet not only discriminates overlapping spikes efficiently, but al-
so provides reliable support for neural decoding with significant time and labor savings.
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Table 1 The number of spikes of different categories

R1 REENHREHE

BomsE  MEAOKT K1 RFK2 BH3 EHBS1 EE2 HE3
C_Fasyl 005 1165 1157 1192 58 44 45
C_Fasyl 0.10 1151 1134 1237 44 40 45
C_Fasyl 015 1132 1188 1157 41 43 68
C_Fasyl 020 1198 1128 1148 51 53 42
C_Easyl 025 1094 1089 1115 34 41 45
C_Fasyl 030 1162 1164 1149 56 59 47
C_Easyl 035 1208 1137 1189 52 55 60
C_Fasyl 040 1079 1158 1149 41 39 54
C_FEasy2 005 1130 1113 1167 49 41 55
C_Easy2 010 1160 1146 1214 52 52 56
C_Fasy2 0.15 1181 1098 1132 45 54 36
C_Easy2 020 1186 1188 1152 52 40 37

C_Difficult] 0.05 1115 1113 1155 46 49 55
C_Difficult1 0.10 1164 1155 1129 35 47 48

C_Difficult1 0.15 1159 1172 1141 47 48 51
C_Difficult] 0.20 1136 1099 1179 43 53 45
C_Difficult2 0.05 1120 1109 1135 49 44 54

C_Difficult2 0.10 1187 1136 1139 30 44 44
C_Difficult2 0.15 1142 1113 1185 59 52 46
C_Difficult2 0.20 1151 1195 1147 56 42 48
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Fig. 2 The construction of overlapping spikes dataset
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Table 2 CBAM-ResNet model structure
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F1 Score =2 X
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Fig. 3 Distribution of data in the training set
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P R A o D AN R AR B IR, DN AR o DR AN [ e 75 7K
S RO A L 40 C_Difficultl_020, 15 1 74 /K574 0.20 (1)
C_Difficult] 54 .
22 BRI

AR SCHE 44 T HH 4 C_Fasyl . C_Easy2 . C_Difficultl
A C_Difficult2 E3FPAl 7RI 732 VERE , IR 3 FroR . Bl
e QB WY 22 1) B R DL 2 2 5 i 5 R 3 S T A R 110
RHE R o 5 A RUR B Y C_Difficult] A1 C_Difficuli2
BAREM L, 78 C_Easyl Al C_Easy2 504 4E I, SRS T
ARG B g MR 58 I b, BROR B A R 7S AP 42 T A
RYUER BEAT TR (HF BB BE IR 3 1 92.74% , 1R %2 N
2.84%

BT #k—2UEW] GASF-CBAM-ResNet #5780 () {4 ,
Table 3 Overlapping spikes classification performance of GASF-
CBAM-ResNet
%3 GASF-CBAM-ResNet E&EREN LR

B4R WERKE K% WER 1% F1/%
C_Easyl 0.05 94.369 95.210 94.341
C_Easyl 0.10 97.084 96.262 96.143
C_Easyl 0.15 94.666 93.831 93.293
C_Easyl 0.20 92.962 94.574 92.894
C_Easyl 0.25 92.460 92.310 92.181
C_Easyl 0.30 90.702 91.260 90.258
C_Easyl 0.35 89.962 89.974 89.257
C_Easyl 0.40 89.974 90.738 89.569
C_Easy2 0.05 94.086 94.069 93.540
C_Easy2 0.10 90.529 92.549 90.129
C_Easy2 0.15 91.687 92.954 90.957
C_Easy2 0.20 87.600 90.408 87.815
C_Difficultl 0.05 93.340 93.652 93.201
C_Difficult1 0.10 93.403 94.118 92.991
C_Difficult1 0.15 92.719 93.278 92.575
C_Difficult1 0.20 90.564 92.077 90.980
C_Difficult2 0.05 93.199 93.646 93.134
C_Difficult2 0.10 91.071 92.274 90.716
C_Difficult2 0.15 89.788 91.092 89.383
C_Difficult2 0.20 89.503 90.471 89.337
Mean+std 91.983+5.020  92.737+2.837  91.635+4.205

W AR SO B 5 HA Dy PR AT T R, SRR A5 R an 3 4
7N o AE 44 T BUE % C_Easyl . C_Easy2. C_Difficult] F
C_Difficult2 b, A SO R 7 Y HERA 32 1 15 T — 4k CNN L
HUF—2E CNN+LSTM B o AR SO YA A A AR 20 53] e
A R AFFRIL A = R A CDifficult] BEEJEA A
TP, MERHRIA R T 93.282% , W B TRIM# . SCHk[ 18]
fif FH— 4 CNN+LSTM X} 5 2R E 17432, o JS U ik
)7 99.0%. {EAHA U6 AY R, 7 Lin 5518 R H AY 43 2545
RVEM bR rp, AR BIG SR AL HE T 6 2544 (Horp 3 2857
IRBEM 3 EERE) , (HRBAIVERE PG IR 09 2 =
Sy BRI, BRI B AR A i Hh — 28l S 2k
BeRIE MR A3 FEE o A SCR T 5 48 I b
W BN e bnife . FEIZbRIET , BB R AE Sy — A
&, A B SR S AR R L AN RIS 1, A R &S
SRR (E , ARl ST R B RIS 1 AR T TS 1
oS 3, WA R 2R . Tk BRI — T
R, T A T 5 ) B B AR A A

Table 4 Result comparison of different classification models

F4 FEASEEBTHERILE (%)
EIGIIE S CNN''®) CNN+LSTM''®! Ours
C_FEasyl 89.820+1.40 89.479+1.94 91.974+5.33
C_Easy2 89.4781.94 88.827+1.14 93.309+0.58
C_Difficult1 89.889+0.06 88.471+0.11 93.282+0.76
C_Difficult2 89.946+1.74 88.644+0.12 91.870+1.46
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&1 4 A3 5 GASF 5485 11 6 Fh QB 7R 1], LA S BAT TN
N 4R . Gdntib)E  BURTT DI B R IAIEE &R
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2 17 (Gramian Angular Difference Field, GADF) . & IH &
(Recurrence Plot, RP) . & /R Bl 3k 28 1T £ (Markov Transition
Field, MTF ) i 4 i JH 4 5 75 12500 73 ZER0CR 5200

A LLFE 2, GASF ~F X i iy % | i 93%, GADF 2y
90.89% , RP 4 91.13%, MTF Jj 84.64%, GASF W] & {)i T H:
M EMR SRR o IR Rl A MR 7KCE BB T, o S HER R
R H R FE RS KSR 20% (R 4R T, GASF 4325
R = F 90% o HEBIIEXT HL AT 5% W7 Fl 209% 1§ 7K
PR Y HERR S, GASF 7E T X B 55 7K - 114 I 75 I RE 8 K
FRHE R T GASF Y& #EVE . HAh  MEL T Easy £048
48, Difficult £ 48 rh Q5 AR R 3 in , S 300 2uE B2 B
Ko BRI, A BRI, GASF £ Difficult 085 48 b (%) fE o 14
FI AL, R TR X B A B0 R R Ak B
REJT .
24 FEENHFIXT EFHIER R

ASCHF T il S 36 AR B BT ik 2% ) 4%
BRI EZIR . 326 ]y 4 DT EAAEAE 4 DI AP | iy -F-
YRR, Horp |, ResNet & JR 46 4% 22 W 2% , Channel-ResNet
fll AT ResNet 13 18 7 5 S B | Spatial-ResNet 5 T
ResNet il CBAM ™t (% 25 [H] 1 5y i o 7F 4 5 4R
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Fig.4 Overlapping spikes and non—overlapping spikes are transformed into image representation through GASF
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Table 5 The classification accuracy is obtained by 4 common coding

methods
x5 AMERRBTETHILERE (%)
BlstE s RP MTF GADF GASF
K-
C_Easyl  0.05 93.293 89.735 94.115 95.210
C_Easyl 0.10 92.865 85.000 93.902 96.262
C_Easyl  0.15 93.478 84.339 93.116 93.831
C_Easyl 0.20 91.695 82.142 91.383 94.574
C_Easy2  0.05 93.693 88.524 92.236 94.069
C_Easy2  0.10 92.035 86.177 91.361 92.549
C_Easy2  0.15 90.420 84.602 90.117 92.954
C_Easy2  0.20 88.737 80.878 88.052 90.408
C_Difficultl 0.05 92.058 87.058 92.157 93.652
C_Difficult] 0.10 90.564 84.354 90.645 94.118
C_Difficultl 0.15 89.744 81.092 89.741 93.278
C_Difficult] 0.20 88.285 77.868 87.227 92.077
C_Difficult2  0.05 91.701 89.419 91.598 93.646
C_Difficult2 0.10 90.784 87.352 90.490 92.274
C_Difficult2 0.15 89.863 84.825 89.594 91.092
C_Difficult2  0.20 88.811 80.941 88.465 90.471

Meanzstd

91.127+2.86 84.644+10.77 90.887+3.78 93.154+2.49
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Table 6 Average accuracy of 4 subdatasets at 4 noise levels

R6 ANTHREE4NRFEKRF LN FHERE (%)

. CBAM-
BidE ResNet  Channel-ResNet Spatial-ResNet
ResNet
C_Easyl 91.445 89.913 92.365 93.020
C_Easy2 90.844 89.603 91.196 92.495
C_Difficult1 89.465 87.703 92.281 93.281
C_Difficult2 89.472 88.600 91.326 91.871
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