LA 9 190 29to)7) 7Y EAZY ke g el BE 9 BF A BH 730

(Beomseok Oh et al.: Analysis of Image Classification Performance on Various Encoding Methods In Spiking Neural Networks)

’m Check for updates

Y= (Regular Paper)

W2 83| =54 2299 A5F, 20249 92 (JBE Vol.29, No.5, September 2024)
https://doi.org/10.5909/JBE.2024.29.5.739

ISSN 2287-9137 (Online) ISSN 1226-7953 (Print)

2gtol7) wE UEIY gget 13d 7o wE I B7 AT
A

¥
oW AN, 7 4 8

Analysis of Image Classification Performance on Various Encoding
Methods In Spiking Neural Networks
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Abstract

Spiking Neural Networks (SNNs), which mimic the human nervous system, are the third generation of Artificial Neural
Networks (ANNs) and have attracted the attention of many researchers due to their low power consumption and high energy
efficiency compared to Artificial Neural Networks (ANNs)!'. However, SNNs process discrete spiking signals, so unlike ANNS,
which are floating-point operations, they have difficulty learning using error backpropagation, resulting in low performance, and
require encoding, a process that converts input images into discrete spiking signals™. In this study, we explore various encoding
techniques to convert input images into discrete spiking signals and apply data augmentation techniques to SNNs and ANNs with
encoding techniques. We use color images and Synthetic Aperture Radar (SAR) images to compare and analyze their performance
under the same conditions, and suggest that SNNs can replace ANNs for classification problems in low-power environments.
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Fig. 1. LIF model : When input comes into the model and if crosses a threshold, it produces a
discontinuous output called a spike, which is how SNNs work

Threshold : Dead Neuron Problem

Spike
= : Surrogate Gradient Descent

. Derivative
Spike 1
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Fig. 2. Surrogate gradient descent : The spike generation function of
a traditional SNN suffers from the dead neuron problem, where the
slope goes to zero on differentiation and information is lost on back-
propagation, so we approximate it with a nonlinear function that is
very similar to the original function to avoid the problem of losing in-
formation on differentiation
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Input Float to SNN Model

1001 ¢
Time Step=4

Float

Jake7 AUOD
[PPON

Input : Float
Output : Float

T12! 3. Direct ZE : = AFH

2 238 ¥ SNN 2dof 2ie|= g4

Fig. 3. Direct coding : Floating-point input is passed through a con-
volution layer, output as floating point, and then fed into the SNN model
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Table 1. Pros, Cons, and Characteristics of Each Encoding Method
Direct Rate TTFS
O 22 UEXTS} of B2 HolE7t S 1
M =2 ME=(High accuracy), Z O Al@X(More useful when have | ZE &&= =2 0f|1{X| &24(Fastest and
(Advantages) T8i5P7| 4/2(Easy to code) Iarge amounts of data and a deeper high energy efficiency)
network), ‘=0|Z0] Z41(Robust to noise)
CHE Q45| OfAkol OlAltoZ PAR|R| U2 7l X|9A|IZKHigh latency), 54
5157
(Disadvantages) | (Not a completely discrete operatlon) =2 0L1X] Z=(Low energy efficiency) TEOP| 0fefE(Hard to code)
= HE ALK olMS 0|28 FOIS EEOIM MBS W 7A 2 X=0| 2= Spike?t b=
(Characteristics) (Using floating-point operations) (Similar to sampling from Poisson AN %!(The larger the input stimulus, the
9 P P distribution) faster the neuron fires spikes)




24 9 19 29to)7) 7Y WEARY ok 9TY el BE G BE A BH 743
(Beomseok Oh et al.: Analysis of Image Classification Performance on Various Encoding Methods In Spiking Neural Networks)

B Rl AT e e ojnA #i 45e p
A
Lol 7] $la) FUT 2 ool b AR =Y 2 i
HO]-Z\J'-% /3-11%_{5].04 /\Elﬁa-% 7‘(_]_8@ ‘3]—2?\]:]- Z_'T— ?li%] HO]-/_\_}Q] %— Baseline Colorlittering AutoAug Crop and Flip
2 34e 9 2, 3, 4% 53 U 5 Ak

\' \ '\l' .
3. Hojg =2 7)Y . . :

RandAug Erasing GaussianNoise SaltPepper SpeckleNoise

B b ol el & o 8l 7. MSTAR HOJESO] 8%l HlolE 22 7|0l chet ofA|
2 ol wd Ade) S oA R FA AT e Fig. 7. Data augmentations applied for MSTAR dataset

olf ¥4 ElolE¢l MSTAR El°EAl 3} RGB 344 <] 2
& o|u]A| 2 CIFAR-10 HolE S AHE-atglth. 2 dojg] Aol tis) dloje] S7fo] 84 olmAl= 1’ 6, 7= &

d &9 o Aok

g ?} ;; ﬂ E 4. 24

=
Baseline Colotlittering AutoAug AugMix Crop and Flig
- - - SNNell 7+ Q1579 7IH& A&a A3 7] fl8) 19
AN RN B BN BN TN
RandAug Erasing GaussianNoise SaltPepper ;peckIeNoise Bete] s7e] AT TS o) &3l A eH dEe &

12! 6. Cifar 10 ClO[E{Aloll HEE HI0|Ef SZ 7| S0l CHE OflA|
Fig. 6. Data augmentations applied for CIFAR-10 dataset

e

stol 7 AEE HHFE o
4 49 LIF 290]

32x32x64

32x32x3 32x32x1

Al
-

16x16x64 16x16x128

: Conv + BN + LIFspike

8x8x128

Buipoou3

: Average Pooling

@& : Classifier

T2l 8. 2 =20|M H|eksh SNN 2 1
Fig. 8. Proposed SNN Model Architecture
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Fig. 9. Proposed ANN Model Architecture
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Table 2. Experiment Setting

Cifar 10 MSTAR 10 SVHN

Model VGG5 VGG5 VGG5

# of Train Data 2747 2747 2747
# of Test Data 2452 2452 2452
Image size 32 32 32
Batch Size 32 32 32
Num of Epoch 300 300 300
Learning Rate 0.01 0.01 0.01
Optimizer SGD SGD SGD
Time Step 5 5 5
A‘;ﬂ;“;gﬁ‘itt';” 50% 50% 50%
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Table 3. Experiment Result of MSTAR dataset
Direct Rate TTFS ANN
No Aug 98.14 81.81 92.37 98.35
Colorditter 99.26 83.27 96.04 98.72
(+1.12%) | (+1.46%) | (+3.67%) | (+0.37%)
AutoAu 99.46 82.68 94.27 99.38
9| (+1.32%) | (+0.87%) | (+21%) | (+1.03%)
AualMix 98.93 82.09 95.79 99.26
9 (+0.79%) | (+0.28%) | (+3.42%) | (+0.91%)
Crop and 99.05 82.09 92.49 99.13
Flip (+0.91%) | (+0.28%) | (+0.12%) | (0.78%)
RandAu 99.50 83.48 95.22 99.51
9 | (+1.36%) | (+1.67%) | (+2.85%) | (+1.16%)
Erasin 98.56 82.31 92.66 99.01
9 (+0.42%) | (+0.5%) | (+0.29%) | (+0.61%)
Gaussian 99.26 83.42 94.97 98.92
Noise +1.12%) | (+H1.61%) | (+2.6%) | (+0.57%)
Speckle 99.42 83.21 95.05 98.76
Noise (+1.28%) | (+1.4%) | (+2.68%) | (+0.41%)
Salt Pepper |  99.21 82.92 92.87 99.34
Noise +1.07%) | (+1.11%) | (+0.5%) | (+0.99%)
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Table 5. Experiment Result of SVHN dataset

¥ 4. CIFAR-10 GlO|EAl A3 Zt Direct Rate TTFS ANN
Table 4. Experiment Result of CIFAR-10 dataset No Aug 78.88 66.94 69.21 76.32
: Coloritter | 8124 72.52 74.91 77.35
Direct Rate TTFS ANN (+2.36%) | (+5.58%) | (+5.70%) | (+1.03%)
No Aug 54.76 48.84 52.56 54.79 AutoAw 87.31 7364 76.49 86.36
ColorJi 63.55 54.41 53.88 56.90 O | (+843%) | (+670%) | (+7.82%) | (+10.04%)
OlOMMer | 8 70%) | (+5.57%) | (+1.32%) | (+2.11%) AugMix 80.99 69.50 72.36 79.50
o 50.04 5204 55.70 58.68 (+1.11%) | (+2.56%) | (+3.15%) | (+3.18%)
UtoAug (+4.28°/o) (+3_20/°) (+2_140/°) (+3.89%) Crop. and 81.7‘(‘; 69.5? 69.2? 76.7Z
AugMix %632 20.74 %455 o541 e (+§é8foﬁ) (+$4.16§6A)) (+$éo356/°) (+§4452A])
+1.56% +1.9% +1.99% +0.62% : : ) -
Crop and : 63 060) (54 420) : 56 280) ( 58 130) RaNAAYS | (+7.50%) | (+7.32%) | (+7.15%) | (+8.10%)
' ; : ' . 76.32 66.90 66.94 75.24
H 0, 0, 0, 0,
Flip (+8.3%) (+5.88%) (+3.72%) (3.39%) Erasing (-2.56%) (-0.04%) (+0.73%) (-1.08%)
RandAug | 033 54.34 59.46 63.80 Gaussian | 7595 67.98 72.36 74.38
(+863%) | (+5.5%) | (+6.9%) | (+8.01%) Noise (293%) | (+1.04%) | (+3.15%) | (-1.94%)
Testin 58.67 50.79 53.80 57.48 Speckle 75.09 68.60 7157 76.11
(+3.89%) | (+1.95%) | (+1.24%) | (+2.69%) Noise (-3.79%) | (+1.66%) | (+2.36%) | (-0.21%)
Gaussian 54.01 49.83 55.12 48.97 Salt Pepper 77.39 68.35 70.29 74.75
Noise (-0.75%) | (+0.99%) | (+2.56%) | (-5.82%) Noise (-0.49%) | (+1.41%) | (+1.08%) | (-1.57%)
Speckle 55.70 49.75 53.51 53.22
Noise (+0.94%) | (+0.91%) | (+0.95%) | (-1.57%)
2103 7Fe 3z1d o] A olul A A vt AANE
Salt Pepper |  55.25 50.33 55.37 50.37 CIFAR-10%F 282 322 2) Hef o] r|AI AR, 275 o
Noise (+0.49%) | (+1.59%) | (+2.81%) | (-4.42%) 23 AR O HL 222 o235 2HolojA] Aut
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Table 6. Comparsion of parameters, FLOPs by model

Direct Rate TTFS ANN
i) @ 305892 | 305892 | 305892 | 8697482
parameters
Model size
M) 117 117 1147 33.18
Memory usage
MB) 35.79 35.77 35.77 39.35
M FLOPs 590.40 590.23 590.23 118
Inference time | , 3 0.0034 0.0036 0.0008
(second)
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