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Comparison of Image Classification Performance by Activation
Functions in Convolutional Neural Networks

Sung-Wook ParkJ', Do-Yeon Kim'"

ABSTRACT

Recently, computer vision application is increasing by using CNN which is one of the deep learning
algorithms. However, CNN does not provide perfect classification performance due to gradient vanishing
problem. Most of CNN algorithms use an activation function called ReLU to mitigate the gradient
vanishing problem. In this study, four activation functions that can replace ReLU were applied to four
different structural networks. Experimental results show that ReLU has the lowest performance in

accuracy, loss rate, and speed of initial learning convergence from 20 experiments. It is concluded that

the optimal activation function varied from network to network but the four activation functions were

higher than ReLU.
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(Gradient Vanishing)ol At} 71€7] &4 &4
sfAstr] 98, &4 &<+ (Activation Function)
Hol A A8t A% U (Rectified Linear Unit,
ReLU)[7]°] T3t AA R o] Fr= ZAH-2 &4
gt o] & siAsty] fal, A oAy 24 FUt
A G ATk, BARE o} A= Tl REe] YES A A
AEL 84 FE ReLUE APkl ALE3t 9)
o} ol & AFteAe H IEd 1A A4
2 ReLUE MZ & 4l 7% HEY A & “‘1;}‘34
AR 9] g Aol EF/ Aol ojd I3
X A& A dotR A} Fho

2 =7oAe UESZ 9 &4 o wet
CNNe| 7/ Aol o]9A Wslst=A vlusta &
A3t AT kgl AHE H WES T AL Lin et
al[8]9] HIER A &9 W EY A(Network In Net-
work, NIN), Ioffe et al. [9]2] AAYA-u) XA 73+
(Inception-Batch Normalization, Inception-BN),
Zagoruyko et al.[10]¢] H& ZF U EHYZ(Wide
Residual Network, WRN) 28] 3 Huang et al. [11]
o] LA 92 @ AEFA (Densely Connected
Convolutional Network, DenseNet)°] 1, Zt W E$
3 &Y Al3(Hidden Layer)] &4 < =5
A% (Classification Layer)e] 8 ZF#gj~ &
AA A& 58 9 Jeld ZE Y
1711 22 Caffe[12]5 o] 83t
w9 2%oME A7 d B4 T F=ol g
7138t 3o A= St HlolH AE 9
37 T tie A 7)1Es AT 47l A
Aol g WS 7l<sstH L npA v 5%
A& 9 g3 AgA g3t 7]&3tAT.
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2.1 Leaky RelU

ReLUE 7 843} 52 && o 7F5A
AstA| e7] W&l 71717} 00] HT} webA
£57F =X @do] #Ag o] EAE &3}
A17171 91380, Mass et al[13]& &3 Zo] 7 A
73} A8 Y (Leaky Rectified Linear Unit, Leaky
ReLU)< AlQtgitt.
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FES ReLUAME 4 ‘022 wjg3stA] ek of
stER g7t HZAS AEldE TR 22 ¢
ol ¥€=nh

i\

2.2 Parametric RelLU

Leaky ReLUO A A& &5 oA AL&27F A9
3= otol H gefr B o] | vk, wi W4 F st A
& -f- Y (Parametric Rectified Linear Unit, PReL.U)
oA \= 22 et e A= N g
uElo|t}, He et al.[14] PReLUE T3 Zo] A
o

=

(2)

a; ;= max(z, ;;,0)+ A, min(z
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olty. PReLUE Ed°l wi7/lsE F7l2 =U%
o oldl, F7F & visfi o] = i UEN A
Adot sttt [14]1=& A3 ofsta mAH
g 71 goldtt 3te, 2 W’ (Overfitting) 918
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2.3 Randomized Rel .U

F242] & A3 A8 (Randomized Leaky
Rectified Linear Unit, RReLU)[lS]«] =55 A

MEE St A BY BEAA PN AEY €

T H2EoA nAHHAT RReLU &5+ o234 &
o] HelHnh
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2.4 ELU

Clevert et al. [16]= A= 217 (Deep Neural
Network)9] 8t& €5 2 7 A EZE Fol& A
38 A8 Y (Exponential Linear Unit, ELU)
& AFSTh. ELUE FFREoA 4=Hae 4A
glo] E93le 7]€7] &4 EAE WA g

LRelLU, PReLU, RReLUE 4= ez e] S5 R&E
o] &3 3} (Unsaturation) FEfSl HkH ELUE= X8
(Saturation) FE]E WG

4= max(ziﬁjﬁk,U)Jr min (A (" —1),0) (4)

A @A A= Sgkel thal s Fae] wahd
e Aolatr] 9is) Hel® ko] w wabulE o] o},

3. 5k HIOJEIHIOIA X MBS 2UBt 2 7Y

3128 2 AZ oolefslolA 74
AguolEE FudA 4 & 5 e 4y 2
2 ooz AHYT o F ImageNetol A 277
Helsha 7} Fe 2ol Agehe on A 5L 43
o HlolEMER TASAT. oW A AR FEL
Table 13 2T},

o

Ol it ofy

3510072 omAE 7HA L A F
S APstga, st ©lolE A E(Training Data
Set)Z 29,7007, 7% dlolE Al E(Validation Data
Set)& 54007 °] AH&-E At

3.2 Ad 34 7

Yl 7FA] CNN 2@ (NIN, Inception-BN, WRN,
DenseNet)Z B 7k &4 &(RelU, LRelLU,
PReLU, RReLU, ELU)E 2§35l & 2071x1¢9] 4

Table 1. Image subsection

Y 8-S FASAT NINS 27/ AlSe $xdd2
o HH+ Z3(Global Average Pooling) T
Iste] eWae] 9 ge Ak BAE 4
o] 11 Inception-BN2 %7] GoogLeNet[17]
v} %] A 7+3H(Batch Normalization)Z &3 =
o]k, WRN- ResNet[14]9] )4 7] &S A &3}
AA, A ZEAYE AFY 25 He 2do|n
DenseNet2 & #lo]ojoA T4 goloj2e] 24
AAE FUtete] AAE Bdolth. E/9 &% 7<
o] §le 4 AHEFM A4 I (Deep Convolutional
Neural Network, DCNN)[18], & ©<=3] AHFA
g AAAE AFE HAFA AlexNetJJr VGGNet
S Hlugdoz AR dvka Aot Aol A
ALstdtt. &4 5 SHNA, A LR E(Sig-
moid), 23 ©-A E(Hyperbolic Tangent) 3+
ReLURTH Aol £A &t d35HrH19-2117}F
R0l Aol A Atk wizHs B4 BHY A
F dz=E 2= 2" (Nesterov Momentum)[22]&
AH-8-3t A T

< W (Solver) #Y 9] stolHuetm g Ft AL
%7] 8t<E(Base Learning Rate)='0.01, 7} 7+
4] (Weight Decay)=0.0005", = & (Momentum)=
0.9, ZrvHGamma)='0.94" 8+ <=4 (Average Loss)
=1,000", &<5& W3 (Learning Rate Policy)=“Step”,
HEZ F7](Step Size)=10,0003} 21, Y ESL I 1}
deo] &4 g stolHgatny Ft 282 Table 2.
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Table 2, Hyper—parameter lambda value of each acti—
vation function

Image Image Train Validation
Size Cleaning Set Set
256 x 256 Crop 1,300 200

Activation Function Hyper—Parameter(\)
LReLU 0.1
RReLLU 3.0 < A <80
ELU 1.0
4. A 1
Ao A AHgE FF=9 o] AFYF-2 Table 33 2t

3
o Z(Epoch)& 25002 AAQsgomn &£ 2

HES D sehvE 44E 44 AFIY e &
dsith B =22 A5 volE AEES AES &



Table 3, Hardware specifications used in the experi—

NHBUM 24 S0t DIXlE S& 2] s Hin

ment
specifications

CPU Intel 17-7700K 4.20GHz

GPU Geforce Titan Xp 12GB

RAM ++4d DDR4 32GB

SSD A Z 2 850 Pro 512GB
¥ = Top-1 &7 & (Error Rate)¥ 2+ &4 g<rE9
8t 43 4 = (Training Convergence Speed) 2 &
A E(Loss Rate)e B3l 45 H7rso).
4.1 NIN

Table 49] 5714 &4 g4 FolA PReLU7}

Top-1 Error Rate 20.39% % 7} @& 0 F&S H
o] Z21t}. RReLU7} 20.71%, ELU7} 22.00%, LReL.U
7} 22.18% 2 1 FE °l}th. ReLUx= 23.37% = 7}
A =L RS BYI PReLUY 298%9 A%
ztol & Bt H2E &4E9 49 RReLUZ}
1.13% 2 7} @gtom PReLUS 0.05%2 &43%
2ol S Bt ELU7F 1.21%, LReLU7} 1.30% 2 L
HE olATh

Fig. 114 PReLU$ RReLUv B2 &4 g¢R
o} st FHEL& =7 w21 5 Epoche] 3 PReLUZ}
RReLURT} 1.18% T =& HAE=E 7|EJh 713
ve AT E 7123 ReLUE 435%% 1921 PRelLU
9} 13.89%9] zto]E B4 a1, 5 Epoch®l = 4 Epoch™
B 238 Aso] 9ol th LReLU= 1 Epochd
T HARZ B FAEE SEs AFEHAAT 2
Epochl 8 ELURT 2 AEEE RAFH I
Z +9 39 71293 ELUY 1 HE olth
Z 3, NIN 224 PReLUS RReLUE 7]
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Table 4, Top—1 error rate and softmax loss rate of each
activation function in nin
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Initial Convergence Speed Comparison of Each Activation Function

55

RelU

LRelLU
*PRelU
~#-RRelU
g 110

Top-1 Accuracy
]

1 2 3 4 5

Epoch

Fig. 1. Initial convergence speed comparison of each
activation function in nin,

FHEEIOE 4 FERT U AgE o
Al =t} Ax# o 2 PReLU”} 5 EpochE 7] &2
Z M 52 AFEE BAFJAT RReLUSHE| %
7] 1.18%9] ztol&= #¥A stolHbev|g 2FO0=E
I =97 93dE R dna ddEn wes E

T O 8 24 e FAdA 2A 37 o™
th. LReLU ¥ ELUE ReLU RU& g FHEE
b w2y, 9] T 3k4el A3E zpolv) gk =
NE& Hi ReLUS A9 UmA| &4 g5
%7] 5 Epoch7}A A5AE 2yt

(o3

4.2 Inception—BN

Table 58] 5714 &4 &4 FolA ELUZ} Topfl
Error Rate 17.18% 2 71 W& 2L {F&S HAF
. RReLU7} 19.02% PReLU7} 19.03%, LReLU7]'
1957%Z 1 HE oAt ReLU= 22.73% 2 713
S /&S HY I PReLUS} 555%2] %5 zlo]
£ HH{Y. PReLUS RReLUE 2/ €°] 0.01% =k
o] Hroll UA 7] wiol A, T3t B F

Table 5. Top—1 error rate and softmax loss rate of each
activation function in inception—bn

NIN Inception-BN
Activa.tion Top-1 Error Softmax Epoch ActivaFion Top—-1 Error Softmax Epoch
Function Rate[%] Loss Rate[%] Function Rate[%] Loss Rate[%]

ReLU 23.37 1.51 239 ReLU 22.73 1.26 242
LReLU 22.18 1.30 229 LReLLU 19.57 1.05 181
1.18 214 PReLU 19.03 0.97 170
223 RRelLU 19.02 1.00 247
205 ELU 17.18 0.94 184
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Initial Convergence Speed Comparison of Each Activation Function
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Fig. 2. Initial convergence speed comparison of each
activation function in inception—bn,

Ialt) Hl2E £4 89 495 ELUZ 0U4%E 7}
A vk o PReLUS} 003/04 43 2ol E B
t}. RReLU7} 1.00%, LReLUZ} 1.05% % 1 HE o]
po=

Fig. 2914 ELUE t& &84 gng st 3
57} W=w 5 Epocho] & 6825%9] 714 =& A
F=E V|5 M ¢ S EE 71238 ReLlU

62.02% 2 19191 PReLUS} 6.23%2] 2}o]& R
, NIN =d 3 22 5 Epoch®] 450 Eo]x] A
2ok th. PReLUE 2 Epoch7bA] RReLU Rt} <3
HE& 7l w249 3 Epoch#E RReLUS 4%
o Al H]%23 YAS BATh LReLUx 64.64% 2
2% =9 4915 71E3 B4 23 Inception-BN
oA ELUE =7] 3% FE&£=7 2 84
SFTERT B3y AT JA Yt AHH R
PReLU7} 5 EpochE 71&#2o 2 71 =2 A= E
B F 5 Epoch”] ¥, PReLU$} RReLUS| % &
5 Aol 0.60%°] 7] wiiol #& sho] 3 Ite}r| E
ZAoZ I w97t 949 = g dadn.
et E 5 O 5 4 gt oA AR
217] o] @t ReLUS A% 5 Epoch7HA| 45AE
HolARt gt FFEH] A5 Aolvt Yt

m orE 4y 82 Rorr

0\

4.3 Wide_ResNet

Table 629 5712 &4 3 FolA PReLUZ}
Top-1 Error Rate 17.84% % 7} @& 0 F &S H
o] 91tk RReLU7} 1847%, LReLU7} 19.00%, ELU
7F1921%2 1 A& °|Ath ReLUE 21.02% = 7}
=L 2FES HAT PReLUS 3.18%2 A%

Table 6, Top—1 error rate and softmax loss rate of each
activation function in wrn—28-10

WRN-28-10
Activation | Top-1 Error Softmax Epoch
Function Rate[ %] Loss Rate[%]
ReLLU 21.02 1.02 219
LReLU 19.00 0.89 238
0.79

Initial Convergence Speed Comparison of Each Activation Function

RelU

LReLU
—*=PRelU
~#-RRelU
-S-ELU

Top-1 Accuracy
&

Epoch

Fig. 3. Initial convergence speed comparison of each
activation function in wrn—28-10.

2ol 5 Byt H2E <489 3$+= ELUZ 075
%2 717 @k om PReLUSE 0.04%9] S48 2ol
£ Bt RReLU7} 0.85%, LReLU7} 0.89% % 1
HE olATh

Fig. 3914 PReLU$ ELUE ©& &4 <Rt
sk 4 =71 W21 5 Epocho] ¥ PReL U7} ELU
Bt} 0.09% B =2 AE=E 7E9H M @2
AT E 7123 ReLUE 4200%Z 1912 PReLUS}
494%2] ZFolE H AT 5 Epochel A 2] A5 Aol
A AT LReLUSF RReLU®| 5 Epochd & == Z+7¢
4575%, 45.90% 2 Hls=gch 4 A3}, WRN-28-
10 224 1 Epochd &%+ ELUY} 718 =41,
3 Epoch©] % PReLU| H7& 5|83t ReLUE Al

g YA &4 e g5 FHEES 2 Aol
E Ho|A &t}
4.4 DenseNet

Table 7¢] 5714 &4 &4 Fl4 ELUZ} Top-1
Error Rate 15.13% 2 718 2 27 &S HAF



Table 7. Top—1 error rate and softmax loss rate of each
activation function in densenet—161

A

MBUM 24 &0t DIXl= 94 2R ds Hlm 1147

Table 8. The highest performance activation function
of each network

DenseNet-161 Activation Top-1 Error
Network P .
Activation | Top-1 Error Softmax Evoch unction Rate
Function Rate[%] Loss Rate[%] P NIN PReLU 20.39
ReLU 18.44 0.93 187 Inception-BN ELU 17.18
LReLU 16.41 0.83 218 WRN-28-10 PReLU 17.84
PReLU 15.48 0.78 219 DenseNet-161 ELU 15.13
RReLU 16.23 0.77 233
FLU 24 23 AT A w9
t}. PReLU~”} 15.48%, RReLU7} 16.23%, LReLU7} 5.4 =
1641%2 1 HAE oAt ReLU+= 18.4% = 717
L 9F8S BT ELUS 331%9 A% zto]= 2 =EdAE CNNY 717 &4 ZAE &3
Rt} B 2AE £289 A$%E ELU 069%% 7} 371 1) At & g 4 FdFES AER gE
4 wrok o] RReLUSH 0.08%2] 43 o] & K Y T2 CNN ZdeM dgsigi. 24 o=

t}. PReLU7} 0.78%, LReLU7} 0.83% & 1 HE o]
Ath RReLUS PReLUE 4 E9°] 0.01% o] ¥t
of A &7] wjEol AMd, FYsitt B Fuksich

Fig. 4914 RReLU+= 1 Epochd & =7} & &<
SR =XT 5 EpochH 85 5291% = 29 & 7]
23t} ¥hd PReLUE 1 Epoch® =& RReLUXR
o} G20 5 Epoch® 8=+ 53.30% = 7F4 =3kth
71 22 AEEE 71E3 ReLUw 42.15%= 19]<]
PReLU$} 11.15%9] AtolE R, 5 Epoch W&
4 Epoch®| 2.t} 23]8] d%o] Bojy ot LReLUS
ELUE 3, 4 EpochW] o]A Rt} A5o] Bojx|& B
< HYAN, olF FSAE Ru. B4 Ax
DenseNet-161 Ed oA = ReLUS A3k U A
44 e 27 5 FEEEE ReLUES W

Initial Convergence Speed Comparison of Each Activation Function

Bm

o

g

= RelU
g% LReLU
b3 =+ PRelU
i ~#-RRelU

35 ==ELU

1 2 3 4 5

Epoch

Fig. 4. Initial convergence speed comparison of each
activation function in densenet—161,

ReLU, LReLU, PReLU, RReLU, ELUZ A&3}3 1
CNN ===Z NIN, Inception-BN, WRN-28-10,
DenseNet-161& AR&StATH 2789 AR &%
ol EE 20714 AFollAM g AAS o 713
=2 4%5s BYE 4 & Table 87 2t

NINell A PReL.U7}, Inception-BNell 4] ELU, WRN-
28-109114 PReLU 18] I DenseNet-16194+& ELU
7V 7V &L A5E BAFAT ReLUw 20714 4
PoH FE= £4E, 27 g% FEEE 2F A
Fol 7ha wott o] & vty e g 0’th 22 557
S 7k (Active-Value) 22 YEEHAS wf 00] o}

FFE FYSHE WPol B 2L 4L AL+ 9
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