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Abstract

Deep learning has achieved remarkable performance across a wide variety of tasks, such as object
recognition, speech recognition, and natural language processing. Among different types of deep neu-
ral networks, Deep Residual Networks (ResNet) have been extensively studied, providing new solu-
tions for face recognition. Therefore, starting from the design of Deep Residual Networks, this paper
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introduces their evolution and variants, as well as commonly used datasets, optimizer selection, and
regularization methods in the field of face recognition. Subsequently, it discusses the performance of
Deep Residual Networks and their improvements in face recognition tasks, such as residual block re-
construction, the incorporation of attention mechanisms, lightweight ResNet designs, and the construc-
tion of ResNet systems.
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1. 5|8

L RPHZ N 25 (CNN) & — PR FE 52 S BE 1], AR B B SR i AR 35 H 26 2 . S ML 57
MM 2% )\ VGG [2]+ Inception ResNet [3]&% & F] DesnseNet [4], FiaItHiHIL T 1R K HAR G R L M 2%,
1998 4, Yann LeCun Z%5 A7t LeNet /K RE5H4[5], LeNet A 7 E(ABIEMAE), 7 LA #E
BRI S B . 2012 4E48 75 ImageNet 5558, KFRAFEN AlexNet [6], FRTF) 2 KiE. 2014 F
ImageNet 5267, VGG MZSIRAFTEZ o DL P25 150 BH 45 AR 40 [0 265 (14 9% FEE R 2 58 D) 4% 12k s P O
K2 . (HEEHE LG5 CNN WS IRBE AW IR, 237 AR FE T S R0 X 2 3B A4 (1) 1] L, gk 1T A4 28 J2 D 248 1)
PERE TP

T4 CNN FERRRME, He 2 A[7]7E 2016 452 T —FR G M 4, TIFRIR iR 2
2% (ResNet), 1% 2 2546 N AR S5 WS R SR 22 7 2, ARG RUR A MUEDE R, e TG
RRZ& IR, I PR Xk DL oG P R & N A ) . X A5 ResNet 7 B 4025 HFRKEI . 8 L3I LA
KNGS R BT T H B4R .

I 5 R PS5 7 22 P 2 AR A B RS2 W, FEAE NGRS AR T R )tk g, AR SCHE PL ResNet 15
RIR B NG, DLIIEREA T AL A, XF ResNet 2 0HR LA . RN EE. Y0715 504 SRms 3k
ITVEANIER, I S 455k 22 P & M oA A e NG R ) Sk o 7y S

2. ResNet #Z/0 IS E Al

CNN (2 S8 AR I i A AR A A AL S R SR IR B2 (RURRALE, L 1 B B AR B RZ
WALIR . SEREEMBIE R (8] BHZE T EEEHATERS FIRBEIERS AL, & CNN %O
Iy o WALERXTGRUZ SEM BN WAL S B HEAT IR 0L, DURRRSEANEOF LT R E . 2Rz
BRI G R ERHEE S, ORISR . BOE R 2L 2% Rl R AR 2 1 5 R0
AT R AR50 CNN AT LSRG R R 3 N EBEIRFAE, IF HLEEHE P28 R BRI, B 3kAs iRkt
Ends, ARERERZEEMEZ9]-[12].

ERAESEPRM T f, TRJR T I B A0S, IR I ZRid e & B S B
BT R PR BTC VR S S S ) A, X RS AR BEVH R FITIE R . T34, BRI R A I & 3 SO R P e AR
72, RIHERSFRAEINIR M2 2 B A S AW i, AR5 A HET R BIE AR A 5 kS8 i 2 2 5, v
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R M 2 BEAR . BEXTALRAL R, — i PR o RB AR, 58—y ikt i 308 9 B e RO R P2 1 PR s
AHEAT B A PR A AN AT U0 A SRR 48 SR A 77 2 e e e A A TR S A (AR Y B B AL, 38 AT vE 2
T AE PR 2% PRI LS5 IS5 SR A e I 245 SR P 1] i

X T G0 A ARMEIDL B 1B A5 U R B, 4 I 2 Ty

H(x)=F(x)+x (1
WIRE 1) Fs, ] DB R TE S il VR 28 B — 584, XAk BEENs ] G 45 o — Nk 22 IR AL
F(x):H(x)—x 2
BT, SRR F(x)=0, SRR T —MESH
H(x)=x (€))

2% 2 5T RIE FU 0T Gt el UGB H () AR T HR % F(x) - 2 T1Z 8848, Kaiming He £ 2015 4ExJIL#2
Hi T ResNet, €& MG CNN, ResNet [%145 FJ LA od i fifi 4 J2= BOINER 5 Z0RS 2L A 1 400 5 M AN 45 1]
B 1(b) RN ZE R 454 o

Plaint net Residual net
X X
Weight layer Weight layer
any two
stacked layers relu relu Identity
X
Weight layer Weight layer
Heo ™ol HOO)=F(x)x % relu
a) gt 2%
@ : (b) B2 2%

Figure 1. Schematic diagram of the residual module: (a) Traditional neural network; (b) Residual network

B 1. REERTEE: (2) FRWENLE; (b) REME

MEL T ATLLE 1, ResNet J7iEHh ik ZAR AL GBI 4] 1(a)2 T Identity i%4%, ResNet [1)55% 3072 M
F—BRHEER T - ENMABUERRE 22, XA ERE AR (shorteut) B BhERIE S .
FRFNGE RAE AR Z 5, R Ex g R o, L2 m

F(x)=0 4)
T . Ak, SRERBP N ESHE RS, BRSNS, A
F(x,w)=0—>w=0 (5)

AL w oy 0 BITT )5 2] . Horh, BRERDHh © ZORS 5185 F (x) 5 x 4EEEAHF), 38 fE1H SR m s
AETNN 1 x 1 B ARJEN s AT A LA, W DR A\ B 1 AT DO — k2 o 1B S UM BRI IN 64522 2] H AR
KA, IR RE AT B2 S e s R, R 2 S AN B S R A R B DO, Xt
FEILZE o

N TIRRA A P2 R HE B IR, {E ResNet BRI KSR 2B, it 1 AL B K, B2
FBUZ - IR —A6. ReLU Wil AL o, JERZSHI AN 3 < 3 BB A, 782 U8/ ) ResNet18
A ResNet34 RILHLTS HFIFFILIRIEE /7, W11 2(2)Fa;  TOMEREE ) 2 3 MERE N 1 x 10 3 %
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3. 1< 1 BHREHEZ TR, WK 2b)fr, REEHCEEE 1 x 1 BIREMN 256 (3] 64, 1d3x3 %
BUZ 2] Ja XL = A 1< 1 BRI IR F 256 ROIEIEAERT, T8 RD XL FE AR AE 23 0] 7 2] e 2kt
PEAR TSR, RN DRAE AR A TR PR e

256-d

1x1,256

relu

(a) ZERbE5H (o) JESEEH

Figure 2. ResNet architecture diagram: (a) Basic block; (b) Bottleneck block
[&] 2. ResNet Z5#4[&: (a) EAliEH; (b) AMLEWN

3. ResNet %14 BRI

ResNet AR DK, FEg: Il TR Z SudthioAR, 2 1 45 7 AR ResNet 2% ) 9 2% =45 Hor
W P ResNet18[13]. ResNet34 [14]. ResNet50 [15]. ResNet101 [16]. ResNet152 [17], fijiXLeAs[H]
28 IZH ) LRSS0 E F ResNet 5% 22 e B N aiffl. N 30K ResNet18. ResNet34 5 ResNet50 iX = Ffi[]
LERITY AT W HRA 4

ResNet18 #AH 17 MEFZH 1 AN FC M. Hr 17 MERE A, HR 77> 64 1%
I, BRI 3 x3, &3 4 ResNetl8 HI45H .

INEE
T ﬂ B, 33ERI256A |
x2
BRI B8, 33%FK2561 |

x2

B, 33ERZ64N
x2 l

1
| BHL 33ERES124 |
I
B, 3Bt |
|
|

B, 33ERZS124 |

!
HR, 3x3B %1281 FEL 2
X2 l
B, 33BHI1284 | 2EpE |

Figure 3. Architecture diagram of ResNet18
3. ResNet18 Z5#3[&

ResNet34 B 33 NEREM 1A FC IR, Hrb 33 MEREW 28 5 41, BER 7Tx7x 64 0%
P, BN RN 7 < 7 03 x 3, AHHCEIEEBR L A PR N 1 82 L, X R
TIRZEES G, EEiE LRIBG S, AR TEATIEN 22 2T BN T AR B R SRS ik 1

DOI: 10.12677/jisp.2026.152021 251 & 555 Ak #


https://doi.org/10.12677/jisp.2026.152021

JiNer &

> L3S conv (BEHRJZ )T max pool (i Ktk =), HiE A Relu WOE REALIH b= FhER, 4
R A . A A R 4 S N B4R EEAR ], E e AR ORI A% . AR, KRR
2558 AvgPool “FIMALE AT IR RFE, I AN4IEHE, B Softmax 73 JE a4 6T B[R0 o

ResNet50 A H 49 NEFREA 1 A4S FC AR, Hod 49 NMERRZAT 908 5 H, BRI KN H1R T %
7. 1x 1, 3x3, RIREHGRMAEMERREPRCBELZ —, TEZRMATEGR K. Bkl TS,
I W AR PERE LR SR HE BT . Z N 4% 38 i 5] NS0 45 44 (bottleneck block), BPFFH 1 x 1. 3 x3, 1x1
GRS, FEFS T SRR AR 1 (R S 25 3800 X 2 R P SRR RIS BE 7T R, BT 1 x 1 BAS
AR T BT E, HR0kD T SHESUHEIE, ERMKRREAMDIT ERE TR E LR, 1950
TR BT, B A DLIETR J2 I 25 rh RS TE AL 4%, AT SCRE IR BE VR IR AL . 4k, BT AE ImageNet
SR TIEHEE ISR E 2 T 3R, ResNet50 o AIEFRE 5= > vh i) H & T M 4% (backbone), | 32 H T
& RAEAT 5 ) PR S BT R SR

Table 1. ResNet architecture variants and configurations used

= 1. SR ResNet L5 R F1LEH

Layer name Output size 18-layer 34-layer 50-layer 101-layer 152-layer
conv 1 112 x 112 7 x 17, 64, stride 2

3 x 3, max pool, stride 2

comv2 X 56%56  [3x3 64 N Ix1 64 Ix1 64 Ix1 64
x2 x3 3x3 64 |x3 3x3 64 |x3 3x3 64 |x3
3x3 64 3x3 64
|Ix1 256 [1x1 256 [1x1 256
i ) i} i Mx1 128 [1x1 1287 Mx1 128
3x 28x2s |0 1L [ 0 1503 128|x4 [3x3 128 (x4 |3x3 128 |x8
X X X X X X X X X
conva_ 3x3 128 3x3 128
L : L J LIx1 512 [1x1 512 LIx1 512
_ - _ - [1x1 256 Ix1 256 ] Ix1 256
4 X 1axia |03 P00 |33 6 o 153 256 |x6  |3x3 256 |x23 |3x3 256 |x36
X X X X X X X X X
conva_ 3x3 256 3x3 256
L 4ot J Ix1 1024 Ix1 1024 Ix1 1024

- - - S [1x1 512 Ix1 512 Ix1 512
3x3 512 3x3 512
conv5 X 7x7 x2 x3 |3x3 512 |x3 3x3 512 |x3 3x3 512 |x3

3x3 512 3x3 512
- - - - | 1x1 2048 I1x1 2048 Ix1 2048

1 x1 Average Pool, 1000-d FC, Softmax
FLOPs 1.8x10° 3.6x10° 3.8x10° 7.6x10° 11.3x10°

4. ResNet Bl& 3 Z 5L RME
4.1. ERARIRIBIEE X FES TR

TRPE 25 ) TR B o WO B S 8%, AR SERR R A A, Bedi At 200 H S HOR AN Y 1 05 05 . N T AE
TR 2 S BLERe s R AERCR, U G B AT I E AL A . B AL I R AL G B SR . BdE by
FEAEARESIAT, HAPhBUEbRE R EXREENSE, CBE AR I T AR, #4008 EHLT R
HE . TEAMG IR U i B S5 LR UM

VGG Face 223 $#E4E[18], 9131 ANF ) 331 JiskEG A%, FHEAFEH 363 ikEMg, &
B R BB R,
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LFW (B 4Mric i fL)EEgE[19], S 7T 5700 Mk #E R 13,000 25k N EE, HF 1680
N e e AR NGl Y

FLS A RS NG (ROF) [201 80854, A0 3G B R, H R BH G A 1 B ety e B AN Jo: 4 20
B, A 6421 Fk A VETIBEIR, 4627 SR BB I G 678 K& M BRI G . H 47 MZik#H
R BIEAN, &G KMEEE A, 114 22 0E G PR E ), 11 20 452388 RA
SHE . BERER NS RE —BRANMBUAK, FraMEGESK QIS4 R 5, ERHA R
B 75 T 232 IR HH SR PR IR 7840 o B A v AR TR i R A i R S A TR BOK BH B 1 52
A B AT UL T T B

UPM-GTI-Face 4B [21], ZVENATFATH RN, BT IR A PR I I 5 AR5 )
SR ERE T, T IR PR B RN T B A R . 2R S 11 AR E 1 484 Tk KR, 16 3 & 30
K10 ANEMEE B FIRTE, s = A E SRS, DR 2 Bl B GRAIA) . X T21iK% . M
SRR — M A, 2B SRR TARMERE RS v 1 KIEEILIE Fr PEEME, FEREA 10 DMREFER . N
TR AT S5 I T B, BRI A= AR = AN IR RS O T ST s [ A AR R 5 TR A 5 1] SE
538 PG, X3 10 ASHrTa)ER 86 vh i) — AN (A T TR ER B0 2 2 ANEREEAT 11 A2, Bl a s
22 MERJUIE R RN 22 ANREFEMS . X R HES 5 B AN R B A 2 484 X EIG, Hh AT 44 SHRE R
AN SR AT 1) IE UL BC (RN 523 4 X IERAULAL).

SCface 41 $# 2 (221 CH T3P ANBGIRAE I PERE . Z50HE S A 35 1 FH 0NN [R] & AR W 4 B 1%
HUEASSZ 4200 1) 58 AR B il 3R A SSRGSk, 28R E RS T 130 NS 3 R T 4 18
18 o B e rp RN 32 # SR IR R B RN 1S SR ERET BB R, IR BE EHER—AE T 5 ANANTF]
ABMLLE 3 ASAFEIRIEE S FHBR: s, e SRR 2. AR MG & R AZ AL A A1 T IR
SEHE TS A, FROEHE TR B NS U BRI AL, R R AE SRR A S s b . @R
A gfEE N B8 PE S 5 B0 46 b Bl vl R G AT LA, S T F VRS AT

The Extended Cohn-Kanade Dataset (CK) A JJ = 1& Hdi 4 [23], %50 AR 7R SL 30 261 T 3R, AEXT
BONETSE, R NG RAE R L F BASER — AN ATFEUESE, S8 123 MR 327 Mibs
WCHREE A, oA B, RO, 0. m%. BRI L 7 MR .

TEFLCIE LN, W0 AT RE 2 TG A FFEE SR AS R Il . (R, WT f 55 2O AT A R e 2
HEATSESS o IXFNIGOLR, A 6 B A M U5 B O SR USRI AR A T, AR DR S50 P 1T S 1 R ZE B B

4.2. iRt

AL 2 (optimizer) LR AEIR L 22 2] I LR RE R, 48 51 5UK BB & A S HUE IR 7 18 BB 538
MR, AR RS A SHAE IR R EE A WHEIL 2 R e/ . BRI 2 M 28 AR F g A e AL B0k
X IR R B AT PR A R AR B, A s rT DUE B S IR I ROR . B ARIR S 2%
R 22 5T B H AR 3R B8 H AR R BB R T REN IS B, AR AL . FEIRE 22 SRS, W
IS EATATAR K, IR TAAG I BRI 2 25 . ResNet BRI Zh i H AR AL 28 60 3E SGD (/ML=
FER B#5LI%) [24] Adam (GETBEEE T BRI A GRS, e B IERN MBS HIER P R) [25].

SGD &4 1 #HLEARE T FEENEMBENURS L T AL AL L on DFEAREHE D — AN/ ML E AT T8
Ht, 2R T BENLBRE T AR 7 21 R, SGD #IZ BB ik N s«

Ht _ 9:4 _ Olvgf(@; x(i:i+n);y(i:[+n)) (6)

SGD X T ZH A A )57 ) ZE AT 8 . AN Ba M, FHERIARA LA —, BRI
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e AR I DL RF AR ASE KRS SR D o tbAh, I # iy, SGD Toik ikt ¥ 2 — M YEE
) EABARY, 53— ANMERE I MR R SR BT 4R B LI HGE T 0, SGD R S HIA A
FEHEHZH, e, BETEEEEN 0, AT ROE Pk B

Table 2. Adam algorithm
2 2. Adam B3k

Adam HRAGEE

S

n: #AR

BB+ HWE, 0<p <1, 0<p,<1

£(0): BFrREL 0 B

¢ IERIRE

my: W

Vo: Bl
While 6, RITSFIHA do

t<t+1;

&< Vofi(64);

m B m_+(1-5)g;

v By +(1-8,) g

m

6«06 ,-n- L
t t-1 \/m
end while
return 6,

Adam JHERVERN A WL 2, wRRHEMNUISE, v REREE, o ARSI EARREOEF REN
0.99), [ FIRIRFER/AN, n 221 F . A& 2 W, WRINEMAN T SEAENA R I FRT5E, MR
PO SRARH PR, AR SRR, DRI e vy DAt 3t ) 208 20 A 1] i

4.3. IENHL 5=

MM KBS 5N Gt b, AR Py Eodhs & 4 R AT S BB R B S % B B Sk Br oK, &
IS A, I, Dropout [26]iXF 7 %4 & & ik . Dropout ] LAREF ARy — R BT A4, 230 e N
FERPZE R 28 R BRI, ER T RO 2% AT AR 22 (KR 2K LUK AT, Dropout FJ LA — 28 B ITIR IR 2 AR T, A2 A
WrE SR, AER R TG TR FERHRAE . EME ML INIZRIEFE T, Dropout BEALILE 7w
Zouifmh BEE, 8RR EF LT GANA R A S S T ENBE B 8RR 5 5,
RERIAERE O ZRI R REAR AR AP 270, TR 1 68 I SR8t RO 2SO G, 30 1R A2 A g
J1o s, WEMEKE, Dropout XHERIGEHHEAT 1 2 IRE ¢, HXTRIAFPZ M XRS5 AN R, (HR2
EATHSREAEBUE I A I, B HS BILFR) i A T AN [5] R e 40 Do 25 A 20 5 g 2 [ e 2 B 2 239 s AL
A SXFEA 5] Ry N AR 3l %o AR ) (R Y S5 0 o 1] 4 o T IR ARAS T i 8 i 26 455710 15 5R. A T Dropout
ELUEG LS it
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(S0

WNE

1]
k:é

ity
4

(@) HHAPE LR T (b)N; H dropout #1245 &

Figure 4. (a) Conventional neural network model; (b) Network model with Dropout

4. (a) EMHEMLEIEEL; (b) Dropout HIMLE 1R

w pw
LI p 3L S e
(a) YIZRad FEH Hpp 22 P 25 1 Bl (b) FRERE h e X 5 A Y

Figure 5. Dropout operation in the predictive model: (a) Neural network model during training; (b) Neural network model
during prediction

5. FUMAEEYE) Dropout 31 : (a) MNZRIIEFAHEMEREL; (b) TN EIHEREEE

M p AR TMAETTEINAN B T REILE, (1-p) WHEAABER L. WA BeR
Dropout F7R = BN 5 iR (EZ AT BB IGUE IR S 2 BT IX B4R 1, 10 w Al p By, BY
it pwo WA BCE S 4 w F5E T p WIEHEUWT, DAREMEIEE 1 NERA0T, x SRR RIER
L LY (R, 418 H Dropout 24, A2 THE HSRIHIE . #h& o ENNA B2 — BARFRE SRS,
I HAE x - px, Hrb p KA Bernoulli 7047 R E= A1 0 58 1 BEZ.

JER SRR P 2 WX 4% ResNet H JF %4 f# ] Dropout, {H5Z Google # Hi ) GoogleNet [27]% 45 4 71 i)
JA R, BERAZIEIL %R Z (fully connected layer), i s&ifid Average Pooling 15 385 £ FIRFE,
2% AR SREH T Dropout, EPfEAEHZZ R INA T Dropout 2, BNE 5 #4814k

AE 7.
5. ResNet 7 A IR A{E S p RN

ResNet 5 f8 H 5 K RFESE AR ) Az ALt fe . ©BCH NI UM U A% O AR Z — . B IR H DK,
W FLEATTINAS R A7 B R (B s A sk 228 Sl N DN Rk 450 . #%E ResNet R %1),
XTIR FERR 72 W 28 EAT T ANE 7 Tl (R stk 1G0T B AL R SRR Be U A2 A RE 77, I L FH 21N KR 1) 43
o A% ML HANITI, ResNet JSZE N A . BAGFRZESM N A 5] ANERJIHLEH] . R E 1 ResNet.
FJ#d ResNet 24, Kl B ResNet 75 AR AT S5 (R B
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5.1. ResNet [R50

TR FE R 72 WX 25 AE S A R 531 45U 11 B 240 2K 8% » 11: Praveen %5 A\ [28] B4 ResNet50 AT FER-2013
CRAEL VN, R T AL SRR DL R E 4 P2 B 70 5 TH R B IR AR M . [FIR, 4005 N[29]H
ResNet50 R %) Jaffe £1%, ROC Mk RIS, BEM IR RIGE 2, (2207 &1
i Liu [30]H ResNet50 SN g sa i v T4, BRIl s S e vE 5 SE AN E, w2 T 2 40
SIS, 555 N [311H ResNet25 I &2 A7 ARG, 58/ T 2 343550 F AT AN B8
HERAE S . B S N3] B E R ITE 74 |2, SERABIRENGIRTHERS, MRV IR M2k
REIBLL A &, Jain %5 A[33]FH ResNet50 iEAE2E IR =038, MR T AFL35 55 VRN G 1 S0 k6w
@, Wangean &5 A\[34]%} ResNet50 i E0AM(Adam, Ir = 0.00 1) RKE L/ NEEARZE B, BEL T1ER 7%,
Al faE N TR T A%, Kumar % A[35]H ResNet50 Jil NMS J5 AbFIE B 22 A GG, S HAs I 25
2, & T & LRPEER m R 5 X ST L EARAE /S . N S R 0LEh, SR 3%,
TR R BRI R N

BEAL, R GHTR 5k 22 X 2 AR T AR 9 AR 3 S 4R s i D Re S . Medjdoubi 55 A [36]7E ESP32-CAM
11318 ] ResNet $2HURFAE, #A KNN 432648, SERUE B3R T 5 ISR AR S S5ic
EIRIEAESS . 5 E B2 N[37]7E RK3399 ARM & I ] Mali-GPU Jjli# ResNet 45 AEH2HL,  5€ ik A 3037
SRR ARSI BB S IRBIMESS . 5L ZE S N [38]7E R IS R Gih FH ResNet $2HU 128 HERFAE ]
LI B G, F AR 2 NI, R e D v i SR R SR M o X AT ) S R RFAE A2 K ResNet @A
FoAth A% BB A 50 2% HEAT D RE I

BEE IR IR ZE B I 2 T, e A A e A X B 36 HMEIL 28 . 4 Rodrigo %5 A[39]4 ResNet 5
ViT B32 JHAth 5 2% CNN a7 fhixtbth, 52 A IRAIT 55 5 5T 55 A T 9256 5 40 M« 1 Komlavi
S N[A0] B R 2 ) (7 ResNet) 515 Ghlas 2% S MBS BAREXT L, RINIRE 2 ) BRI, 2 )5,
Nguyen %6 A\[411# ResNet50 5 SVM. VGG16 23755 X, 52 ResNet50 RILEA, MR E
FT SVM, H.EL VGG-16 X3R4T Bt T4 68 /) 5 98 . 1 Safwat 55 A [42]4F GAN + Attention-ResNet50
(SRR 5 T 4R ResNet50 VEXTIR, it 5 () ResNet50 FL & BB IHi T Ae J1 5z AL RE . X U6 5T
UL B IR B2 Bk 22 WX 28 148 B g 1 N I TR 1) 8k ) e AR

5.2. EtSERNNA

WFFE N9, itk ResNet 5k 22 s v B A6 AR FE S5 e i 5 4 VAR R, R AR . T2,
W T AT UR IR N B 5k 22 B 70 B 25 i A SR A A, JE T % 48 ResNet WS [RJEAR S5 1, AT 1
Al o BLAMATTH H AR I 8 A T v Je o ] B ) AR A N\ B (R 3BT S, A A Ak Z B AR L. T
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Figure 6. (a) Architecture of the global depthwise separable convolution residual network (Note: Figure sourced from [43]);
(b) FN8 model (Note: Figure sourced from [45])

E 6. (a) ERRENBERREMBENCE: ZEFRIRTXE43]); (b) FNS RBICE: ZERIRETCHEK45])
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)R IERAE G, 179 NSENet BRI T B 5 FRAG RSB & 3G JARFIETUR I £
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Figure 7. (a) Wide residual attention model (Note: Figure sourced from [46]); (b) ResNet integrated with CBAM
(Note: Figure sourced from [47]); (¢) CBAM-embedded residual block (Note: Figure sourced from [48])

7.(a) THREFEIERICGE: ZERIFT3CAK[46]); (b) ResNet @& CBAM (GE: iZEIRIEFXHK[47));
(c) #RN\ CBAM HYRERCE: ZERIFETTEK[48])
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Figure 8. (a) Architecture of MACN model (Note: Figure sourced from [49]); (b) Replacement of 7 x 7 convolution with
smaller convolutions (Note: Figure sourced from [50])

8. (a) MACN RURRBIZER)GE : 1ZESRIRETF3CHk[49]); (b) ER/NERER 7x7 HFHGE: ZEKIBEFCHR[S50])
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Figure 9. (a) Pruning mechanism of ResNet50 (Note: Figure sourced from [52]); (b) Improved residual block

(Note: Figure sourced from [53])
B 9. (a) ResNet50 BHAZRIEGE : ZEIFRIFET 3CAK[52]);5 (b) BOERHIFRERCE : ZERIET SCHK(53])
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Figure 10. (a) Architecture of A-ResNet (Note: Figure sourced from [54]); (b) Improved residual
block (Note: Figure sourced from [55])
[&] 10. (a) A-ResNet Z548(E : 1ZERKIETCRA[54]); (b) BUHRERCE: ZERIETCHEK[S5])
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