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Spatially constrained attention mechanism for image classification network

JIANG Wentao', WANG Xinjie', ZHANG Shengchong?

(1. School of Software, Liaoning Technical University, Huludao 125105, China; 2. Key Laboratory of Optoelectronic Information
Control and Security Technology, Tianjin 300308, China)

Abstract: This paper addresses two major issues in image classification networks: insufficient low-level feature extrac-
tion and inadequate spatial weighting of feature maps. A novel image classification network named SCAM-Net (spa-
tially constrained attention Mechanism for Image Classification Network) is proposed. SCAM-Net is built upon the
WideResNet-28-10 architecture. First, a Spatial-Constrained Attention (SCA) mechanism is introduced. By incorporat-
ing a spatial constraint strategy and a dynamic weighting approach, SCA significantly enhances the network’s ability to
perceive spatial positions in feature maps. This enables the model to focus more precisely on critical regions and im-
proves the quality of feature representation, leading to better discrimination in complex scenarios. Second, an Edge-
Aware Convolution (EAConv) is developed. EAConv integrates Sobel operators with convolutions of multiple kernel
sizes to capture multi-level edge information, thereby compensating for the weak edge feature extraction capability in
the original first convolutional layer. Experimental results demonstrate that SCAM-Net outperforms the baseline
WideResNet-28-10 by 2.43%, 0.93%, 0.14%, and 0.91% on CIFAR-100, CIFAR-10, SVHN, and GTSRB datasets, re-
spectively. Compared with the second-best model QKFormer, SCAM-Net achieves 0.13%, 0.10%, 0.12%, and 0.34%
higher classification accuracy on the same datasets. These results confirm that the collaboration between the spatial-con-
strained attention mechanism and the edge-aware convolution allows SCAM-Net to better capture fine-grained visual
details and effectively improve image classification performance.

Keywords: image classification; spatially constrained attention mechanism; edge aware convolution; stochastic pooling;

spatial information; edge features; feature fusion; residual network
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Fig. 5 Impact of position encoding on feature shuffling
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Fig. 6 Randomized pooling module
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YRR Fo i 47 bR AEERVE IS 12 A\ SELayer 15
FHFIE Fy e ROV | SELayer &% 1 x 1 N f (1) %
A ReLU B4 I PR & FI Sigmoid 38 1 pRBIUHE & it ok
H AL, BAR RRAT ROR A

F; = Sigmoid (Conv (ReLU (Conv (¥,))))
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Ao ORI AGEIEEL, 4 4 45 K ¥, HAEITE
TORE i A\ TR A D2 R LS B DY o 2 —, T
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Fig.7 EAConv module architecture
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17 JRy B A AU i BT R 32 Jmy S e AE A I, 55 A0
SCHEAT I SRR S

B, M — A g 3x3 4% M BN
(batch normalization) #:1E . LeakyReLU #{1% PR 4L
HEAT R PR 4 I, By AR 2 28 0 Jy R AR AR 12
BB, 75 24 R IE X, € ROV, Horp C 85—
ABR P Layer] (9% A IE 2L, A~ B EAR AT
HRH

X, = LeakyReLLU (BN (Conv (x)))
Hirp LeakyReLU 3G AL A 200
x, x>0
ax, x<0 (6)
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LeakyReLU (x) = {
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I B R T G 4R R B AT PR X T ARAE
X X X: B A HHIA A B8 C . 7E 4 4d Concat
PRAE G EECE N3O,

FROE X, 38 i B R RST 1< 1B R, 9281
T T A R R R 3 T AR R R AR e R
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3.1 ELIGINE

AL R H I ERE R 480 Ubuntu 22.04, HoAth
IS0 )k - RTX4090 5 R, 24 GB A%, 60
GB N1, 10 #% CPU, 3K {F# 558 : PyTorch2.2.0-
Ubuntu 22.04, 353112538 200 %2, batch_size % &
128, WIhfs I R E RN 0.1, £ 60, 120, 160
E 2 S AR IR ON Bk 1 0.2, {8 Y2 SGD 1
i . Rl B2 rh A SCB S8 & 1 iR .

F1 ITHRHEXBSHHEXER

Table 1 Details of experimental hyperparameters

HEH BOEMH

Ir 0.1
net_type ‘wide-resnet’

depth 28
widen_factor 10
dropout 0.3
batch_size 128
epoch 200

optim_type ‘SGD’
momentum 0.9

weight_decay 5%107*

learning_rate_schedule I3 BORE

SEE AN AE 4 A SRR AR BTN, 4
2R 4 CIFAR-1002 CIFAR-10P% SVHNE7)
1 GTSRB?*,

A S5 S 7E BEAL BT 2L L 7K 7 B A IR R A
TEfb A HRATE (0 SRl L R AT 1Y, AR SR FH JH: At 5 A1
R BRI R T B o SC IR DA 48 b R A A Fl e
REBRR I R
32 SCAFEANMGIENGE XL

FEAT IR v, VR R LA B AN [A] o mT
A2 BT R ME RUET R AR . TER)ZAL
B, 8 S ) T G o AR A6 R AR A 1 A 3R hE
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Convl Convl Convl Convl Convl Convl Convl
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Layerl Layerl Layerl Layerl Layerl Layerl Layerl
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SCA  Layer2 (Layer2 SCA SCA  Layer2 SCA
i Y i ¥ ¥ \ i
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Fig. 8 Arrangement structure of SCA attention mechan-
ism positions and quantities
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Table 2 Impact of different positions on accuracy %

TEE O 232 B 3 5 IR IZ R E UE R, B2
F 8\ WL ORI RRE, A SCA
TR SITHLE AL T R A G A 23 [ 405, 45
O35 W 48 RE S FE T SURRE = & 1Y 38 aih L ik — 204
AR (195 N (T g o O o AN P B
SCA VEE JIHLHUMAEAN B 3 B, BEAE IR T+ 432511
HERA 22, AR A o3 2 I 28 1y PR e it — 2D 4R Tt
3.3 EEANGIXT L 2

N THESE SCA VERE S HLHIXT SCAM-Net 45
O IRBCRIR T B A R, ARSI BRI T 4 AP
[F) 114 3 B T BIL ] 5 A SO R 1Y) SCA T = 1 L
HEATXT Lo DR LT X 4 B A [8] (4 33 2 00 AL 4
4 PR A 7 580 J7 58 1 % 30k [29] $2 R Y
SE( squeeze-and-excitation ) {1 & JJ, FEHF#H T+
LR M4 BRERIBEE ST . 58 2 23R [30]
Y SK (selective kernel attention ) ¥ & /1, & —
Pl A8 B TIPS . J5 % 3 02 STk [22] 484
1Y) CA( channel attention ) Vi & 7, i 38 {3 & J1 ML
ATLARN T 2 R M 48 58k v, 9F BB & SE
T EBZ —, 54 2R 311 m
CBAM  convolutional block attention module ) 7 &
1, & CAFEE I INSERA, @G T CAFEET
F1 SA (spatial attention ) i 1~#5 43

AR TGS 3X 4 i = ML 4 SCAM-
Net M 4% SCA & S ML, B iX 4 Fhd & I
PO INAERT SO # 3 B Hb 7, EAConv & LN FE Y
LBRERSTEH TR, HS R AL, 7
CIFAR-100. CIFAR-10, SVHN ., GTSRB ##li4E I+
HEAT 200 #23EAQ, LI AR NE 3 PR

Fx3 AREENNHMHNIRER

Table3 Experimental results of different attention

fi¥  CIFAR100 CIFARI0 SVHN  GTSRB
(AR 76.23 95.06 97.02 96.90
(AWl 78.86 95.34 96.91 97.04
fr'E3 79.38 96.02 97.15 97.57
fr'E4 77.23 95.44 97.05 96.74
(DATR 77.22 95.20 96.98 97.21
frE6 77.98 95.87 97.10 97.30
7 77.59 94.73 96.89 97.47

mechanisms %
W& CIFAR100 CIFARI0 SVHN  GTSRB
SE 79.14 96.24 97.05 97.19
CA 79.89 95.63 97.15 97.08
CBAM 79.24 95.92 97.15 97.12
SK 79.87 96.16 96.97 97.00
SCA 80.40 96.28 97.25 97.87

INSEIZE R - F, SCA TEE I HLH e &
3 BT o e R B, 7E 4 D EHE 4R T E
KO HIEEEN T 79.38%. 96.02%. 97.15%. 97.57%.
Ui SCA 1 3 J7 ALl 4 16 TR 2 ) 45 vh 8 SR B
AT HTJLJZE W4 R I, RRAE O 4 R 4, AR

S A5 R, 78 CIFAR-100 F1 SVHN %4
£ BN CA 5 SK i & 1 ¥ hg W 2 42 FHEAf 3,
{H 3% PR 55 T SCA. XJEH A CA 5 SK
i . 22 ]R8 s 3 30 () 4 AE AL, 1 AR SCA HIREE
L TR AR 82 . SE 7€ GTSRB £#E 4 I
(A HE AR R AN R T SCA, Hoil ik 3 T8 4 il 3 i A 2
SCRRRIE, ZEALE 3 b )2 0 UE B E e R
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SCA 1 ALl AH A 7 2 3 HLIAH L, 1
4 RS L R T 0.87%.0.29%,
0.17%. 0.77%, Ui WA SCHE I A9 25 8] 2 9 78
REAE 12 JLRNAS [m] 9 5 5 5 i Ak B 4 1) 3-8 v
R, SCA = 1AL RE 8 52 B AR IR 2 I R 2%
S5 A8 TP R 20 A R A S S ) O AR R A BE
J1o JFH, ASCHE B EACony 45 FL AT D)4 U
Y R A RRAE, SCA T & I B AE TR 2 W 4% th
10 A BE % 31 — 20 4 T X 26 40 95 KR AR Y R ik
SCA TH 2 Jy HL 3 o AE s S Ll b AT A, 1
SR TR FRRRAE YOG T, JUH R Y ik S AR AE TR TR 2
UK W 4% T AR A5 R N 4, SCA 1 S HLH g
i 200 b 3 9 O A 3k 26 Jay B AR AL, A5 R 28 TE TR
J2 BEAE T MITORG T b A B A 24k 119 2 ] OC 3R FARRAE 28
., EAConv % FURI SCA 1 7 F1 MLl AH H. W [F] 4
FH, SEBL T “1+1>27 VR T, A ol 2 I 45 X3 2600
FEAR B — B4R T
3.4 HAXLEI

J T ik — 56 0F EAConv % BLUAY A R, ik
AR 1) 4 AR5 AR SCRT 4R 19 EACony 4 FREAT
X H o AR UK 2 G R 3 A BRLAE Ry X L 43 AT AR
e, 3 & B0 il o h SCik [32] 2 1 A9 TR Al )
25 % 1 DSConv ( depthwise separable convolution ),
SCHR [33] 42 i A9 AT 22 4 FX DConv ( deformable
convolution ), 3CHk [34] #& i A9 5145 FX Cond-
Conv(conditional convolutions),

S B BARERE Ry, Al SCA T I HLI7E i
A E 3 A E RS, HE 2 EACony
B ARy iX 3 R AR, ] HA S B — 2L
TE CIFAR-100, CIFAR-10, SVHN, GTSRB ##ii %
PEAT 200 F2IEA0. SEERAR I 4 PR .

x4 FESRIH LN

Table 4 Impact of different convolutions on classifica-

tion %
HHMZE CIFAR100  CIFARI0 SVHN  GTSRB
DSConv 78.46 95.81 97.02 9743
DConv 79.34 95.43 9720  97.34
CondConv 79.28 95.70 97.10  97.07
EAConv 80.40 96.28 9725  97.87

FH S BG4 L 3T il AT, #E CIFAR-100 FI SVHN
g4 % H DConv 1 CondConv 7F 732545 & I
HRAT B KR BE 4R T . DConv 3 3o 7 1% 1 4% 45 11
P RAEAL L, 1 ) 4% 8 08 76 iy A 088 oK ff b
it Bk Sl | S S DA IR EPS K I D SRt R s N €
BN TR T T B ML ) A5 (R PR RE T, A5 R 4%
FIE A% 75 T 52 2% 1 i A E5C80 vh B DO o b 3 31 R 4
B 0 A A RRAE , DA T AE RS B O T T i
CondConv il i I 35 JH 3 & U S5, (1115 N4 fE
ST XA TR i AR GGE A 19 46 B, DA 4t i B
ZHAL B ERAE ; 5 DConv F1 CondConv A [F] 2,
TE CIFAR-100 4l £ 1K) i B2 46 24 DSConv
J& , Pl 28 X6 T R A3 25 BORG BE 48 FHROR A
B, 323 K DSConv il 11 K b v 45: FRLR fi
R RN Z S BRI 2 4, XA
SRYE R T ROR, (BT R Pk — L fF B iy £ ik
8 41, JUHAERRAE 42 BLA 47 1 B B, DSConv AJ B
KIS fE B, B G S22 MR ER
5w, A3 40 RO I A A

5 HAD 3 Fh s FHAH H, EAConv #:FRTE 4 R
P e L AT T 1.70%. 0.63%. 0.14% .
0.59%. iR SCHE 1 1 EACony % FHUE Ry &8 Al
2% AE AT R AE R BOSCR B A, PR B i
HAFZERAE ERRE T, AT B R n i 4
FEOESR AL 25 VB 1AL, H2E o 75 A 25 I £ X 1]
B FNEEA TSP HERT
3.5 HELSCIE

AT HEE—UEBE SCA 1 & 1L A1 EAConv
B FURE 32 W 45 s e P, AR SCBE T T 43 2 I 4%
P Al S5 . K RSB TR T 4 AR R T
2. JT% 1. WideResnet-28-10 FEZ A, 7% 2.
WideResnet-28-10 il EAConv & f1; )7 & 3.
WideResnet-28-10 Fl SCA & S HLH; )7 E 4.
WideResnet-28-10 1 EAConv &1 fll SCA & 1
BLH o T fhSE 56 7E 4 FpOAS [6) 00 00 4 L E AT,
4 FhHE 4 2> ) & CIFAR-100, CIFAR-10,
SVHN. GTSRB., J T & il 28 5, 76 A YR I fill 52 3
oK SCA IR B TRISCHT BN & 3, 5
EAConv Jit & T WideResnet-28-10 W 4% 1 1 )2 45
R &, DA AR o P00 5 s e % . 2800
oAb 3 B B AR F BEHL B & . KOF BFE | ER
PRufEfb A BEAE B 5% . AF 4 B ECEER4E o i
17200 Je kAR, SEER A5 RN ER 5 R

H S B0 45 Rl 15, 5 AR WideResnet-
28-10 A I, 7 CIFAR-100. CIFAR-10, SVHN, GT-
SRB 4 R B 05 5 2 B 2 25 HERR R 40 i $2 TF
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T 0.5%. 0.6%. 0.09%. 0.16%; J7 % 3 )52 W
AT T 1.41%. 0.67%. 0.04%., 0.61%; J7 %
4 WA RUERR R 3 IR T T 2.43%. 0.93%. 0.14%.
0.91%, 5J5 WideResnet-28-10 BRI AH L, 77 %
4 X5y R AER 4 TR K . BT CIFAR-100 j&
AR 2 R B A, AR AT DR IO =5 )
R, BB AV ZE CIFAR-100 | T 3R 75 19 45 7} &%
K. CIFAR-10, SVHN, GTSRB ix S6 % 4f 4 1 73
PR D, HoAr SRS B3 o ey, AR R A K
SCA Vi 25 JI WL FI EAConv 35 FRXT R 44 (14 43 2 o
A P2 T, B RIBS I A SCA ¥ & J1 ML F
EAConv £ B X} W 4% 14 43 2 v R T B Ko
£S5 HMIBHSLERE

Table 5 Classification accuracy in ablation studies %

Ji%  CIFARI00 CIFARI0 SVHN  GTSRB
ES 77.97 95.35 97.11 96.96
VEY) 78.47 95.95 97.20 97.12
ES 79.38 96.02 97.15 97.57
VES 80.40 96.28 97.25 97.87

3.6 IFEEELE

AT B E SCAM-Net A 8501, F A% SC I 4%
55 AR T H UL 1Y 43 25 I 4% 15 A WideResnet-28-10,
ResNet-34, PreActResNet185% | DFR-DenseNet!*®) |
EfficientNets, VGG11BP"| CT-6/3x17* | QKFormer™!,
FAVOR+H*! Couplformer®"!, MDTC" | CN2Conv**,
MHTNA-ResNet*Y . MSMDFormer*!, MPCNet!**),
1E CIFAR-100, CIFAR-10, SVHN, GTSRB % #z %
B i O A 4 5 Nl .0 5 i Y T 9 S S
F A S B0 B SR VR AN T - X T AR $R A R PR AR A 1Y
DR 4%, AL 51 SR FHORT Ll O 48 J7 5% o 18 SC i AL 1 52 256
45 55 XF TR HE I IR ACAS 1Y X 2%, 43S E T 3R 0E
X AT R IS IR AT . 45 I 1Y o R HET
UK 6 i, RAWESFRHMF S — 8

2 6 AL, A SCHE Y A SCAM-Net 9 4%
TES A UER 3 B0 T R A% b 32 2 A9 HA 15 Fl 43
KWL, 724 DAL L 5AE T 80.40%.
96.28% . 97.25% . 97.87%.

TEST S HER 3 L RT3 A0 4% 53
& VGG11B, PreActResNet18 1 QKFoemer.,
VGG11B i i % 5 RZ 5 /N6 TR 1 HE &
1, B2 BRURAZ W, A R0 328 BR 40k B S 3
A I 7E CIFAR-100 452 51l Ak 22 H. 22 55 40 T 0 B a0
£ RIS, REHEE W RE KA I
B, H 7680 A PR S0 3 0 R 2 i g i
Ao B EW, VGG11B BRS BE R TF SR

P AR A, (L7 2 SR A A 45 (1] 5C 2 %) i L A7)
A, BRI T AR 25T RPERE
Fo HMBZMSEEHE

Table 6 Classification accuracy of other networks %

EiE CIFAR100 CIFARI0O SVHN GTSRB
SCHR[21] 77.97 95.35 97.11  96.96
SCHR(1] 69.41 87.89 91.51  95.10
SCHR[35] 79.48 95.81 96.89 9435
SCHR[36] 78.15 94.53 — —
SCHR(3] 75.97 94.00 9532 92.18
SCHR[37] 79.91 94.02 96.93 95.06
SCHR[38] 77.33 95.30 96.80  96.73
SCHR[39] 80.27 96.18 97.13 97.53
SCHR[40] 72.56 91.42 93.21 —
SCHR[41] 73.92 93.54 9426  95.84
3CHR[42] 77.30 95.64 95.89 —
SCHR[43] 75.69 95.02 — —
3CHR[44] 7531 93.65 — —
3CHR[45] 77.46 95.65 96.87 —
3CHR[46] 66.54 90.61 — —

SCAM-Net 80.40 96.28 9725  97.87

PreActResNet18 7E 5k 2= e vh 5| A T4 15 45
F, W A 00 — AL RN BE B T A BUA, ol B AL
&1 1 Ak, I SRR RS E | WCBICE B, A3 5%
G TR 2 I 285 11 A B 1 2 [ AL B8 T 2 A R iE 35
iKfE Sy, N ILAE CIFAR-10 il SVHN EEH B
U [RVESE, FRUBCTE 7E PR ARG A 5 ) [R] s 3 i iz
AL RE Ty, A8 9 4% R w2 > FORRAE o (H i R
55 B A B, PreActResNet18 7 CIFAR-100 %524
IR Z | R A R DR AN o

QKFormer & T2 1] -5 15 & J1 ML, 81 R
FEOCHE X BOT AR TCAR A5 8, 38 1 X ) 00 RRAE
ML AE J1, 76 CIFAR-100 2525 B Ak £ . 2K 0] 22
SEANR B 4 L B AR T 2R R AT e, SR
A, L RE R T 3 B 4 S AR 5 S0 e X e ik
B, AR GR B B 58 B R, (1 H AR T AT
00 B R R . B AR
BE, TR R AR B 3 PR A AT RE T I 50R
Pkl o
3.7 SCAM-Net [ 214 g
3.7.1 it 5% FLOPs #= 544 & Params #8 % 52 I

SR Params J2 58 B P T Al I 2R S8
B KL, 5B FLOPs 248 58 i — WK 1) 4% 4% AIF
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T VR RS R AL . AR L5818 ] SCAM-Net
5 WideResnet-28-10, EfficientNet-B7. VGG11B ¥
L5 T N S B AT X E A BT, R DG R 4% 1
HREREMSHGREINE T PR,

£ 7 AEMEH FLOPs 1 Params 33 Lt
Table 7 Comparison of FLOPs and Params for different

networks
e PRSI0 s BHUE/10°
WideResnet-28-10 5.96 36.5
EfficientNet-B7 37.00 66.0
VGGI11B 15.50 132.9
SCAM-Net 6.02 39.0

16 iR M 4%, EfficientNet-B7 #) it 8 & &%
1, XS T ISR G AR W [ B R T T 4 Y
REE . D50 PR, H1545 T MBConv F1 SE #1
Hl Lk, H 2805 % HAE 66x10°, VGG11B 1)
S RE, TEETH2 GRS G %0
T, RAE TR KT EfficientNet-B7, /51 5
F WideResNet-28-10, WideResNet-28-10 i/ i 14
0 e BE T AR TR BE, 7E S BUBAK T 5A = 1 ] B PR AR
T 36.5x10° S EOMEL, ik 8] TR S5 A0 18
-5 T SCAM-Net 7 WideResnet-28-10 [4 5t
fitlh 380 T S B B AL, AR AR T 2R
KW R T A E R E S, L
T YERE 5 YR I FE 1] A

Bifi 75 B TS Y 3, AR B e TE) A2
FPEAHD HETE . 2% 8 31 T SCAM-Net 55 WideRes-
Net-28-10 7£ CIFAR-100, CIFAR-10, GTSRB &
SVHN 4 /s % F i it s AT k], B A S 56
¥J1E P100 GPU P55 F 58 i .
%k 8 SCAM-Net #1 WideResNet-28-10 iZ 1T &% 1 i ji]

%t bk

Table 8 Comparison of single-epoch running time between
SCAM-Net and WideResNet-28-10

P 2% CIFAR100 CIFAR10 GTSRB SVHN
WideResnet-28-10 2 min 38 s 2 min 38 s 1 min 36 s 3 min 50 s

SCAM-Net 3min5s 3min5s 1 min51s4min36s

SCAM-Net 3£ F WideResNet-28-10, il i1 5] A
HERE IV B i o B RS Ay g m . R4
A5S80I EJ, S B0 Gt [a] A N 3
I, AHHAA R T T RRIE R AR T, AR T
AR 3 2Pk
3.7.2 Recall #= F,-Score & A8 % 5= &

3 151 %8 (Recall ) J& i 5 452 8 06 1E A A YR
FIRE T S %0, FeoR BT A7 B SE 1 AR AR kI ff

TG e 5] o 5 1) Recall i BA AR R 7E 1F 8 FEAC
AR b B BRI B W AE S . Fi-Score 455 T
15 2% ( Precision ) F1 43 1] 24, 38 5 &A1Y 8 A1~
VR PR R AR BRI AL . T RS D, Fo-
Score 5 fri B Wk A 155 AU 7R 1E B TR T A A1 [+
I, WA R R 4R . AR SR AE CIFAR-100,
CIFAR-10, GTSRB 3 %4l £ | % J 2k 52 7Y
WideResnet-28-10 Fil SCAM-Net [ Recall Fl F,-
Score FEATAAT AT LG, SEEREE SR AN 9 FIEE 10 Fiw .

& 9 SCAM-Net #1 WideResnet-28-10 7£ 3 #1845 £
Recall 3ttt
Table 9 Comparison of Recall between SCAM-Net and
WideResNet-28-10 on three datasets

g 2% CIFAR100  CIFAR10  GTSRB
SCAM-Net 0.8033 0.9622 0.9784
WideResnet-28-10 0.7707 0.9459 0.9608

SCAM-Net #l WideResnet-28-10 7£ 3 M4 #E % E
#J F,-Score 3 Lt
Table 10 Comparison of F;-Score between SCAM-Net and
WideResNet-28-10 on three datasets

x 10

g 2% CIFAR100  CIFAR1I0O  GTSRB
SCAM-Net 0.8038 0.962 0.9781
WideResnet-28-10 0.7748 0.9457 0.9578

135 9 FIER 10 AT, 7E 3 M4 4 | SCAM-
Net ) Recall #1 F,-Score ¥ & T WideResnet-28-
10, 3X & B SCAM-Net 1£ 50 AT 55 H i 38 R L B
. F WideResNet-28-10, AEWE 7E AR 558 5 4 0] &
FA [R] IS, DR 152 40 28 SRR, Ul Wi AU X T B
s 28 S5 D A ) TR oA

PR ( Precision-Recall ) {1 & & F T PEAS 4 2545
RUPERE ) 28, T 38 oK 1 2R (Precision) A1 4 [H]
K (Recall) [ R, H W HY J& 7= A5 R AE N [R] 3 {6
THIAIERE Ty o MZTT TR K, R AL
I3 ERE IR . AR S 43 B FE CIFAR-100, CI-
FAR-10 1 GTSRB 3 M4 4 b XS B A Y Wide-
ResNet-28-10 £ SCAM-Net [ PR fi & 47 1] #i 4k
AT, SIS A R ANE 9 s .

FEZ: i PR 2 I 2R £5 T B A5 B e 1Y DX
HEAT A MY, 12347 GTSRB S04 4 1y S B ikl 1
i S 45 R 5 T3 M, 78 ECE WAk BB Bom A
A TR RS o R 9 AL, 7E CIFAR-100, CI-
FAR-10 #l GTSRB 3 445 4E - SCAM-Net i il
28T W TR BB K, #2 BAYE Precision 5 Recall 50
febn BB BRI T, 2P0k T BT 4y KA
B HERE L F
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Fig. 9 Comparison of PR curves between WideResNet-28-10 and SCAM-Net on two datasets
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Fig. 10 ACC curves of SCAM-Net and WideResNet-28-10 under four datasets
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Fig. 11 Comparison of edge feature visualization

11 AT, 3 33 BN i SR i A $R Bk
RN EAConv 5 RN i1 SRR AF 1 S BURIUR . 31X
2 R A 38 3 x 345 B FE 90 Uhs B Bt A2 R BIL I, 7
B3 i U G A RE 2 2] Blih SRR E, HLA 5 52 AR
T4, 125 A Sobel i1 ZFFAE | J5y FRFFAF AN IR B
JRy AR A EAConvy £ BRI L I 35 44 58 455 700 X 5]
A0 () B RN X 53 BE T, (045 78 10 S e AiF 14 42
B4R AR
3.8.2 P LAFAE T AL 52 56

T E— UL SCAM-Net XFHERAE 45 B 3%

-

R, 5 ResNet-34, WideResnet-28-10 #E47 %}
It, 75 CIFAR-10 $di 46 h BEALIE#E 5 5K K A, 4%
A AW 28 1 d5 Je — A B FRE #5147 Grad-CAM
(gradient-weighted class activation mapping) 5 1iF 7]
AL, N 12 Js o AN EE 1Y) DX B AR 3 o 28 of
AN [R) D3l G 7 BE AN [m), 21 €8 DX 38 6 7 ) 48 X6 3
5115 P ) || S T R il e B N A DO B e

A3 DX DG T AR . 1A 12 PR Ak AR 2R KR

KV TJ5 1 B AR R AL, B bR IR R I 7 1]

MR RO E, BRALEIHIR R (pixel),

(a) IR EIR

y/pixel
yipixel

0 10 20 30 0
x/pixel

10 20 30
x/pixel

0
10
20
30

10 20 30
x/pixel

ylpixel
ylpixel

0

10 20 30 0
x/pixel

10 20 30
x/pixel

(b) ResNet-34

0 0

o] 10 < 10 < 10 h
= a a
= 20 = 20 = 20
L

e 30 30

0 10 20 30 0 10 20 30 10 20 30 0 10 20 30 0 10 20 30
x/pixel x/pixel x/pixel x/pixel x/pixel

(c) WideResnet-28-10



. 1458 + BOfiE R & ¥ i 5520 &
0
2 2 310 2 2
& = a & k=
= B =20 = =
30
0 10 20 30 0 10 20 30 0 10 20 30 0 10 20 30 0 10 20 30
x/pixel x/pixel x/pixel x/pixel x/pixel
(d) SCAM-Net
12 7R[E ) 4% B9 45 4 AT AL 4L X9 Eb
Fig. 12 Comparison of feature visualizations across different networks
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