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Inverse Target Interference for Image Data Augmentation
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'(Software College, Liaoning Technical University, Huludao 125105, China)
*(Science and Technology on Electro-optical Information Security Control Laboratory, Tianjin 300308, China)

Abstract: Mixed sample data enhancement methods focus only on the model’s forward representation of the category to
which the image belongs while ignoring the reverse determination of whether the image belongs to ajspecific category. To
address the problem of uniquely describing image categories and affecting model performance, this study proposes a
method of image data augmentation with inverse target interference. To prevent overfitting of the network model, the
method first modifies the original image to increase the diversity of background and target images. Secondly, the idea of
reverse learning is adopted to enable the network model to correctl_y\identify the category that the original image belongs
to while fully learning the attributes of the populated image that do not belong to that category to increase the confidence
of the network model in identifying the category.that the original image belongs to. In conclusion, to verify the method’s
effectiveness, the study utilizes different network models to perform many experiments on five datasets including CIFAR-10
and CIFAR-100. Experimehtai results show that compared to other state-of-the-art data augmentation methods, the
proposed method can signiﬁcantly enhance the model’s learning effect and generalization ability in complex settings.
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% 5 Imagenette ZAREEN Top-5 £ iR FX L (%)

T ResNet-18 ResNet-34
Baseline 7.15 6.96
Mosaic 6.48 6.28
Mixup 6.33 6.40
CutMix 6.21 5.92
SaliencyMix 6.31 5.71
Ours 5.98 5.41

NS B A STV A 2, {8 ResNet-50
W25 AR FE CIFAR-10 35 5 FadkAT S8, IF AR Rl g 28
TRIEFEREE, W 5 iR, B R R S SRR I T IE
RN PO B 15 A LB & b R I A R e 2. R
AT Top-1 #ERG 2 5 HA 7 VA LS THIR BE
PR, {H /2 A S5V 7E CIFAR-10 B3R 4E | Ae g IE#4» %

HIREAE RN B 2 T HAb U ik, JCHGE Mixup 5 CutMixe |

J7i%. Mixup J7 3% I U IRE IR £ S BUEHRLRA, M
SO T IE R 2 2R FEAS OB, CutMiix J7 VAR AE BB FE
A:R@a—ma@a@cﬁwmiﬁ, B T RS 2 ST g g,
MTGEZ R 7 T RE AR (E g f 3. A7 1245 Saliency-
Mix J5 i HEAT 06 L, T A T A A K i 00 7 A ) HL
BRI IR R 85/, {H. SaliencyMix J7 v 75 44N )
TR, 28 5, A SCr il B 4 08 B, 16
P 0 IR T 22 BOARAE (S 2, I BRI 2 ST L
FHEAT 2 20, 18 R0 28 A5 TR R A 20 b [X 43 BRAG 2K ) 1)
7 ER 38 e 1 5% — 288 ) ) 4 i
4.4 HRhSCIE

Mixup. CutMix 7732 H W iR BE 247 Rl &,
Mosaic /715 5 A7 2 4 W EUG AT e 10 B die 1
SETIE. NIRRT A RO, MR ROV E I X
5, 45 F ResNet-34 X 2545 B3 47 1 b s 06, SE R4S
W 6. | N
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5 Mixup 77 V55 £ M T 5 CutMix J77555 443 i
200 5 R [ 3.4% 1 5.3%. BT Mixup J7 33855
RS P15 i B — s LU A3 AT R A5 ok 7 A TR A, 3
TEGAE B MR E R R, IR T W48 B8 6] EHZ 5
BEATIX A0 I AE R, AT 5 8055 Mixup J7iE A 454 J5 1)
I3 UERIZ T B4, T Mosaic J71%5 Mixup J7 k45 &4
AER 2R 08 B 5 K. Mosaic 779250 G #E4T BEAL
oy JE Bt e, 25 0% D UG Hh (1 G BEARR AR [X 3, X 28 455
RV 7045 2 2D B EUR I FRAEAS 2., 128 5 iR 5 I 4%
RERLT B 12 2.
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i H AR SN A

B b it 200 Ok AGE FEML SR HERR 2 ACC 1 b7t
T, AR ST T 200 Ay 5 o 5040 18 5 5 VR AR T X
L, DL 6(a). [R] B 34 A SC 7 2 AR Ath 75 o 5 v A
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e 2 IR TR, A5 307 47 e o £ T
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[F) A B 4 12 7 9 A8 Do) 288 A5 2R 0 ) 2 800 A 0 )
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RE M5 5 4 3t X 70 A [F) 00 2 8] (R R AR 22 5. (RN, 3]
AR /N S 22 T8 (R AR DR P, PR ARASE B0 TR sE FE AR 1)
LALLM AR I B e AR AT BRI DL T, A
Ty fig o RO T i PR AR AL, TE9 78 73 M T 3
filt R B A5 B X U L B AL L 4 i R et
AT DR AT DL 25 AR A (0 2 R, B R e S 2 3
B 2 IOHRFEAE 2, TSR THEAL I PR RE. TR, AR SC
JiERE— M R D7 1%, AT LR E R TR R 5 2] 2
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CutMix
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(a) CutMix

—— Ours
SaliencyMix

Loss

0.8
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(b) SaliencyMix *
81 7 e vt
77 ResNet-18 W25 R BEHL EHZ I 525 (%)

% CIFAR-100 Fashion-MNIST Imagenette
Catl 77.5 95.4 86.6
Cat2 77.8 95.5 90.9
Cat3 78.2 95.5 91.6
Cat4 78.6 95.8 92.3

* 8 WideResNet16-8 [ 25 A% 7 B AL EZ [ SE L6 (%)
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Cat3 78.8 88.2
Cat4 79.3 89.7
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