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MAFDNet: A New Method of Image Adaptive Classification in Complex Environment

YE Jihua', LI Xin', CHEN Jin', JIANG Aiwen', HUA Zhizhang', WAN Wentao”

(1.College of Computer Information Engineering, Jiangxi Normal University, Nanchang 330022, China; 2. College of Education,
Jiangxi Normal University, Nanchang 330022, China)

Abstract: In complex environments, difficult samples and simple ones often coexist. The existing
classification methods are mainly designed for difficult samples, and the constructed network causes a
waste of computing resources when it is used to classify simple ones. However, network pruning and weight
quantization couldn’ t take into account both accuracy and storage cost. To promote the efficiency of
computing resources with better accuracy, focusing on the spatial redundancy of input samples, this paper
proposes an adaptive image classification network MAFDNet in complex environment, introduces the
confidence as the classification accuracy of judgment, and puts forward the adaptive loss function composed
of the content loss, fusion loss and classification loss at the same time. MAFDNet consists of three subnets.
The input images are first sent to the low-resolution subnet, which effectively extracts low-resolution
features. Samples with high confidence are first identified and removed from the network in advance, while
samples with low confidence need to enter the subnet with higher resolution in turn. The high resolution

subnet in the network has the ability to identify difficult samples. MAFDNet combines resolution adaptive
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and depth adaptive. Through experiments, the top-1 accuracy of MAFDNet is improved in CIFAR-10,
CIFAR-100 and ImageNet data sets under the same computing resource conditions.

Key words: MAFDNet; complex environment; adaptive classification; adaptive loss; confidence
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TR, RS % k6] B9 & bR T MSDNet, i BT JLAN 8R4 (8555 4 Baseline, £
#% ResNet fil DenseNet,
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DenseNet, ResNet Al MSDNet A9 7 8 3 43 5 5 5% (9% ~10% ) 3.6 %9 ~6% (10%~21% ) f1 1% (2%~
5%) 74« 5 MSDNet Al tt , MAFDNet P42 2> B3T3 58 U (0.2 X 10°FLOPs 22 47 ) SE 8L T 0 8 1 43 2%
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Table 1 Top-1 accuracy for classification of different models at anytime on each dataset %
SIS BT/ 10° DenseNet ResNet MSDNet MAFDNet
0.2~0.4 84.5 85.3 89.5~91.2 91.5~92.2
0.4~0.6 84.5 85.3 91.2~92.8 92.2~93.1
CIFAR-10 0.6~0.8 87.8 89.7 92.8~93.3 93.1~93.3
0.8~1.0 87.8 90.1 93.3~93.5 93.3~93.4
1.0~1.2 89.9 91.2 93.5~93.8 93.4~93.7
1.2~1.4 91.2 91.8
0.2~04 57.2 45.0~47.8 61.4~67.8 66.4~68.7
0.4~0.6 57.2 47.8~61.4 67.8~69.7 68.7~72.0
CIFAR-100 0.6~0.8 57.2~61.4 61.4~63.7 69.7~72.0 72.0~72.2
0.8~1.0 61.4 63.7 72~73.8 72.2~73.8
1.0~1.2 61.4~67.2 63.7~67 73.8~74.0
1.2~1.4 67.2~70.1 67.0~69.8
0~10 54.0 54.0 54~62.6 54.0~67.4
10~20 54.0~62.1 54.0~62.8 62.6~70.0 67.4~71.2
ImageNet 20~30 62.1~66.5 62.8~69.7 70.0~74.3 71.2~75.1
30~40 66.5 69.7 74.3~74.8
40~50 66.5~71.4

Al AL B AR B D BT LSRN, MAFDNet i85 3] T H MSDNet . ResNet #ll DenseNet 8 4§ i) 52 46
RO o B PR A R TR 1 T M B S B AR — R R R 0 I 4% e n] DAAR g b R AU I 4 0 T AR Y
VR o 7 TG B 55 L, MAFDNet 43 8 M BE 4R 208 T ResNet, X A5 5 F W 1% 1] ok 531 7 S AE AR 1) 3]
o T 1B AR HER A RRAE 8] L AT A R T X o BER AR AE AT B L A A 2k
8T ARG 2w i BRI 1 B9/ MAFDNet & 1140 Ak 55 98 U8 10 4% 4 9B R, T LA
MAFDNet 1 B (1 73 870 70 AT 55 b o 1 HAR . 5 5 & 7 H A U2 UORIE 8 19 MSDNet A
] , MAFDNet #4221 52 f5t 9% X 45 1 R AT B Rl 6 30 R 20 0o 2% v, BT 78 43 AR O BT IR AIE . 28 21
TR GRS, 3 AL A R 4R & T o S A TR R
2.2 mEH %

FE A R  E W M AR R IE BB T REREE SR - ARED, =
(o, oo, xy } BURAHE A 20T BE S A6 20 /0 F B/M W50 05 0 T 1 S RE A 59 28, IR, 46 9% K F B/M
T 5 8 U T ROMEREAS 2325, B UL, XS4 2 A DIURE 1], 058 BRI ol 2 — AN R B AR SOR B
ANF R BEFE R E T — R 50 BE X T 45 05 A BRI B R U GE 2 45 i B4 90 2K 8% L R 4 2
i A A R I ) A BV IR P AR S R A3 2 I i LR R i R I B 2 A R

1E CIFAR F1 ImageNet 085 4 I, Baseline % i ResNet fll DenseNet, 3 2 W25 T A4 R . A
Sk B A IR AR B A TEE A 28 L E R R O L FE A CIFAR U4 55 LAY Se g g S =,
MAFDNet 72 It A 1131 5 %8 I T 47 28 F DenseNet ,ResNet fl MSDNet, — B8 T , LA £ R E %
B I 45 45 1 1 ) 4 E R TR 3T 58 B R R OF R L A R B A v A R T o xF T A R R R (0.2X
10°FLOPs) , 7E CIFAR-100 I, A= SCASE B AL A ] 58 %6 72 A7 B 158 9 5 B AT 34 51 MSDNet 78 I 3153 96 R
TR MER R, 75 CIFAR-10 A1 CIFAR-100 £ 4 % [, #1 Fb F DenseNet il ResNet, £ 51l J& 76 11 5 %
TR AL/ B AR SCRE R 43 2 o S5 38 1 400 . M3 H S E TR 0.1 10° & 0.3 X 10° FLOPs B, f JR A SCAR
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Table 2 Top-1 accuracy of budget batch classification for different models on each dataset %
LGRS TR /10° DenseNet ResNet MSDNet MAFDNet
0.1~0.3 91.0 91.0 91.0~93.5 91.0~93.8
CIFAR10 0.3~0.5 91.0~91.7 91.0~92.1 93.5~93.7 93.8~94.2
0.5~0.7 91.7~92.8 92.1~92.8 93.7~93.8 94.2~94.5
0.7~0.9 92.8~93.3 92.8~93.3 93.8 94.5
0~0.2 60.0~61.7 63.8~68.9 65.8~71.4
0.2~0.4 61.7~67.8 66.0~67.2 68.9~73.2 71.4~74.6
CIFAR-100 0.4~0.6 67.8~70.5 67.2~68.8 73.2~74.6 74.6~76.0
0.6~0.8 70.5~72.2 68.8~72.2 74.6~74.9 76.0
0.8~1.0 72.2~73.2 72.2~73.1 74.9
5~10 68.0~71.1 68.0~72.5
10~15 68.0~69.0 71.1~73.2 72.5~74.8
15~20 69.0~71.8 68.0~69.8 73.2~74.1 74.8~75.6
20~25 71.8~73.1 69.8~70.7 74.1 75.6
magenet 25~30 73.1~74.6 70.7~72.0
30~35 72.0~72.9
35~40 72.9~74.7
40~45 74.7~75.0

AIFI MSDNet 78 CIFAR-10 | 3k 81 (19 £ 6B AH I , {H 2 78 CIFAR-100 54 4 I o e 1 55 ¢ 8 IXC ) (G ot
0.2X10° FLOPs) i , MAFDNet (% 43 2% i 5 % 47 28 5 F MSDNet 1.5% 247 . MiFE % & T 0.5X
10° FLOPs B A SCASE Y () ol 1 25 T 3K 94.5 %0, i T Al 3 A58 700 (1 o 1 o

£ ImageNet I, LI 45 R 576 CIFAR B2 AT LAULER 3] MAFDNet [ 58 50 %408 — B AL T MSD-
Net, H top-1 M R AE T R IR N 1X10° 1.5 107, 2 X 10° FLOPs I 43 5 &5 1.4% . 1.6% fM 1.5% .
LG A R B T IR A3 N, MAFDNet tt MSDNet B 4F . 78 [FAE (9 T30 6 IR R, A SO
T Y 33 S Y% R i 20 0 24 ) 43 SR R SR R v o R RDRR (9 40 2R MER R, ResNet il DenseNet A Fb , A SCA5E
TR T4 A8 A A B U A3 0 R T B R A 56 %0 R 44 %0 A o FITAT A Ik S 2 R 3 WY AR SRR R 4 filg
AR A
2.3 HmXIW

AN [R) ASE 70 A 25 B0 HE A 1 AT R T 43 28 R T B At 43 25 top-1 HE B 3R 43 I A 3R 3 AR 4 s, Mo
MAFDNet-BF 2y MAFDNet 25 i A [a] RUEE 2Z 8] 1 fil &, MAFDNet-NF 25 MAFDNet % B Af [f] RUEE 2
ARG . MR 3.4 R AT B B ] 43 2 R0 FU 554tk 4 2 R B0 T, MAFDNet-BF 78 1153 9% i 42 /0
(CIFAR-10,CIFAR-100 Al ImageNet 735 A 5 F 0.4 10°,0.4 X 10° F1 1 X 10" FLOPs) By i i , 432 e
5 MAFDNetAH T o R K25 5 o 332 R A 8/ g TR0 5 B0 AT B 43 288 1) — Ry TR7 BRLRE AR LA
)2 0K I 465 4 L2 4 2 A R 38 LU AR, T 26— )23 I 486 O 10 Al 38 H A )23 A R AIE L BT L MAF DNet-BF 7
TR GEIR I 5 MAFDNet PGB AR T ; 7E1H 3 I 4L £ (CIFAR-10 .CIF AR-100 I ImageNet 43 & T
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Table 3 Top-1 accuracy of classification for different models at anytime on CIFAR-10, CIFAR-100, and

ImageNet datasets %
GRS TR /10° MAFDNet-BF MAFDNet-NF MAFDNet
0.2~0.4 91.5~92.2 91.2~92.0 91.5~92.2
0.4~0.6 92.2~93.1 92.0~92.7 92.2~93.1
CIFAR-10 0.6~0.8 93.1~93.2 92.7~93.0 93.1~93.3
0.8~1.0 93.0~93.3 93.3~93.4
1.0~1.2 93.4~93.7
0.2~0.4 66.4~68.7 66.1~68.5 66.4~68.7
CIEFARO0 0.4~0.6 68.7~71.4 68.5~71.5 68.7~72.0
0.6~0.8 71.4~71.8 71.5~71.9 72.0~72.2
0.8~1.0 71.8~72.8 71.9~73.4 72.2~73.8
0~10 54.0~67.1 53.6~67.1 54.0~67.4
TmageNet 10~20 67.1~70.1 67.1~70.8 67.4~71.2
20~30 70.1~73.2 70.8~74.8 71.2~75.1

4 A EHERAE CIFAR-10.CIFAR-100.ImageNet #{3E & F B #f 5 2580 top-1 HERHE
Table 4 Top-1 accuracy of budget batch classification for different models on CIFAR-10, CIFAR-100, and

ImageNet datasets %
SRS PR/ 10° MAFDNet-BF MAFDNet-NF MAFDNet
0.1~0.3 91.0~93.8 91.0~93.6 91.0~93.8
0.3~0.5 93.8~94.1 93.6~94 93.8~94.2
CIFAR-10
0.5~0.7 94~94.2 94.2~94.5
0.7~0.9 94.2 94.5
0~0.2 65.8~71.4 65.6~71.2 65.8~71.4
0.2~0.4 71.4~74.0 71.2~74.3 71.4~74.6
CIFAR-100
0.4~0.6 74.0~75.2 74.3~75.6 74.6~76
0.6~0.8 76.0
5~10 68.0~72.2 67.6~72.2 68.0~72.5
10~15 72.2~73.9 72.2~74.6 72.5~74.8
ImageNet
15~20 73.9~74.5 74.6~75.2 74.8~75.6
20~25 75.6

T B LR R ) 5 % U8 45 T L MAFDNet-BF 31 I % 23k T MAFDNet.,

% T MAFDNet-BF , MAFDNet-NF 7 3 /> 8045 4 1 25 A~ 71 55 9% 05 DX 1] 49 43 28 Ui iff R 2R T
MAFDNet, X &K J MAFDNet 78 & — A7 N iR i T %% 48 Bk 8K % 42, B0 35— %% 4 B 0 i 1 DA 2
B AR B B AR 2 S A AR H . i T MAFDNet H 45— > R 78 7T 6] 14 4% 4 5 7 vp 40
SIHEAT R ORAE , HH G U AR A B RRAE 2, TR E S T AR AR e 9 43 JEE R R I 8 A B 22 [
P14 K R 32 2 DUDHE 4 7 X A — A S AR B SRR B 5 S R AT R P O T R R SR R A R P A A
fiE R W IR . i A, 9 A e 22 I ) K BR324 T A ) R AE 4 e B A oF SRR BB A 4> B AR
PR R AT , RSN T — 8 KN 1XT A 3B B2 SR/ N AE B0k, DRI  #E -
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Fig.4 Visualization of ImageNet samples
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