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Adaptive Attention Network for Image Super-resolution

CHEN Yi-Ming' ZHOU Deng-Wen'

Abstract Deep convolutional neural networks have significantly improved the performance of single image super-
resolution. Generally, the deeper the network, the better the performance. However, deepening network often in-
creases the number of parameters and computational cost, which limits its application on resource constrained mo-
bile devices. In this paper, we propose a single image super-resolution method based on a lightweight adaptive cas-
cading attention network. In particular, we propose a local pixel-wise attention block, which assigns different
weights to pixels on each channel, so as to select high-frequency information for reconstructing high quality image
more accurately. In addition, we design an adaptive cascading residual connection, which can adaptively combine
hierarchical features and is propitious to reuse feature. Finally, in order to make full use of all hierarchical features,
we propose a multi-scale global adaptive reconstruction block. Multi-scale global adaptive reconstruction block uses
convolution kernels of different sizes to process different hierarchical features, hence can reconstruct high-resolution
image more effectively. Compared with other state-of-the-art methods, our method has fewer parameters and
achieves superior performance.
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Table 1  Effect of convolution kernels with different Table 7 Impact of using three different connection
order on reconstruction performance methods on NLMB on reconstruction performance
BT HEB I 9753 3579 3333 9999 A FH AR BR i PSNR. (dB)
PSNR (dB) 35.569 35.514 35.530 35.523 R EER 35.542
JpE R 35.502
R 2 AFRAS A EERCR IR [ 3 T B 5 2 35.569

Table 2  Impact of different hierarchical features on

reconstruction performance

40 RS i AN 3 5 7 9
PSNR (dB) 35.496 35.517 35.541 35.556

# 3 J5#A DBPN (O-DBPN) Fl{fi ff MGAR ##He 1)
DBPN (M-DBPN) 1% W &R L
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Table 5 Effect of different residual connection methods
on reconstruction performance
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Table 6 Comparison of objective effects of ACAN with
and without LPA module
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Fig.8 Performance comparison of ACAN on Set5 test-
ing set with different number of HFEB
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Table 8 Impact of different network depths on recon-

struction performance

T 6 7 8 9

PSNR (dB) 35.530 35.538 35.569 35.551

ution, HR)« W = {X#H{E (Bicubic interpolation,
Bicubic). SRCNN, LapSRN. SRFBN-S. CARN.,
FSRCNN. VDSR 1 SRMDNF 9 AN J5 ik 17 £

R L.

1) BUERLSGER. AL ACAN L5 SR-
CNNW, PRI 7 R B 2 N 2% (Fast super-
resolution convolutional neural networks, FSR-
CNN)M| HIRGIAHZE M4 (Very deep convolu-
tional networks, VDSR)!", DRCN\ &7 H7 4=
FEH PR M4 (Laplacian pyramid super-res-
olution network, LapSRN), DRRN, MemNet,
F T % B o M 2 IR 1)k 7 #3245 (Super-resolu-

#£9 ZFhSISR HiEM T PSNR {H 5 SSIM 14

Average PSNR/SSIM of various SISR methods

Set14
PSNR / SSIM

B100
PSNR / SSIM

Urban100
PSNR / SSIM

Mangal09
PSNR / SSIM

32.42 / 0.9063
32.63 / 0.9088
33.03 / 0.9124
33.04 / 0.9118
33.08 / 0.9130
33.23 / 0.9136
33.28 / 0.9142
33.32 / 0.9150
33.52 / 0.9166
33.35 / 0.9156
33.60 / 0.9177

31.36 / 0.8879
31.53 / 0.8920
31.90 / 0.8960
31.85 / 0.8942
31.80 / 0.8950
32.05 / 0.8973
32.08 / 0.8978
32.05 / 0.8980
32.09 / 0.8978
32.00 / 0.8970
32.21 / 0.9001

29.50 / 0.8946
29.88 / 0.9020
30.76 / 0.9140
30.75 / 0.9133
30.41 / 0.9100
31.23 / 0.9188
31.31 / 0.9195
31.33 / 0.9200
31.92 / 0.9256
31.41 / 0.9207
32.20 / 0.9297

35.74 / 0.9661
36.67 / 0.9694
37.22 / 0.9729
37.63 / 0.9723
37.27 / 0.9740
37.92 / 0.9760
37.72 / 0.9740
38.07 / 0.9761
38.36 / 0.9765
38.06 / 0.9757
38.81 / 0.9773

33.69 / 0.9182

32.26 / 0.9006

32.47 / 0.9315

39.02 / 0.9778

29.28 / 0.8209
29.43 / 0.8242
29.77 / 0.8314
29.76 / 0.8311
29.96 / 0.8349
30.00 / 0.8350
30.04 / 0.8370
30.29 / 0.8407
30.10 / 0.8372
30.39 / 0.8435

28.41 / 0.7863
28.53 / 0.7910
28.82 / 0.7976
28.80 / 0.7963
28.95 / 0.8004
28.96 / 0.8001
28.97 / 0.8030
29.06 / 0.8034
28.96 / 0.8010
29.11 / 0.8055

26.24 / 0.7989
26.43 / 0.8080
27.14 / 0.8279
27.15 / 0.8276
27.53 / 0.8378
27.56 / 0.8376
27.57 / 0.8400
27.38 / 0.8404
27.66 / 0.8415
28.28 / 0.8550

30.59 / 0.9107
30.98 / 0.9212
32.01 / 0.9310
32.31 / 0.9328
32.74 / 0.9390
32.51 / 0.9369
33.00 / 0.9403
33.50 / 0.9440
33.02 / 0.9404
33.61 / 0.9447

30.46 / 0.8444

29.16 / 0.8065

28.45 / 0.8577

33.91 / 0.9464

27.49 / 0.7503
27.59 / 0.7535
28.01 / 0.7674
28.02 / 0.7670
28.19 / 0.7720
28.21 / 0.7720
28.26 / 0.7723
28.35 / 0.7770
28.60 / 0.7806
28.45 / 0.7779
28.62 / 0.7824

26.90 / 0.7101
26.98 / 0.7150
27.29 / 0.7251
27.23 / 0.7233
27.32 / 0.7280
27.38 / 0.7284
27.40 / 0.7281
27.49 / 0.7340
27.58 / 0.7349
27.44 / 0.7313
27.59 / 0.7366

24.52 / 0.7221
24.62 / 0.7280
25.18 / 0.7524
25.14 / 0.7510
25.21 / 0.7560
25.44 / 0.7638
25.50 / 0.7630
25.68 / 0.7730
26.07 / 0.7837
25.71 / 0.7719
26.17 / 0.7891

27.66 / 0.8505
27.90 / 0.8517
28.83 / 0.8809
28.98 / 0.8816
29.09 / 0.8845
29.46 / 0.8960
29.42 / 0.8942
30.09 / 0.9024
30.47 / 0.9084
29.91 / 0.9008
30.53 / 0.9086

Table 9
MO s B e
SRCNN 57 K 36.66 / 0.9524
FSRCNN 12 K 37.00 / 0.9558
VDSR 665 K 37.53 / 0.9587
DRCN 1774 K 37.63 / 0.9588
LapSRN 813 K 37.52 / 0.9590
DRRN 297 K 37.74 / 0.9591
x2 MemNet 677 K 37.78 / 0.9597
SRMDNF 1513 K 37.79 / 0.9600
CARN 1592 K 37.76 / 0.9590
SRFBN-S 282K 37.78 / 0.9597
AL ACAN 800 K 38.10 / 0.9608
A3 ACAN+ 800 K 38.17 / 0.9611
SRCNN 57 K 32.75 / 0.9090
FSRCNN 12 K 33.16 / 0.9140
VDSR 665 K 33.66 / 0.9213
DRCN 1774 K 33.82 / 0.9226
DRRN 297 K 34.03 / 0.9244
x 3 MemNet 677 K 34.09 / 0.9248
SRMDNF 1530 K 34.12 / 0.9250
CARN 1592 K 34.29 / 0.9255
SRFBN-S 376 K 34.20 / 0.9255
ALACAN 1115 K 34.46 / 0.9277
A3 ACAN+ 1115 K 34.55 / 0.9283
SRCNN 57 K 30.48,/0.8628
FSRCNN 12K 30.71 / 0.8657
VDSR 665 K 31.35 / 0.8838
DRCN 1774 K 31.53 / 0.8854
LapSRN 813 K 31.54 / 0.8850
. DRRN 297 K 31.68 / 0.8888
MemNet 677 K 31.74 / 0.8893
SRMDNF 1555 K 31.96 / 0.8930
CARN 1592 K 32.13 / 0.8937
SRFBN-S 483 K 31.98 / 0.8923
AILACAN 1556 K 32.24 / 0.8955
A3 ACAN+ 1556 K 32.35 / 0.8969

28.68 / 0.7838

27.65 / 0.7379

26.31 / 0.7922

30.82 / 0.9117
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