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Abstract: Aiming at the problem that existing super-resolution reconstruction algorithms were difficult to
fully utilize multi-scale information and deep features of images, an image super-resolution reconstruction
method based on multi-scale deep feature distillation (MSDFDN) was proposed. First, ConvNeXt convo-

lution was used to replace traditional convolution layers, increasing network depth with lower computation-
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al cost to improve performance. Second, a multi-scale deep feature distillation module was designed. By
constructing ConvNeXt convolution layers of different scales and combining them with a residual feature
distillation mechanism, multi-scale deep features in residual blocks were extracted while bypassing rich
low-frequency information. Finally, an attention mechanism was introduced at the end of the module to
adaptively weight extracted features, enabling the network to focus more on high-frequency information.
Compared with other advanced lightweight super-resolution reconstruction algorithms on benchmark datas-
ets and the self-built PDC bit composite dataset, the peak signal-to-noise ratio and structural similarity
quantitative metrics of images obtained by this method showed improvement. Especially on the Urban100
dataset with more detailed information, the peak signal-to-noise ratio of the four-fold reconstructed image
reaches 26.49 dB, and the structural similarity reaches 0. 797 6. Experimental results show that the pro-
posed method has better objective and subjective measurement results.

Key words: image super-resolution; convolutional neural network; lightweight; multi-scale feature distil-

lation; attention mechanism
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Fig.1 Multi-scale deep feature distillation network structure
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Tab.1 Performance of different algorithms on five benchmark datasets at > 2 magnification
PSNR/SSIM
Method Scale
Setb Setl4 BSD100 Urban100 MangalO9

Bicubic X2 33.69/0.9284 30.34/0.867 5 29.57/0.843 8 26.88/0.843 8 30.80/0.9339
VDSR"Y X2 37.53/0.9587  33.03/0.9124  31.90/0.896 0  30.76/0.9140  37.22/0.9729
DRCN™ X2 37.63/0.9588  33.04/0.9118  31.85/0.8942  30.75/0.9133  37.63/0.9723
IDN™ X2 37.83/0.9600  33.30/0.9148  32.08/0.8985  31.27/0.9196  38.01/0.9749

CARN™ X2 37.76/0.9590  33.52/0.916 6  32.09/0.8978  31.92/0.9256 —/—=
IMDN" X2 38.00/0.960 5 33.63/0.917 7 32.19/0.899 6 32.17/0.928 3 38.88/0.977 4
RFDN" X2 38.05/0.960 6  33.68/0.9184  32.16/0.8994  32.12/0.9278  38.88/0.977 3
SMSR™ X2 38.00/0.9601  33.64/0.9179  32.17/0.8990  32.19/0.9284  38.76/0.9771
ShuffleMixer'™” X2 38.01/0.9606  33.63/0.9180  32.17/0.8995  31.89/0.9257  38.83/0.977 4
VLESR™ X2 38.01/0.9605  33.58/0.9177  32.16/0.8993  32.14/0.9280  38.75/0.9770
SAFMN™ X2 38.00/0.9605  33.54/0.9177  32.16/0.8995  31.84/0.9256  38.71/0.9771
LBRN"™ X2 38.08/0.9608  33.57/0.9173  32.23/0.9005  32.35/0.9303  38.93/0.9777
MSDFDN X2 38.13/0.9609  33.68/0.9185  32.26/0.9008  32.44/0.9309  38.94/0.9777
MSDFDN-+ X2 38.17/0.9611  33.82/0.9202  32.28/0.9010  32.58/0.9323  39.09/0.977 8

R2 FARAEERESNEEBEELIFER SR
Tab.2 Performance of different algorithms on five benchmark datasets at X 3 magnification
PSNR/SSIM
Method Scale
Setd Setld BSD100 Urban100 MangalO9

Bicubic X3 30.39/0.8682  27.55/0.7742  27.21/0.7385  24.46/0.7349  26.95/0.8556
VDSR™Y X3 33.66/0.9213  29.77/0.8314  28.82/0.7976  27.14/0.8279  32.01/0.9340
DRCN'™ X3 33.82/0.9226  29.76/0.8311  28.80/0.7963  27.15/0.8276  32.24/0.934 3
IDN X3 34.11/0.9253  29.99/0.8354  28.95/0.8013  27.42/0.8359  32.71/0.9381

CARN™ X3 34.29/0.9255  30.29/0.8407  29.06/0.8034  28.06/0.849 3 —/—
IMDN'' X3 34.36/0.9270  30.32/0.8417  29.09/0.8046  28.17/0.8519  33.61/0.944 5
RFDN X3 34.41/0.9273  30.34/0.8420  29.09/0.8042  28.21/0.8525  33.67/0.9449
SMSR™ X3 34.40/0.9270  30.33/0.8412  29.10/0.8050  28.25/0.8536  33.68/0.9445
ShuffleMixer'™” X3 34.40/0.9272  30.37/0.8423  29.12/0.8051  28.08/0.8498  33.69/0.944 8
VLESR"™" X3 34.40/0.9272  30.34/0.8415  29.08/0.8043  28.16/0.8519  33.61/0.9445
SAFMN™ X3 34.34/0.926 7  30.33/0.8418  29.08/0.8048  27.95/0.8474  33.52/0.9437
LBRN™ X3 34.43/0.9276  30.39/0.8429  29.13/0.8059  28.29/0.8545  33.72/0.9455
MSDFDN X3 34.54/0.9282  30.45/0.8448  29.18/0.8069  28.47/0.858 6  33.96/0.946 8
MSDFDN+ X3 34.61/0.9289  30.52/0.8459  29.23/0.8083  28.64/0.8617  34.12/0.947 9
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Tab.3 Performance of different algorithms on five benchmark datasets at X 4 magnification
PSNR/SSIM
Method Scale
Setb Setl4 BSD100 Urban100 MangalO9
Bicubic X4 28.42/0.8104  26.00/0.7027  25.96/0.6675  23.14/0.6577  24.89/0.786 6
VDSR" X4 31.35/0.8838  28.01/0.7674  27.29/0.7251  25.18/0.7524  28.83/0.887 0
DRCN™ X4 31.53/0.8854  28.02/0.7670  27.23/0.7233  25.14/0.7510  28.93/0.885 4
IDN™ X4 31.82/0.8903  28.25/0.7730  27.41/0.7297  25.41/0.7632  29.41/0.894 2
CARN™! X4 32.13/0.8937  28.60/0.7806  27.58/0.7349  26.07/0.7837 —/—
IMDN" X4 32.21/0.8948  28.58/0.7811  27.56/0.7353  26.04/0.7838  30.45/0.907 5
RFDN' X4 32.24/0.8952  28.61/0.7819  27.57/0.7360  26.11/0.7858  30.58/0.908 9
SMSR'* X4 32.12/0.8932  28.55/0.7808  27.55/0.7351  26.11/0.7868  30.54/0.908 5
ShuffleMixer"" X4 32.21/0.8953  28.66/0.7827  27.61/0.7366  26.08/0.7835  30.65/0.909 3
VLESR™' X4 32.17/0.8945  28.55/0.7802  27.55/0.7345  26.03/0.7830  30.48/0.907 3
SAFMN™ X4 32.18/0.8948  28.60/0.7813  27.58/0.7359  25.97/0.7809  30.43/0.906 3
LBRN™ X4 32.33/0.8964  28.62/0.7826  27.60/0.7377  26.17/0.7882  30.60/0.910 2
MSDFDN X4 32.28/0.8965  28.67/0.7839  27.63/0.7382  26.27/0.7917  30.73/0.9114
MSDFDN+ X4 32.46/0.8982  28.78/0.7859  27.68/0.7401  26.49/0.7976  30.96/0.914 4
x4 TEEEEPDCHLESHEEE bikat
Tab.4 Performance of different algorithms on PDC bit composite dataset
Dataset Scale PSNR/SSIM.
Bicubic RFDN"™ ShuffleMixer ™ SAFMN™ MSDFDN
X2 35.40/0.954 8 41.87/0.978 6 42.02/0.978 5 41.81/0.977 4 42.13/0.978 9
PDC30 X3 32.49/0.917 2 37.17/0.946 3 37.24/0.946 5 37.18/0.946 1 37.26/0.946 7
X4 30.49/0.879 5 34.37/0.915 1 34.32/0.9151 34.32/0.914 7 34.38/0.915 2

ShuffleMixer'® Fil SAFMN2 45 3t F 1% i 2% 3 )
BRI T EEE., K6 ET.
& 8 43 B 7R T AN [R) 43k X Urban100 %4 #5 4

Bicubic CARN IMDN
PSNIUSSIM 25.75/0.489 6 27.55/0.581 0 27.71/0.606 9

RFDN ShuffleMixer SAFMN MSDFDN
27.63/0.583 9 27.68/0.578 6 27.64/0.570 9 27.84/0.619 1

6  Urban100 %3 £ i “img 061776 i K 447 F Y 8 # 2 R % L

Fig. 6 Reconstruction effect comparison of “img_061" from Urban100 datasets at X 4 magnification
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Bicubic CARN IMDN

PSNR/SSIM 11.93/0.279 2 16.51/0.774 9 16.84/0.756 9
Img_067 from Urban100 § § §
RFDN ShuffleMixer SAFMN MSDFDN
18.02/0.786 2 16.89/0.734 8 16.74/0.747 8 19.28/0.851 9

K7 Urban100 BE 8 H9 “img_067"7E MK 4 5 T 09 H - RO AT 1L

Fig.7 Reconstruction effect comparison of “img_067" from Urban100 datasets at X 4 magnification

HR

Bicubic CARN IMDN
PSNR/SSIM 24.93/0.5300  29.32/0.734 6 28.94/0.721 0
T, R e . - - .
Img_073 from Urban100 RFDN ShuffleMixer SAFMN MSDFDN
29.24/0.7398  29.55/0.746 6  28.89/0.710 0 29.58/0.759 7

P18 Urbanl00 %4l & Hh Y “img 073" 7E MR 445 T 10 8 QUR X L

Fig.8 Reconstruction effect comparison of “img_073” from Urban100 datasets at X 4 magnification
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5 X 107", AR K ELCH 1< 10°, 155 A 3 38 £k
48, HAth S2 56 45 15 iR M), 36 5 /R T K [l 8
RUAE 5 A L B0 46 B ) 2 4% 2 R 0 3
PSNR F1 SSIM 18 , & 51 55t 45 42 F ok 7 44 &
NGRS RN R KR . RS AT LR
T 2 B30 ik o A S R0 ) B T G, 2 A e Bk
NS A INE] 74N E A R AR K 2 RO s
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028 from PDC30
ShuffleMixer
38.61/0.972 9

El9  PDC30 Bk i i “ 0287 18 i K 4 % F iy S &l 3R X 1

Fig.9 Reconstruction effect comparison of “028” from PDC30 datasets at X 4 magnification
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Tab.5 Influence of the number of MSDFDB modules on the performance of the proposed algorithm

PSNR/SSIM

R HE  Params/K
Setb Setl4

BSD100 Urban100 Mangal09

n=>5 481 38.10/0.960 8 33.67/0.918 8
n=>6 572 38.13/0.9610 33.67/0.918 5
n="7 664 38.17/0.961 1 33.79/0.920 2
n=8 755 38.13/0.9610 33.76/0.919 1

32.31/0.930 2
32.44/0.930 9
32.52/0.9318
32.50/0.9319

32.24/0.900 5
32.26/0.900 8
32.26/0.9007
32.25/0.900 6

38.86/0.977 3
38.91/0.977 6
39.01/0.977 6
38.97/0.977 2

15 MSDFDN 5 MSDFDN - 14 5 5043 51 4 6
T, LABA DR 0 o s8R R B A%
3.3.2 EEAMFE LR

T8 E T B AILE 0 A RO xR 4%
ESA Fl CCA W A8 1 1 I Al 52 59, Modell
#% Bk MSDFDN 1 iy 33 & J7 AL il £ 8, Model2
1t Modell 1y B fifi b 75 i CCA £ 3 , Model3 7
Modell 9 3& @t I 4% il ESA # 8t | Modeld £
Model3 B 3l F 7% i CCA BB | 15 B 3 fl 52 56
)N 5 X100, AR 1 X 10°, MS-
DFDB [ A5 He %5 o 6, 450 8 3 38 450k 48, Hofth
WA LR IE L R 6 BN T R FBLATE 5
A MERCE AR By 2 4% I ER 00 OF ¥ PSNR
FSSIM A . Hh 55 VU R s,
X RIRAALFE LA &5 R A5 5 A iR
FARFEIR . 4R FEW, Model2 £ Modell fY 5 il

A CCA BiHe , 78 Set5, Urban100, Mangal09
B4R b Ak Re A B TR T, CCA Bk fig
% A 50 R R AIE 22 T A T G R B R OC B R
fiE I 40 1 7T A 15 B . Model3 78 Modell fi 2 i
LA ESA # 5, 7 Set5, BSD100, Urban100,
Mangal09 85 48 b 09 & # M e 15 8 7 2 7,
ESA 5 He 58 4% 5 &4 ¢ 1 BR b i 4 7 5 B, 1
S fR AR AIE I R GABE T L RE R AR S FE A
A0 5 /) Urban100 X4l £ R M E H . Mod-
eld 7€ Model3 iy £ Al I m A CCA B, 7E Set5,
BSD100, Urban100, Mangal09 i & 4 I (% & 2
PERERH B 7 i — L TE . ESARBIH EEOCTE
Jr P A5 A5 500 4 Y 1 3, i CCA B8 IR £k
4 Jry 308 T R) B AR RN, 18 A5 AR AR B T v AL
P35 45 6 A] DL e 4 R A 2 ) 5 0 T T S ) AR
B, S0 90T v T A A AROR . SR A AR —
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Tab.6 Experimental results of attention mechanism module ablation
Method  ESA  CCA PSNR/SSIM
Set5 Setld BSD100 Urban100 Mangal09

Modell X X 38.07/0.9607  33.71/0.9185  32.22/0.9004  32.23/0.9293  38.59/0.977 0
Model2 X N, 38.10/0.9608  33.70/0.9184  32.22/0.9003  32.36/0.9303  38.90/0.977 4
Model3 N X 38.11/0.9609  33.69/0.9185  32.25/0.9007  32.41/0.9308  38.87/0.977 3
Model4 N, N, 38.13/0.9610 33.67/0.9185  32.26/0.9008  32.44/0.9309  38.91/0.9776

HBAE T ESA BLHUA CCA BB 7 MSDFDN
M)A R o
3.3.3 MSDFDB % R & 4 # 4 ak 52 1
T B E MSDFDB £ RUEE 45 84 1 4 8501
X MSDFDB #5 e iR 5] REE (19 ConvNeXt 5% 2
Py it e 5 11 7 I RS2 %% . MSDFDB-333 %R
S 4H A ConvNeXt-3 5% 22 3, AN H & 2 R F¢
£ . MSDFDB-753 % /R IE 1] H & iU J¥ - Con-
vNeXt-7 5% 22 Ht | ConvNeXt-5 5% 2 Bt | Con-
vNeXt-3 5% 22 He | H i AR IR 2 19 X HeR TN
PR % 2= B, DL AR IURRAE (81 . MSDFDB-357 %
7~ 1E 17 #E & 7 i ConvNeXt-3 % 22 Bt | Con-
vNeXt-5 %% 2Z 3  ConvNeXt-7 5k 22 8 B B/ &
KA B ) 5k 22 B T AE IR W IX B2 o) o i
B RS ) RO 510 AR B 1 X

10°, MSDFDB 11 £ S B &y 6, 155 7 3 36 20 Ky
48, HAh 5256 250 5 LR AT . R 7R T AN
BLRVAE 5 A FE RO 4 Ty 2 F5 KR 0 7 3
PSNR F1 SSIM 1B , % 41| 5 A6 45 5 FH hinoke = 4 %
N o R il MSDFDB-357 Y # #Y 78
Set5,BSD100, Urban100, Mangal09 % 4 4 | 1t
3 T HAFRTERE . X R EREZ MR KRE
TR B S s A B T4 O 7 B B SO B 3
SR 4 Jr 45 AL B, W) ISP 445 5 VR U2 I /I B il 42
JA AT . ML Z T, MSDFDB-753 f 4kt B
A2 KRR ABTERR R /NS B BRI T
XiF 4 Jry R AE Y A BE o T 10 D R [ R EE Y
ConvNeXt 5% 22 He i 5 T 1 42 AL % BSD100 £
it 4 B R 21077 19 2 4% 43 B 5 i A OR X
L, 7O 36 E T MSDFDB-357 16 41 5 i J5 il

RT AEEEESNEEHIEE L1kaE
Tab.7 Performance of different algorithms on five benchmark datasets
PSNR/SSIM
Method
Setd Setl4 BSD100 Urban100 Mangal09
MSDFDB-333 38.07/0.960 8 33.65/0.918 6 32.23/0.900 6 32.32/0.9300 38.90/0.977 6
MSDFDB-753 38.09/0.960 9 33.68/0.918 6 32.24/0.900 5 32.38/0.930 5 38.87/0.977 5
MSDFDB-357 38.13/0.9610 33.67/0.918 5 32.26/0.900 8 32.44/0.9309 38.91/0.977 6

PSNR/SSIM

21077 from BSD100

& 10

HR MSDFDB-333

29.37/0.833 7

MSDFDB-753
29.53/0.852 0

MSDFDB-357
29.75/0.852 4

AR R B ConvNe Xt 5% 25 B i 25 I e 25 7 5 SR 0 e

Fig. 10 Comparison of different scales of ConvNeXt residual block stacking sequence reconstruction results
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. MSDFDN DA%/ 0 2 80 S 90 1 S A0 iy 1
fit. 5 SMSR.CARN Ml DRCN 452 % i 358 K 1)
J7 A0 H, MSDFDN 4351 L 58 %, 36 % #1132 %
1) 2 500k S B0 T 0T 4 1) T RO A T AR RIS A
K/NZ B S8 T 347 19 °F- fif . MSDFDN+ 7E
MSDFDN {1 B filh - 38 4k 38 fin 48 41F 38 18 %o Fi s
Yo, EAMRER T - LW O RES
Bt A BTG N B 5R A T AT AR 4 i A AT 4
320 B 0 HE 0 2 AR A R R A7 R
W8T Y o SR AT 55 o AL T HA R
ARl MSDFDN -+ HAA T & 1Y 5 2 i i, 18
JH T B& 2 5 AR 1 i |3 Sk RGO 49 9% 232 o S5 Xt
AP R R A 1 I 7 5

384

MSDFDN+(ours)
382 LBRN MSDFDN(ours) 2
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Fig.11 Comparison of parameters and reconstruction per-

formance of different algorithms
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G L g A5 A, Group2 4 ffi 1 MSDFDN #4174 £%
o B R A I R LA S 2 R AR 2
R E R #EAT A SRR E . LR
HRW 5 o PR A A 45 R A L,
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Tab.8 Comparison of ellipse fitting errors before and af-

ter super-resolution reconstruction

Group 1 2
MAE/px 0.071 0.043
MSE/px 0.013 0. 005

Max Error/px 0.152 0.110

B {HE EE YRR ZE S

Py o

013.pngfij4{E SR

B EI —ERE MaEIH &4
E12 EBABHEZENEPDCILKFEEF013. png”HY
BXSEEUARBENEGER
Fig. 12 Semantic segmentation map and ellipse fitting re-
sults of “013. png” from PDC30 datasets before

and after super-resolution reconstruction
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