55 48 45 6 W] R R4l (FARBRRR) Vol. 48 No. 6
2025 4F 12 A JOURNAL OF NANJING NORMAL UNIVERSITY ( Natural Science Edition) Dec.,2025

doi:10.3969/j.issn.1001-4616.2025.06.012

— ] T~ PG 43 3 o5 ol St Ry ) 8 e 2 o A P 8%
Faor, ELW, FEE
(RIS AE LA B T 52 211815)

[(FEE]  EXHBE A PERBIRIRCRANT B, AP RA ST T A LS 7 —Fh TR S sk 2=
WL RN . IR TR DB RSB B[R] ) SEEE T 4R A S s & 3R T TR RE S HE BB . sl 5l AL
IO A BR 25 PRI | i — 2B AR TR () SRR T B B 24 B, R B3R 55 T S BUB1TRCR T IR I 3R 2255
o7, O T SR ARG MR = AN R AR ) RS IR B LA T LK pR AR B I R £ B B B
YR ms , SR A PEREAS B T 327, S8l T B8 i RS M i o R i A

[E$EIR ] WEFE B 5k

[FESZES]TP391 [ XEFRED A [ XEHS ]1001-4616(2025)06-0111-10

An Efficient Dense Residual Network for Image

Super-Resolution Reconstruction

Guo Hongjian,Zhuang Mingju, Li Jiahao
(School of Computer Science ,Nanjing Audit University, Nanjing 211815, China)

Abstract: To address the issue of low efficiency in super-resolution models, we analyze their core structure and propose
an efficient network architecture based on dense residuals. This architecture achieves efficient integration of features
while reducing model parameters, improving model performance and inference speed. By introducing an optimized
residual distillation module, the parameter size and computational complexity of the model have been further reduced,
while discarding the residual connection method that leads to decreased operational efficiency. In order to enhance the
model’s ability to capture high-frequency details in images, the study also introduces a contrastive loss function. Finally,
by adopting a multi-stage hot start training strategy , the performance of the model is improved, achieving more efficient
and accurate super-resolution reconstruction.
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{5 H 25 18 M 4 (information distillation network , IDN) M) 122 R %% 2% W 4% ( multi-scale residual network ,
MSRN) "' AE R R g 4 T PEfE, Lim 2800 48 B 08 % BE 7k 25 W 2% (enhanced deep residual network,
EDRN) , i1 #FR batch normalization( BN) )24 R0k /D52, 25 1 URBE 2% ) M8 43 PR A 7% 10 4301 o B =
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Fig.1 Framework of the efficient super-resolution network with reparameterization
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Fig. 2 Diagram of the dense residual structure
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Fig.3 Structure of the information multi-distillation module
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Fig. 4 Diagram of the residual feature distillation module
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Fig.5 Structure of the reparameterized local residual block
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Fig. 6 Comparison of feature maps extracted by randomly

initialized convolution and VGG model
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GRRCR I W LT
23 EWERSHH

e e PPAl RRUFN A08 (Mg, FRATTHE JH 5 2 Fh i i 900 73 S8 B0 R0 76 A ol 4R (SetS, Set14,
BSD100, Urban100) E#847 T X HESZHS | S IFAL T x2 Flxd BORAME R R R PEAL T8 bR o5 K5 5
JoHR: B M LU ( PSNR) 5 25 A AR AL 5 50 (SSIM) B 80 (Params ) DL K HE BE A [B] ( Runtime ) . SEE0 45
AT 1 L 2, Hodr A SCHR A9 RRLEN ARS8 52 56 245 SR 24 AL

F1 B2 EETARERENRSIEETSH

Table 1 Comparison of parameters, running time,and performance of different models atx2 magnification on test datasets

Seale Model Params Runtime Set14 BSD100 Urban100

(K) ms PSNR/SSIM PSNR/SSIM PSNR/SSIM
SRCNN 24 6.92 32.42/0.906 3 31.36/0.887 9 29.50/0.894 6
FSRCNN 12 9.02 32.62/0.908 7 31.50/0.890 4 29.85/0.900 9

VDSR 666 35.37 33.05/0.912 7 31.90/0.896 0 30.77/0.914 1
DRCN 1774 716.45 33.04/0.911 8 31.85/0.894 2 30.75/0.913 3
x2 LapSRN 251 53.98 32.99/0.912 4 31.80/0.895 2 30.41/0.910 3
CARN 1592 159.10 33.52/0.916 6 32.09/0.897 8 31.92/0.925 6

IMDN 694 77.34 33.63/0.917 7 32.19/0.899 6 32.17/0.928 3
RFDN 534 74.51 33.68/0.918 4 32.16/0.899 4 32.12/0.927 8
MAFFSRN 402 152.91 33.49/0.917 0 32.14/0.899 4 31.96/0.926 8
ECBSR 596 39.96 33.34/0.917 8 32.1070.901 8 31.71/0.925 0
RRLFN 454 60.39 33.66/0.917 2 32.17/0.899 5 32.17/0.928 5

R2 T4 BFEETARERENRBEETSH

Table 2 Comparison of parameters, running time,and performance of different models

atx4 magnification on test datasets

Scale Model Params Runtime Set14 BSD100 Urban100

(K) ms PSNR/SSIM PSNR/SSIM PSNR/SSIM
SRCNN 57 1.90 27.49/0.750 3 26.90/0.710 1 24.52/0.722 1
FSRCNN 13 2.22 27.61/0.755 0 26.98/0.715 0 24.62/0.728 0
VDSR 666 8.95 28.01/0.767 4 27.29/0.725 1 25.18/0.752 4
DRCN 1774 176.59 28.02/0.767 0 27.23/0.723 3 25.14/0.751 0
LapSRN 502 66.81 28.09/0.770 0 27.32/0.727 5 25.21/0.756 2
x4 CARN 1 592 39.96 28.60/0.780 6 27.58/0.734 9 26.07/0.783 7
IMDN 715 20.56 28.58/0.781 1 27.56/0.735 3 26.04/0.783 8
RFDN 550 20.40 28.61/0.781 9 27.57/0.736 0 26.11/0.785 8
MAFFSRN 441 39.69 28.58/0.781 2 27.57/0.736 1 26.04/0.784 8
ECBSR 603 10.21 28.34/0.781 7 27.48/0.739 3 25.81/0.777 3
RRLFN 470 16.41 28.61/0.781 8 27.58/0.735 8 26.15/0.787 0

PSNR Jk— 11 T 7 2t P 9050k 1 2 UL B, 0308 e 15 D0 P 5 T e 150 2 1 28y 222 , Jfs JUR By LA 53 DL () S B3 1 i
K 3. PSNR (FRLRS , F0m T el (R 5 J500A PR R 2 1A 1 2 S/ PRI R JRELAEF . SSIML 2 — B J8E e AN K Ay T S Ak
VR EURAR L PE RO b, SSIM (OBUREFTE O B 1 22 18] (EOBUBET 1, 26005 199 06 P17 26540 L AT, P50

SIHTER 1 RIER 2 AECE T AT AR A T A e HERRE A ACSCHR Y Y RRLEN J7 VA7 242 1 %) PSNR
F1 SSIM FetnRBUL S, R 1 A iy [R5 B dE R

[FEF, RRLEN 75 MG B A e ) A S0 MR [R] 2 [ S8l T S8 A0 P, ELART 7, RRLEN AR 7Y [
AR SRR TR TR, 40, 7Ex2 5%, RRLFN {75 454 K 250, K THE AN VDSR (666
K) il DRCN(1 774 K) ; fEx4 53R T, B8 (470 K) Wik T CARN (1 592 K) ZE#iRl. fEx2 5T,
RRLFN (B3 (60.39 ms) ZL R TS EE AT ) MAFFSRN (152.91 ms) ; fEx4 58T, HF (16.41
ms) AR F B ECBSR (10.21 ms) Z 7 22 K06 FL A7, 40 IMDN ( 20. 56 ms) . RFDN (20.40 ms) Fl
MAFFSRN(39.69 ms). B2 R, XFPRCR SR F I ARMAEF 3 5. A8 , RRLEN 76 24 3R

— 117 —



PSR 4R (AR R 55 48 £47 6 11(2025 4F)

LIRS sl R T A RIS A R AR 5 28 ) AR BLAE Urban100 04 4E x4 £ 7, RRLFN
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Fig.7 Coordinate graph of PSNR, parameter quantity,and inference time of different models
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Table 3 Results of warm-start ablation experiment

Model Set5 Set14 BSD100 Urban100
PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
RRLFN_160W 32.18/0.895 1 28.59/0.781 4 27.57/0.735 3 26.09/0.785 0
RRLFN_80w2t_cls 32.19/0.895 7 28.60/0.781 8 27.55/0.735 7 26.13/0.786 5
RRLFN_ws_1 32.22/0.895 6 28.61/0.781 8 27.58/0.735 7 26.14/0.786 7
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Table 4 Results of contrastive loss ablation experiment

ol Sets Setl4 BSD100 Urban100
ode PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
RRLFN_ws_2 32.22/0.896 0 28.60/0.781 8 27.57/0.735 9 26.13/0.786 5
RRLFN_ws_2_CL 32.23/0.896 2 28.61/0.781 8 27.59/0.735 9 26.15/0.787 0
t »
3 4w
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