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Single Image Detail Enhancement Based on Local Fractal Dimension Maximization

JIANG He' YI Fu-Di' ZHENG Zhou' GU Hao' KOU Qi-Qi* CHENG De-Qiang'

Abstract With the increasing demand for higher image quality, various image detail enhancement techniques have
continuously emerged. However, local filter-based methods, while fast, often provide only limited detail enhance-
ment; global filter-based methods yield stronger enhancement but incur large computational costs; deep learning-
based methods rely heavily on manually annotated data and lack interpretability; and residual learning-based
strategies tend to fall into local optima, making it difficult to fully mine potential global-optimal features. To ad-
dress these challenges, an image detail enhancement algorithm based on local fractal dimension maximization is pro-
posed. The study finds that the fractal dimension of an image can effectively characterize its texture structure to a
certain extent, and its spatial distribution exhibits a certain pattern: Edge regions generally have the highest fractal
dimension, textured regions follow, and smooth regions the lowest. Based on this characteristic, a mapping between
image texture features and fractal dimension is established, and the intrinsic correlation mechanism between fractal
dimension and image detail layers is further investigated. Under the premise of maintaining overall structural con-
sistency, the proposed method achieves effective detail enhancement by increasing local fractal dimensions, thereby
providing a theoretically grounded new approach to image enhancement. Extensive experimental results show that
the method is competitive in both subjective visual perception and objective evaluation metrics. For example, in x4
enhancement tests on the BSDS200 dataset, the proposed method improves peak signal to noise ratio and structur-
al similarity by 5.20 dB and 0.1456 over the currently popular QWLS method, thereby demonstrating its advant-
ages and strong generalization capability in image detail enhancement tasks.
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Fig.1 Fractal point sampling and linear regression analysis of single image
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V1505 20 X 3 10 3 T 4 800, o 80080 R A 4 B0
AL LR A5 TR TR B2 A ) L 074
2 WRBE

LA BRI 2 S — AN TR, B4
HB B T B 1 % A TSR I — AN B2 00 STl
FEE AT SR 43T 4 5ORN 43 K B Sk AE 1R
SUHD ()5 2 B . A R 1 43 T A B X S A K
18, 75 0405 380 9 PR 1 TUMII 8 | J5 e 4
J2 15 B s B AR e 5 5 8 4 1 3R PR B
OB ST A AT R 13 = 4y, AR
W 3 Fia, Hb, @ fl e ot BRIt Rk

2.1 BEIE

BEEE TS 22 ks B, MR (1) Fiat (2)
TR R AR B H A KT R R LT A B 22 )
B V.H MV, H, R (3) 7543 20E 1L
HREL g (H), NG EEHEAT 3 Wi

V.H = ZH(Z-H)]- — H; (1)
i,

V,H = ZHi(jJ,-l) — H;; (2)
g (H) = \[(V,H)? + (V,H)? (3)

2.2 PSR

A3 T T — P p T BRI U 22 328 VA 36 A by S8 i S )
ST UG, e I ROBEAN S 1 AR . A2 42 11)
JUART I BEASE FH T2 H 4 2 [B), AR AL SR G L
R E 3R AN U] 2 e 45 ) T O 40 RT3, 9 24 502
FK LB BL- 2 R A B R H R S R 1
AEHTET,

X AR N ERAE RN )T o TR AL T AL
A TR 5Thefsd FMgERSHd >0, K
SR TE R HA(F) W SCH

HY(F) = lim inf {i(%i)d

d—0 .
i=1

T < 5} (4)

A, Fc Uz, Blos, 13), Bloi, 7)) =LA 0; NH
O F12 N r BHFER, XSS ERAFHEBE S T F,
HE— NIRRT REEG LIRS,

LOPNEES BRI TSR AT

IIRERI L BoS s 5

B3 R TR KA T AR

Fig.3 Flowchart of the local fractal dimension maximization method



3 3 VLRSS BET oy 03 T 4 B R 1 SR PR 47 48 i 529

EX 1. BRI B 1 — A EE R,
faxt ="t F, HREHIFET r (0<7<1) 3t
raaie, Bk BN AR R N A5 RS E F AL
frait. 2 (5) g hwm UA N A Raa o, 3
i, o RO TYERL, © .

N-t*=C (5)

52, MR- IERRER PR N
N ANEERF T 450, I+ BT 45/ 46
KFR 7, A TEAEL L o =—InN/InT.

EX 2. 5y TR A W7 G AR, W
X (6) Frox, WL M & m XAER TR G E X
T, M HN My, 2§, FEFHOO< 1y <
o < oo, 1N F T v, z B £

mlly = zll2 < [M(y) = M(2)|2 < p2lly — 2[2 (6)

X 2R AR IR AR 5 XU Ay 26 AR A 25 8] TR B
B AR LR BR, B IR AN i B I 4 i A il
PARRE S, AT AESF LTS R A 45 (A R IR A 5T

FE— RGO, H UL J LA A e 2 ] 528 D9 X
2 A 263 W, T PSR 471 1 5 U T SRl Y T Y
s 5 A e AEJR B IX I, W8 = po =n, n
FINLEE ) SR

IR 1. WEREL f(o) EXFENTRE A EHa €
A, Hox eI TBHER S TR KE 35N a(x) 5
S(x). #75E X R EHF AL T () = na, W 8 T(x)
W) AR ar (2) SR TEARE Sp(x) W3l (7) B
N, FAEH LB AL

ar(x) =a(z), Sr(z)=S8()—alz)lnn (7)

R EUGIET 5T BTN, 4565 (R 2 AL
Ao TS, AR AR o A R R AR S
YE—H A 4. Rl b, BRRRRE T
AR R AZ 7 TR B — ML &, I8 ) T P 5
FEAE D9 B £ P s SCROIN B 3 1) v ) A58 o R 2 Y
HERE p(x) 13K (8) Frow, Herh r FORTF BRI
2815 (9) MK (10) T, Gy(a) 2 — M FRHEZER o
FAEN b BRI, M f (g, () WIS B A
FEAE N B R 545 B A L.

_ iy 4090 (7))
p(x) = }1_{% W (8)
Gole) = 27rbae ©)
+oo
fgr(x)) = Go(2) - gr(z = 2)dz  (10)

— 00

R 2 S I R, S5 R (8)
AR (11), 2o, a(e) TR HRE AT TEARL,

T S () WG AL AT KR

o Inf(gr(2) — S(=)
olw) = }1—{% In(2r)

(11)

BT i R s BARAE — i 1 JR BR P, DRI 75 Ex)
10 (12) #ATERAMEG, LIRS a(zx) M S(z), BIZE
[l Y400 (1) B R R e R A

> I f(gr (2) — al@)In@r) = S(@)|l2 (12)

r, flgr(x))

2.3 {AT5iE0E

WAL G o i 28, — iR MR H 7T LAS- il
R E T g E K Mgt Bl H =
J+ K. IO T E, R 2 &N 2 R 46 &
B B LS R A IG5, ik (13) Bros, H 3%
AN SRS KR, B O sE R T

H =H+j3 K (13)

A2 (1) B AAAE 1R, X407 1 55 5 Y
FIg, e B FEFER 2 oG &, BIC (14). K,
S (gr(x)) R 1G58 R TR R 2 AR
M8, o (x) S (z) AR T TE4ERN 73 TEAC .

In(f'(gr(z))) = o/ (z) In(2r) + S'(z)  (14)
BE— BT AR (15):
In f(gr(z)) = S(x) _ Inf(gr(x)) = S'(x)
a(z) - o' ()

H T ASHIE FE AT 55 2 HEAT BB 5 8 08, A
LG He i 2k, RIS F n = 1, B AR
ANHER 13K (7)), IRSE & AW FUHEAT SR iR T 4E
Hom KAALEE, BIFT453 3050 (16). Horr, JRs X
X RONYERGERE T ER ¢ AN gt DT DLAG 28 05
B f (g0 ()), I (17) B

o (z) = néa)?a(:vL S'(z) = S(x) (16)

(15)

P or(@) = Fgo ()5 - (755) 5@ 1)

RTC 5 A T AR B S B0
(A 5 T (1 22 U 5 2, B e
U — MU T B B INE RS B b R i
g G o, 1S3 5 i Mg 7Y, ik (18)
FioR. B DT ATELE 1 .

H' = H +B(f'(9r(x)) = f(gr(x)))  (18)
B 1. ETRBS 4R K UEIRETIE

BEE
L B EE H, SESITERZER b AR



530 H

S 52 &

FERHL f, DLRIESR BT B;

2: KBEZRBRED, 48V, H MV, H;

30 MR (3) TSR REIRE ¢ (H);

4: X b FAT REEAR S, IFARAE K (10) Xt g, (H
AR AL T

5. B ENGHGIEAT A EA A, @i s MER (12) 15
B THEL a(x) SATRKE S(2);

6: MR (16), AU EEBIN a(x), 7 o (z);

7o MR¥EI (17) EMQEAT, B

o’ (x)

F:(2)) = Fgo(2) 5 - (175 5@
8 WJIEUE x, RIE (18) HEATANTTIE R, 15 2%
K4 H' -
H = H 4 3(f (0(2)) — f(g:())

3 SLIEOHR

3.1 HIEE

ASEIe iR 3 A B ARRMER B A KIE EE
££ | f1,3% RealSRSet!®”, BSDS200* F1 T911*!,
RealSRSet? & —/NE sttt Rz s fidase, B8
K H A [A] 2 Br R 5 o 3 i = B S BSDS2001
AT Hd P a & 1 EE B & g AR
RN Ze 5. e AAE B br 32 N T 208 4047
A G AR 5T, H % BR e, Rt Naitigft e
FE 1) G 9 25 R0 52 2% I SO A, DL 4 TP 5592
TEARTR GRS R R 0.

3.2

) BEAT

SESHIRE

S5 7E MATLAB R2023b _b5Epk, Fiiesii:
WEESHEREWMT: B RARERECN 15, 4F
BHGERE YRR 2. ERSHEUEIRFRE T K
R E, LS AT 1 9 88 5 1 Re A 1Y)
T

AR 5 16 B 22 b 4015 169 9 SRVE HEAT R B, 9
i T R IR AR . A R U A Bk 2 o ) AR
JE 2 2 T, G WLS!ML GIFM, WGIF!,
GGIF!", ZF™ BFLS (bilateral filter in least
squares)™ ILS"™. DIP (deep image prior)*, IPRH®
TH (truncated huber)™, DeepFSPIS (deep flex-
ible structure preserving image smoothing)“*!, CS-
GIS (contrastive semantic-guided image smooth-
ing)", PTF (pyramid texture filtering)“". MG-
PNet (multiscale global perception network)!",
QWLSP, PMN (paired real data meet noise mod-
el)® ALSP (ambient light similarity prior)?’

LLF-LUT++ (local Laplacian filter-look-up ta-
ble++)P 1 NCC-PLM (new color channel driv-
en physical lighting model)®. iR X} b 5 y:4XHS
Bl i@nl GitHub ~F & % 23R, kil fE v 1y
K HERINZ B B DLORAIE 25 R m] IR
PHE.

3.3 EWIsFRXTEE

B WP AR BT B, ASHIE 7% FH B FH 1 U
{E{5 MLl (peak signal to noise ratio, PSNR) Fl45
FIMBLE (structure similarity, SSIM) {E NI A5
i, 30 (19) M= (20) HHHETTL PSNR H T
WEBRZH M RZE, LK, BRI P2 58,
SSIM T & G 2 8] 1) &5 7 — S0k, JH B Y T
90 3 1, Bk 1, B IAIFESS AL AR

MAX?
PSNR=10x1lg ( e > (19)
2 2

(12 + p2 + a1)(02 + 02 + az)

Hrp, MAX FoRBEUR R R B E, MSE IR
KEGRIBITTRE. pe Ay 7350 5N G RN 25
REB W ZENME, 6, f16, ZENEER SR
BHINRHEE, 6, NHE Z I T 2. S8 a) F
ag AN ER/NAIES, L BAEH RN L BN E.

7£ RealSRSet™, BSDS2001) L) f T9114) =4
BymgE b, DLW A K DU A% 1 o IR 7 2R A7 K, 45 R
WEE 1 PR, WSEIEE AT DL W, AR AT 5
VEAE PSNR F1 SSTM 48 br b33 2 I H 452 v i 2B
K, 4nfE BSDS200 i & gk AT DU £ 1 5 X
FIR e, e )5 e PSNR AT SSIM _FARES T4
HIRAT 7792 QWLS 23 Al T+ 1 5.20 dB A1 0.145 6,
BARVERE Z H0 0 T S LKP . X Uk B 5 H A b
R, BT 7 VAR 2 B0 B 15 B SR AR B A
R R RN S5 R — B, RE RT3z A RE

3.4 MOS izt

MOS (mean opinion score) Mia & —Fh 3= WL &
BITE VL 7V, el R 1 R 4 Sk B
BT B IR . ARSI HLgE 30 A pk ik, H
b 55 EEBIAE 24, RRTE I 20 ~ 45 %, JE Tk
Y 50%, DLARIESS A2 WA

SIS E IR 350 lux M= N IEAT. P BB
BITE—S %A1 920x1 080 B & LN
300 cd/m?. XFEEFE RN 1000 - 1 [ SEoRn2s E B W
WM LABEALIBE 230, RN 5 s, ol 72
Jemm i a 8 s W, PR 0 ~ 5 4%



3 3 VLRSS BET oy 03 T 4 B R 1 SR PR 47 48 i 531
R HPRET O 2 A4 I ERSHERCR SR T AR bR LE

Table 1  Comparison of indicators under the benchmark datasets when the enhancement factor of 2 and 4

RealSRSet" BSDS200! 91
e W5 R

PSNR (dB) SSIM PSNR (dB) SSIM PSNR (dB) SSIM
WLS!" 20.16 0.8235 17.74 0.7439 18.63 0.7693
GIF!® 24.45 0.8908 23.89 0.8344 23.82 0.8444
WGIF! 25.66 0.8867 27.91 0.8816 24.85 0.8517
GGIFM 27.35 0.9256 27.41 0.8865 26.95 0.8955
ZF® 20.65 0.7731 22.56 0.7966 24.09 0.9237
BFLS!* 22.51 0.8318 23.06 0.7965 21.63 0.7659
s 26.16 0.8761 25.09 0.8313 23.48 0.8093
DIP 23.00 0.7970 23.75 0.7657 25.87 0.8232
IPRH™ 26.30 0.9147 24.97 0.8629 28.48 0.9102
TH" 20.70 0.7872 21.32 0.7620 21.43 0.7616
DeepFSPISH X 26.13 0.8640 27.05 0.8640 25.67 0.8260
CSGISH 24.50 0.8340 25.32 0.8355 25.18 0.8216
PTF! 18.43 0.7365 19.12 0.7116 18.76 0.6939
MGPNet!* 20.56 0.6953 23.38 0.8430 21.18 0.7489
QWLS™ 24.54 0.8894 26.83 0.9099 27.50 0.9153
PMN! 26.87 0.8377 29.53 0.8820 27.85 0.8869
ALSPI 19.18 0.7324 17.15 0.6285 17.58 0.6899
LLF-LUT++" 19.96 0.4715 20.16 0.5810 20.69 0.3256
NCC-PLM" 23.52 0.9290 22.86 0.9098 23.56 0.9370
LFDM (#43Z) 29.46 0.9687 31.59 0.9754 32.52 0.9826

WLS[USJ J— J— J— J— N N
GIF!™ 19.53 0.7638 18.71 0.6637 18.73 0.6862
WGIF™ 20.87 0.7781 22.54 0.7517 19.77 0.7081
GGIFM 22.09 0.8294 21.90 0.7517 21.53 0.7699
ZF®) 16.60 0.6038 18.07 0.6218 19.36 0.6081
BFLS! 18.70 0.6982 18.07 0.6174 16.95 0.5898
LS 21.10 0.7491 19.81 0.6636 18.49 0.6432
DIPl 19.69 0.6988 21.16 0.6860 22.71 0.7285
IPRH™ 21.47 0.8039 20.14 0.7105 23.30 0.7782
TH 16.72 0.6354 16.77 0.5786 16.91 0.5822
DeepFSPIS! “ 20.88 0.7220 21.59 0.7030 20.47 0.6510
CSGIS™ 19.16 0.6651 19.82 0.6523 19.77 0.6344
PTF 15.09 0.5777 15.17 0.5244 14.89 0.5080
MGPNet!* 16.86 0.5422 19.47 0.7070 18.02 0.6018
QWLS?! 20.27 0.7721 21.83 0.7906 22.88 0.7950
PMN 21.37 0.6691 23.79 0.9095 22.27 0.7325
ALSP# 15.81 0.5469 14.11 0.4274 14.36 0.5076
LLF-LUT++"" 12.37 0.2977 13.58 0.3122 13.20 0.2407
NCC-PLM" 24.43 0.9237 24.20 0.9100 23.46 0.9312
LFDM (7 Z) 25.12 0.9230 27.03 0.9362 27.81 0.9545
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Table 2 Top three MOS testing results

Bnss BT H14 #24 34
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T9111 LFDM (A3%) NCC-PLMP  WGIF®
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G ot PR A% 4T 4 1 s B P R BE A AR B R)MG RE
ANTE B2 ), ASHIE ST T 4R U I 23 B A2 1 9
SR, Eﬂlﬂﬁj\ﬁ%:l: FEZIIEE N 2 ~ 6, FFTE
RealSRSet? 5 T14 #4k 4E b HE 1T 25574,
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Fig.4  The first group of visual comparison schematic diagram
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Fig.5 The second group of visual comparison schematic diagram
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Fig.6  The third group of visual comparison schematic diagram
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Fig.7 Ablation study on the maximum scale coefficient
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Fig.8 Ablation study on dimension matrix block radius
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Fig.9 A comparison of visual effects of different
edge detection algorithms

HIFEN O(M x N). 53T Hr P st AN 42 b 2R
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Table 3
detection algorithms on the test datasets

Performance comparison of various edge

) . RealSRSet™ T91%
Uk iRl N=RFR
PSNR (dB)  SSIM PSNR (dB)  SSIM
Sobel 18.99 0.7643 21.88 0.8544
Prewitt 20.86 0.8344 24.05 0.9025
Canny 21.69 0.7925 24.49 0.8773
ZE ik 30.59 0.9715 34.49 0.9877

® 4 ARPERITEENAEIE S TR
Table 4  Performance comparison of various filtering

methods on the test datasets

o RealSRSet*! T9111
PEWE T
PSNR (dB)  SSIM PSNR (dB)  SSIM
EOR LRI 23.10 0.8412 25.26 0.9021
BT 3 21.30 0.8390 23.43 0.8970
Y U8 23.77 0.9011 26.19 0.9397
e 30.59 0.9715 34.49 0.9877
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Fig.10 A comparison of visual effects of different

filtering methods
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Table 5  Performance comparison of different al-

gorithms on the RealSRSet®™ dataset in terms of

average running time and PSNR

[t R[] (s) PSNR (dB)
CIF"™ 0.04 19.53
WGIF™ 0.08 20.87
eleligs 0.08 22.09
ZFP) 0.04 16.60
BFLS!"™ 0.52 18.70
s 0.44 21.10
DIP! 4.01 19.69
IPRH® 0.03 21.47
TH 0.39 16.72
DeepFSPIS™¥! 0.52 20.88
CSGIS™ 0.34 19.16
PTF! 7.64 15.09
MGPNet!™ 0.36 16.86
QWLS™ 0.19 20.27
PMN™ 0.26 21.37
ALSPP 0.04 15.81
LLF-LUT++F" 0.18 12.37
NCC-PLM™ 0.07 24.43
LFDM (43) 1.39 25.12
R G 1 RE T4
3.9 MRAETHITATIIGIR M BE A2 TG

Mg 7 2 B BRI PR 3R 22— D VP A 4 77 1 o
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fEE 12 #1, GGIFM™, BFLS™ 5 TH™ #0478 1 &
RHIRTEERE. & 13 JRoR T AEAN R o FEAR R e 75

GT GIF
PSNR (dB)/SSIM 35.'1/1/0.987 7 28.31/0.8347

LFDM (43)
30.20/0.953 6 20.32/0.9222  28.76/0.955 1

RealSRSet: chip

11 RealSRSet $dE 4 chip BB AE i i =
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Fig.11  The comparison of detail enhancement results for
the chip image with Gaussian noise interference in

the RealSRSet dataset
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Fig.12  The comparison of detail enhancement results for
the dped crop00061 image with salt-and-pepper

noise interference in the RealSRSet dataset
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Fig.13  The comparison of detail enhancement results for

the 317080 image under varying levels of salt-and-pepper
noise interference in the BSDS200 dataset
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Fig.14 Residual feature map comparison of different
methods on the painting image from the RealSRSet dataset
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Fig.15 Residual feature map comparison of different
methods on the 161062 image from the BSDS200 dataset
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Fig.17  Comparison of texture and detail feature extrac-

tion results of different feature measurement methods on
image 56028 from the BSDS200 dataset
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Fig.18 Evaluation of the algorithm applicability in

remote sensing image scenarios
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