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Abstract: Objective Synthesis and forgery of media content such as images and videos have become common methods in
media post-production. As the technical barriers gradually decrease, the Internet is disseminated with a large amount of
synthetic materials. This situation introduces great challenges to the integrity and security of digital media, which affects
the authenticity and safety of audiovisual content. In the realm of synthetic media detection, research has greatly increased
in recent years. Most commonly used detection methods focus on physical attributes or directly utilize deep neural networks
for detection. Image forgery detection methods based on physical attributes can be broadly divided into those that utilize
physical features and those that employ deep neural networks. Methods relying on physical features identify visual inconsis-
tencies in images. These methods leverage the fact that synthetic images are often composed of multiple stitched images,
which can result in irregularities in lighting, shadows, depth of field, and object distance. Inconsistency detection involves
examining inherent physical properties such as lighting and shadows to assess their coherence. Lighting detection methods
primarily analyze factors such as light source position, chromatic deviation, object reflectivity, light source color, and
local light sources. Shadow detection methods focus on properties such as planar homology, shadow constraints, vanishing
point positions for light and shadow, and consistency in geometric relationships. However, due to the diverse and complex
environments in which images are acquired, the high precision required by these physical detection methods causes diffi-
culty in relying solely on a single approach for forgery detection in real-world scenarios. In image forgery detection methods
based on deep neural networks, some approaches use long short-term memory (LSTM) , dual stream parallel network, pyra-
mid architectures, and Transformers to conduct synthesis detection by identifying anomalies in local regions between image
blocks while locating synthesized areas. While these methods have demonstrated certain levels of success in experimental
settings, the relentless advancement in synthesis technology has resulted in synthetic images that are increasingly indistin-
guishable from authentic ones. As a result, detection methods relying solely on visual anomalies or signs of synthesis can
no longer meet the growing demands for accuracy in detection. Method We present a novel approach called the lighting and
shadow fusion network (LSFNet) to image forgery detection based on the consistency of lighting and shadows. It combines
highly sensitive physical attribute detection with robust deep neural network techniques, which improves the capability to
identify even the most meticulously crafted synthetic images. LSFNet comprises key modules, including illumination
maps, object and shadow estimation, illumination analysis, and homogeneity analysis. Its goal is to integrate physical
detection methods including illumination and shadow with deep neural network techniques for effective detection of well-
crafted synthetic images. The method begins by creating an illumination map that labels the object and shadow areas,
which results in a boundary illumination map formed by overlapping the illumination map with the object area. This study
employs a feature extraction network to derive features from the boundary illumination map and the original image. As a
result, a feature fusion network for consistency analysis of the illumination map and light intensity is established to deter-
mine the shooting environment of objects within the image. It estimates distances for objects and shadows using cross-ratio
for homogeneous vertex estimation to ensure consistent detection of lighting direction in images. Finally, this study utilizes
result fusion methods to comprehensively evaluate lighting analysis results and homogeneity analysis results to predict out-
comes for synthetic images. Recognizing that existing datasets for synthetic image detection often lack detailed information
regarding physical attributes, we introduce a new dataset designed to assist in detecting synthetic images by incorporating
essential characteristics such as lighting conditions and object distances crucial for accurately identifying forgery in the com-
plex digital media landscape at present. Result Experiments conducted on the NIST 16 (National Institute of Standards and
Technology Database 16), Coverage, and CASIA (Chinese Academy of Sciences Institute of Automation Database ) datas-
ets demonstrate that our method achieves AUC (area under the curve) scores of 94.2%, 93. 6%, and 90. 3%, respec-
tively, and F1 scores of 80. 2%, 79.3%, and 58. 1%, outperforming the compared methods. In noise attack experiments,
our method exhibits stronger adaptability to size variation, Gaussian blur, Gaussian noise, and JPEG (Joint Photographic
Experts Group) compression, with an average AUC of 84. 03%. Conclusion The contributions of this study are summarized
as follows: 1) we propose a versatile image forgery detection framework for high-fidelity synthetic images, which is called
LSFNet. This framework integrates deep neural networks with physical detection methods and combines boundary lighting
map detection and physical attribute consistency analysis. Experimental results show that our method outperforms main-

stream techniques in accuracy and demonstrates robustness, which makes it suitable for various synthetic image detection
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tasks; 2) We present a shadow extraction and consistency analysis method tailored for image forgery detection. This
approach, which utilizes Mask R-CNN as the backbone network for shadow prediction, models the relationship between
shadow regions and real object areas. By assessing consistency through intersection over union, it significantly enhances
the accuracy of image forgery detection; 3) We introduce a synthetic image detection dataset featuring physical attributes
such as light source position, color temperature, camera position, object distance, depth of field, and complex back-

grounds. The dataset is called the synthetic image physical properties detection dataset. This dataset comprises 22 203

images 15 012 collected images and 7 191 synthetically generated ones all meticulously crafted by professionals to
ensure high realism. The dataset maintains a training-validation-testing split of 7:2: 1. It includes various synthesis meth-
ods such as stitching, copy-pasting, and deletion to effectively support training testing and optimization upgrades for image

forgery detection models. The dataset is linked at: https://doi.org/10.57760/sciencedb.j00240.00069.
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Fig. 1 Schematic diagram of image synthesis (stitching, copy-paste, and deletion)
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Fig. 2 Architecture of the lighting and shadow fusion detection network (LSFNet)
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Fig. 3 Process of object and shadow segmentation

105



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 1,Jan. 2026

line®
(5o Vi) 47
caim [ 9 7
7 s (X Yoid) = .
// . / ////;
B G )
(a) WRFTE 2 (b) Wik S E LR 3

P4 Wi mnBsg a L BOg A i

(e yhgh)

sh
xedge’ y edge)

(c) PP RIBH R R

Fig. 4 Line segment substitution method for objects and shadows ((a) line on which the object lies ; (b) intersection point of the

lines on which the object and its shadow lie; (c) substitute line segment for the object and shadow )

3. BAREIE 0S B FRIE 2 T R G iR
BE M, R AE Bl A 00 28 65 X6 S B TR R 0E ' B i
FRIEEAT R G 24T, RAS o0 2 45 1 ik il B e R
ERYV

DFFESEE . 753 2 32200 SO IR A
G HE R B2 A TREAE S, AR AE SR ER AR 25 R
ResNet-50 E b & T- M 4% , 25 B ResNet-50 26 4 [ Bt
f % R R e % Y (Chen 45, 2021a) , DL I AR R3]
RN IR BT F oy € 16 ™ FOY BR 08 BE 1 5
HE Fog e 1¢° " " Hop Hy Hos = HIS, Wy, Wos =
W/8,C=1024,

2 FHIERNG o FESE BURRIE SR IS , A SCR T
ZOR A5 BB M TRV ERAE 24 B A A 17 e e A TRl
(Song %§,2018) , ¥4 i kA 7 Ak, AR

iy A S D I R IR AT 2 4 R
AR R FOEIR AR R S IR R g
JERFRIC A B R, AARECE 5 i R R AR A
2.3.2 [A#RSHr

AR ST A — B AG AT R 2 1 ) B 5 i %0
PG b i A S B 525G 2R AT — Bt o3 B, T Al
Bl T T2 o 28 DO 2% T Joe 5 ARG I, o 6 2% B B DI I
185 T RCIR— AR o AR SCE S a7 i g
GO Z BT, T A6 I P A5 s 5 i A2 i G IR K,
6 IR o

L R AR A T AR i L A4S T
A B RS B RO RN L, DA K — ST Y
e, FR M R JH T 85 . AR HiE Riess Al Angelopoulou
(2010) 4 17k, H 5T SOCIR T E R

z= pOOhng(me + FOS) (3) ol
YN E=Y 4/ H:I‘l‘(/.L—l) (4)
o, 2 HENG L, pooling 2 4 JRy FREAE BRER, K i v'l
SR ERE S TRlyS K, w B A L, v SR T G TR, Bl 42 PR - T 1Y) 28
3) A X BT AR B TRHE RS 28 i 25 R 2% . ¥ 8 Riess F1 Angelopoulou (2010) £ Hi i 77 5 ,
L |
I : : v
| T
—> | A
: — ST = |
E E I 0 False
D RemE | H o |
E b a7 e !
PRl &
G S e
' JEHesR B :
: ! @ FeEgRA
| ERR
FE5  HHFRLG e

Fig. 5 Framework of feature fusion method



$£31%5/F£18 /2026 £1 A

HBTE, XKXE, AR, £F, =F5%
H LR —HEL TR IR B S MRS RSN %

Ko I i pifg ok 2 1

Fig. 6 Imaging relationship diagram of coplanar points

BARAE G101 e,s, Rl ey, SHI LSS 550000 a,
Fa,o MRIEIETE AR AITERT, 05, 5 15, TERN L FAH
LT Moo 5 BIERAYE, 783D B A 1y, A
AE-5 5 LA 2E , AR SCHE BE Riess Fll Angelopoulou(2010)
St SR, TR AR S 00 T EAT1E

FRAEZZ LE B JLAr] J P , A2 BAT G IR TR A9 1 2L
T otis LRAE o, A AR H])

{v,tl;sl,al}={v,t2;sz,a2} (5)
Kb {o,tys s, a, TR ITEN
. _us;tha,
{v,tl,sl,a,}—ival.hs] (6)

[, 3K (5) AT DA% 2240 e 21 4> B & ki, J)
M-S TGS o 1,t,.5,5, 5 aya, ZEEE LT
KERHIEN

((tx )% (s,%5,)) (ayxa,)=0 (1)

JCIR T A LAT & 1

v=(1,%s,)% (1, xs,) (8)

UG T B PR AT S A se i i 2 (5) I 2y R
B, DU A 1, R 45 R0 R
2.4 ZERFIMR

G5B BYO G B KA R R, 3
PERLI SR R, LR, BN

R =aR, +BR,, (9)
K, o FIBIRL KA G ZHL, Z8UE K/ H H Rl S
K, BRI 4. 2795 0 R, th S8 R B R
ZAHH R AT -

3 ERBEGYEREERNEESE

3.1 EXFEEREEGRE
32 BRI PG A I Bl 4R X R AR IR A —

BRI WY BRI P B RO 2%, BB B BE 4
WA S HREXT ) P PR RIS o Ry g i e 2 [
AR SCBETT R I WA T A R 3 P A
(SIPD) &t4la 46 o SIPD £ 48 (1) A h sl 5
Hod BN 22 203 MR, Hoh  REEIME 15 01216, &
S 7 191 1R, KR 5y B3R 8 256 x 5 50414 % |
3656 X 2 66413 EH12 560 x 1 44014 % . JFIAKIE
A AHBLAAEE , A B EE B 45BN 521 FH Photoshop %X
PEREAT HIAE . FAHE A BL Y FEAAF B A : Nikon 27,
Expeed6 AR A0 BRER , 493 X A2 5, AT S0 HE4 57505
% B RIS T 90 mm 1/2. 8 HYMIESE kK .

SIPD #4550 B 1 A AN A4,
SR A shxd B AR S A, [,
SIPD %4 46 v 1) SR S 500 5 4 LB #4025 T 3
20 (1% 4 B 49 e IR A B ORI HLAL
B IR N S R A SIPD Bds A6 ) FH s
BIo BB T S A MY Y BRSNS AT A
R LR T 3 58 o o7 A AL R A A R R
3.1.1 frsedniagl

TR % T8 TR T R A B S
JEER) ZRENE . RS O 4 N A ERET 4
FR AR A AN 1E 7 (a) BTz o 5 2 v R 42
P B TR R, AR B L 3 A AR [
AN TR B 1 2240, 32 B2 T A DR A b S A [R)
AR B0 25 7R AR 4, AR P 5 T A JXUARS Fr — 50
FLSCPE . S T B SE AR R B 6, SIPD i AR K
it LA (Axalta) AT AIES 69 HAC 4R i 7= P4
FATG A5 ) (Axalta Coating Systems Ltd ,2021)
T e B, BEIRCT SR UL AR, LS
o B RO L0 A EE e, BIRME
oy BB LN 7 (b) Fis .

M SR AL A P A A SR TR A B OETR A
LA 32 B AR iR A R AR S M
e g PG gk s, DL Rk I A s 2 el n sl 8 il
3.1.2  AWhiEdl

NPrns el FERE TR S R A FESE
4TSRS WAMESSH R TR HB S
MR T o, IF B S R A B84, 32
THERMBAIE LR BRMESNEOATRT,
X SN B R R BIRE 1. A2 R B
PEEICT 124 B @ AL B, NP Ry 33~
46 mm, A TE A 25 mm.

107



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 1,Jan. 2026

+: 53 mm ;1!}}3 + 55 mm

. i 20 mm 3“" i 23 mm

@Ge= ) 20 mm wﬁﬁmm
i Fits,
1:64 21.4%

/

[

~ K70 mm /i
w FE25mm | 1
26 mm
1:64
= S ﬁ 110 mm
w), - i 30 mm
B l{t30mm G‘ﬁ 45 mm
w £ 20 mm
1:64 F'r%.'; 20 mm I: 64
(a) ZERHS S0 (b) ZEfHE @53 A
7 sl AL KR

Fig. 7 Vehicle models and colors distribution of the street-view shooting group
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Fig. 9  The character shooting group data collection
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Fig. 10 Value range of physical attributes of synthetic images and the proportion of allocated images
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Fig. 12 Example images from the mainstream datasets
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Table 3 Parameter determination for result fusion module
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Wy BRAS I 7 v AE B BRI AT 55 h S B T T i
VR . (A5 1 2 19 & , APSC-Net 76 NIST 16 %
RAE F A F1 /08005 1. 7%, 70 HA g, APSC-Net 1%
T ) e = (O 2 348 5 T SRy SRR B R, X
B R AR A, B R 3. Rk L
LSFNet i i 45 & 31 A 1R R 0 -5 40 2/ 1k — 3K
PESFHT, 7E AUC B A G s e Ar 1 A B 2 L
B 4N, 7€ Coverage HHi 4 I+, LSFNet i) AUC Lt APSC-
Net 15 H 2. 2%, B iE T A% SCO7 6 0 &2 44 0 I b 5 i)
T N E

R it — 2L B UE LSFNet [ ToU {H, A< LS % Qu &§:
N (2024) J7 B0 T X HLSE B, I 4 i A B s
ETF IR, 5 a3 6 iR o MR PGS 45 L, LSF-
Net 7 NIST 16, Coverage £ CASIA 544 F 119 ToU {H
I3 R 41. 2% .51, 3% F178. 4%, 34 i % & T PSCC-
Net. 47 5l J& 7 Coverage Z i £ |, ToU {H ik F
51. 3%, FL# PSCC-Net A 19. 7%, #E—2E 56U T 7k
B ME . APSC-Net 7E NIST 16 £l Coverage {3 45
I ToU B 43514 39. 9% F149. 0% , #MIk T LSFNet,
{H 7€ CASIA $ #% 4£ |, APSC-Net (1) ToU {8 # ik



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 1,Jan. 2026

R5 MUBFHEEAUCH F15%
Table 5 AUC and F1 scores of optimized models
/%
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AUC F1 AUC F1I AUC F1
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SPAN 904 522 920 553 803 474
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CFL-Net 935 792 934 731 863 533

Zhou%: N (2023) 86.4 79.6 89.6 772 869 56.6
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LSFNet(A30) 942 802 93.6 793 903 58.1
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Table 6 Comparison of model IoU results
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Table 7 Comparative experiments on data augmentation
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Table 8 Comparative experiments on noise attacks on NIST 16 dataset (AUC)

/%
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Table 9 Comparative experiments on SIPD dataset
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Table 10 Comparative experiments on noise attacks on SIPD dataset (AUC)
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Table 11 Subcategory test results of LSFNet on
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Table 13 LSFNet gain analysis based on SIPD dataset (AUC)
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Fig. 13 Visual analysis results of synthetic images
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