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Direction-aware Cross-modal Transformer for Image Tampering Localization

Xue Jun-Lin, Tang Yun-Qi", Wu Si-Kang, Yu Bo-Ya
School of Criminal Investigation, People's Public Security University of China , Beijing100038, China

Abstract: With the rapid development of image editing tools, mobile image processing applications, and generative artifi-
cial intelligence techniques, visually realistic manipulated images can now be produced with increasing ease, which poses
serious challenges to the authenticity and credibility of digital visual content. In practical scenarios, tampered images are
often subjected not only to splicing, copy-move, or content removal operations, but also to multiple post-processing proce-
dures, such as compression, resampling, filtering, smoothing, and format conversion. These operations tend to weaken
the forensic traces left by tampering and make the manipulated regions exhibit weak residual artifacts, ambiguous boundar-
ies, and inconsistent structural cues. In addition, the discriminative clues useful for tampering localization are usually dis-

tributed across different feature domains. RGB images provide rich semantic appearance information, whereas noise-
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related representations contain subtle forensic evidence that is less dependent on visual semantics. However, existing meth-
ods often fail to fully exploit the complementarity between these heterogeneous modalities, and they remain vulnerable to
semantic interference, weak trace attenuation, and complex degradation conditions. To address these problems, a
direction-aware cross-modal multi-level tampering localization framework, termed DA-CMTL, was proposed for robust
image tampering localization. The proposed method aimed to improve the representation and reasoning of manipulation
traces by jointly modeling appearance information, forensic residual information, and directional structural priors in"a uni-
fied framework. Specifically, a dual-branch architecture was constructed to extract complementary features from the RGB
domain and the noise domain, respectively. The RGB branch was used to preserve contextual and structural appearance
cues, while the noise branch was designed to highlight subtle statistical anomalies and residual inconsistencies caused by
tampering. To enhance the discriminative ability of the extracted features, a hierarchical spatial-channel attention mecha-
nism was introduced. This mechanism enabled the network to focus on suspicious local regions in the spatial dimension
while adaptively emphasizing manipulation-sensitive responses in the channel dimension, thereby improving the perception
of weak tampering traces and reducing the influence of irrelevant background content. Furthermore, considering that
manipulated boundaries and residual artifacts often exhibit directional dependency, a multi-directional cross-modal fusion
module was designed to incorporate horizontal, vertical, and diagonal directional priors into the feature interaction pro-
cess. Through explicit direction-aware modeling, the proposed framework was able to better capture structural continuity,
boundary variation, and anisotropic trace distribution in manipulated regions. In addition, an adaptive cross-modal gating
strategy was employed to achieve collaborative fusion between RGB features and noise features. This strategy allowed the
network to suppress redundant or conflicting information across modalities and selectively strengthen integrity-critical cues
that were more informative for tampering localization. Extensive experiments were conducted on multiple public image tam-
pering localization datasets containing diverse manipulation types and challenging post-processing conditions. The effec-
tiveness of the proposed method was evaluated by using quantitative metrics such as F1-score and intersection over union,
together with qualitative comparisons, ablation studies, and robustness analyses. Experimental results showed that the pro-
posed DA-CMTL framework achieved superior or highly competitive performance compared with several mainstream tamper-
ing localization methods on different benchmarks. In particular, the proposed method demonstrated stronger robustness and
more stable localization performance in scenarios involving complex manipulations, weak residual traces, and multiple
post-processing disturbances. The predicted tampering masks were more accurate and structurally complete , especially for
irregular boundaries, fine-grained manipulated regions, and semantically confusing areas. Comparative analysis further
indicated that some existing methods were prone to semantic-related false detections or incomplete region localization when
forensic clues became weak or fragmented, whereas the proposed framework was more effective in suppressing semantic
interference and preserving detailed manipulation structures. The ablation results verified that each designed component
contributed positively to the final performance, and the combination of hierarchical attention, direction-aware modeling,
and adaptive cross-modal fusion yielded the most significant improvement. These findings demonstrated that explicitly inte-
grating directional priors and cross-modal complementary reasoning was beneficial for enhancing image tampering localiza-
tion under realistic conditions. Overall, the proposed method provided an effective solution for modeling weak and
direction-sensitive manipulation traces, and it showed promising application value in multimedia forensics, digital evi-
dence analysis, misinformation detection, and trustworthy image authentication.
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Fig. 1 Tllustrative examples of different manipulation types (splicing, copy — move, and inpainting/resampling) and their heteroge-

neous forensic evidence.
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Table 1 Overviewofstate—of—the—art image tampering localization methods.

Backbone dataset
Method Resolution Manipulation supervision
CNN Tran Type Amount

ManTra—Net N - 512x512 Noise Private 102k
SPAN N - 224x224 Noise Private 102k

GSR-Net N - 300x300 Edge Prediction Public 5k

MVSS-Net N - 512x512 Noise+Edge Public 5k
Trufor N N 512x512 Noise Public 35k
CAT-Net N - 512x512 DCT Public 910k
EITLNet - N 512x512 Noise Public 60k
DA-CMTL - N 512x512 Noise Public 62k
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Fig. 4  Overall architecture of the proposed MCFM framework
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Table 2 Performance comparison of different image tampering localization methods across various datasets (F1 and IoU).

CASIA-v1 Columbia DSO NIST IMD Average
Methods
F1 loU F1 loU F1 loU F1 loU F1 ToU F1 IoU
ManTra—Net 0.130 0.086 0.357 0.258 0.332 0243 0.088 0.054 ~0.183 0.124 0.218 0.153
SPAN 0.112 0.061 0.235 0.14 0.2 0.11 0.559 0.36 0.17 0.098 0.255 0.154
CR-CNN 0.405 0.290 0436 032 0.31 0.21 0.238 0.14 0.262 0.17 0.330 0.226
GSR-Net 0.387 0272 0.613 0.43 0.28 0.18 0.283  0.17 0.243 0.16 0.361 0.242
IF-OSN 0553 0391 0.753 0.61 0.35 024 033 0.2 0.41 0.28 0.479 0.344
MVSS-Net 0.509 0.465 0.684 0.596 0.271 0.188 0.294 0.24 0.26 0.2 0.404  0.338
CAT-Net 0.136. 0.080 0.555 0.42 0.2 0.12 0.179 0.1 0.054 0.03 0.225 0.15
OSN 0509 0.465 0.707 0.608 = 0.336 0308 0312 0.255 0411 0312 0455 0.390
EITLNet 0.519 0476 0.778 0.726 0.341 0.233  0.301 0.237 0418 0.334 0471 0401
Trufor 0.537 0.494 0.760 0.701 0.261 0210 0.322 0.263 0.225 0.193 0421 0.372
SparseViT 0.543 0501 0.800 0.765 0275 0224 0346 0.289 0.238 0.206 0.440 0.397

DA-CMTL 0.532 0491 0798 0.753 0349 0243 0313 0244 043 0343 0484 0414
T BRI AR b A R (5 2R LUK (A 11y

3.3 HRbSCIE HAZSAN B M AR IIREZE . 3 R (HSA
3.3.1 EARPEME F AL 5 Y (53 ) —@iH ) #A 7, X Columbia

R VR A A B BT, AR SCAERUAY S HELE CASIA-vI 25 DL 005 Sy 35 1 B 42 #2 T R
A MA HSA 5 MCFM #4717 AL, BRREHME R,

£33 FHRHAEREBSEIE S (F1 # ToU) o
Table 3 Ablation study of the proposed method (F1 and IoU).

CASIA-v1 Columbia DSO NIST IMD Average
Methods
F1 ToU F1 loU F1 loU F1 loU F1 loU F1 ToU
Baseline 0.519 0.4755 0.7777 0.7256 0.3407 0.2332 0.3006 0.237 0.418 0.334 0.4712 0.4011
Baseline+HSA 0.5304 0.4882 0.7978 0.7573 0.3398 0.2332 0.3034 0.2323 0.4181 0.3346 0.4779 0.4091
Baseline+MCFM 0.5289 0.4897 0.7792 0.7362 0.3569 0.25 0.3105 0.2438 0.4251 0.3412 0.4801 0.4122

BaselinetHSA+MCFM  0.532  0.4909 0.7979 0.7525 0.3487 0.2427 03128 0.2435 0.4296 0.3426 0.4842 0.4144
T - BRI ASE B A S AR A SR LU 7 A iy

MEEZ T, MCFM 7 R B R 25, JUHAE H A8 o RGB 5 SRM £ &R [H] [ 1& v AU . — & 6 i
J7 Ta] M IR 378 8 K4 4 (4n NIST16.DSO) |- Hi % i}, 4% 57 25 T HSA PG oik 5 MCFM B LR

7 1] JE 5 B RS T4 AT 4R R A BGIE bR SCHE SCHIE N S RUESEG R R R I,
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AT Rl 35 R3] 5651 4% 1] —3 2 B A i)
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IoU ¥R ILL R T HER A B F 3 W
ByEsE B X PO HSA FEARE i S A
Pyl e AR SRR T h & SimiE sk 2
it 2 B 5 5 A SO HSA BUE p(s, C
| F) B A A o tEAh, AU MCFM (Baseline+
MCFM) B}, NIST16 5 DSO 325 K, 5031E 1 414
KBS TR BB MRS L & S IR )8 RGB 5
SRM —Z i X 5
3.3.2  HSA 4 BRIl

S B IE T £ HSA X 28 8 v B B )
] BRSNS AN AR, AR SCHE AR [ BL3 3 HE A HE 48
T AT R e I Rl oK HSA AN E S
Baseline+HSA fREF—2 (B0 F56 3 MM 2 )5 ) , IF
53 A P 8 M3 /7S B) T B O BEE SEVECA 5
CBAM X iz o & AT &4 . BRI NI 45050, A
X HE AR 341 R R AR [RI)IT R 46 AR TR] i A 53 B 2325 4
[ AL S BT I 2R 500, DA iR FL A 52
IRZE R 4 FR .

ARG R E AT B 1598 Y Base-
line AH HE , 51 AT B B BRI A o ok — 1 45
Ul I B AT 55 v S PRI R B 5
AN TRVRBE B 3 45 B AR 0 22 5 . BRI
HSA 76 5B B3t RE it , 18 21 Aver-
age F1=0.4842. Average IoU=0.4144, 1 T SE
(0.4752/0. 4077) . ECA (0. 4803/0.4116) 5 CBAM
(0.4839/0. 4134) . X —Z5 5L R AW 738 18 AR

FE (SE/ECA ) ol fi] L1925 [] - 3l 18 H 1715 5% (CBAM)
ATHAS JE ARG 220 ) 2540 S + MRS G A% AL )
g B 55 5% 25 0E 3, T HSA #9430 223 0] - M iEFE G
ML BB S S5 A 8 SCR OGP I3 5 5 B ek
— G -

S BAEREEATHE— 4R T HSA BRSOk .
TE 1 F 0308 55 W R 45 1 B 3 A LAY Y Columbia
BEAE | HSA 353 F1=0. 7979 . 1oU=0. 7525, #H It
SE(0. 7769/0. 7375) 5 ECA (0. 7879/0. 7437) %145 4
T 76 B AR AL B i 55 5% 25 R B NIST16 I+,
HSA 3k 15 F1=0.3128. loU=0. 2435, [&] ¥ {i T SE
(0.3031/0.2357)-, ECA (0. 3084/0. 2404) 5 CBAM
(0.3094/0.2351), fE IMD |, HSA tBHUS 5 Fl=
0. 4296 .10U=0. 3426, &I 1 HAF Z AR s SR A
U N ISRz ARE ) . T B UL RS AR LAY
5% 2 3h 5 L ) DSO F, ECA/CBAM Y F1
5 ToU W5 F HSA 3% 5 DSO kA 7 i) £l 35 5
5 X 227 [n] EERD 5 B B Al A (MCFM) B AUk
A RE s — B0 AN A B B2 0 25 5 R IR, HSA
AL T RS E T — S AR 25

AR SC AT DLIERA - HSA JF IR 58 10 3 ki
(SE/ECA/CBAM) 1t faij B2l £, Huil i 43 J2 IG5 4
B2 () 45 40 S5 5 30 38 R 7R e RS L RS 5 A 4L
H PR 2 R LI S sk 22 5 %, T e B AR
b5 5 50 H A P v o TR Y B T L A S 2
MCFM Fy A5 [ 35 7 gl 4 AL B m] & Y BUUE R A1
FEfl

F4 ZHEFENESREBRNER SN (SE/ECA/CBAM vs HSA,F1 5 IoU)
Table 4 Replacement ablation of attention modules (SE/ECA/CBAM vs proposed HSA ) in the same insertion position (F1

and IoU).
CASIA-v1 Columbia DSO NIST IMD Average
F1 loU F1 loU F1 F1 ToU F1 loU F1 loU
Baseline 0.519 04755 0.7777 0.7256 0.3407 0.2332 0.3006 0.237  0.418 0.334 0.4712 0.40106
+SE 0.5332 0.4914 0.7769 0.7375 0.3434 0.2383 0.3031 0.2357 0.4196 0.3357 0.47524 0.40772
+ECA 0.5156 04757 0.7879 0.7437 0.3608 0.2556 0.3084 0.2404 0.4289 0.3428 0.48032 0.41164
+CBAM  0.5302 0.4899  0.7953 0.7503 0.3606 0.2524 0.3094 0.2351 0.4241 0.3392 0.48392 0.41338
+HSA 0.532 0.4909- 0.7979 0.7525 0.3487 0.2427 0.3128 0.2435 04296 0.3426 0.4842 0.41444

3.3.3 HSA 52y it o &
Ry BB A A AS R 2 T AL e Bl X

AUk BRSS9 X6 3 T 0 8 5 I R i SO 2R AT R
PALRE R . BARTI S 7E 5 ARSI — S E T
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Fig. 5 Visualization comparison of attention responses for different modules
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RGB i A5 55 SRM M GE i3k 22 18] By P13 [ 5
F, 0 e SR A B A DI o B A3 O el B A
(X

&5 MCFM SFHMHmMIE . AR X BREZXESBEM1E

itk — 25 ELULAr BT MCEM 78 AN [7] X358 %] 22 452
SRR ATAT N, T = TR L A A 2 A
BEAT AT

YR ERSTHT (F1 5 ToU)

Table 5 Structural ablation of MCFM : contributions of directional modeling, cross—modal interaction, and adaptive gat-
ing (F1 and IoU).

casial columbia DSO NIST IMD Average

f1 iou f1 iou F1 iou f1 iou f1 iou f1 iou
al 0.5222 0.4821 0.7851 0.7384 0.3342 0.2396 0.3004 0.2348 0.4172 0.3339 0.4718 0.4058
a2 0.5295 0.4882 0.7905 0.7478 0.3345 0.2397 0.3048 0.24 0.4216 0.3391 0.4762 0411
dir_only 0.5202 0.4806 0.7853 0.7343 0.3458 0.2434 0.3037 0.2342  0.4205 0.3333 0.4751 0.4052
no_gate 0.5317 0.4904 0.7985 0.7574 0.3053 0.2084 0.2984 0.2335 0.4152 0.3326 0.4698 0.4045
xattn_only ~ 0.5318 0.4905 0.7909 0.7466 0.3475 0.244 0.31 0.2418 0.4268 0.3409 0.4814 0.4128
full 0.532 0.4909 0.7979 0.7525 0.3487 0.2427 0.3128 0.2435 0.4296 0.3426 0.4842 0.4144

3.3.5 MCFM BB A b W T ik
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Bt LARH [] A 2200 €, e 55 5 35 Y 82 2 508 n 1) )i [
by DT S AN [] 25 TR A B 9 o A R A 118 A X
DTHR
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BNAT 5300 A iy ARG LB RS A5 S0 45 2R
RGB 7 TR EZ INE 5 SRM 43 3 [ T GE &
Il Br A BRI ER AR R A — b 5 T iie =
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AL, FTLAMER S MCFM (A 4317 52 30 B
3P 25 8] 3 R A B X el S 0 A
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Ko MCFM S [ 1 B 147 A al il Ak
Fig. 6 Visualization of cross-modal adaptive gating weights in MCFM
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FAR BB AE U 5 WhatsApp 257 18] P 5 46
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JPEG T 4ty S B 7K S /3 B 7 1 30405 S AT 4 B3 et
Xt FR R Bl K B 1) A 2 T ) 5 T A 1T 4 L
WAE 7 T R AE 0 40 DRI 1 sl 8 o M s 4 2 P AL
i R Dy [ Dl AN 38 A0 s B 2 A R AT
REAERr R E AL AE T . X R DA-CMTL AU AESE
R T A S, T RENSIE N OSN &4k
% T UL 4 7 1) B B 2 Sk, S A B s
HRPR AL T O S

F6 AT MEHNEREITHER(F1), HIBEH EEZE Facebook (Fb) . Weibo (Wb) .WeChat (Wc) #1 WhatsApp
(Wa),
Table 6 Robustness evaluation results on social networks (F1). The datasets were uploaded to Facebook (Fb), Weibo
(Wb), WeChat (Wc), and WhatsApp (Wa).

CASIA-v1

Columbia

DSO NIST16

Average

Methods

Fb Wb We Wa Fb Wb We¢ Wa

Fb Wb We¢ Wa

Fb Wb We¢ Wa Fb Wb We¢ Wa

MVSS—net 0.6910.689 0.69 0.6850.387 0.409 0.248 0.359 0.277 0.258 0.214 0.181 0.264 0.251.0.212 0.165 0.309 0.306 0.225 0.235

OSN 0.714 0.724 0.727 0.727 0.462 0.466 0.405 0.478 0.447 0.370 0.366 0.341 0.329 0.294 0.286 0.313 0.413 0.377 0.352 0.377

EITLNet 0.7550.75 0.7520.758 0.47 0.4550.46 0.4650.41 0.4050.4120.408 0.34 0.338 0.3420.339 0.407 0.399 0.405 0.404

DA-CMTLO0.8 0.7990.7990.8 0.5050.52 0.5150.5120.46 0.4550.4620.458 0.355 0.353 0.356 0.354 0.440 0.443 0.444 0.441

T AR B A B A5 SR LU 7 (A i1y

3.5 HRELE

W 7 s, DA-CMTL 15 AR50 e R v e 110
[l B (BT B0 SR RCR . T
PERE R R 1Y TruFor, 764 AU 25 43 HE4 (512%512)
™, B8 N 68.TM [ E 60.01M, i1 & & M
236. 5G KR 48. 556G, iHE I8/ 75%.

5 [ 43 B % 09 A g 3% (MVSS: 147. 0M/
167.0G; CAT-Net: 114.0M/134.0G; EITLNet:
75. 18M/62. 32G) M b, DA-GMTL 76 B U &5 R i 55
HEFRROR A E B B A B SRR A PR
(256x256) 1 % & 9 B & (ManTraNet: 3. 9M/
274.0G; PSCC-Net: 3. 7M/45. 7G) A It , DA-CMTL 1
FETT AR S FRAE BE ) 22 B A5 B AP

®7 5SOTAREESHFLOPs Li#t1TILER
Table 7 Comparison with state—of—the—art models in

terms of parameters and FLOPs.

Method Size Parameter FLOPs
ManTraNet 256x256 3.9M 274.0G
PSCC—Net 256x256 3. M 45.7G
MVSS 512x512 147.0M 167.0G
CAT-Net 512x512 114.0M 134.0G
Trufor 512x512 68.7M 236.5G
EITLNet 512x512 75.18M 62.32G
DA-CMTL 512x512 60.01M 48.55G
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Fig. 7 Qualitative comparison of tampering localization results produced by different methods. Some existing methods exhibit
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