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ABSTRACT  Image harmonization, a technique that ensures the consistency and coordination of appearance features such

as lighting and color between the background and foreground of a composite image, has emerged as a significant research
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direction in the field of image processing. With the rapid development of image processing technologies in recent years, it
has gradually become a focal point of attention for both academia and industry. The main challenge in this research area lies
in developing image harmonization methods that achieve local content integrity and global style consistency. Traditional
image harmonization methods primarily rely on matching low-level features, such as gradients and color histograms, to
maintain good color coherence. However, these methods lack semantic awareness of the contextual relationship between the
foreground and background, leading to a lack of realism due to the inconsistency between content and style. In recent years,
harmonization methods based on deep learning have made significant progress. Pixel-wise matching methods utilize
convolutional encoder-decoder models to learn the transformation from background pixel features to foreground pixel
features. However, due to the limited receptive field of Convolutional Neural Networks (CNNs), these methods primarily use
local regional features as references, making it difficult to incorporate the overall information of the background into the
foreground. On the other hand, region-based matching methods treat the foreground and background regions as two different
styles or domains. While these methods achieve global consistency in harmonization results, they/ofteinoverlook the spatial
differences between the two regions. The breakthrough of State Space Models (SSMs), particulatly‘thedMamba model based
on the Selective State Space Model, has brought about significant advancements. Mamba, utilizés a selective scanning
mechanism to achieve linear complexity in capturing global relationships and has demonstrated excellent performance in a
series of computer vision tasks. However, the Mamba model cannot maintain the spatial local dependencies between adjacent
features, thus lacking local consistency. In this paper, we draw inspiration from the operational methods of CNNs and
Transformer models and introduce global and local features into the Mamba medel,/establishing an image harmonization
model with global-local context awareness. Specifically, we propose a novel learning-based image harmonization model
called GLIHamba (Global-Local Context Image Harmonization based on 'Mamba). The core components of GLIHamba
include the Local Feature Sequence Extractor (LFSE) and the Global Feature Sequence Extractor (GFSE). The LFSE
preserves the locality of adjacent features in high-dimensional/arrays, explicitly ensuring consistency among spatially
neighboring features along channels. This guarantees the local’content integrity and consistency of the harmonization results.
On the other hand, the GFSE compresses features across all,spatial dimensions, maintaining the overall style consistency of
the image. Our experimental results demonstrate that the proposed GLIHamba model outperforms previous methods based on
CNNs and Transformers in the image harmonization task. On the iharmony4 dataset, our model achieves a PSNR value of
39.76 and exhibits excellent performanceionrreal-scéne data. In summary, the proposed GLIHamba model provides a novel
solution to the challenges of image Harmonization by integrating global and local context awareness, achieving superior
performance compared to existing methodss

KEY WORDS Image harmonizatien;y Selective state space modeling; Image editing; Mamba Model
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AR AL R BENL /N BT R B AR AL vz Ak e 77, IR 4 N UG R <3 3 256x256. LAk, AR
[{)SE 86 3R 154 PyTorch=3.8.2. CUDA=11.2 1 4 5K Nvidia GTX 3090Ti GPU.
4.3 e ESFNERR

1 iHarmony4 BUBEXTHLER
Table 1 Quantitative comparison across four sub-datasets of iHarmony4

HCOCO HAdobe5k HFlickr Hday2night All
MSE PSNR MSE PSNR MSE PSNR MSE PSNR MSE PSNR
composite 69.37 33.94 34554 28.16 26435 2832 109.65 34.01 17247 31.63
DoveNet[14] 36.72 35.83 5232 3434 133.14 30.21 54.05 3518 5236 34.75
RainNet 29.52 37.08 43.35 3622 110.59 31.64 57.4 3483 4029 36.12
D-HT 16.89 38.76  38.53 36.88 74.51 33.13 53.01 37310, _ 3030  37.55
HDNet 15.59 3049 22.67 38.56 63.85 3396 3592 38%1V /2342 38.58
GKNet 12.95 40.32 17.84 3997 57.58 3445 42.76/ 3847~ 1990 39.53
Ours 12.05 4035 16.53 40.23 56.29 3456 43.274.88.05 17.58 39.76

Note: bold and underline indicate the optimal and suboptimal results, respeéctively,

Sub-datasets

R2 {IFTFELE iHarmond BIRE P A FEHI R L EIMSEFD FMSE 384R

Table 2 Quantitative comparison across foreground ratios of iHarmony4

, 0%~5% 5%~15% 15%~T00% Average
Ratio-range

MSE|  fMSE| MSE| fMSE|,. MSEy~ fMSE| MSE| fMSE|
Composite 28.51 1208.86 119.19  1323.23//577.58  1887.05 17247  1387.3
?OV"N“[M 14.03 591.88  44.9 50442/ 152,07 50582 52.36 549.96
RainNetErr

or!

Reference 11.66 550.38 32.05 378.69 117.41 389.8 40.29 469.6
source not

found.

HDNetErro

r!

Reference 5.95 230.75 20.32 265.31 68.95 318.15 2342 258.8
source not

found.

Ours 5.34 208.85 18.89 215.23 62.54 272.68 17.58 216.52

Note: bold and undeklinevindicate the optimal and suboptimal results, respectively.

AT E4E: DoveNet!!4], RainNet[!S], D-HT!7, HDNet(!¢), GKNet3s, HA1, D-HT
LT Transformen 7515, HRBYET CNN 77k, PG bRR 3577 1% 22 (Mean Square
Error, MSE). R 537 1% % (fore-ground MSE, fMSE)FII&{E 5 ¥ Lt (Peak-Signal-to-Noise-Ratio,
PSNR)R VAl A SO Mg . MSE Aot il & 78BN R E T T AR R PR 2%, 1 IMSE 4t
AT S X MSE,  BEINE & £ St IXIBUR AR IGO0 X R ANE AL 1) 25 LS gk A7 1
Hr, MSE fil fMSE {8/, PSNR {HK, fRFRMAMERE AT
4.4 ¥TEESCIGEER
441 ZE T

R 1BR T A5 BUG AR AT S ik e | b . /b iUk B 2 R oR et 2
B ATLUER], BAIMITIEE HCOCO. HAdobeSk. HFlickr LA $dli 4 A g i) il 7R p 1
i Tk aE R, KA AR 4R SeBl T PSNR $54% 0.2db, MSE #8545 1.32 227t .
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Fig.4 The visualization on real-world images.
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4.4.2 EVESHT

T P BB ARSI OV ERIA R, A5 B E R T iHarmony4 £4 45 A B SL ) s AR 4R
ARtk g R, Wl 3 I 4 Fos. Hor, 7EE 3, g s A A R NGRS, JRTRN S
143 €7~ T DoveNet. RAINNet. HDNet. ASCHEH 5, UUKESZE A, aJLLER], AT
THREAERBARIN L BA A — 3. 72 4, AT SRR G & AR, SR 3 517053
9 RAINNet. HDNet LA RIRATVERISE R W8 ZATR S B AT, AT 720 E R
A HEIFHIANI 2, BB IRA TR B A GLIHamba #5RY7E G ANEAAT 55 B F B2 s B/, s
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Table 3 Complexity analysis experiments

B FLOPS(G) BHUL(M) HEER (i](us)

RainNet 3.80 54.75 12,06
HDNet 48.05 10.41 15208
D-HT 120.10 89.42 20,45
Ours 14.86 64.20 19.67

4.4 3 [ B et

N1 BRI AR A B AR, A = AT AR R B VPl . 1 B SR IE(FLOPs).
BRI SEA AN A 5. FLOPs &M s AT 5 S8 FE N B EEFR b, T A5 2 240080 A A7 o5 T 23l
PEAL T 1 285 IR RIS AN A A7 75 K

HHEE AT A1, AHEET RainNet il HDNet, AACHHe H M EAH 2 KBNS, K2l TN T
PR S SR E AR SR AR I ) o (HJ2 HH T HDNet G| N T sh&E, Bt A ER . M TR T
Transformer ) D-HT #28Y, ASCHIZHEATHE 4 B 1 R0

R4 HEBESR
Table 4 Results on Ablation Study

HCOCO HAdobe5k HFlickr Hday2night All
MSE PSNRA.YMSE PSNR MSE PSNR MSE PSNR MSE PSNR
composite 69.37 33.94™ 34554 28.16 26435 2832 109.65 34.01 172.47 31.63
Baseline[14] 36.720 /3583 5232 3434 133.14 3021 54.05 35.18 5236 34.75
+VSS 29:52 37.08 4335 3622 110.59 31.64 57.4 3483 40.16 36.82
+MLG-VSS / 12.05° 4035 16.53 40.23 56.29 34.56 4327 3805 17.58 39.76

Note: bold indicate the optimal value.

Sub-datasets

4.5 JHRASCIGEER
N T IRAIEAS SR H ) GLIHamba #5578 (G 201, A SCAE iharmony4 $ds 85 B A2 1V mhs2 a6 .

SRR 4 . B AT AR T A BIERB S BSL BB ZE(E; HELB8 (Baseline) K H

i BRI Unet #5781, 7E LR |, +VSS Block # 75K mamba [ VSS Be# e Unet 35 AR B
+MLG-VSS NE /RGBT 7 MLG-VSS SR 5E BT . R 4 A5, MR T

VSS Block J&, #EANHIEHER MSE KT 12.2, PSNREHETHT 2.07, I HEANTHIEHEM
MSE {46 BE%, PSNR AT, %M VSS Block K14 5o RMEAE J1, Rel— BRI
RIFEWRIRR . 25, W7 MLG-VSS J&, M TREHRL, #AKdE4E R MSE {H (K
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