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ABSTRACT Image harmonization is 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. Image harmonization has emerged as a significant research
area 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 in both academia and industry. The primary challenge in this research area is the development of image
harmonization methods that achieve local content integrity and global style consistency. Traditional image harmonization methods rely
primarily 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, which leads to a lack of realism

owing to inconsistencies between content and style. In recent years, harmonization methods based on deep learning have achieved
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significant progress. Pixel-wise matching methods utilize convolutional encoder-decoder models to learn the transformations from
background to foreground pixel features. However, because of the limited receptive fields of convolutional neural networks (CNNs),
these methods primarily use local regional features as references, which makes it difficult to incorporate the overall background
information into the foreground. In contrast, region-based matching methods treat the foreground and background regions as two
different styles or domains. Although these methods achieve global consistency in harmonization results, they often overlook the spatial
differences between the two regions. Breakthroughs in state-space models (SSMs), particularly the Mamba model based on the selective
state-space model, have brought about significant advancements. The Mamba model utilizes a selective scanning mechanism to achieve
linear complexity in capturing global relationships and demonstrated excellent performance in a series of computer vision tasks.
However, the Mamba model cannot maintain spatial local dependencies between adjacent features and thus lacks local consistency. In
this study, we draw inspiration from the operational methods of CNNs and transformer models as well as introduce global and local
features into the Mamba model to establish 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 a local feature sequence extractor (LFSE) and global feature sequence extractor (GFSE). The
LFSE preserves the locality of adjacent features in high-dimensional arrays to explicitly ensure consistency among spatially neighboring
features along the channels and thereby guarantee the local content integrity and consistency of the harmonization results. In contrast,
GFSE compresses features across all spatial dimensions to maintain 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 image
harmonization tasks. On the iHarmony4 dataset, our model achieved a PSNR value of 39.76 and exhibited excellent performance on real
scene data. In summary, the proposed GLIHamba model provides a novel solution to the challenges of image harmonization by
integrating global and local context awareness and thus achieves superior performance compared with existing methods.

KEY WORDS image harmonization; selective state-space modeling; image editing; mamba model; global-local feature extraction
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B U 2R RS R 4Y, 65742 411 T4k, 7404
TR, I, R 7 5 UE AR SOy e Bt
WA RO, A SR 100 gk LS b B A A
Bin A eI 2B HE A2 i CDTNet™ A JF.
42 KWIEZE

ASCLL Adam 028 SR U AR, S H800 =
0.9, £,=0.999, i 4Lt 200 4> epoch. ¥ & ¥] 1 2% > K
h 107, FER R B p=0.5. A SCHI VI 2B A 5 K P
B 7 R AL R /0N 38 59 ke 3 i B RY B v Ak R g, OF
W A A RS 8 8 3] 256%256. I Ah, AR SC I 52
AT AT G A CUDA WA 11.2, IR
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JE25 2 T LI PyTorch WA A 3.8.2, 7E 4 K Nvidia
GTX 3090Ti GPU L #1711 %k.
43 IttEAESIENIERR

A KT H T EE A 4G : DoveNet!!*, RainNet!'”, D-
HT"®, HDNet!"”, GKNetP®, H, D-HT £ 5T Trans-
former 177 1, AR HLT CNN J7 ik, PFAh 48
bR FH ¥ /712 22 (Mean square error, MSE). Hij 5% )
JiiR% (fore-ground MSE, fMSE) FlE(E{EME L (Peak-
signal-to-noise-ratio, PSNR) >k T fili 7 SC 1% 5 14 fiE .
MSE 7857 bl & 7 8 A0 A A R R 18
P22, 1M IMSE {53 11 5% X 3k MSE, s & 78

T 5 DXIUR RN AR 1 0T X R R b ) 4
AT . o, MSE I fMSE {iii/]\, PSNR
H AR, AARBAE RE R Gr.
44 XTLEELIRLER
441 SERSH

VRN T ARSI 5 KGR AL 888 Aif v
J5 ¥ 0 28 R He g . 3 b i i B R R B
g5 AT LA B, AR SCH 5 E HCOCO . HAdobeSk
HFlickr DA KX 50 ¥ 4 B 45 1 bt 1 26 b HoAl 1y
T g R, o e B K5 e h 52 8L T PSNR 45
Fr 0.2 dB, MSE #8 %5 1.32 £ 12 Tt

# 1 iHarmony4 $EEEXT 45 R

Table 1 Quantitative comparison across four sub-datasets of iHarmony4

HCOCO HAdobeSk HFlickr Hday2night All

Models
MSE PSNR MSE PSNR MSE PSNR MSE PSNR MSE PSNR
Composite 69.37 33.94 345.54 28.16 264.35 28.32 109.65 34.01 172.47 31.63
DoveNet 36.72 35.83 52.32 34.34 133.14 30.21 54.05 35.18 52.36 34.75
RainNet 29.52 37.08 43.35 36.22 110.59 31.64 57.4 34.83 40.29 36.12
D-HT 16.89 38.76 38.53 36.88 74.51 33.13 53.01 37.10 30.30 37.55
HDNet 15.59 39.49 22.67 38.56 63.85 33.96 35.92 38.11 23.42 38.58
GKNet 12.95 40.32 17.84 39.97 57.58 34.45 42.76 38.47 19.90 39.53
Ours 12.05 40.35 16.53 40.23 56.29 34.56 43.27 38.05 17.58 39.76

Note: bold and underline indicate the optimal and suboptimal results, respectively.

R, 2% 2 R T R[E H B (0 ~ 5%, 5% ~ 15%,
15% ~ 100% ) [ 1 5t 7 Fe 948 b5, o] DL 2R SCI)
IFEW IR BN T Fe gt R 7E = A Fe 21 A K e Ak
FEME T, MSE 3 5487 T 0.61. 1.43, 6.41, 5.84,

fMSE 43 5 #2 F+ T 21.9. 50.08. 35.47. 42.28. iit B
AR S 75 78 iharmony4 ¥ 4 [ B 495 B9
SR, OF FLAERT 5 & HR AR B i, B AR
(2R B, Uh WA S 7 1 B TR A ) B R 1

2 £J7iEAE iHarmond BUEAE R RIRGT S &5 LAY MSE 1 fMSE 545

Table 2 Quantitative comparison of foreground ratios of iHarmony4

Ratio range 0-5% Ratio range 5%—15% Ratio range 15%—100% Average
Models MSE fMSE MSE fMSE MSE fMSE MSE fMSE
Composite 28.51 1208.86 119.19 1323.23 577.58 1887.05 17247 13873
DoveNet®*) 14.03 591.88 449 504.42 152.07 505.82 52.36 549.96
RainNet?*"! 11.66 550.38 32.05 378.69 117.41 389.8 40.29 469.6
HDNet"! 5.95 230.75 20.32 265.31 68.95 318.15 23.42 258.8
Ours 5.34 208.85 18.89 215.23 62.54 272.68 17.58 216.52

Note: bold and underline indicate the optimal and suboptimal results, respectively.
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Fig.3 Qualitative comparison of iHarmony4
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Fig.4 Visualization of real-world images
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TEAR T 19 45 B FUBE A PN A7 75 2K

i 2¢ 3 AJ 1, A kb T RainNet F1 HDNet, A< 3¢
i B Z MR S8, K2R TIAT
A T S 6 4 E 4 R 3 Y . {H 2 i F HDNet
SIATHEGR, HititE s s, Mk FiF
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= B A T A R

R3 IR

Table 3 Complexity analysis experiments

45 HELXWER

T B IE AR SCHE HY 9 GLIHamba #5578 (1) 4 5%
P, A8 SCHE iharmony4 £ 45 5 I A4 3 1 TH Al SE 5
iR 4 Fros. Horh s —47 8o 5 A Al
1% 5 52 MG 1Y 2218 ; R 2R 45 7Y ( Baseline ) SR FH
HABEFRY Unet B8, 78 LR [, +VSS Block 37w
# mamba Y VSS He 5 # Unet H A& ; +MLG-
VSS M J2 7 i i By Befdi T MLG-VSS By 56 4%
ROARTR . iy % 4 B] 0, YL BRI N T VSS Block
J& s A B4 1 MSE fHFE K T 12.2, PSNR fH #
F T 2.07, I H A& FH G4 19 MSE {H 347 AR,
PSNR {8 ¥4 £ 7, F B VSS Block 7 % 1) 4> 7l 5%

Models GFLOPs Parameters/10° Inference time/ms N o
RMHEBE 7, RENE— a2 FE B A0 4R TH AR Ak B R
RainNet 3.80 54.75 12.06 N . L
PE—2, IR T MLG-VSS J&, i H F S L B AL,
HDNet 48.05 10.41 15.08 A
AR 4R 19 MSE {H IR T 34.78, PSNR {E 2 T}
D-HT 120.10 89.42 20.45 N 5
T 5.01, KB T 39.76. R WA SCHE H 1Y SR A
Ours 14.86 64.20 19.67 Vi ok - . TR a
NSO RS B AR T R R AR AT 55 Y ASOR.
R4 HASIREER
Table 4 Results on ablation study
HCOCO HAdobeSk HFlickr Hday2night All
Methods
MSE PSNR MSE PSNR MSE PSNR MSE PSNR MSE PSNR
Composite 69.37 33.94 345.54 28.16 264.35 28.32 109.65 34.01 172.47 31.63
Baseline 36.72 35.83 52.32 34.34 133.14 30.21 54.05 35.18 52.36 34.75
+VSS 29.52 37.08 43.35 36.22 110.59 31.64 57.4 34.83 40.16 36.82
+MLG-VSS 12.05 40.35 16.53 40.23 56.29 34.56 43.27 38.05 17.58 39.76

Note: bold indicates the optimal value.
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