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Abstract: Image harmonization occupies an important position in image processing. It aims to adjust the foreground
appearance, e.g., illumination, color, texture, etc. , to be visually consistent with the background. However, existing deep
learning-based methods usually use the feature distribution of the overall image background as a cue to adjust the fore-
ground, without focusing on the critical role of semantic information for foreground alignment, resulting in local areas in the
foreground to appear visually different from the background. To this end, based on the multi-resolution selective fusion
module (MRSFM) and the lightweight convolutional block attention module (CBAM), this paper designs a multi-resolution
selective fusion module based on dual attention mechanism (MRSF-DAM), which makes the final output feature map rich
in semantic information, thus guiding the network to better understand the correlation between the foreground of an image
and its surrounding scene, more enabling the network to fully obtain the various information needed to coordinate the fore-
ground from the background, and eventually reducing the visual discrepancy between the foreground and background re-
gions of an image. In addition, this article designs a new network architecture to selectively fuse the shallow and deep fea-
ture information. By multi-scale fusion and enhancement of the output feature maps of the first six network layers of the de-
coder and MRSF-DAM, the generated enhanced feature maps are fed into the final layer of the decoder, which can alleviate

the problem introduced by skip connections of the unrelated features to the foreground,and besides, it reduces the loss of
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spatial feature information caused by multiple downsampling of the decoder, further improving the authenticity of the gener-

ated harmonized images. A large number of experiments were conducted on the widely used iHarmony4 benchmark dataset

to verify the effectiveness of our method. Compared to the latest method SCS Co (Self Consistent Style Comparative learn-

ing for image harmonization), this proposed method improves the mean squared error (MSE), foreground mean squared er-
ror (fMSE) and peak signal to noise ratio (PSNR) of the entire dataset by 4.28, 61.97, and 1 dB, respectively.
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L 45 Y “IMRSF-DAM-GCT” , K=1 {3 B3 S 458 |
K=2REAR . WNERATUEH, =S54

Ay 0 0. 5 A BRI 45 M) 149 2 A AR AR S 114 o 255 A5 BN
JE , RN 2 73 R R A S8 L RO 22, B8R i
BT BES A M 4 TUA R BN, $8 2=k R 2% e i
HRIER.

T8 Ao o BE R SR B UE 1 AR SCRT O AR A IR R
P Al SR A Y

FR3 ARERTE iHamony4 MK & _EHIE B SIE

Dataset HCOCO HAdobe5k HFlickr Hday2night Average
Metric PSNR | MSE | fMSE | PSNR | MSE | fMSE | PSNR | MSE | fMSE |PSNR | MSE | fMSE |PSNR | MSE | fMSE
baseline 38.25(20.13 | 341.02 | 36.78 [ 30.02 | 215.91 | 32.40 | 88.81 | 588.44 | 37.21 | 47.14 | 711.45| 37.15 | 31.18 | 338.84
MRSF-DAM 39.59 | 14.71 | 239.32 | 38.75 | 19.49 | 145.35 | 33.93 | 62.90 | 406.06 | 38.13 | 34.13 | 565.34 | 38.69 | 21.84 | 236.41
MRSF-DAM-GCT 40.02 | 12.87 [ 220.96 | 39.19 | 16.17 | 128.53 | 34.24 | 55.88 | 373.93 | 38.09 | 37.25 | 531.63 | 39.10 | 19.08 | 216.68
iMRSF-DAM-GCT 40.74 | 11.16 | 201.96 | 40.08 | 12.74 | 92.56 | 33.92 | 55.36 | 307.97 | 39.15 | 38.13 | 479.70 | 39.75 | 17.05 | 186.89

F4 FRREFHITHEEFE iHamony4 Mk 55 LAY B S0I8
Dataset HCOCO HAdobe5k HFlickr Hday2night Average

Metric | PSNR | MSE | fMSE | PSNR | MSE | fMSE | PSNR | MSE | fMSE | PSNR | MSE | fMSE | PSNR | MSE | {fMSE
K=1 39.88 | 13.52 | 249.38 | 39.34 | 15.34 | 107.98 | 32.93 | 6591 | 382.80 | 39.55 | 33.66 | 441.71 | 38.49 | 20.27 | 226.51
K=2 | 40.74 | 11.16 | 201.96 | 40.08 | 12.74 | 92.56 | 33.92 | 55.36 | 307.97 | 39.15 | 38.13 | 479.70 | 39.75 | 17.05 | 186.89
K=3 39.84 | 13.98 | 253.85 | 39.33 | 15.23 | 108.87 | 33.01 | 66.06 | 374.04 | 39.22 | 34.53 | 439.74 | 38.92 | 20.54 | 228.33
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