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Abstract: Objective Image colorization refers to the process of predicting plausible colors for each pixel in a grayscale
image, with the goal not necessarily being an exact restoration of the original color. Given that the same object can often be
assigned different colors, colorization inherently exhibits multimodal characteristics. This complexity presents challenges
for researchers and sustained interest in the field. As an important direction in computer vision, image colorization has
gained considerable attention, particularly with the advancements in deep learning. Traditional colorization methods often
rely on user input, such as scribble-based or reference image-based techniques, which, while effective, are hindered by
limitations such as the inability to handle batch processing and extended processing times. To address these issues and

reduce manual intervention, deep learning techniques have propelled the development of automatic colorization. Fully auto-
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matic methods, which eliminate the need for user interaction, can efficiently colorize images; however, challenges includ-
ing the accuracy of color restoration and the preservation of image details remain. Deep learning approaches, particularly
those based on convolutional neural networks and generative adversarial networks, have demonstrated improvements in col-
orization performance but continue to face issues such as insufficient semantic understanding and blurred details.
Recently, Transformer models have shown promise in image colorization tasks by leveraging their ability to capture long-
range dependencies, further enhancing results. However, existing methods still struggle with challenges such as color
bleeding and loss of detail clarity, especially in highly detailed images. Achieving fully automated, natural, and plausible
colorization remains an ongoing research challenge. Method In this study, we propose an end-to-end grayscale image color-
ization method utilizing encoder-decoder architecture for fully automatic colorization. Given an input grayscale image, the
network predicts the chrominance channels in the CIELAB color space to generate a colorized image. The encoder employs
ConvNeXt to leverage its multiscale semantic representation capabilities, effectively extracting high-level semantic features
from the grayscale image. Multiscale feature maps are passed from the encoder to the decoder through convolutional connec-
tion layers, progressively restoring the image’s spatial resolution. These feature maps are then fed into the color prediction
network, where a pixel enhancement block (PEB) refines the color predictions. The PEB is designed to focus on and
enhance specific regions of the image, improving color matching accuracy by utilizing convolutional layers and pooling
operations to generate spatial attention weights. These weights are element-wise multiplied with the original image,
enabling spatial enhancement and better capturing important regions for improved color precision. The color query block in
the color prediction network employs a Transformer-based approach, incorporating learnable color embedding memories
that store sequences of color representations. Through cross-attention and self-attention mechanisms, color embeddings are
progressively correlated with image features, reducing dependence on manual priors and improving sensitivity to semantic
information. This approach mitigates issues such as color bleeding. Furthermore, to enhance the learning of color informa-
tion and latent features from the grayscale image, the feature enhancement block generates attention maps using convolu-
tional operations with varying kernel sizes. These maps are fused with the original image through convolutional layers to pro-
duce the final output tensor. This methodology ensures effective reconstruction of color and structural information, thereby
enhancing the overall performance of the image colorization process. Result In the experiments, the proposed colorization
model was trained on the large-scale ImageNet dataset and extensively evaluated across multiple benchmark datasets,
including ImageNet (val5k) , ImageNet (val50k) , COCO-Stuff, ADE20K, and CelebA-HQ. The evaluation metrics
included Frechet inception distance (FID), colorfulness score (CF), and peak signal-to-noise ratio (PSNR) , which assess
the realism, color quality, and reconstruction accuracy of the generated images. The model utilized a pretrained ConvNeXt-
L as the encoder, paired with a multiscale decoder, and was optimized using the AdamW optimizer. All experiments were
performed on four Tesla A100 GPUs. Comparative results showed that the proposed method remarkably outperformed exist-
ing approaches such as DeOldify, Wu et al. , BigColor, ColorFormer, and DDColor, particularly in terms of color richness
and realism. Quantitative comparisons across five test datasets further demonstrated that the proposed model consistently
achieved the lowest FID scores, indicating superior image quality and strong generalization. Compared with the second-
best model, the FID is reduced by 0. 2, while the PSNR is improved by 0. 13 dB. While previous methods achieved higher
CF scores, a higher colorfulness score does not always correlate with better visual quality. Thus, the metric A CF was intro-
duced to measure the difference in colorfulness between generated and real images. The proposed method achieved the low-
est ACF scores across all datasets, reflecting its ability to generate more natural and realistic colorizations while preserving
image diversity. Given the subjective nature of image colorization, a user study was also conducted, showing that over 30%
of users preferred the colorization results produced by the proposed method. Additionally, ablation studies confirmed the
effectiveness of the model architecture in enhancing colorization performance. Conclusion The proposed colorization model
is good at capturing and reproducing the details and color relationships in the image, achieving high-quality colorization
results.
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Fig. 1 Image colorization via color query and feature enhancement
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Fig. 4 Comparison of visualization results on ImageNet testset( (a) input images; (b) DeOldify; (¢) Wu et al. ,(2021);
(d) BigColor; (e) ColorFormer; (f) DDColor; (g) ours; (h) ground truth)
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(¢) Wuetal.,(2021); (d) BigColor; (e) ColorFormer; (f) DDColor; (g) ours; (h) ground truths)
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Fig. 6 Comparison of visualization results on real old photos testset((a) input images; (b) DeOldify; (¢) Wu et al.

,(2021);

(d) BigColor; (e) ColorFormer; (f) DDColor; (g) SD+ControlNet; (h) ours)
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Table 1 Quantitative comparison of results on the ImageNet testset

ok S SEFTRL ImageNet (val5k) ImageNet (val50k)
(W) prp CF ACF  PSNR/AB  FID CF ACF  PSNR/dB
DeOldify 63.6 5 659 2129 1692 2411 387 2283 1626 2297
Wu ZEA(2021) 3109 9 595 3298 523 2168 362 3513 396 2181
BigColor 105.2 31 536 39.74 153 2124 124 40.01 092 2124
ColorFormer 44.8 40 491 38.00 021 2310 171 3976 067  23.00
DDColor 2279 19 392 3826 0.05 2385 096  38.65 044 2374
A 297.5 14 372 3828 006 2424 074 3898 030  23.84
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Table 2 Quantitative comparison of results on the COCO-Stuff, ADE20K and CelebA-HQ testset
N COCO-Stuff ADE20K CelebA-HQ
i FID CF  ACF PSNR/(dB) FID CF  ACF PSNR/(dB) FID CF ACF PSNR/(dB)
DeOldify 13.86 2499 13.25 24.19 1241 17.98 17.06 24.40 948 4393 1.18 25.20
Wu %A (2021)  13.97 2841 9.83 24.03 13.27 2757 747 22.03 9.05 45.15 0.84 24.51
BigColor 12.58 36.43 1.81 21.51 11.23 3585 0.81 21.33 7.48 45.92 0.46 24.14
ColorFormer 8.68 36.34 190 2391 883 3227 277 23.97 7.54 4243 0.32 25.62
DDColor 5.18 3848 0.24 22.85 8.21 3480 0.24 24.13 6.45 42.06 0.29 26.94
AL 4.76 38.12 0.21 23.92 7.15 35.06 0.20 24.94 576 4545 0.22 27.61
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Table 3 Ablation experiments (baseline-tiny )

Trik FID CF ACF PSNR/B
baseline-tiny 449 37.05 0.67 23.13
baseline-tiny + ColorQuery ~ 4.43 37.74 053  23.51
baseline-tiny +
ColorQuery}-,i-FEB 432 3828 0.49 23.84
VE ORI AR R 7R % 9 e (L 25

F4 HREASELE (baseline)
Table 4 Ablation experiments(baseline)

Jrik FID CF ACF PSNR/IB
baseline 3.92 38.26 0.05 23.85
baseline + ColorQuery 3.88 3827 0.05 2411
baseline + ColorQuery + FEB  3.72 38.28 0.06 24.24

T L PR R 8 R A2 2R
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Fig. 8 Comparison of visualization results of ablation experiment
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Fig. 9 Impact of different cycle time and query

time on model performance
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Fig. 10 Impact of semantic loss weight on model performance
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