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Abstract:

Automated image colourisation has gained importance with
the increasing need to restore and enhance large collections of
monochromatic media. Manual colourisation is time-consuming
and not scalable, while existing automated methods often struggle
with the ill-posed nature of the task, where multiple plausible
chrominance values may correspond to a single grayscale
intensity. Convolutional Neural Networks (CNNs) preserve local
texture details but frequently produce desaturated results in
large homogeneous regions, whereas Vision Transformers (ViTs)
capture global context but lack strong locality biases. This work
proposes a hybrid CNN-Transformer architecture that
integrates local feature extraction with long-range semantic
modelling to improve global colour coherence. The model
operates in the CIELAB colour space and is trained on a
120,000-image subset of the Places365 dataset. A composite loss
comprising L1, perceptual, and saturation-aware components is
employed to enhance chrominance richness and reduce
desaturation artefacts. Quantitative evaluation using PSNR,
SSIM, and MAE demonstrates that the model achieves
competitive performance in scene-based colourisation.
Qualitative assessment on both validation and unseen real-world
images shows that the system generates visually coherent and
contextually plausible results, with saturation-boosting
post-processing further improving perceptual vividness. Overall,
the hybrid architecture presents a robust and scalable solution
for automatic image colourisation.
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1. Introduction

The demand for automated image colourisation has
grown significantly due to the vast archives of historical black-
and-white media. Traditionally, this process required expert
artistic skills and significant time, making it unscalable for
large collections. While advancements in artificial intelligence
have introduced automated methods, many existing models
struggle with the "ill-posed™ nature of colourisation, where a
single grayscale pixel can correspond to multiple plausible
colours.

Convolutional Neural Networks (CNNs) excel at
capturing local hierarchies but often produce desaturated
results in large uniform regions like skies and oceans due to
limited receptive fields. Conversely, Vision Transformers
(ViTs) capture long-range dependencies but lack the inductive

biases for local detail preservation. This research contributes a
hybrid CNN-Transformer architecture to bridge this gap,
aiming to unify local fidelity with global colour coherence.
Unlike prior hybrid works such as ColorFormer [8], which
employ parallel cross-attention colour memory modules, the
proposed model adopts a strictly sequential encoder-decoder
design where CNN feature maps are passed entirely through a
Transformer bottleneck before decoding. This sequential
coupling, combined with skip connections and a composite
saturation-aware loss, constitutes the primary architectural
contribution of this work.

2. Related Work

Contemporary approaches to colourisation primarily fall

into three categories:

@ CNNs: Models like Zhang et al. (2016) [1] use deep
layers to learn mapping between intensities and
colour values.

@ Generative  Adversarial  Networks  (GANS):
Architectures such as Pix2Pix [2] and DeOldify [3]
use adversarial training to synthesise vibrant,
realistic images but are prone to mode collapse.

@® Transformers: Vanilla Transformers [4] and Swin
Transformers [5] (a summary of ViTs is shown in
Table 1) employ self-attention to model global
structures but are computationally intensive and
data-hungry.

Hybrid models represent the current frontier, attempting

to fuse these paradigms for superior performance.

TABLE 1. Summary of ViT Approaches in Image Colourisation

Related Description Strengths Weaknesses

Work

[6] Introduced  self- | Captures long- | Computationally
attention for | range expensive; lacks
sequence-to- dependencies; inductive  biases
sequence tasks | strong global | like locality;
(NLP). Later | context awareness. | requires large
adapted to vision datasets.
tasks.

[7] First major pure | Competeswithand | Loses fine-grained
Transformer  for | sometimes local detail; highly




vision,  splitting | surpasses CNNs | data-hungry;
images into | on large datasets; | quadratic

patches treated as | global context | complexity — with
tokens. from first layer. image size.

[5] Introduced shifted- | Balances More complex
window attention | efficiency  with | design; still
with  hierarchical | scalability; heavier than
architecture. preserves local | CNNs.

detail while
modelling global
context.

[8] Hybrid Improves both | Training
Transformer with | semantic complexity;
colour  memory | awareness and | domain-specific,
modules and | detail less generalisable.
attention preservation;
mechanisms specialised for
tailored for | colourisation
colourisation. tasks.

[9] Pretraining Learns strong | Reconstructions
strategy for | visual may miss fine
Transformers by | representations detail; requires
reconstructing with fewer labels; | large-scale
masked patches. reduces data | pretraining

demands. compute.

[10] Distillation ~ and | Makes Still lacks CNN
optimised training | Transformers inductive  biases;
for smaller | more practical | local detail can be
datasets. without ~ massive | weaker.

datasets;

competitive

accuracy.
3. Proposed Methodology

3.1.

The model is trained using the Places365 dataset [11],
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specifically a subset of 120,000 images.

3.2

3.3.

Data Preprocessing

Images are converted from RGB to the CIELAB colour
space. The L-channel (luminance) serves as the input, while
the model predicts the a* and b* channels (chrominance). This
separation simplifies the task as the model only needs to
"hallucinate” colour, not brightness.

Hybrid Architecture

The proposed architecture uses a sequential design:

CNN Encoder: Four convolutional blocks extract
low- to mid-level features through 2D convolutions,
Batch Normalisation, and ReLU activations.
Transformer Block: A Transformer processes the
CNN feature maps using patch extraction and multi-
head self-attention (8 heads) to enforce long-range
dependencies.

Colour Decoder: Reconstructs the ab channels using

3.4.

The model

transposed convolutions and skip connections from
the CNN encoder to preserve edge sharpness and
texture.

Training and Loss Function

is trained with the Adam optimizer

(1r=0.0008) for 150 epochs with early stopping. A custom
ImprovedColoriationLoss is employed, combining:

3.5.

L1 Loss (0.8 weight): For pixel-level accuracy.
Perceptual Loss (0.1 weight): For semantic
consistency.

Saturation Loss (0.15 weight): To penalise
desaturated outputs.

Early Stopping: True

Patience: 12

Batch Size: 8

Post-processing (Boosted Saturation)

We applied a saturation boost in the model’s tanh-

normalized chrominance space by scaling the a/b

outputs with a factor of 1.20, clamping to [-1,1],

mapping to LAB with AB_ SCALE = 128, clipping a*, b* €
[-127,127] , and converting LAB — RGB (as shown in
pseudocode Algorithm 1).

Algorithm 1 Sequential CNN-Transformer Encoder-Decoder Framework
for Automated Chrominance Prediction in CIELAB Space with Saturation-
Boosted Post-Processing

Inputs: Grayscale image (I;;,), Trained Model (M), Saturation Factor (o)
Output: Colorised Image, Boosted Colour Image

1.

INITIALISATION
Set Device <~ CUDA if available, else CPU
Load model weights into M
Set M to evaluation mode
Define constants:
® Scale,; < 128
® o « 1.2 (Saturation Boost)
PRE-PROCESSING
If I;;, is RGB then
L « convert I;,, to Grayscale

Else
L1y
Normalise Lyorm « (-=) — 1.0 (Map [0,255] to [~1,1])
INFERENCE
Execute Model: P,;, « M(T)
Apply Saturation:
Pyoostea «— Clamp(Pyy, X o, min = —1.0,max = 1.0)

POST-PROCESSING (Standard and Boosted)
Transform Luminance:

Map L,,orm from [-1,1] to CIELAB  range [0,100]:
L + 1.0
Ligp < (L) x 100

2.0
Scale Chrominance Channels:
For Standard:
ABgq < Py, X Scale,y
For Boosted:




ABbst « Pboosted X ScaleAB

*Constraint: Clip both AB,.4 and AB,, to valid CIELAB range
[-127,127]

Reconstruct LAB Space:
LABg4 < Concatenate(L,q,, ABg:q) along channel axis
LABy; < Concatenate (L, AB,g:) along channel axis

Colour Space Mapping:
RGB;,, < LABtORGE(LAEStd)

RGB; ¢ < LAB_to_RGB(LAByg,)

*Validation: Clamp results to [0.0, 1.0] t0 ensure gamut
afety

Integer Quantisation:
RGByy; « Cast(Round(RGB;,, X 255), uint8
RGBjpos: < Cast(Round(RGB;,, x 255),uint8

4.  Experimental Results

The model was evaluated using standard metrics on the
validation dataset. Quantitative evaluation is conducted using
PSNR (Peak Signal-to-Noise Ratio), SSIM (Structural
Similarity Index Measure), and MAE (Mean Absolute Error).
Qualitative visual comparisons are also provided to analyse the
realism and colour consistency of the generated images.

4.1. Qualitative Results

Figure 1 shows the qualitative results obtained from the
proposed image colourisation model after early stopping in
being triggered during the training (epoch stops at 55). The
figure presents a visual comparison between the grayscale
image, the corresponding-coloured output, the boosted output
and the ground truth colour image. This qualitative evaluation
provides insight into the model's ability to predict realistic and
contextually appropriate colours.

However, minor colour inaccuracies and desaturation can
be spotted in more complex regions, which suggested that
additional training or architectural improvements might be
required to improve the visual quality of the output.

FIGURE 1. Result yield with ground truth

4.2. Comparative Study

Although direct quantitative comparison with existing
works on Places365 is limited, the obtained PSNR and SSIM
values are comparable to reported results on similar scene-
based datasets such as Places205. This suggests that the
proposed approach achieves competitive performance in large-
scale scene colourisation tasks. Moreover, a recent survey
paper [12] includes quantitative metrics on Places205, a
predecessor of Places365 for several classic and deep
colourisation models. While this dataset is not the one used for
evaluation, it is the closest published benchmark available and
is used here for indicative comparison. It should be noted that
Places205 and Places365 differ in both the number of images
and scene category distribution; consequently, the numerical
comparisons in Table 2 should be interpreted with caution
rather than as direct equivalents. Results for all baseline
models were sourced from Anwar et al. [12], who
benchmarked these methods under consistent evaluation
protocols on Places205. Table 2 shows the comparison table
of collected studies, sorted by PSNR and SSIM values
descending. The evaluation ranking of the proposed model is
highlighted in light gray.

TABLE 2. Comparative study of Image Colourisation

Model Year PSNR 1 SSIM 1
Published
Instance-Aware 2020 27.17 0.954
Colorization
Real-Time Colorization 2017 25.82 0.948
Automatic Colorizer 2016 25.72 0.951
Let There Be Color 2016 25.58 0.950
Fully-Automatic Colorizer 2016 25.07 0.942
DeOldify 2022 23.98 0.939
Proposed Solution* 2025 23.80 0.928
Colorful Colorization 2016 22.58 0.921
4.3. Quantitative Comparison

The proposed image colourisation model achieved an



average PSNR of 23.80 dB on the validation dataset. PSNR
serves as a quantitative measure of pixel-level fidelity between
the colourised output and the corresponding ground-truth
image. In image colourisation tasks, a PSNR value exceeding
20 dB is generally indicative of visually acceptable
reconstruction quality, with minimal perceptual artefacts. The
obtained PSNR demonstrates that the model is capable of
producing colour estimates that are reasonably consistent with
the ground truth at the pixel level. Nonetheless, minor
discrepancies persist, particularly in scenes with complex
textures or regions characterised by ambiguous colour
information. Such variations are expected in fully automatic
colourisation systems, where multiple plausible colour
assignments may exist for a single grayscale input. Figure 2

illustrates the distribution of PSNR values along with the mean.

PSNR Distribution with Mean
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FIGURE 2. PSNR analysis

The model achieved an average SSIM value of 0.9277,
indicating a high degree of structural similarity between the
colourised images and the ground-truth images. SSIM focuses
on perceptual quality by assessing luminance, contrast, and
structural information, making it particularly suitable for
evaluating image colourisation performance. The high SSIM
score demonstrates that the proposed model effectively
preserves essential image structures such as edges, object
boundaries, and spatial relationships. This suggests that,
although some colour inaccuracies may occur, the overall
visual coherence and scene integrity of the colourised outputs
are well maintained, resulting in perceptually convincing
images. Figure 3 shows the SSIM distribution with mean.
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FIGURE 3. SSIM analysis

The average MAE of 8.88 on the a and b colour channels
reflects the average absolute difference in chrominance values
between the predicted outputs and the ground-truth images.
MAE provides a direct measure of colour prediction accuracy,
with lower values indicating closer alignment with the original
colours. The obtained MAE value indicates that while the
model produces plausible colourisation results, noticeable
chrominance differences remain in certain regions. These
discrepancies are most likely to occur in areas with high colour
ambiguity, such as artificial lighting, textured backgrounds, or
objects with multiple plausible colour variations. Nevertheless,
the MAE value remains within an acceptable range for
unsupervised or weakly supervised colourisation models.
Figure 4 shows the MAE distribution with mean.

The comparative candlestick (Figure 5) presents a
consolidated statistical evaluation of PSNR, SSIM, and MAE
(AB), using mean =standard deviation with min—max ranges.
By normalising PSNR and SSIM to a 0-1 scale and plotting
MAE on a logarithmic secondary axis, the figure ensures fair
cross-metric comparability despite their inherently different
numerical scales. This design avoids visual compression of
SSIM and distortion caused by the wide dynamic range of
MAE, thereby enabling a more rigorous and transparent
interpretation of performance behaviour.

MAE Distribution with Mean
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FIGURE 4. MAE analysis

For PSNR, the model achieves a mean of 23.80 dB with
a standard deviation of 4.58 dB and a range from 6.49 dB to
45.75 dB. The moderate mean value indicates that the
proposed method provides reasonable reconstruction fidelity
across the dataset. However, the visible spread of the
candlestick box reflects non-negligible variability, suggesting
that performance is influenced by input complexity. The high
maximum value demonstrates that the system is capable of
producing very high-quality reconstructions under favourable
conditions, whereas the low minimum reveals the presence of
difficult cases where signal fidelity degrades substantially.
This distribution shows that the method is capable of strong
peak performance but still exhibits sensitivity to challenging
scenarios. In contrast, SSIM demonstrates stronger stability,
with a mean value of 0.9277 and a relatively small standard
deviation of 0.0754. The compact candlestick box and high

Frequency




upper bound (0.9989) indicate that structural information is
consistently preserved across most samples. Although a lower
extreme of 0.1587 is observed, the majority of results cluster
near the upper end of the range. This suggests that the proposed
approach is particularly effective at maintaining perceptual
and structural integrity, even when pixel-level intensity
differences affect PSNR. The comparative stability of SSIM
relative to PSNR implies that the model architecture prioritises
structural coherence over strict pixel-wise optimisation.

The MAE (AB) results, displayed on a logarithmic scale,
reveal a mean of 8.88 with a standard deviation of 5.80 and a
maximum reaching 76.97. The log transformation exposes a
skewed distribution, where most errors concentrate at lower
magnitudes while a limited number of extreme outliers
significantly extend the upper range. This indicates that the
system generally maintains controlled chrominance
reconstruction error but is susceptible to occasional instability
under complex colour distributions. The broader spread
compared to SSIM further suggests that colour consistency
remains a more challenging aspect of the reconstruction task.

Taken together, the figure indicates that the proposed
method delivers strong structural preservation, competitive
reconstruction fidelity, and generally low chrominance error,
while transparently revealing variability and outlier behaviour.
The advanced visualisation strategy itself reflects
methodological rigour, as it avoids oversimplified bar-chart
reporting and instead exposes dispersion, skewness, and edge-
case performance. From a contribution standpoint, the results
demonstrate that the model achieves robust perceptual quality
and stable structural reconstruction, while also providing an
honest representation of its limitations. This strengthens both
the empirical credibility and the scientific value of the work.
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FIGURE 5. Comparative candlestick plot of PSNR, SSIM, and MAE
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4.4 Discussion

4.4.1  Achievement

This project addressed the automated image colourisation
problem, where grayscale images lack the visual cues required
for accurate scene interpretation. Manual colourisation is
labour-intensive and unsuitable for large-scale or real-time
applications. To address this issue, the project proposed a deep
learning-based solution that automatically infers colour
information from grayscale inputs.

A hybrid  CNN-Transformer  encoder—decoder
architecture was developed to learn the mapping between
luminance and chrominance components. The model was
trained on the Places365 dataset, which provides diverse scene
categories necessary for capturing both spatial and semantic
features. PyTorch served as the implementation framework
due to its GPU support, flexibility, and extensive community
ecosystem. GPU acceleration was utilised to efficiently handle
training complexity and reduce model optimisation time. All
experiments were conducted on a system equipped with an
NVIDIA GPU, running PyTorch 2.x with CUDA support.
Training was completed in approximately 55 epochs due to
early stopping with a patience of 12.

The methodological choices—specifically the use of
CNNs, Transformers, and data-driven learning—align with
their established effectiveness in image-to-image translation
tasks. Overall, the adopted methodology provided a robust and
scalable solution for automated colourisation.

4.4.2  Limitation

Several notable limitations were identified during
performance evaluation , namely the fixed input resolution of
256>256 pixels. While this choice simplified training and
reduced computational requirements, it limited the model’s
suitability for high-resolution applications and contributed to
the loss of fine details. To address these issues, several
potential enhancements are recommended:

@ advanced attention-based architectures for improved
context awareness,

@® expansion of training datasets to include more images
with reflections and sky variations,

@ adoption of multi-scale or patch-based inference to
support high-resolution outputs, and

@ integration of perceptual or semantic loss functions to
improve colour realism in challenging regions.

5. Conclusion

This work demonstrated the feasibility of deep learning—
based automatic image colourisation using a hybrid CNN—
Transformer architecture. The system produced structurally
faithful and perceptually convincing colourisations from
grayscale inputs and met the primary project objectives.
Quantitatively, the model achieved an average SSIM of 0.9277,
indicating strong structural fidelity between colourised outputs
and ground-truth images. The PSNR score reflected



satisfactory pixel-level reconstruction despite the inherent
ambiguity of colour assignments in grayscale-to-colour
mapping. The MAE on the A/B chrominance channels further
revealed residual colour deviations in semantically ambiguous
regions (e.g., clothing, decorative elements, and background
objects). Together, these metrics confirm that the model
prioritises structural integrity and perceptual realism, even
when exact pixel-wise colour matching is not uniquely defined.
This project contributes to image processing by:

® Delivering an end-to-end, data-driven colourisation
pipeline spanning preprocessing, training, inference, and
visualisation.

® Employing a hybrid CNN-Transformer encoder—decoder
that leverages both spatial locality and global semantic
context.

@® Integrating a boosted-saturation (colour-boosting) post-
processing step that enhances perceptual vividness and
counters desaturation without compromising structural
fidelity, thereby improving perceived quality relative to
purely reconstruction-based optimisation.

@ Establishing a transparent and reproducible setup with
publicly  released code, trained weights, and
documentation to facilitate benchmarking and extension.

Promising directions include: (i) multi-scale or patch-based
inference  for  high-resolution  colourisation,  (ii)
perceptual/semantic-aware  loss functions to improve
chrominance realism, (iii) dataset expansion targeting
reflections and large sky variations, and (iv) attention-
enhanced U-Net, diffusion, or other generative priors for richer
colour distributions and improved global consistency. An
adaptive, content-aware learned colour-boosting module could
further stabilise perceptual quality across scene types. Overall,
the proposed approach achieves its stated objectives and
establishes a strong baseline for large-scale scene colourisation.
The combination of a hybrid CNN-Transformer model,
boosted-saturation post-processing, and solid quantitative
performance (SSIM 0.9277, satisfactory PSNR, and bounded
MAE on chrominance channels) yields outputs that are both
structurally reliable and perceptually compelling. The project
deliverables, including the complete codebase, trained models,
and documentation, have been made publicly available
through a GitHub repository. This not only ensures
reproducibility and transparency but also facilitates future
research and enhancement by providing a foundation for
continued development. The repository can be accessed here:
https://github.com/Hiumanoid-being/Image-Colourisation [13]
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