
eprints@whiterose.ac.uk
https://eprints.whiterose.ac.uk

Universities of Leeds, Sheffield and York

Deposited via The University of York.

White Rose Research Online URL for this paper:
https://eprints.whiterose.ac.uk/id/eprint/220375/

Version: Accepted Version

Proceedings Paper:
Gilooly, Thomas, Thomas, Jean-Baptiste, Hardeberg, Jon Yngve et al. (2025) Image 
Adaptation for Colour Vision Deficient Viewers Using Vision Transformers. In: IEEE/CVF 
Winter Conference on Applications of Computer Vision 2025. IEEE/CVF Winter 
Conference on Applications of Computer Vision 2025, 28 Feb 2025 - 04 Mar 2026 IEEE 
Winter Conference on Applications of Computer Vision. IEEE, USA, pp. 5646-5655. 

https://doi.org/10.1109/WACV61041.2025.00551

Reuse 
This article is distributed under the terms of the Creative Commons Attribution (CC BY) licence. This licence 
allows you to distribute, remix, tweak, and build upon the work, even commercially, as long as you credit the 
authors for the original work. More information and the full terms of the licence here: 
https://creativecommons.org/licenses/ 

Takedown 
If you consider content in White Rose Research Online to be in breach of UK law, please notify us by 
emailing eprints@whiterose.ac.uk including the URL of the record and the reason for the withdrawal request. 

mailto:eprints@whiterose.ac.uk
https://doi.org/10.1109/WACV61041.2025.00551
https://eprints.whiterose.ac.uk/id/eprint/220375/
https://eprints.whiterose.ac.uk/


Image Adaptation for Colour Vision Deficient Viewers Using Vision

Transformers

Tom Gillooly1 Jean-Baptiste Thomas1,4 Jon Y. Hardeberg1 Giuseppe Claudio Guarnera2,3

1NTNU, Norway 2University of York, UK 3Lumirithmic, UK 4UniversitÂe de Bourgogne, France

thomas.b.gillooly@ntnu.no, Jean-Baptiste.Thomas@u-bourgogne.fr,

jon.hardeberg@ntnu.no, claudio.guarnera@york.ac.uk

Abstract

Colour Vision Deficiency (CVD) occurs when anomalous

retinal cone spectral responses impact the ability to dis-

tinguish between certain colours. To enhance image qual-

ity and viewing experience, recolouring algorithms seek to

modify pixel values so that this does not lead to a loss of de-

tail or image quality. Recent approaches to recolouring for

CVD viewers employ neural models which exploit higher

order features to direct colour adaptation. In this work, we

build upon the idea that visual neural models exhibit emer-

gent behaviour which mimics the human visual system. We

make use of these learned behaviours to guide the colour

adaptation process by considering regions of the image that

are the most semantically meaningful for a non-CVD viewer

and compensate for them appropriately if they are absent or

distorted in a CVD-simulated version of the image. We find

that a minimal algorithm built atop a pre-trained model pro-

duces results that substantially boost contrast and salience

for viewers affected by CVD. We also investigate a few cases

where modifications are absent, indicating that a neurally

guided salience-based model may also provide a means of

determining when recolouring is not necessary. Addition-

ally, we introduce a novel metric that quantifies the contrast

increase or decrease under changes in image colour.

1. Introduction

The three types of cone photoreceptors in the human

eye cover different spectral bands; long (L), medium (M),

or short (S) wavelength. Their spectral responses deter-

mine our ability to distinguish colour therefore anomalies

in these responses can impact our ability to discern cer-

tain colours, termed Colour Vision Deficiency (CVD) [24].

Protanopia, deuteranopia, and tritanopia refer to the differ-

ent CVD types associated with anomalous L-, M-, or S-

cones, respectively. Protanopic and deuteranopic CVD both

correspond to impacted ability to distinguish colours which

differ along the red-green axis, and tritanopia to colours

along the blue-yellow axis. When two regions of impacted

distinguishability neighbour one another in an image, this

can affect perceived image clarity and quality [21]. Re-

colouring algorithms for viewers with Colour Vision De-

ficiency (CVD) aim to improve image quality and view-

ing experience when the viewer has impacted sensitivity

to particular colour channels. Methods for recolouring

images involve modifying pixel values to compensate for

these deficient cone responses on either a per-pixel basis,

or by considering relative intensities in a local neighbour-

hood [19]. However, such methods may overlook more ab-

stract image content. Evidence suggests that context can

play a greater role in image classification and recognition

than colour alone [6], indicating that colour adaptation al-

gorithms should incorporate this broader context. Further,

a key challenge in recolouring images for CVD viewers is

enhancing contrast while preserving naturalness. Maximis-

ing contrast by indiscriminately modifying pixel values can

lead to unnatural-looking results. Therefore, the process

must be constrained to ensure that modifications are per-

formed selectively. Modern deep learning architectures not

only extract image features but also establish their mutual

relevance using attention mechanisms [3]. Since these fea-

tures correspond to high-level image content, they indicate

how well image content is preserved after recolouring. At-

tention mechanisms further guide this process by determin-

ing which features should be emphasised and which can be

safely disregarded (see Fig. 1).

1.1. Attentional methods for image recolouring

This work aims to develop a recolouring method that en-

hances contrast based on the importance of image regions.

Attention methods naturally lend themselves to this process,

as they assess the similarity of feature pairs to determine

their contribution to the output [27]. The Vision Trans-

former (ViT) architecture [3] extends this method to the im-

age domain, where the computed attention maps can be in-

terpreted as an indication of which image regions are most
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Figure 1. Examples of our method used to recolour images to improve contrast under protanopic, deuteranopic, and tritanopic colour vision

deficiency, from left to right. The top row shows the unaltered images and their recoloured versions using three different methods, while

the bottom row shows their CVD simulated versions i.e. as they would appear to a viewer with colour vision deficiency. In each case, the

recolouring process has modified image regions so that they stand out more when colour vision deficiency is simulated by removing pixel

intensity in colour channels corresponding to the affected cone response.

critical for the target application. Since no ground truth ex-

ists for recolouring for CVD viewers, one option is to re-

purpose a ViT model trained for a tasks like image classifi-

cation. Since it is unclear how much correspondence there

is between a specific task like image classification and im-

age recolouring, another option is to use a model which has

been trained to produce general-purpose features. The ViT

trained with DiNO [1] is trained unsupervised and produces

emergent features that can be adapted to specific down-

stream tasks via transfer learning. However, in this work

we do not perform such specialisation. Instead, we eval-

uate the effectiveness of these general, emergent features

for recolouring, without a specific objective or recolouring

ground truth. We further note that emergent properties of

neural networks have been shown to mimic the human vi-

sual system [5,25,29], suggesting that features deemed rel-

evant by a model can be assumed to be sufficiently similar

to those which would be relevant to a human observer, with

a ViT’s attention weights quantifying this relevance.

1.2. Contributions

The main contributions of our work are:

• Leveraging emergent properties of a pre-trained net-

work to highlight salient features of image, allowing

for more context-aware recolouring;

• Using saliency to guide an adjoint method for recolour-

ing for CVD, which considers overall semantic con-

tent, thus improving the visual experience for viewers.

• Proposing a new metric that combines local contrast

analysis with a structure-aware approach to better re-

flect perceived contrast changes and naturalness in

comparison to existing metrics, providing a quantita-

tive measure for assessing the effectiveness of recolor-

ing methods.

We have made our code available on GitHub1.

1The GitHub link for our code has been removed for peer review.

2. Related work

Recolouring for colour vision deficient viewers Com-

mon recolouring methods typically identify colours in the

image located along what are known as confusion lines (i.e.

colours on the gamut which differ only by power in missing

cones [11]), and adjust them to enhance distinguishability

for subjects with deficient cone responses.

However, modifying pixel values without considering

spatial context can lead to unnatural-looking images. To

mitigate this issue, methods such as [4, 9, 13, 31] incorpo-

rate energy constraints to preserve the naturalness and con-

trast during optimisation. While these approaches consider

neighboring pixels, they primarily focus on raw pixel val-

ues. Consequently, although factors such as edge intensity

and image smoothness are considered, they may not fully

capture more abstract image content.

Deep learning for recolouring Prior work using deep

learning techniques for recolouring include [18], which

combines traditional image processing techniques with ver-

ification by a CNN, and DeepCorrect [17], which trains a

GAN-style network for colour correction, using a loss de-

rived from a network trained for image classification. While

these techniques incorporate pre-trained networks for veri-

fication, they essentially act as black boxes, limiting inter-

pretability. The method in [14] uses diffusion to build a

saliency map, boosting contrast in a CVD image, then con-

verts it back to a colour image using CycleGAN. While the

concept of building a saliency map is similar to the approach

taken in this work, we replace the handcrafted saliency map

with a neural network output. Unlike these works, which re-

quire networks specifically trained for recolouring, our ap-

proach sidesteps this necessity, avoiding the need for GANs,

which can be difficult and unstable to train. GANs are also

used in [10], where cyclical consistency loss preserves im-

age content while altering style. This approach regularises

the latent space such that it can be traversed in specific di-



mensions to yield images with varying degrees of recolour-

ing, corresponding to CVD severity. However, as the ar-

chitecture is decoder-only, it cannot recolour specific in-

put images. In [2], a Transformer architecture generates

recoloured images from unaltered inputs, using an unsuper-

vised approach that aims to preserve image contrast and nat-

uralness by balancing objectives pertaining to image con-

trast and structural similarity between the input and mod-

ified images. The encoder-decoder model proposed in [8]

converts input images to recoloured versions that minimise

absolute colour difference after CVD simulation. As in [2]

the loss function is per-pixel, with no emphasis on visually

salient regions.

Evaluation metrics Metrics for quantitative evalutation

in prior work include chromaticity difference, global con-

trast, local contrast [2], and histogram distance [10]. How-

ever, these metrics often discard relevant information, such

as lightness or image structure, and may not adequately

account for perceptual distance, making them insufficient.

Further discussion is provided in the Supplementary Mate-

rial. In [10] the authors use the VGG model [23] to express

a perceptual loss for the purposes of quantitative evalua-

tion, a method commonly used to evaluate generative mod-

els as in e.g. [7], where features taken from the final stages

represent image content and therefore taking their differ-

ence quantifies content difference. At training time, the

VGG model uses an RGB shift augmentation, which sug-

gests that the model could extract features which are invari-

ant to colour shifts within the image. However, [12] (from

which the RGB shift augmentation in VGG is taken) states

that this augmentation simulates variations in illumination

intensity and colour, to which the network should be in-

variant. The augmentation described is applied uniformly

across the whole image. To boost contrast post-CVD sim-

ulation, colours of certain regions must change indepen-

dently, i.e., non-uniformly. Therefore, the VGG network

cannot be guaranteed to be invariant to the necessary colour

changes and could report a perceptual loss when in actuality

there is none. Further, the training dataset for the VGG net-

work is ImageNet-1k, consisting of natural images. In many

real-world applications the images to be processed may not

be natural images. Rather, they could be artworks or have

unique stylistic properties. In these out-of-domain cases it

is unclear how the VGG model will perform.

While using VGG to evaluating image content consis-

tency is reasonable, further study is needed to ensure its re-

liability under the proposed transformations. Without con-

firming its invariance, it is unclear how much of the result

is due to variations in the VGG model performance versus

changes in image content we wish to measure.

3. Method

In this work, we leverage the emergent properties ob-

served in self-supervised neural networks [5, 25] along

with the intuitive correspondence to salience employed by

attention-based neural network architectures. We use a pre-

trained Vision Transformer model trained with DINO and

use the output attention maps to guide an adjoint recolour-

ing method, ensuring salience is preserved for both normal

and deficient colour vision.

3.1. Workflow

To determine how a CVD viewer would perceive an im-

age, we use the simulation matrices M as defined in [15].

The image ICVD = MI then refers to the input image I as

perceived by CVD viewer. Similarly, Id = MIr refers to

the CVD simulation of the recoloured image Ir. The over-

all workflow for our proposed method is shown in Figure 2.

The aim is to converge to a recoloured RGB image Ir that

best preserves the salience maps of the original RGB image

I once CVD simulation has been applied.
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Figure 2. Full workflow for the daltonisation process. A break-

down of each step is in Sec. 3.1. The goal is to modify the image

offsets so that the attention maps output by the Vision Transformer

agree. Backpropagation updates the pixels of the offset images

rather than the parameters of the Transformer network.

We achieve this by using an adjoint method to find an

offset image ∆I that minimises the objective function L:

L =

L
∑

ℓ=1

La(Ir, I, ℓ) + La(Id, I, ℓ) (1)

The first loss term expresses the difference between the

logarithm of the attention maps (i.e. the ViT outputs) for

the recoloured image Ir and the input image I , while the

second expresses the same for the recoloured image’s CVD

simulation Id and the input image I . The subscript ℓ indi-

cates the layer ℓ from which the attention map is taken. The

summation is across the first L attention layers of the trans-

former model. In our work we use the first four layers. The

attention loss function La is defined as:



La(I0, I1, ℓ) = αℓ

1
L2

(

logαℓ

0
, logαℓ

1

)

(2)

Where L2 is the mean squared error and αℓ
i

is the output

of attention block ℓ of DINO for input Ii. We use the small

version of DINO with 6 attention heads and patch size 8×8.

We compute the recoloured image Ir = σ(I + ∆I),

where σ is the hard sigmoid function, clamping the range

of Ir to [0, 1]. This prevents the optimisation routine from

boosting the image unrealistically by adding image inten-

sity outside the final pixel value range.

The offset image ∆I is constructed recursively from a

sequence of offset maps {Im | M ≥ m > 0} of different

resolutions:

∆I = ∆IM + g(∆IM−1, HM ,WM ) (3)

The function g is an upscaling function that interpolates an

offset image ∆Im−1 ∈ R
Hm−1×Wm−1 to the size of the

offset image of the next highest resolution, i.e., Hm ×Wm.

In our method we use four resolutions of ∆Im; 8× 8, 16×
16, 32 × 32 and 64 × 64, each with three colour channels.

Bilinear interpolation is used for the function g.

After each optimisation step, we subtract the average val-

ues of each ∆Im so that the mean of the offset image is

zero. Empirically, this helps prevent changes to the overall

colour cast of the image. The impact of this step is further

discussed in our ablation study (Sec. 4.2).

3.2. Dataset

Following prior work [2, 10], we use subsets of the Ox-

ford Flowers (∼8100 images) [16], Places365 (∼41000 im-

ages) [30], Abstract Art (∼8100 images) [26], and WikiArt

Abstract (∼4400 images), Still Life (∼2500 images), and

Landscape (∼12000 images) [20] datasets. As the images

show different degrees of contrast loss under CVD simu-

lation, we resample the datasets to ensure balanced con-

trast loss, following an approximately Gaussian distribu-

tion. Further details are in the Supplementary Material.

3.3. Structured local contrast metric

To evaluate our method, we quantify the contrast im-

provement in the modified CVD image over the unmodified

one, i.e., retention of image structure while undergoing a

shift in overall colour varying with CVD severity. To over-

come limitations of existing metrics (Sec. 2), we adopt a

sliding window local contrast approach and treat the outputs

as high-dimensional features to derive a structurally-aware

distance between image regions. Details can be found in the

Supplementary Material, but at a high level we decompose

the local contrast difference into a similarity and dissimilar-

ity term, where the similarity counts positively towards the

image score and the dissimilarity counts negatively. This

decomposition means that if contrast is augmented over

Input Image Input CVD Local Contrast Correlation Metric

Output Output CVD

Figure 3. Visualisation of our proposed metric. The top row shows

the unaltered image and its CVD simulation, while the bottom row

shows the recoloured image and its CVD simulation. The local

contrast image shows the absolute difference between the local

contrast of the unaltered input and each of the CVD simulations.

The metric images shows the same for our proposed metric. The

correlation image represents the correlation between the absolute

difference and our proposed metric. In the altered image, the local

contrast highlights large differences the centre, while the metric

image shows high similarity in this region, thus the difference is

due to the contrast being enhanced. Note that augmenting contrast

is not always desirable as it can give an unnatural result, which is

why we incorporate naturalness into the metric.

the input image it is not penalised, while the dissimilarity

term means that deviation from the input image structure is

treated as noise and penalised. Figure 3 shows this effect.

Contrast is measured as the Euclidean distance in CIELAB

space, accounting for its perceptual non-uniformity. The

total difference metric is the per-pixel difference of the two

local contrast images.

3.3.1 Evaluating naturalness

Defining naturalness is challenging. We assume that input

images are natural, and small perturbations minimally affect

this quality. Therefore, an image with fewer perturbations

is considered more natural than one with greater alterations.

We quantify the perturbation size as the mean energy, i.e.

the mean Frobenius norm of the offset image ∆I .

Note that we have a relative measure of naturalness; we

cannot report the naturalness of a single image, but we can

state that one image is more natural than another. Hence

when comparing different methods in Sec. 4.1 and Sec. 4.2,

we scale the contrast improvement score by the ratio of the

energy of each image so that the final scaled metric value

incorporates both contrast improvement and naturalness.

3.4. CVD simulation and impact on saliency

Figure 4 shows a sample image under CVD simulation

with varying degrees of severity using the transformation

matrices from [15], while Figure 5 shows the attention maps

for each severity level.

The 8, 12, and 20nm labels represent the wavelength

deviation of the cone spectral response curve, correspond-



Pr
ot
an

op
ic

Original 8nm 12nm 20nm
De

ut
er
an

op
ic

Figure 4. Sample image with CVD simulation applied with vary-

ing degrees of severity. The 8, 12, and 20nm shifts refer to the

degree of cone response anomaly and correspond to mild, moder-

ate, and high severity, respectively.

In
pu

t I
m

ag
e

Original 8nm 12nm 20nm

Se
lf 

At
te

nt
io

n

At
te

nt
io

n 
Di

ff

5.807Tr
an

sp
or

t P
la

n

7.740 11.947

Figure 5. Impact on salience for a sample image for a viewer with

protanopia. The salience of the rose becomes more dispersed as

the severity of CVD increases.

ing to mild, moderate, and high severity, respectively. We

selected these values in line with the severity levels used

in [10]. The colour difference between the rose and its

background decreases with increasing severity, and a corre-

sponding dispersion is observed in the attention maps as the

colour features which contribute to salience deteriorate. The

bottom row shows the Wasserstein-2 distance [28] between

attention maps, representing the transport plan to move at-

tention weights in the CVD attention map to match those of

the unmodified image.

4. Results

This section presents the results of our algorithm Sec-

tion 3.1, comparing it with the deep learning approach in [2]

and the non-deep learning method in [4]. We selected the

former on the grounds of its recency and architectural sim-

ilarity i.e. both our method and that of [2] use a Vision

Transformer. We selected the latter as it is an improvement

on [22] which at time of publication was state of the art.

4.1. Recolouring results

Table 1 presents the results for each method on each

tested dataset across the three CVD types and severities.

Detailed results for each CVD type and severity can be

found in the Supplementary Material.

The columns in Tab. 1 show the raw contrast increase

(∆L), the mean offset image energy (∆N ) and the com-

bined score (∆C). ∆C is calculated by multiplying ∆L

by the ratio of our method’s ∆N to the compared method’s

∆N , thus incorporating a naturalness measure into the con-

trast score, as discussed in Sec. 3.3. According to the

combined score ∆C , our method performs best across all

datasets except Flowers. This is likely because our method

refrains from altering images where no significant salience-

driven modification is necessary. We observed that many

images in the Flowers dataset required no change, as the

unmodified input image retained sufficient contrast and gen-

eral salience was unaffected. Some of these examples are

shown in Figure 6. This lack of modification impacts our

method’s metric, as it results in zero contrast boost for these

images, lowering the average score. While the approach

from [2] performs best on the Places365 dataset, and our

method ranks second, it is important to note that [2] was

specifically trained on this domain, tuning the model for

optimal performance on this dataset. In contrast, our model

is not tailored to any dataset but still approaches the per-

formance of [2]. In terms of raw contrast score ∆L, the

other methods outperform ours. However, our method con-

sistently applies the smallest change to the original image

to achieve the recolouring result. This is expected, as our

approach is guided by salience, meaning not every pixel is

considered salient, and thus, not every pixel will be modi-

fied, leading to less overall change. In contrast, the methods

in [2] and [4] apply modifications indiscriminately to ev-

ery pixel, resulting in greater overall changes, even in areas

where the impact on image salience is minimal.

Figure 7 shows some results under protanopic colour vi-

sion deficiency, i.e. diminished sensitivity in the red wave-

lengths. In all cases, the method of [4] results in perhaps the

largest contrast boost but at the expense of large changes in

the original image.

Figure 8 shows sample results for deuteranopic colour

vision deficiency. As in the protanopic case, our method in-

creases contrast with minimal changes. Notably, in the sec-

ond image, both our method and [4] enhance the blue chan-

nel in the flower petals, but ours confines modification to

the flower, the image’s focal point, leaving the background

unaffected. In contrast, [4] alters the background intensity.

Figure 9 shows sample results for tritanopic colour vi-



Ours Swin ViT [2] Halo-Free [4]

Dataset ∆L ∆N ∆C ∆L ∆N ∆C ∆L ∆N ∆C

Abstract Art [26] 0.3215 0.0519 0.3215 0.7018 0.1588 0.2986 0.4319 0.1128 0.2341

Flowers [16] 0.1716 0.0614 0.1716 0.5564 0.1938 0.2443 0.6295 0.1234 0.3777

Places365 [30] 0.4792 0.0616 0.4792 0.8998 0.1476 0.5095 0.3307 0.0832 0.2821

WikiArt Abstract [20] 0.2541 0.0456 0.2541 0.5440 0.1411 0.2243 0.1325 0.0976 0.0748

WikiArt Landscape [20] 0.4787 0.0348 0.4787 0.5807 0.1005 0.2407 -0.0180 0.0670 0.0008

WikiArt Still Life [20] 0.4307 0.0375 0.4307 0.5722 0.1198 0.2249 -0.0448 0.0700 -0.0434

Table 1. Results for each dataset, averaged across all CVD types and severities. ∆L represents the raw score from our proposed metric

(Sec. 3.3, reflecting contrast alone and not accounting for naturalness, thus not a complete performance indicator. ∆N is the mean energy

of the offset image, quantifying the perturbation required to produce the recoloured image. Lower energy indicates lower perturbation and

a more natural recoloured image. ∆C is ∆L scaled by the ratio of ∆N , reflecting both contrast enhancement and naturalness.
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Figure 6. Example images under protanopic (6a), deuteranopic (6b) and (6c) that remain unchanged by our recoloring workflow. As our

method only highlights regions it deems salient and there is still sufficient contrast post-CVD simulation, it makes no alterations to the

input image.

sion deficiency. As no dataset exists for tritanopic CVD,

there are no results for the Swin Transformer method of [2].

Hence, we compare only with [4]. Similar to the other

cases, [4] increases contrast but significantly alters the im-

age colour, affecting the naturalness of the result.

More examples are in the Supplementary Material.

4.2. Ablation study

In this section, we examin the impact of removing three

key elements from the pipeline: multiresolution images,

bias removal from the total offset image, and combining the

attention map losses for multiple attention layers within the

transformer model. We briefly describe each ablated ele-

ment and summarise the resulting impact on contrast im-

provement. Further detail and example images for each ab-

lated element are provided in the Supplementary Material.

Bias removal Since we do not apply regularisation to the

offset images, we found that they often exhibit bias drift,

appearing as a colour shift in the output image. While in-

cluding the bias sometimes improves metric score despite

the colour shift, we found that removing bias generally en-

hances contrast without introducing a colour shift. Example

images are available in the Supplementary Material.

Multi-resolution offsets As discussed above, the ViT op-

erates on image crops of size 8×8. When optimising for an

offset map using only the maximum resolution level, the re-

sulting image showed block artifacts comparable in size to

the 8×8 patches that the model was trained on. Using lower

resolution offsets avoids high frequency noise, but using a

single image of the highest resolution possible while still

avoiding block artifacts does not produce results of the same

quality as combining multiple resolutions, as the model can-

not produce fine detail in the final offset image. Producing

the best quality image is then a matter of balancing high

frequency noise against high frequency detail. Examples

showing the visual impact of different resolution levels can
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Figure 7. Sample results for protanopic CVD at high severity. Our

method does not boost the contrast as much as [4], but there is less

overall image change which corresponds to a higher naturalness.

be found in the Supplementary Material.

Limiting attention layers The Vision Transformer model

consists of a patch feature extractor followed by 12 attention

layers. In our final ablation, we limit the number of atten-

tion layers over which we apply the loss function (Eq. (1)).
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Figure 8. Sample results for severe deuteranopic CVD. Our

method balances contrast boost against input image perturbation.

Notably, in the flower image, the flower is highlighted as the most

salient object while the background remains relatively unchanged.

While reducing the number of attention layers does not nec-

essarily produce disruptive artifacts, it leads to less contrast

improvement. Example images with varying numbers of at-

tention layers are provided in the Supplementary Material.

Attn Layers ✓ ✓ ✓ ✓

Multires ✓ ✓ ✓ ✓

Bias removal ✓ ✓ ✓ ✓

Abstract Art [26] -0.8926 0.3401 -0.1212 0.3527 -7.5866 -1.4343 -1.8622 0.4628

Flowers [16] -2.6534 0.0921 -0.3161 0.1740 -10.8010 -0.1242 -1.2945 0.2084

Places365 [30] -0.6078 0.9186 0.3461 0.7379 -4.2247 0.8928 -0.3236 0.9164

All -1.3681 0.4566 -0.0257 0.4257 -7.4955 -0.2185 -1.1553 0.5350

Table 2. Ablation study results for three datasets of different image categories under protanopic CVD with high severity. Pipeline choices

affect datasets differently, but on average, the method with all options active produces the best average result across all datasets
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Figure 9. Sample results for tritanopic CVD at high severity. The

flower image shows how our method boosts contrast without dras-

tically changing the input image content.

4.2.1 Ablation results

The results of the ablation study are shown in Tab. 2. The

top portion of the table shows which parts of the pipeline

are active. The bottom row shows the average across all the

datasets. The leftmost column shows the results for a single

attention layer in the loss function, retaining bias, and us-

ing a single resolution offset image. We select three of our

chosen datasets for evaluation to test across different types

of images. The results show that some architectural choices

benefit certain datasets while others do not. For example,

the Places365 dataset yields better results using a single res-

olution offset image and preserving bias (though a disrup-

tive colour cast from bias retention is not always reflected

in the metric score). The non-ablated pipeline achieves

the best results across all datasets, suggesting it is the best

general-purpose choice. However, for specific datasets, dis-

abling certain options may yield better outcomes.

5. Conclusion

We have demonstrated a method for recolouring images

by salience preservation using a pre-trained Vision Trans-

former model. Our results shown that attention-based mod-

els that are trained on broad datasets learn regularities that

can be used to solve the recolouring problem, even in the ab-

sence of a formal ground truth. The generality of the foun-

dation model means that our method shows good baseline

performance across a range of datasets. Additionally, since

the raw output features from the original model can be used

to for video segmentation wihtout fine-tuning, our method

should also be applicable to recolouring video data, though

this remains to be evaluated in future work.

The model generally enhances energy in colour channels

not attenuated for those affected by CVD. Modifications are

computed using an adjoint method with gradient descent on

a per-image basis, but this approach could also generate

data to train a model for direct single-step modifications.

This work focuses on leveraging self-supervised models to

exploit emergent properties that mimic those of the human

visual system. By not relying on expensive annotated data,

our method offers greater flexibility and could be extended

to images of different modalities, such as the multispectral

domain, where there may not be enough annotated data to

train a supervised model.

We see this work as a first step towards solving the re-

colouring problem with foundation models, establishing a

baseline for future methods that use the same methodology.

By evaluating on a broad range of datasets, we hope that

this work will serve as a benchmark for future research.

In addition, we addressed the shortcomings of metrics

used to assess recolouring in prior work and proposed a

novel metric that quantifies contrast increase or decrease

through a colour change transformation. This metric will be

valuable for better assessing recolouring methods in future

studies. However, further subjective evaluation is needed to

determine how well this metric aligns with perceived con-

trast for a larger population of human observers.
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