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Abstract

Significant advancements have been made in colorization in recent years, especially with the introduction of deep learning
technology. However, challenges remain in accurately colorizing images under certain lighting conditions, such as shadow.
Shadows often cause distortions and inaccuracies in object recognition and visual data interpretation, impacting the reliability
and effectiveness of colorization techniques. These problems often lead to unsaturated colors in shadowed images and incorrect
colorization of shadows as objects. Our research proposes the first shadow-aware image colorization method, addressing two
key challenges that previous studies have overlooked: integrating shadow information with general semantic understanding
and preserving saturated colors while accurately colorizing shadow areas. To tackle these challenges, we develop a dual-
branch shadow-aware colorization network. Additionally, we introduce our shadow-aware block, an innovative mechanism
that seamlessly integrates shadow-specific information into the colorization process, distinguishing between shadow and non-
shadow areas. This research significantly improves the accuracy and realism of image colorization, particularly in shadow

scenarios, thereby enhancing the practical application of colorization in real-world scenarios.

Keywords Colorization - Shadow detection - Transformer

1 Introduction

Enhancing grayscale images with color components is the
key to unlocking richer semantics and achieving visually
striking appearances. Over the past few decades, the pur-
suit of effective image colorization has been a longstanding
research problem in computer graphics. Early endeavors
involved handcrafted features [8, 19, 27, 36, 46], evolv-
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ing toward high-level semantic features [26, 29, 41, 49,
57] to produce vivid and diverse colorization results. In
the current era dominated by deep learning, the emphasis
on image semantics has led to the incorporation of specif-
ically designed semantic-aware structures [29, 41, 49] and
the utilization of large-scale dataset pre-trained networks as
backbone models [16, 20, 40] for extracting more semantic
features.

The current success of colorization research primarily
focuses on common targets such as “blue sky" and “green
grass" achieved through large-scale datasets like ImageNet
[13] or COCO-Stuff [5], with backbone networks implicitly
containing semantic awareness. Although existing learning-
based methods [12, 26, 55] have achieved good results in
the colorization task, none of the existing work considered
rare illumination cases, particularly "shadow", which is not
adequately recognized or addressed by current techniques.
This neglect of shadow leads to distortions and inaccura-
cies in object awareness, especially in real-world scenarios
with shaded images. Consequently, there is a clear need
to expand the research to encompass the full spectrum of
possible colorization subjects, including those with rare illu-
mination conditions, to improve the overall effectiveness and
accuracy of colorization methods.
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BigColor CT?

Fig. 1 The image above displays the ground-truth image (first row),
input image (second row), and the output of previous methods (third
row), including BigColor [31], CT? [47], ColorFormer [28], and
DDColor [29]. The colorization process has led to the misinterpreta-
tion of shadow areas as objects, resulting in them being colored with

Detecting shadows faces significant challenges due to
their lack of specific shapes, colors, or textures and their
intensity being slightly lower than the surrounding areas.
Many low-level vision researchers address shadow detec-
tion in separate research from common object detection,
using intricate network architectures [11, 23, 43, 58] trained
directly on shadow datasets [22, 24, 44, 59] with labeled
shadow regions. Despite these advancements, the coloriza-
tion community has historically treated shadow as a separate
and neglected task, with few works considering shadow in
colorization. However, shadows are important in semantic
preservation in light transmission laws or geometrically pre-
cise object structures.

In this paper, we introduce the novel concept of shadow-
aware colorization. Existing colorization methods exhibit
surprising inadequacies and instability when confronted with
shadowed scenes in real-world colorization tasks, leading to
semantic understanding impediments and distortions. Con-
versely, directly fine-tuning an existing colorization model
with shadowed images can easily cause the model to pro-
duce unsaturated images (see columns 2 and 3 of Fig. 1). We
identify two key issues in shadow-aware colorization. The
first issue is how to incorporate shadow information with
existing general semantic understanding, and the second is
how to preserve saturation and colorfulness, as shadow often
appears colorless.
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unusual red and blue hues (column 1). Furthermore, directly fine-tuning
existing trained models on shadow images leads to the overall image
color appearing desaturated in the presence of shadows (columns 2 and
3), and in images with a significant proportion of shadows, incorrect
color hues have been injected (column 4)

We aim to address the aforementioned issues by proposing
a novel end-to-end framework for shadow-aware coloriza-
tion. Our key insight is that a clear separation of shadow
can significantly enhance colorization performance. Unlike
existing methods that learn to colorize the entire image,
we design two protocols within our shadow-aware block to
colorize areas with and without shadows, respectively. Non-
shadow areas are colorized using color features to achieve
saturation and diversity. In contrast, shadow areas are pro-
cessed separately to ensure that colorless shadow features
do not hinder the overall saturation. This separation design
offers two main advantages. First, colorizing non-shadow
areas is substantially easier as it does not need to handle
complex illumination distortion. Second, using shadow sep-
aration as input allows the network to produce colorful results
even with the dominance of low-saturation shadow samples.

Our main contributions are summarized as follows:

e We introduce the concept of “Shadow-Aware Coloriza-
tion" to address the limitations of existing colorization
methods when dealing with shadowed scenes, particu-
larly in real-world scenarios with shaded images.

e We design a novel end-to-end framework with dual
branches: one for outputting the binary shadow mask and
the other for shadow-aware colorization, which considers
shadow features to predict missing color channels.
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e We propose a novel shadow-aware block with shadow
separation to enhance colorization performance by pre-
serving saturation and colorfulness, offering significant
advantages in handling complex illumination distortion
and producing colorful results even with low-saturation
shadow samples.

2 Related work

Conditional colorization Conditional colorization is a kind
of image generation or editing task under various kinds of
user controls including reference images [1, 6, 7, 17, 21,
50], color strokes (or scribbles) [34, 39, 42, 51, 54, 56],
and texts [4, 9, 60]. It has evolved from the traditional
optimization-based approach to the current learning-based
approach and is widely applied in image and line art col-
orization. Some research focuses on implementing specific
controls to improve colorization quality. For instance, Kim et
al. [30] introduced an edge-enhancing network to reduce
color-bleeding artifacts. Additionally, Huang et al. [25] pro-
posed a unified framework capable of managing various
controls, including stroke, exemplar, text, and combinations.
However, no research currently considers shadows in the col-
orization task.

Automatic colorization Colorizing grayscale images is chal-
lenging since objects in these images can have a wide range
of colors in reality. Determining how to assign realistic and
appealing colors is a difficult problem. However, with the
availability of large-scale datasets and advancements in deep
neural networks (DNNs), it has become feasible to colorize
grayscale images in a data-driven manner. These uncondi-
tional models, as described in the works of [12, 15, 33, 55],
were capable of predicting the most plausible colors for the
given input image without any laborious color annotations
provided by a user. To address the issue of results being domi-
nated by frequently occurring colors, researchers have turned
to the use of generative models to design their methods [14,
31, 38,45, 48] which can learn the inherent color distribution
of images, thereby enabling models to produce a wider range
of diverse colorization results.

Semantic understanding in colorization Image colorization
research is advancing rapidly, primarily due to introduc-
ing a high-performance visual backbone network and using
semantic information to inspire upstream vision tasks [28].
A strong ability to understand semantics could potentially
enhance a model’s colorization performance. Therefore,
existing colorization networks often incorporate semantic
understanding modules to process input images. Existing
works designed for image colorization can be categorized
into three levels, including global level [26, 29, 49], pixel

level [57], and instance level [41]. In this study, we integrate
shadow semantic understanding into the colorization pipeline
to enhance the colorization outcomes.

Shadow construction and shadow types Shadows are com-
mon when a surface is not directly illuminated by light, and
they have garnered significant attention in the research field.
Shadows can be broadly categorized into self-shadow and
cast shadow, as described by Hu et al. [24]. Self-shadow
refers to an object blocking its light, while cast shadow occurs
when one object casts shadows onto another surface. Cast
shadow can be further classified into the umbra and penum-
bra components [2, 3], with the umbra representing a region
where no light can directly reach from the light source, and
the penumbra being a smooth transition from no light to full
light. In real-world scenarios, penumbra regions are typically
found in shadow boundaries and have minimal impact on the
overall shadow appearance. In the realm of deep learning-
based shadow detection and removal approaches [11, 22,
23, 35, 43, 44, 58, 59], the distinction between umbra and
penumbra was often discarded, with both components being
collectively referred to as cast shadow. This general protocol
is also followed in our current work, where the distinction
between the two is not made.

Shadow detection The significance of shadow detection in
low-level vision has been widely acknowledged in previ-
ous research, as shadows can greatly influence the perceived
colors in an image. Several studies have concentrated on
developing specialized networks [11, 23, 43, 58] to detect
or eliminate shadows from images accurately. Despite the
extensive research on shadow detection, shadows are cur-
rently not considered in the context of colorization. Address-
ing the impact of shadows on the colorization process
is essential for producing accurate and visually appealing
results, ensuring that shadows do not distort the colors
applied to the image. By integrating a shadow-aware block
into the colorization process, our proposed model aims to
separately consider the impact of shadows on the final col-
orized images.

3 Method
3.1 Overview

Our network operates by taking a grayscale image I €
RH*Wx1 aq input and then proceeds to predict its binary
shadow mask Y; € R*Wx1 and two missing color chan-
nels Y, € RT*Wx2 in the CIELAB color space, all in an
end-to-end fashion. The network architecture, as depicted in
Fig. 2, consists of dual branches: a shadow detection branch
responsible for outputting the binary shadow mask, and a
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Fig. 2 The structure of the dual-branch shadow-aware colorization
network involves two encoders that are not entirely separate, as they
incorporate feature transfer in the middle to achieve shadow-aware col-
orization. This feature transfer mechanism allows for sharing certain
extracted features between the two encoders, enabling the model to

shadow-aware colorization branch designed to predict the
missing color channels while considering shadow features.

3.2 Dual-branch shadow-aware colorization network

Given that features required for colorization and shadow
detection tasks differ to some extent, with colorization need-
ing to accurately recover true colors and shadow detection
requiring binary activation only on shadow parts, we apply
dual encoders to extract task-specific features in the encoding
part combined with two light-weight task-specific decoders
for each output.

Shadow detection branch We build a transformer-based
encoder that outputs multi-level features in the encoding part.
The input image / is sequenced using patch embedding. We
use a 3 x 3 convolution operation in each layer to reduce
spatial resolution, followed by a transformer block to extract
shadow features. The shadow feature at level i is represented
as F l.s, having a resolution of % X 2,—“11 x Cj, where i varies
from 1 to 4, and C;1 exceeds C;. The Mixformer is the
backbone, as outlined in [52]. In the decoding phase, multi-
level features can amplify semantic information by merging
low-resolution detailed features with high-resolution coarse
features. This is accomplished through a sequence of stacked
upsampling layers that reinstate the spatial resolution of the
image features. Each upsampling layer comes with a shortcut
connection to the corresponding stage of the encoder. The
shadow decoder’s output is denoted by the binary shadow
mask Y, € RE>*WxI which retains the same spatial resolu-
tion as the input image.

@ Springer

effectively perform shadow-aware colorization by leveraging relevant
information from both tasks. The interconnected nature of the encoders
facilitates the extraction of task-specific features while also enabling
the integration of shared features to enhance the colorization process
with shadow awareness

Shadow-aware colorization branch Following the patch
embedding process, the grayscale image feature Fig is
derived, integrating the shadow feature F; alongside the
color token T into our proposed shadow-aware block (Sec-
tion 3.3). We construct color token T following [47] and set
the same size as Fig. This integration is strategically designed
to facilitate the extraction of shadow-aware color features,
ensuring that the colorization process is attuned to the pres-
ence of shadows in the input image. The colorization decoder
shares the same structure as the shadow decoder, but their
weights are not shared. The model can effectively produce
task-specific outputs by maintaining separate weights for
the colorization and shadow detection decoders, optimizing
the accuracy and precision of both colorization and shadow
detection processes.

3.3 Shadow-aware block

Here, we explore the fusion of shadow features with image
features to enhance colorization. Our primary insight is that
the distinct separation of shadows can significantly improve
colorization performance. In Fig. 3, we illustrate the details
of our shadow-aware block. This block is utilized at multiple
layers of the colorization branch, but we only present it at
the i layer for simplicity. Applying this module to all other
layers is straightforward.

The shadow-aware block requires three inputs: the grayscale
image feature Fig , a color token 7', and the shadow feature
F;'_,. With shadow awareness, it then produces the grayscale
image feature Fﬁrl at the next level. A predefined threshold
equal to 0.5 is established to calibrate the shadow feature.
This feature undergoes softmax normalization before the
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Fig.3 Shadow-aware block.
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F} | is obtained by setting feature values to O where the
original feature value is below the threshold. Conversely, the
non-shadow feature F’ ;.1 is obtained by setting feature values
to 0 where the pixel value exceeds the threshold.

We employ different protocols to integrate shadow and
non-shadow features. The non-shadow feature FI:Y_H first
undergoes a dot product operation with the color token 7" to
produce query vector Q. This is followed by a cross-attention
operation and a residual connection with the grayscale fea-
ture Fig serving as K and V. The introduction of the color
token aims to mitigate undersaturation in non-shadow areas.
The process can be formulated by:

A

Fiil = softmax (Q . KT) V+( ~,'S+1 -T). (D

As shadows tend to be colorless, we define a separate
protocol for shadow area colorization. The shadow features
ﬁ{lr] are processed through two convolutional layers and a
dot product operation with the grayscale feature Fig. The
equation is as follows:

I:"ig+1 = COHV(COHV(FA;-‘L])) - Ff. (2

Finally, the two outputs are concatenated and passed
through a fully connected layer for dimension reduction. The
resulting output, the Fi‘il grayscale image feature, is now
equipped with shadow awareness:

F¥_, = FC(Concat((F¥_)(Ff ). )

Cross- A e ntion

3.4 Loss function

In this section, we delve into the loss functions used in
our dual- branch shadow-aware colorization network, which
comprises two functions: shadow loss and color loss.

For the optimization of the binary shadow mask, the loss
is calculated as follows:

L = Lpce(Yy, GTy) + EHinge(YSa GTy), 4

where Lpcg(-) represents the binary cross-entropy (BCE)
loss, and LHinge (+) denotes the Lovdsz-Hinge loss. These two
losses are combined to optimize the shadow mask, where Y
is the predicted shadow mask and GT; is the ground-truth
shadow mask. For colorization, we follow the approach of
Zhang et al. [56] and adopt the smooth-£; loss to reduce the
likelihood of overly saturated color candidates. The smooth-
£ loss is defined as:

3O —x)? if|(y —x)| <
Ls = ©)
8((y —x) — 18) otherwise,

where x and y represent the predicted and ground-truth color
values, respectively. The squared difference is used if the
absolute difference is less than §. A linear function of the
difference is used if the absolute difference is greater than or
equal to §. This loss function is less sensitive to outliers, mak-
ing it suitable for colorization tasks where overly saturated
colors are undesirable.

@ Springer
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4 Experimental results
4.1 Shadow image collection

To ensure the accuracy and completeness of our model with
shadow awareness, we undertook a thorough process of iden-
tifying and gathering relevant datasets. We recognized that
shadows are a unique labeling type in the current research
field and have received less attention from general large
benchmark datasets such as ImageNet [13] or COCO-Stuff
[5]. As aresult, we collected the first united shadow dataset
for colorization by incorporating data from widely used
image shadow detection datasets including CUHK-Shadow
[24], ISTD [44], SBU [22], UCF [59], and video shadow
detection datasets ViSha [10] and STICT [37]. These datasets
were originally intended for image or video shadow detec-
tion, with each sample pair consisting of a fully colored image
and its corresponding binary shadow mask. For example,
CUHK-Shadow [24] is a real-world image shadow dataset
with self-shadows. We only adopted the first and last frame
for video datasets to prevent an overabundance of similar
samples.

Our united dataset comprises 18,111 shadow images, with
4,483 for testing and 13,628 for training, encompassing
diverse shadow samples showcasing various items, scenarios,
artifacts, and shadows of different scales. This comprehen-
sive selection accurately represents the complexities of the
real world and the interactions between shadows and objects.
By creating a united dataset, we ensure that our model is
based on a robust and comprehensive collection of real-world
shadow masks, thereby enhancing the accuracy and com-
pleteness of our research. Additionally, the potential impact
of having a united dataset on this topic is significant, as it
allows for more comprehensive and accurate analysis and
development of colorization techniques specifically tailored
to address the challenges posed by shadows.

4.2 Implementation details

We constructed our network by using the PyTorch and
PyTorch-Lighting frameworks. The parameters of the trans-
former blocks of the shadow detection branch were initialized
using the weights from the MiT-B4 [52]. The remain-
ing parameters (shadow-aware colorization branch and two
decoders) were randomly initialized using “Xavier” methods
[18]. For optimization, we employed the Adan [53] optimizer
with an initial learning rate of 1.5 x 107> and a weight decay
of 0.02. We set the resolution of input and output images as
512 x 512. All experiments were trained for 100 epochs on
a single NVIDIA GeForce RTX 3090 GPU.

@ Springer

4.3 Evaluation metrics

In line with the experimental setting of existing colorization
methods, we utilized a range of evaluation metrics to quantify
the quality of our colorization results. These metrics included
the peak signal-to-noise ratio (PSNR), Structural Similar-
ity Index Measure (SSIM), Learned Perceptual Image Patch
Similarity (LPIPS), Fréchet inception distance (FID), and
colorfulness score (CF) following [47].

4.4 Comparison with SOTA methods

Comparative Methods. We evaluated our method by com-
paring it with four advanced transformer-based colorization
methods, namely ColTran [32], CT? [47], ColorFormer [28],
DDColor [29], and one generative approach, BigColor [31].
To ensure a meaningful comparison, we retrained their mod-
els on our united shadow training set and reported results by
testing all methods on our united test shadow set.

Quantitative Comparison. As shown in Table 1, our method
outperforms the existing colorization methods on our united
shadow test dataset across multiple evaluation metrics.
Specifically, our method achieves the highest PSNR (23.58),
indicating superior fidelity to the ground truth images com-
pared to the comparative methods. Additionally, our method
demonstrates the highest SSIM (0.92), indicating a high
level of structural similarity with the ground-truth images.
Our method achieves the lowest LPIPS score (0.20) regard-
ing perceptual image patch similarity, indicating the closest
perceptual similarity. Furthermore, our method outperforms
the comparative methods regarding distribution similarity, as
indicated by the lowest FID score (4.18). While our method
excels in fidelity and perceptual similarity, it also achieves
a high colorfulness score (33.75), indicating vivid and visu-
ally appealing colorization results. Additionally, our method
demonstrates a low colorfulness score variance (A CF) of
1.64, further highlighting the consistency and quality of the
colorization output. Our method showcases the best perfor-
mance across various evaluation metrics, demonstrating its
effectiveness in producing high-quality colorized images on
the united shadow test dataset.

Qualitative Comparison. In the qualitative visual compar-
ison of Fig.4, our colorization results exhibit more natural
and vivid colors, especially in areas with shadows, compared
to the outputs of other methods. Our method captures and
enhances the color details in shadowed regions, resulting in
more realistic and visually appealing outcomes. For example,
our method achieves better results in terms of color consis-
tency, as other methods often fail to consistently colorize
images in shadow areas, resulting in localized colormissing.
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Table 1 . Quzll)nttltatlve thod Methods Our united shadow test dataset
comparison between our metho PSNR | SSIM 1 LPIPS | FID | CF 1 ACE]
and existing colorization
methods on our united shadow ColTran [32] 21.46 0.79 0.30 6.57 30.95 4.49
image dataset )
CT~ [47] 21.88 0.82 0.24 5.73 31.88 3.53
ColorFormer [28] 20.79 0.89 0.23 6.61 30.69 5.58
BigColor [31] 20.38 0.80 0.31 8.60 32.72 2.61
DDColor [29] 22.57 0.91 0.22 6.07 32.13 2.56
* Ours 23.58 0.92 0.20 4.18 33.75 1.64

1, the larger the value, the better the performance, while |, means the opposite

Input ColTran CT? ColorFormer

Fig.4 Qualitative comparison of colorization results generated by our
and other methods, including ColTran [32], CT? [47], ColorFormer
[28], BigColor [31], and DDColor [29]. Our method produces colorized

In contrast, our method maintains better color coherence
in these regions. Furthermore, when shadow areas become
dominant in the image, some methods mistakenly colorize
shadow areas with weird colors, such as the bottom shadow
area in the second row, while ours remains naturally pre-
served. Overall, the qualitative comparison highlights our
method’s ability to produce colorized images with supe-
rior color accuracy, vibrancy, and naturalness, particularly
in shadows, setting it apart from other existing methods.

Penumbra Regions. Shadows produced under illumination
from multiple area light sources often includepenumbra, an

Ground uh

BigColor DDColor

images with more natural and vivid colors, particularly in the presence
of shadows, compared to the results obtained from other methods

intricate gray-scale shadow pattern that cannot be binary-
classified. As this phenomenon frequently appears in every-
day situations, we sought to visually validate whether our
methods can effectively handle such soft-shadow cases. In
Fig.5, which contains varying degrees of tough penumbra
regions, our performance remains unaffected. We believe this
is because our binary classification of shadows already pro-
vides a sufficient penumbra approximation in the colorization
task. This observation also aligns with the shadow detection
community [10, 11, 35], which also regards shadow as a sim-
ple binary classification problem.

@ Springer
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Table2 Ablation study of our network
SD Branch SA Block FID | CF 1 ACF|
X X 5.13 31.87 2.31
v X 4.56 29.69 3.07
*V * v 4.18 33.75 1.64

Fig.5 Additional results of our method showcasing penumbra regions.
The first and third rows display the ground-truth colorful images, while
the second and fourth rows show our colorization results. The distinctive
penumbra regions in each sample are highlighted using a dashed box

4.5 User study

We conducted a user study to investigate the human evalua-
tion for each colorization method. Specifically, we compared
our method with ColTran [32], CT? [47], ColorFormer [28],
BigColor [31], and DDColor [29]. We randomly selected 50
grayscale test images from our collected shadow dataset, and
the colored results were displayed to 20 participants. Subjects
selected the visually best-colorized image and rated it on a
Likert scale of 1-5 in the global color effect and color tone in
the shadow region. All results of different methods were ran-
domly shuffled. As shown in Fig. 6, our method is preferred
by a wider range of users than the state-of-the-art methods.

4.6 Ablation study

To evaluate the effectiveness of the proposed dual-branch
shadow-aware colorization network, we conduct an ablation
study to assess the impact of its key components. Specifically,
we investigate the shadow detection branch’s contributions
and the shadow-aware block’s integration.

We first train the network solely on the colorization branch
by modifying the network structure and removing the input

Fig.6 Overall user study results 6
from 20 participants. Each

participant rates on a five-point 5
scale according to the visual

assessment of colored results in 4

terms of the global color effect
and color tone in the shadow
region of six methods including
ColTran [32], CT? [47], 2
BigColor [31], ColorFormer
[28], DDColor [29], and ours.
This indicates that our method
achieves the best results through
human assessment
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ColTran

The first row shows the results of training the network solely on the col-
orization branch; the second row demonstrates the results of introducing
the shadow detection branch without the shadow-aware block. Finally,
* shows the results of the complete network with both the shadow detec-
tion branch and shadow-aware block, yielding the best results

shadow feature F;’. The quantitative results are reported in
the first row of Table 2 and Fig. 7b. It is observed that while
the network can produce colorful results, it mistakenly colors
shadow areas with incorrect colors due to the lack of shadow
awareness. Next, we introduce the shadow detection branch
without the shadow-aware block. This is achieved by replac-
ing our Shadow-Aware Block with a naive cross-attention
operation, with the shadow feature F}' | dot product with
the color feature T as Q, and the grayscale feature Fig as K
and V. The results are reported in the second row of Table2
and Fig. 7c. It is observed that the introduction of the shadow
feature positively contributes to color correctness; however,
the overall colorfulness is negatively impacted. Thus, Fig. 7c
appears unsaturated. Finally, we evaluate the complete ver-
sion of our network with both the shadow detection branch
and shadow-aware block, achieving the best performance.
It can be observed from Fig.7d that the overall coloriza-
tion results appear more natural, with shadow areas correctly
colored and non-shadow areas exhibiting vivid and natural
colors.

4.7 Limitation

As illustrated in Fig. 8, our model still encounters challenges
when processing images with intricate or confusing shadow
patterns, resulting in inaccurate shadow masks. In the two
leftmost samples, the model struggles to colorize certain parts
of the shadowed areas accurately. Moreover, our model’s
semantic comprehension remains inadequate, as in the right-

CT2 BigColor ColorFormer DDColor Ours
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f== S
(e) Ground Truth

=

(c) Without (d) Our Final Result

Shadow-Aware Block

Fig.7 Visual results of ablation. a Input to the network. b The results
of training the network solely on the colorization branch, which pro-
duces colorful but incorrectly colored shadow areas. ¢ Introducing the
shadow detection branch without the shadow-aware block improves
color correctness but negatively affects overall colorfulness, resulting
in unsaturated images. d Shows the results of the complete network with
both the shadow detection branch and shadow-aware block, yielding the
most natural colorization results

Failure Cases

Ground Truth

Fig. 8 Limitations in processing images with intricate or confusing
shadow patterns. The left two samples show the model’s struggle
to accurately colorize certain parts of the shadowed areas, while the
rightmost sample demonstrates the model’s inadequate semantic com-
prehension

most sample, where the model erroneously assigns a green
color to a shadow area resembling a tree, indicating a fail-
ure to distinguish it from an actual tree. To achieve further
improvement, additional semantic supervision may be nec-
essary to help the network better comprehend such complex
scenarios.

5 Conclusion

This study presents the initial solution to the challenges
of image colorization in shadow scenarios, an area that
has been largely overlooked in previous research. By inte-
grating shadow-specific knowledge with the general under-
standing implied by the colorization branch, our proposed
model demonstrates significant performance improvements
over existing colorization models. Experimentation on our
united shadow dataset validates the effectiveness of our pro-
posed dual-branch shadow-aware colorization network and

shadow-aware block, highlighting its capability to address
the limitations observed in current colorization models. We
are confident that the outcomes of our research open up new
possibilities for colorization in real-world applications.
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