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Figure 1: GapFill assists professional anime colorists in addressing small unpainted gaps. (a) Colorization with the paint bucket 
often (b) leaves small enclosed regions (“gaps”) unpainted. When GapFill is activated, (c) gap detection with circular highlights 
is triggered, and (d) these gaps are temporarily filled with suggested colors using our domain-specific deep learning method. 
(e) Hovering over a highlight shows a magnified view, allowing inspection without zooming. (f) Dragging within a highlight 
activates a color-pick mode for correcting the suggestion. (g) Users can sweep across correct suggestions to apply them at once. 

Abstract 
Animation production workflows often involve digital colorization 
of line art, where small unpainted regions (“gaps”) frequently occur 
and remain an underexplored challenge. We conducted a formative 
study in Japanese animation (anime) pipelines and found that while 
the paint bucket tool is widely used for base coloring, tiny enclosed 
areas are frequently overlooked, resulting in time-consuming man-
ual detection and filling. We introduce GapFill, a tool grounded 
in professional practices that reduces the effort of gap detection, 
zooming, and color selection. Our deep-learning method suggests 
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appropriate fill colors by referencing surrounding regions, leverag-
ing the flat-color nature of anime-style images. In a user study with 
13 professional colorists, our system improved performance and 
usability in gap-filling tasks over conventional methods. The study 
also suggested that prediction accuracy alone is not the primary 
factor for usability, that appropriate colors can be contextually am-
biguous, and that GapFill can complement existing tools depending 
on users’ trust in new AI-powered assistance. 

CCS Concepts 
• Human-centered computing → Graphical user interfaces; • 
Applied computing → Media arts; • Computing methodologies 
→ Image processing. 
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1 Introduction 
Japanese animation (anime), deeply rooted in Japanese pop culture, 
has emerged as a globally recognized form of media art. The anime 
industry is notable for its cultural influence and economic signifi-
cance, supported by a rapidly expanding international market [48] 
and a vast global fan base [47]. Despite a high volume of broadcasts 
(over 200 titles per year [3]), the colorization process, referring to 
filling flat colors into each region of hand-drawn line art for every 
frame, remains largely manual. This reflects the legacy of tradi-
tional 2D anime production practices, where works were painted 
on sheets known as cels [51]. This process transitioned to digital 
production in the mid-1990s [29] and is now primarily supported 
by digital painting software such as Clip Studio Paint (CSP) [11]. 

Although digital colorization is central to anime production 
pipelines, the process itself has received little academic attention. 
To address this gap and gain a deep understanding of professional 
workflows, we conducted a two-stage formative study with 20 
colorists, including interviews with 4 from a commercial studio. 
Results revealed the typical anime colorization workflow: starting 
from binary (usually non-anti-aliased) line art composed of con-
tours and color-coded guides for shadows and highlights, colorists 
sequentially apply base colors to segmented regions while referenc-
ing the model sheet. In this process, the paint bucket (flood fill) tool, 
which employs region-growing algorithms to fill enclosed areas 
bounded by lines [21], was found to be widely used (Figure 2a). 

Additionally, our formative study substantiated a practical yet un-
derexplored challenge that existing tools fail to adequately address: 
specialized support for filling small unpainted enclosed regions, 
hereafter referred to as “gaps”. These gaps typically result from 
unintentional line intersections or isolated minor regions within 
the line art. They frequently appear in sharp-angled areas such as 
hair tips (Figure 2b) or narrow spaces between fingers (Figure 2c), 
and are often difficult to detect visually. Unlike hobbyist illustration, 
professional colorization adheres to strict standards where even a 
single unpainted pixel necessitates a costly retake. Consequently, 
detecting and filling such gaps remains a time-consuming burden, 
emphasizing the need for production-oriented tools. 

We designed and developed GapFill (Figure 1), a specialized tool 
for gap-filling that integrates seamlessly into existing professional 
pipelines. The system enables automatic gap detection with circular 
highlights, along with temporary filling based on color suggestions 
using our domain-specific deep learning method. By hovering over 
a highlight, the corresponding region can be magnified for quick 
inspection without zooming in. By dragging within a highlight, 
a color-picker-like interface is activated for correcting the color 
suggestion. For cases where suggestions appear accurate, users can 

Figure 2: Colorization with the paint bucket often leaves 
small unpainted “gaps” (green), tedious to detect and fill. 

apply them at once either by sweeping across multiple highlights or 
by using a one-click fill button. The key design goal was to reduce 
the repetitive burden of manually detecting, zooming, and select-
ing colors for such gaps, while fitting naturally into conventional 
workflows and maintaining user control over AI assistance. 

To enable automatic color prediction, we propose a domain-
specific deep learning method formulated as a localized inference 
problem. Our approach leverages the characteristics of anime im-
ages, typically composed of flat-color regions. Our method predicts 
plausible colors from the surrounding context. Instead of directly re-
gressing color values, our model estimates a spatial likelihood map 
that identifies the neighboring region most likely to share the same 
color as the target region. This region-to-region correspondence 
enables the model to infer colors indirectly and robustly, suiting 
the flat and discrete nature of anime-style coloring. 

The performance and usability of GapFill were evaluated through 
a user study with 13 professional colorists. Participants completed 
two structured tasks comparing GapFill against conventional tools: 
(1) coloring real-world anime line art from scratch, and (2) detecting 
and filling unpainted gaps in partially colored images. These tasks 
were designed to reflect both the full colorization workflow and the 
final checking process. Task performance was measured by com-
pletion time and the number of overlooked gaps, while perceived 
usability was assessed through surveys, semi-structured interviews, 
and feature-level analyses. The results demonstrated significant 
improvements, particularly in the second task. Our findings sug-
gest that GapFill has the potential to complement existing tools by 
leveraging their strengths, and also offer insights into professionals’ 
trust in new AI-powered assistance. Moreover, our color predic-
tion method achieved an accuracy of 81.68% on an unseen dataset, 
and its outputs were subjectively rated as valuable in production 
contexts. Notably, the study indicated that usability was shaped 
not only by prediction accuracy, partly because the appropriate 
color can be ambiguous depending on the context; participants also 
valued clear visual aids and the controllability of AI suggestions. 

To summarize, our contributions are: 
• A formative study filling the gap between anime production 
and research, capturing real-world colorization workflows 
and identifying the overlooked challenge of unpainted gaps. 

• GapFill, a specialized tool for colorists to fill these gaps that 
integrates seamlessly into professional pipelines. 

• A deep learning method that predicts colors for unpainted 
regions by leveraging the flat-color nature of anime-style 
images and inferring local context. 

https://doi.org/10.1145/3772318.3790968
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• An evaluation with 13 professionals showing that GapFill im-
proves task efficiency, with findings indicating that usability 
is not driven by prediction accuracy alone, that appropriate 
colors can be contextually ambiguous, and that the adoption 
of AI-powered assistance depends on users’ trust. 

Our code is available at https://marc2825.github.io/GapFill. 

2 Related Work 

2.1 AI-Powered Creativity Support Tools for 
Digital Painting 

Various Creativity Support Tools (CSTs) [67] have been proposed 
for digital painting in HCI and CG. Frich et al. [22, 24] map the 
landscape of creativity research via systematic reviews and charac-
terize CSTs. LazyBrush [70] colors imprecise drawings via energy 
minimization, while KISSColor [19] infers closed regions in vector 
sketches via kinetic stroke stretching along winding-number fields. 
FlatMagic [85] supports professional comic artists in flat coloring 
using neural rendering and intermediate representations, whereas 
Painting with Bob [6] targets novices, prioritizing ease of use. Color 
Portraits [32] characterizes key color manipulation activities via 
human-centered design and inspires novel interaction tools beyond 
traditional pickers. Colorbo [36] supports interactive mandala col-
oring via AI-generated suggestions. Bao and Fu [4] proposed a 
scribble-based tool for diffusion-curve-based vector colorization. 
AniFaceDrawing [27] leverages StyleGAN with a two-stage train-
ing strategy to transform incomplete sketches into high-quality 
anime portraits. Collectively, these tools demonstrate the potential 
of AI-driven methods in digital painting, aligning with our study. 

As AI-powered tools become common, HCI research has turned 
toward the user perspective, emphasizing issues of trust, accept-
ability, and explainability in human–AI collaboration. Co-drawing 
studies show creators prefer controllable assistance with explana-
tions [50], and that AI collaboration yields quality comparable to 
human-only work [20]. Pei et al. [53] further demonstrate that AI 
involvement shapes cognitive load and creative efficacy. Beyond 
drawing, two-way communication enhances engagement and per-
ceived reliability [60], though artists report tensions regarding au-
thenticity [8]. Adoption studies note that trust predicts acceptance 
better than technical features [84], while explainability and control 
remain essential [39]. Building on this, we empirically examine 
creative professionals’ perceptions of new AI-powered tools. 

2.2 Automatic Colorization for Line Art 
Many studies have explored automatic colorization for line art used 
in anime and manga drawings. Classical approaches include color 
propagation methods that are aware of patterns and textures [56], 
bipartite matching based on regions across frames [33], and meth-
ods that perform matching between a graph constructed from a 
reference image and a target image [66]. Early learning-based ap-
proaches include PaintsChainer [55], which employs CNNs for 
automatic colorization and Style2Paints [89], a fully automatic 
feed-forward model used for applying specific painting styles to 
anime sketches. Advancements in deep learning techniques have 
given rise to various models, such as a two-stage GAN frame-
work that mimics human workflows [91], a U-Net-based model 

that skips low-confidence regions [31], and flat color prediction 
for comics using ResNet-based classifiers and Transformer mod-
els [75]. Recently, diffusion-based models tailored for this domain 
have achieved high performance [10], followed by several subse-
quent approaches [41, 86]. However, most of these methods rely on 
fully colorized reference images or user hints, limiting flexibility. 

Recent studies have also explored learning-based colorization 
under limited examples [43] and a robust matching approach that 
formulates region correspondence as a set of inclusion relation-
ships [17]. However, these methods often struggle with small or 
intricate regions even in production settings where reference frames 
are available, limiting their practical applicability to the proposed 
problem setting. For small-region colorization, Akita et al. [1] pro-
posed a method to fill empty pupils in line art, but its scope re-
mains limited. A related task of our setting is image inpainting, 
where many deep learning approaches have been proposed [94], 
but these mainly target natural photos with continuous tones and 
gradients, unlike anime-style drawings with flat and discrete re-
gions. In the domain of semi-automated, user-guided colorization, 
Zhang et al. [90] proposed a system that interprets user scribbles 
to control color propagation interactively, Ci et al. [15] introduced 
a conditional GAN model conditioned on both line drawings and 
user-provided strokes, and Zou et al. [95] further extended control 
through language-based inputs. Nevertheless, these frameworks 
are not fully suited to real-world anime production workflows. 

2.3 Understanding Anime Production 
Academic research on anime production has traditionally focused 
on socio-cultural perspectives in fields such as anthropology, so-
ciology, and media studies. For example, Condry [16] attributes 
anime’s global success to social energy across industry and fans, 
while Morisawa [46] shows how creative authority often outweighs 
management in anime studio hierarchies, and Mihara [45] expands 
the analytical lens by foregrounding anime’s business personnel 
and advocating a business anthropology approach. Psychological 
approaches also examine expressive techniques in anime, such as 
Yokota [88] on achieving emotional impact with limited frames. 

Kato et al. [35] positioned anime as an emerging topic in HCI, 
integrating technical, cultural, and industrial perspectives to sup-
port production and foster an international research community. 
Similarly, Ichikohji [29] examined the integration of digital tech-
nologies in studios to analyze their impact. For production support, 
Griffith [34] specializes in anime storyboarding (e-conte) deriving 
general findings for CSTs, and AnimAgents [79] is a collaborative 
system that streamlines animation pre-production by orchestrating 
AI tools. In computer vision and graphics, challenges in supporting 
anime pipelines have driven research on super-resolution for final 
outputs [78], generating in-betweens from key frames [83], and 
non-photorealistic rendering methods to replicate anime aesthetics, 
such as Todo et al. [72]’s 3D style transfer pipeline. Comprehensive 
survey papers on AI applications in cel animation [57, 71] further 
consolidate this growing body of computer science-based work. 
Taken together, these studies illustrate a convergence of cultural 
and technical perspectives on anime production, opening oppor-
tunities both to deepen scholarly understanding and to develop 
practical tools tailored to production contexts. 

https://marc2825.github.io/GapFill
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Figure 3: Typical anime colorization workflow: (a) preparing line art with main contours and highlight/shadow guides, (b) 
selecting colors from model sheets and applying them on separated layers, and (c) ultimately producing the fully colored image. 

3 Understanding Anime Colorization Workflow: 
A Formative Study 

The professional anime production pipeline relies on a specialized 
division of labor. In this workflow, “colorization” is a critical com-
ponent of the “shiage” (finishing) process [34, 51], where colorists 
apply colors to clean binary line drawings provided by in-between 
animators from the preceding “douga” stage. The colored frames 
are then submitted to the subsequent “composition” stage, where 
compositors adjust and integrate them with other assets, such as 
background art and 3DCG, to complete the scene. Since the colored 
image is passed directly to this phase, strict adherence to color 
specifications is required to ensure the visual quality of the final 
output. Even minor coloring errors can be treated as defects that 
triggers a retake, increasing both labor costs and delays. 

Despite its importance, the specific practices and challenges of 
the colorization process remain understudied. To address this gap, 
we conducted a formative study with professional colorists in a 
commercial studio. Guided by the principle that practical adoption 
depends on integration with existing workflows [13], we aimed to 
understand production realities and derive design principles for 
tools suitable for real-world deployment. In doing so, we answer 
calls for CSTs research to better support expert practitioners and 
their practices [22, 24]. 

3.1 Anime Colorization in Practice 
3.1.1 Procedure of The Formative Study. To capture both the over-
all process and hidden challenges in real workflows, we conducted 
a two-stage formative study: a broad-scale questionnaire (S1) fol-
lowed by in-depth semi-structured interviews (S2) [38]. 

• S1 (Questionnaire): We distributed an online survey to 20 
professional colorists (R1–R20) via a manager at an anime 
studio. The survey covered their experience, tool usage, and 
perceptions of the colorization workflow and its challenges. 
Participants had 1 to 9 years of experience (𝑀 = 4.6, 𝑆𝐷 = 
2.3). For the 7-point Likert items, ratings of 5 or above were 
treated as positive (results are reported as 𝑀 and 𝑆𝐷). 

• S2 (Interview): To gain deeper insights into the findings 
from S1, we conducted 30-minute semi-structured interviews 
with 4 experienced professionals (I1–I4) recruited from the 
same studio (experience range: 3–5 years). All participants 
provided consent for recording and transcription. 

We additionally obtained a screen recording of a professional col-
orization process (V1) from the anime studio to visually examine 
the workflow and complement the self-reported data. This material 
compensated for the lack of mandatory screen sharing in S2, which 
was made optional considering the confidentiality of the assets. 

3.1.2 Grounding Systematic Understanding of Anime Colorization. 

Tools and Environment. All 24 participants (S1 & S2) used CSP [11] 
for colorization. Input devices in S1 consisted of pen tablets (80%) 
and pen displays (70%); all participants relied on at least one of 
these stylus interfaces, while 35% additionally used a mouse and 
keyboard as auxiliary inputs. This diversity underscores the impor-
tance of designing an interface that accommodates a range of input 
modalities. Regarding software tools, the Paint Bucket was the most 
frequently used (90%), followed by brush tools (50%) including the 
Leftover Pen (Figure 4b), AI-based auto-coloring tools (40%), and 
lasso-like tools (20%) such as Enclose and Fill (Figure 4c). 

Standard Colorization Workflow. According to demonstrations 
(I3, V1) and additional self-reports, the standard colorization pro-
cess proceeds as follows. The process begins with clean line art on 
separate layers, where main contours are drawn in black, highlight 
guides in red, and shadow guides in blue1 (Figure 3a). Colors are 
selected for each region based on the model sheet (Figure 3b), and 
applied to specific layers using tools such as the Paint Bucket and 
brush. Finally, the highlight and shadow guides are painted over, 
producing a fully colored image (Figure 3c). According to I1 and 
I4, the time required per frame varies significantly based on com-
plexity, ranging from under a minute to 15–30 minutes. To improve 
efficiency, I1 described a batch-processing strategy: “I don’t actu-
ally change the color in between. So, it’s a bit faster compared to if 

1Guide color conventions vary across studios; colors like green may be used. 
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Figure 4: Conventional methods for addressing unpainted small gaps. (a) Black Light Method: Temporarily replace all colors 
with black in a single click, making gaps appear as white dots for easy detection. (b) Leftover Pen: Fill all gaps along the stroke 
with the specified color. (c) Enclose and Fill: Fill all gaps within the enclosed area using a lasso-like tool. 

you do one whole thing,” implying that they color the same specific 
parts across multiple frames before switching colors, rather than 
completing frames one by one. 

Limitations of Current AI Tools. We also examined the studio’s 
internal AI-based auto-coloring tool [43]. According to I1, this tool 
transfers colors from adjacent frames, achieving 70–80% accuracy 
for minor movements. However, it frequently misrecognizes regions 
in dynamic scenes, leading I1 to remark, “most of the time we have 
to check on its work.” Consequently, professionals often avoid using 
it to prevent redundancy; as I2 stated, “in order not to waste my 
time, I’m rather to do manually because [...] do the painting twice,” 
highlighting that human control is currently more reliable than AI 
automation. Nevertheless, I2 expressed openness to future adoption 
if performance improves: “I think it should be a convenient tool [...] If 
there is a very good accuracy I would use.” This suggests that while 
AI tools are available, their usability may depend on accuracy. 

3.1.3 A Practical Challenge in Colorization: Small Unpainted Gaps. 
We first asked participants an open-ended question in S1: “Do you 
encounter any common issues when coloring line art?” Participants 
highlighted a range of difficulties, including distinguishing similar 
colors (R1, R4, R19), human errors such as choosing incorrect col-
ors (R5, R8, R13, R18), and managing complex layer structures (R6, 
R9, R17). However, the most frequently cited issue was small un-
painted gaps, voluntarily mentioned by 11 out of 20 participants 
(“small pixel unreachable when using bucket tool” (R7), “filling too 
many small pixels” (R20)). Identifying this as a common bottleneck, 
we focused our subsequent inquiry on the specific workflows and 
perception regarding gap-filling. 

Current Gap Detection and Filling Method. We examined how 
such gaps are addressed based on demonstrations (I3, V1) and ad-
ditional self-reports. Professionals typically employ a visual check 
known as the “Black Light Method” (Figure 4a): temporarily replac-
ing all colorings with black via a shortcut to make transparent gaps 
stand out as bright dots. However, the method for filling these gaps 

varies. I3 uses a specialized brush, the Leftover Pen [11] (Figure 4b), 
which fills unpainted areas along a stroke. In contrast, I1 uses a 
lasso-like Enclose and Fill tool [11] (Figure 4c), which fills all gaps 
within the enclosed area, while the artist in V1 relied on the stan-
dard Paint Bucket. Despite these variations, all methods require 
manual detection, zooming, and color selection and filling. 

Workflow Strategies and Burden. The burden of addressing gaps 
is substantial. I3 noted that they detect gaps by “zooming in very 
close and moving the canvas bit by bit,” a process that can take up to 
several minutes per frame in the worst case for complex drawings. 
This was corroborated by S1, where 60% of participants agreed 
with “Do you find addressing unpainted gaps to be time-consuming?” 
(𝑀 = 5.0, 𝑆𝐷 = 1.8), confirming that gap-filling is a repetitive 
manual task. Regarding timing, two distinct strategies emerged: 
I3 prefers a batch-processing approach, filling all gaps in a single 
pass at the end of coloring to minimize tool switching, whereas 
I4 fixes gaps immediately upon noticing them. I4 also emphasized 
the importance of workflow consistency of new tools, stating, 
“if they want to change into another program we have to learn it all 
over again.” Reflecting this diversity, an ideal tool and its evaluation 
should go beyond mere final inspection and be designed to fit 
seamlessly into individual professionals’ practices. 

Frequency and Significance. The quantitative results further vali-
dated the significance of this issue. When asked “Do you often need 
to address unpainted gaps?”, 65% of participants in S1 responded 
positively (𝑀 = 4.8, 𝑆𝐷 = 1.7). I2 noted that such gaps appear in 
almost every image, particularly at thin, sharp ends such as hair 
tips and strands, at complex line intersections, and in fine details. 
Crucially, 85% agreed with the statement “Do you think deciding the 
appropriate color for unpainted gaps is important for completing an 
animation?” (𝑀 = 6.0, 𝑆𝐷 = 1.2). I1 explained the visual impact: “if 
the gaps exist [...] it will be transparent in the background,” noting 
that dedicated fans “will look for any kind of blemish.” These find-
ings indicate that while physically minute at a glance, unpainted 
gaps have a disproportionately large impact on visual quality. 
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Figure 5: Overview of GapFill. When activated, the system automatically detects unpainted gaps, highlights them with circles, 
and temporarily fills them with suggested colors using a domain-specific deep learning method. 

Decision Logic for Gap Filling. Finally, we investigated how artists 
determine which color to use when filling a gap. In S1, 90% reported 
referencing surrounding colors, while 75% selected official refer-
ences such as model sheets, and 45% checked adjacent frames. I1 
noted referring to surrounding elements and tones, relying on in-
tuition when choices are ambiguous. I3 described first consulting 
model sheets to understand the subject, then determining colors 
by referencing adjacent frames and local context. These findings 
indicate that local context such as neighboring colors ultimately 
plays a central role in deciding which color to use for gap filling. 

3.2 Design Principles for GapFill 
Based on the findings, we identified conventional practices and pro-
duction needs. Building on these insights, we derived the following 
design principles for GapFill, a tool tailored to professional anime 
colorists for addressing small unpainted gaps: 

• Reduce the manual workload in the repetitive cycle of de-
tection, zooming, and color selection and filling. 

• Fill gaps using local context such as neighboring colors, 
reflecting artists’ reliance on local cues. 

• Promote practical adoption [13] via intuitive, familiar in-
teractions that bridge conventional workflows and support 
diverse, user-specific use cases. 

• Provide a Creativity Support Tool that prioritizes human 
controllability rather than pursuing full automation, align-
ing with the findings of Roy et al. [65]. 

4 Design and Implementation of GapFill 
4.1 User Interface 
We developed the user interface (UI) shown in Figure 5. The inter-
face is activated on-demand via a toggle button to accommodate 
user-specific painting practices and provides five key functions: 
automatic detection of unpainted gaps with highlighting, deep 
learning-based color suggestions, a pop-up magnification for inspec-
tion, a color-pick-like operation for correcting color suggestions, 
and the application of suggested colors via a sweep-like interaction 
complemented by an apply-all button. 

4.1.1 Unpainted Gap Detector with Circular Highlights. As shown 
in Figure 1c, the system automatically detects unpainted gaps and 
highlights them with circles around each detected region. A gap 
is defined as any enclosed, unpainted (transparent) region on the 

active coloring layer, with a pixel count below a user-adjustable 
threshold. Such boundaries may also be formed in combination 
with other layers, including line art and guide layers. Grid-based 
traversal algorithms such as BFS are used to identify such enclosed 
regions. It is also possible to employ methods like trapped-ball 
segmentation [2, 93] to more strictly estimate regions by account-
ing for line discontinuities. This feature is designed to reduce the 
manual effort of detecting unpainted gaps. 

4.1.2 Automatic Color Suggestion for Filling Unpainted Gaps. When 
GapFill is activated, each detected unpainted gap is temporarily 
overlaid with a suggested fill color using a deep learning–based 
prediction method (Section 4.2). This feature aims to reduce the 
manual effort of selecting colors for filling unpainted gaps. 

4.1.3 Hover-Activated Pop-up Magnification for Quick Inspection. 
As shown in Figure 1e, when the cursor is hovered over a high-
light, a pop-up magnification (a fixed 5× zoom independent of the 
canvas scale) is displayed; this is a feature inspired by Shift [77]. 
This magnification provides a localized magnified view centered 
on the detected unpainted gap. The user can quickly inspect the 
surrounding region that is temporarily filled with suggested colors, 
without manually zooming in the canvas. A hollow translucent 
marker at its center indicates the position of the detected gap. This 
feature is designed to reduce the manual effort associated with 
frequent zooming operations. 

4.1.4 In-Circle Color-pick for Correcting AI Suggested Colors. We 
adopt a human-in-the-loop approach to complement occasional 
AI prediction errors. As shown in Figure 1f, this feature allows 
users to directly correct suggested colors for unpainted gaps. When 
the pop-up magnification is visible (i.e., when the cursor is inside 
the circle), a color selection mode can be activated by initiating 
a drag action. This mode behaves like a color picker: the pixel 
color under the cursor dynamically replaces the fill color of the 
corresponding unpainted gap. To clarify the substitution target, a 
dotted line connects the cursor to the center of the unpainted region 
when this mode is active. The pixel color at the release point of 
dragging becomes the final assigned color, resolving the unpainted 
state and removing the highlight. This feature enables users to 
correct suggested fill colors without zooming in and resolve a small 
number of mispredicted gaps via a familiar color-picker interaction, 
while adhering to the system requirement that emphasizes attention 
to local information during color selection. 
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Figure 6: The color prediction method for GapFill. (a) First, we extract a patch around the target gap as a context for inference. 
(b) A line-art mask and (c) an unpainted-gap mask are input to the U-Net, which outputs (d) a likelihood map showing how 
likely each pixel matches the target color. (e) The final color is then chosen from the region with the highest likelihood. 

Figure 7: Synthetic training dataset generation pipeline. (a) 
Region segmentation. (b) Identification of unpainted gaps 
below a pixel threshold. (c) Local context extraction. (d) Learn-
ing the mapping between input masks (line-art, unpainted-
gap) and output mask (closest large same-color region). 

4.1.5 Out-Circle Sweep-to-Apply and Apply-All Button. As shown 
in Figure 1g, when the suggested colors seem reasonable for the 
unpainted gaps, users can apply them in batches via a sweep-like 
interaction. When the cursor is outside a circular highlight and a 
drag action begins, the system enters the following mode. When 
dragging, all circles crossed by the translucent stroke are treated 
as selected and their corresponding unpainted gaps are marked for 
confirmation. Upon release, all selected gaps are simultaneously 
filled with their suggested colors, thereby resolving the unpainted 
regions and removing their highlights. This interaction was in-
spired by the painting metaphor for manipulating large sets of tog-
gle switches [5], which showed that paint-like gestures can make 
interaction more efficient. An Apply-All button is provided to fill all 
unpainted gaps in a single click, offering an alternative option to 
accommodate diverse user preferences. These features enable users 
to efficiently adopt AI-driven color suggestions while preserving 
direct user manipulation via a familiar brush-like interaction. 

4.2 Method for Automatic Color Prediction 
4.2.1 Color Prediction via Region Correspondence. Since the oc-
currence of unpainted gaps is independent of specific colors, our 
approach does not directly regress the colors themselves, but in-
stead indirectly predicts them through the correspondence between 
regions. This enables us to construct a robust model that can predict 
flat, gradient-free colors, typical in anime-style images. To this end, 
we design a compact deep learning model based on U-Net [64], 
which is highly effective for generating segmentation masks and 
capturing features of neighboring regions, making it well-suited 
as a backend for interactive user interfaces. Figure 6 illustrates the 
overall prediction framework. The model takes a two-channel bi-
nary input: (Figure 6b) a line-art mask where line pixels are set to 1; 
and (Figure 6c) an unpainted-gap mask where the target unpainted 
region is encoded as 1. The model then predicts a spatial likelihood 
map indicating the probability that each pixel within the patch 
shares the same color as the target area (Figure 6d). Finally, the sug-
gested color is determined by selecting the color from the painted 
region with the highest average predicted likelihood (Figure 6e). 

4.2.2 Creating Synthetic Training Dataset. Our formative study re-
vealed that colorists rely on local context; our analyses of a profes-
sional anime image dataset (Appendix A) confirmed this, observing 
that small regions often share colors with neighbors. Grounded 
on these observations, we constructed a synthetic training dataset 
by applying BFS-based fill operations to line drawings to segment 
them into enclosed regions (Figure 7a). We then defined potential 
unpainted gaps as regions with pixel counts below a threshold of 
10 (Figure 7b). For each such region extracted from the complete 
set of professional anime episodes (1, 807, 977 targets in total), we 
generated a 32 × 32 image patch centered on it as local context (Fig-
ure 7c) and applied data augmentation techniques such as rotation 
and flipping. Using these patches, we trained a model to map the 
line-art mask and the unpainted-gap mask (inputs) to the closest 
large (i.e. above the pixel threshold) same-color region mask (output), 
computed from the ground-truth colored image (Figure 7d). 
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Figure 8: Overview of the custom painting software used in the user study, showing images for Task A. In addition to the basic 
features indicated by the blue and green boxes, (a) the Baseline UI provides three commonly used tools for addressing gaps, 
whereas (b) the Ours UI introduces GapFill, with the difference highlighted in red. 

Figure 9: Overview of the user study procedure (example) 

5 User Study with Professionals 
We conducted a user study with professional colorists to evaluate 
GapFill. The evaluation focused on task performance and perceived 
usability, with emphasis on gap detection and filling, reflecting 
insights from the formative study (Section 3). Furthermore, qual-
itative feedback was collected on participants’ experiences with 
the AI-powered tool and their impressions of individual features, 
regarding its potential for practical adoption in real environments. 
This study was approved by our institution’s ethics review board. 

5.1 Methodology 
5.1.1 Participants. Professional colorists were recruited from the 
same anime studio as in our formative study and 14 individuals (P1– 
P14) participated voluntarily. They received compensation equiva-
lent to their standard hourly wage and provided consent for both 
screen recording and transcription of their remarks. P13 was ex-
cluded from the subsequent analyses due to technical issues. 

According to the pre-study questionnaire, all participants were 
adults under the age of 34 and reported using CSP [11] for their 
daily colorization. Their professional experience ranged from 1 
to 10 years (𝑀 = 3.6, 𝑆𝐷 = 2.6). Table 1 summarizes the basic 
demographics, including primary devices and main tools. 

5.1.2 Procedure Overview. The study was conducted online and 
a custom web-based painting software was used (Figure 8). Each 
session, lasting 60 minutes, was conducted in a one-on-one format, 
to enable direct interaction with each participant. Participants’ 
shared screens and audio2 were recorded for subsequent analyses. 
2Audio was transcribed via Google Gemini, with errors corrected for readability. 

Table 1: Participant demographics (P1–P14). Professional Ex-
perience in years; Devices: PT = Pen Tablet, PD = Pen Display, 
MK = Mouse and Keyboard; Main Tools: PB = Paint Bucket, 
LP = Leftover Pen, EF = Enclose and Fill, BL = Black Light. 

ID Professional Experience Devices Main Tools 

P1 7 PT, PD PB, BL 
P2 3 PT, PD, MK PB, LP, EF, BL 
P3 2 PT, PD PB 
P4 10 PD, MK LP, EF, BL 
P5 1 PD, MK PB, LP 
P6 2 PT, PD, MK PB, LP, BL 
P7 2 PT, MK PB, BL 
P8 3 PT, MK PB, LP, BL 
P9 4 PD, MK PB, LP, BL 
P10 5 PD PB, LP, BL 
P11 1 PD EF 
P12 5 PD PB, EF, BL 
P14 1 PT, MK PB, LP, EF, BL 

Informed by our formative study, the painting software incorpo-
rated several fundamental tools common in professional coloriza-
tion workflows (Paint Bucket, Color Picker, Dot Pen, and Eraser). It 
also supported basic operations, such as panning and zooming, mod-
eled after CSP to closely simulate production environments. Note 
that CSP does not support the development of add-ons, which ne-
cessitated the implementation of our painting software. To compare 
GapFill with conventional gap-filling methods, the system featured 
two experimental conditions. The Baseline (Figure 5(a)) condition 
included three conventional tools, namely Enclose and Fill, Leftover 
Pen, and Black Light Method, which were found to be commonly 
used in current anime production. In contrast, the Ours (Figure 5(b)) 
condition introduced the proposed tool, GapFill 3 . To simulate ac-
tual workflow while maintaining simplicity, the software provided 
preset layers: Line Art (black outlines), Guides (red/blue guidelines), 
Coloring (partially filled or empty), and a white background, along 
with a Reference Image (model sheets). Participants could only ma-
nipulate the Coloring layer, ensuring focus on colorization. 

3Gap size threshold and highlight color setting were fixed during the study. 
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Figure 10: Overview of Task B image sets ((a) B1 and (b) B2), with intentionally controlled gap settings. Red circles indicate 
unpainted gaps, and the magnified view highlights a color prediction error output by GapFill. 

Specifically, we prepared three types of tasks for the user study 
(details are provided in Section 5.1.3): 

• Task A: Color a line art from scratch (TL: 150 seconds, 1 set) 
• Task B: Detect and fill unpainted gaps in an almost fully 
colored image (TL: 90 seconds, 2 sets) 

• Task C: Observe and evaluate results after applying an auto-
mated color prediction (TL: 30 seconds, 4 sets) 

TL (Time Limit) denotes the maximum allowed duration, designed 
to simulate high-pressure production deadlines. Operations on the 
canvas were disabled until participants pressed Start, after which 
they could begin the task. They were instructed to press Done to 
stop the timer once they considered the task complete. 

For the image sets, a multiple-response question in the formative 
survey S1 (“Where do unpainted gaps often occur?” ) showed that 
95% of respondents identified “hair tips” as a common location. 
Accordingly, we selected images from professional anime data that 
included such cases4 . The tasks were arranged to fit within the 
60-minute session, in the order shown in Figure 9, and explanations 
were provided via screen sharing. The images for the example 
tasks are presented in Figure 1. The overall task sequence was 
fixed (Task A → Task B → Task C). Within Task B and Task C, the 
order of subtasks, the presentation order of target images (left vs. 
right), and the order of UI conditions (Baseline vs. GapFill) were 
counterbalanced to mitigate learning effects. 

5.1.3 Task Details. 

Task A. The objective was to conduct a comparative experiment 
under an unbiased condition to evaluate GapFill and to observe 
how professional colorists use this tool within a production-like 
colorization setting. To mitigate learning effects while ensuring 
comparable levels of visual complexity, we selected images of anime 
characters’ hair with near symmetry and divided them into left 
and right halves. As a result, we obtained two target images with 
seemingly equivalent complexity, as displayed in Figure 8. Unlike 
those in Task B, the images for Task A were used directly from the 
dataset, taking into account that both the locations of unpainted 
gaps and the timing of handling them may vary across individuals. 
4These images were not included in the model’s training process. 

Task B. The objective was to conduct a comparative experiment 
to evaluate GapFill in a context focused on gap detection and filling. 
Accordingly, participants were situated in a setting similar to the 
final quality check stage. Task B followed the same principle as 
Task A, in which images of characters’ hair with near symmetry 
from professional data were used and split into halves. To avoid 
clear advantage for either UI condition, both the number and place-
ment of unpainted gaps were intentionally controlled. Specifically, 
images were generated by randomly selecting 10 spatially dispersed 
enclosed regions as gaps, ensuring the inclusion of at least one clear 
color prediction error by GapFill. Figure 10 shows the images used 
in Task B, where red circles mark the unpainted gaps and the mag-
nified view shows an prediction error (these indicators were not 
visible during the user study). Two sets of images were prepared: an 
easier task with clearly distinct colors and relatively smaller image 
size for Task B1 (Figure 10a), and a more difficult task with similar 
colors and larger image size for Task B2 (Figure 10b). 

Task C. The color prediction method was subjectively evaluated 
from the perspective of production. This was based on our hypoth-
esis that, unlike color specifications provided by the model sheets, 
there is no single correct color for filling gaps, and any color may 
be acceptable as long as it appears appropriate. Participants were 
instructed to inspect an image where gaps had been automatically 
filled by GapFill, assuming a quality check scenario before submis-
sion to the next production stage. They were given 30 seconds to 
freely pan and zoom, after which they rated their impressions on 
a 7-point scale question CQ (Section 5.3.1). Figure 11 shows the 
images used for this task. These images were created by selecting 
full-size frames that contained complete character parts, including 
hair tips, identifying potential unpainted gaps as enclosed regions 
smaller than 3 pixels, treating these as unpainted, and then applying 
our color prediction method in bulk to minimize arbitrariness. 

Questionnaire and Interview for Combined Qualitative Feedback. 
For the intermediate questionnaire via Google Forms, participants 
provided subjective evaluations of usability based on Tasks A and B. 
This questionnaire included several 7-point Likert-scale items [40], 
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Figure 11: Task C image sets (C1–C4). All enclosed regions below the threshold were filled with predicted colors; some 
mispredictions appear, for example, around the eyes. 

focusing on UI comparisons and the perceived usability of individ-
ual features of GapFill. The specific contents of questions (LQ1– 
LQ12) are presented in Section 5.2, where responses of 7 are referred 
to as very positive, and responses of 5 or above are considered posi-
tive. Participants were also required to submit the auto-saved color-
ing layer from each task, and asked to respond to four open-ended 
questions with OQ4 being optional: 

• OQ1: Please provide any comments comparing the usability 
of the two UIs for handling unpainted gaps. 

• OQ2: Regarding the overall usability of our UI (GapFill), 
please describe what you liked and what you think could be 
improved. 

• OQ3: Were there any specific features of our UI (GapFill) 
that you found especially helpful, and why? 

• OQ4: Please feel free to provide any additional comments 
regarding your experience with using our UI (GapFill). 

At the end of the session, a semi-structured interview [38] was con-
ducted to further explore participants’ impressions. This interview 
was guided by how they had used each tool in Tasks A and B, their 
questionnaire responses, and their evaluations from Task C, allow-
ing us to obtain deeper insights. Feedback from the open-ended 
questionnaire responses and the interviews was analyzed together 
as combined qualitative data. 

5.2 Evaluation of GapFill 
Following the ISO 9241-11 [7] definition of usability, GapFill was 
evaluated based on three aspects: (1) task performance, using ob-
jective measures such as task completion time (efficiency) and the 
number of overlooked unpainted gaps (effectiveness); (2) perceived 
usability, using subjective measures (mainly satisfaction) such as 
questionnaire and interview responses; and (3) feature-level evalua-
tion conducted for each interaction (the color prediction method 
was separately evaluated in Section 5.3). 

5.2.1 Task Performance. To compare the efficiencies of the Baseline 
UI and GapFill, we analyzed task completion times (recorded in 
seconds) using a within-subject design. Outliers were identified 
and excluded using Tukey’s fences (𝑘 = 1.5) [73]. We primarily 
employed a one-sided Wilcoxon signed-rank test (𝛼 = .01) [82] to 
evaluate the hypothesis that GapFill is faster (i.e., 𝐻1: 𝜇Diff < 0). 
Supplementary analysis using paired 𝑡-tests and visualizations of 
individual paired differences are detailed in Appendix B. In addition 
to efficiency, the effectiveness of these UIs was compared by the 
number of unpainted gaps remaining after task completion. 

Efficiency. As shown in Figure 12, for Task A (𝑛 = 12, P3 ex-
cluded), no significant difference was found between the Baseline 
(𝑀 = 106.50, 𝑆𝐷 = 26.65) and GapFill (𝑀 = 104.17, 𝑆𝐷 = 25.15) 
with 𝑊 = 28, 𝑝 = .212. However, significant improvements were 
observed in Task B. In Task B1 (𝑛 = 13, no outliers), GapFill (𝑀 = 
45.15, 𝑆𝐷 = 12.28) was faster than the Baseline (𝑀 = 57.69, 𝑆𝐷 = 
15.59) with 𝑊 = 6, 𝑝 = .003. Similarly, in Task B2 (𝑛 = 11, P6 and 
P7 excluded), GapFill (𝑀 = 51.91, 𝑆𝐷 = 19.66) outperformed the 
Baseline (𝑀 = 66.27, 𝑆𝐷 = 18.46) with 𝑊 = 3, 𝑝 = .002. 

Effectiveness. GapFill resulted in zero unpainted gaps across all 
participants and tasks. In contrast, in the Baseline condition, un-
painted gaps remained for specific participants: P4 left one gap in 
Task A; P6 and P10 left one gap each in Task B1; and in Task B2, P6 
left five gaps, P11 and P14 left two gaps each, and P12 left one gap. 

Summary. In conclusion, at a significance level of 𝛼 = .01 (one-
sided), GapFill was significantly faster than the baseline UI in Tasks 
Bs. Regarding remaining gaps, GapFill consistently outperformed 
the baseline tool across all tasks. These results indicated that GapFill 
is more efficient and effective than conventional practices, particu-
larly when detecting and filling gaps is critical, whereas its perfor-
mance in coloring from scratch may vary across individuals. In fact, 
P8 remarked that “Auto-detecting the fill gap definitely saves a lot 
more time than using the black light, which is good for final checking. 
But when it comes to initial painting, the baseline UI is a bit easier 
since I can just use the Leftover Pen to cover up gaps while painting. 
Overall, both have their advantages, and GapFill does save a lot of 
work time during the final check.”, reflecting his workflow in Task 
A, where he used the Leftover Pen to color multiple regions at once, 
leaving only a few unpainted gaps. Furthermore, P2, P7, P9, and 
P14 suggested a combination of both tools. A deeper discussion of 
the potential for integrating both tools is provided in Section 6.2. 

5.2.2 Perceived Usability. To assess subjective usability, we de-
signed the 7-point Likert-scale questions to compare UIs. Figure 13 
summarizes responses to LQ1—LQ7. Overall, both subjective ratings 
and participant feedback indicated strong support for GapFill, par-
ticularly in detecting gaps. Regarding usability in each task, eight 
participants rated GapFill more positively than Baseline in LQ1, and 
eleven did so in LQ2. This aligns with the performance-based eval-
uation and the generally favorable feedback from participants (ten 
positive in LQ6; “It serves what it is supposed to do.” (P5)). However, 
P3, who consistently preferred the Baseline, noted that “I didn’t 
trust AI so much actually [. . . ] maybe this is my first time using the 
AI tool”, indicating a preference for manual tools. 
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Figure 12: (a) Task completion times for each task (A, B1, and B2), and (b) their differences, summarized in boxplots. 

Regarding more fine-grained usability aspects, ten participants 
responded positively in LQ3 on intuitiveness (“Overall process is 
very straightforward and simple.” (P2)), although P3, P9, and P14 also 
noted the need to adapt to a new tool (“I think I will use it because 
it is easier, but it might take a bit of time to adapt since I am already 
used to zooming in.” (P14)). Similarly, ten participants were positive 
in LQ4 regarding confidence in filling gaps (“With the Baseline UI, 
even though you think you filled everything, you cannot always see 
it properly. With Ours, the AI basically detects the ones that have not 
been filled.” (P10)). This was consistent with observations in Task B2: 
although P6 and P10 had finished filling all the gaps with Baseline, 
they could not immediately recognize whether any gaps remained 
and hit the time limit. However, P9 expressed stronger trust in 
conventional methods, remarking that “GapFill needs to have the 
Black Light mode to check if the AI properly detected and filled all the 
holes for the final check.”, suggesting a practical consideration for 
new AI-powered tools. Regarding reduced stress, nine participants 
were positive in LQ5 (“GapFill really helps [. . . ] because the Baseline 
UI relies on our own perception to catch the gaps” (P5)). 

In terms of practical adoption (LQ7), all participants except P3 
responded positively, with eight being strongly positive. P11 em-
phasized its benefit under time-pressured situations: “If you are late 
on a deadline, GapFill can save a lot of time identifying mistakes.” 
Altogether, GapFill was rated more favorably than Baseline in per-
ceived usability, particularly for detecting gaps. A more detailed 
discussion on integrating the advantages of both tools for practical 
deployment is provided in Section 6.2. 

5.2.3 Feature-Level Evaluation. To evaluate the usability of each in-
dividual feature, we designed a set of 7-point Likert-scale questions. 
A summary of responses to LQ8–LQ12 is presented in Figure 13, 
while a detailed analysis of each feature is provided in the follow-
ing paragraphs. The contribution of color suggestion accuracy to 
overall usability is discussed separately in Section 6.1. 

Unpainted Gap Detector with Circular Highlights. Based on LQ8, 
all participants except P3 and P9 were very positive and all partici-
pants were positive toward this feature. According to the combined 
qualitative feedback, participants consistently appreciated the au-
tomatic circle-based highlighting of gaps, which enabled faster de-
tection and allowed them to readily verify whether any unpainted 

areas remained (“usually you need to always zoom in and out and 
sometimes it feels like not confident that we have fix all, the circle is 
really helpful” (P14)). This was regarded as a clear improvement 
over the conventional method of repeatedly toggling the Black Light 
while zooming and panning across the canvas to ensure no gaps 
were missed (“We tend to rely on multiple times checking [. . . ] Hav-
ing a tool to help with this process lessen the burden [. . . ] With very 
detailed characters [. . . ] this one actually is going to be very helpful 
in the future” (P5)). While the overall impressions were satisfactory, 
P8 also suggested improvements regarding clustered cases: “need to 
improve on part where there are multiple unfilled gaps on same spot 
[. . . ] sometimes quite confusing which circle is for which gaps.” 

Automatic Color Suggestion. Based on LQ9, six participants were 
very positive, and all participants except P4 and P12 were positive 
toward this feature. P2, P6, and P8 valued the automatic color-
filling function, which reduces the effort of manual color selection 
(“I like how the Ours UI immediately applied the colors that I wanted 
when fixing the gaps, making the work less time-consuming” (P6)). 
In contrast, P10 pointed out that “the AI color suggestion should be 
a little bit more noticeable in terms of where the color was sourced,” 
suggesting the possibility of reflecting the discrete nature of the 
problem setting in the UI design. 

Hover-Activated Pop-up magnification. Based on LQ10, seven 
participants were very positive and all participants except P12 were 
positive toward this feature. P6–P10 and P14 valued the concept of 
displaying a magnified view on hover, as it reduced the need for 
constant zooming (“the pop-up map is helpful to see the coloured 
gaps without always zooming in.” (P14)). However, participants also 
pointed out room for improvement in the magnification settings. 
For example, P1 noted, “When the color shade difference doesn’t look 
obvious with the zoomed UI [. . . ] still need to look closely to make sure 
what color it fills in.” Likewise, P4 remarked, “the size is too small. 
Usually the red marker blends with the color inside the square. So 
sometimes you kind of miss see the color and then that’s why even if it 
predicted correctly, I was trying to switch it around,” both providing 
suggestions for future development. 
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Figure 13: Summary of responses to the 7-point Likert-scale items. LQ1–7 evaluate perceived usability, whereas LQ8–12 evaluate 
individual features. 
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Figure 14: Summary of responses to CQ (production accept-
ability), based on the median across four images (C1—C4). 

In-Circle Color-pick. Based on LQ11, eight participants were very 
positive and all participants were positive toward this feature. P5– 
P8, P10, and P11 valued the ability to manually change the AI-
suggested color via an intuitive interaction (“I like the pop-up one 
where we can just drag to easily pick nearby colour and fill the gap.” 
(P7)). While P8 appreciated the dotted line for clarifying the substi-
tution target, participants also suggested possible improvements. 
For instance, P4 commented that “in-circle color-picker could just 
be a hover-to-select rather than a drag-to-select one,” and P11 re-
marked that “for the color picker I prefer a color code show like the 
RGB code [. . . ] Because when the color is very close to each other it is 
so confusing,” both pointing to directions for future development. 

Out-Circle Sweep-to-Apply and Apply-All Button. Based on LQ12, 
six participants were very positive and all participants were posi-
tive toward these features, appreciating the ability to apply colors 
at once instead of one by one. However, the strategy for applying 
predicted colors during the task varied. For example, P1, P2, P5, 
P8, P9, and P12 primarily used the magnified view to check and 
correct colors one by one, and then applied them all at once at the 
end with the Apply-All button (“I’m the guy to like just press one 
button of one motion” (P1)). In contrast, P3, P10, and P11 tended 
to apply them in groups of clustered or neighboring highlights 
using the Sweep-to-Apply feature (“I very like Sweep-to-apply, it is 
very convenient and fast” (P3)). The remaining participants flexibly 
combined both approaches depending on the task, suggesting that 
the most appropriate application method may vary according to 
the number and distribution of unpainted gaps. However, P7 men-
tioned that “What could be improve may be the Sweep-to-Apply, I 
think like I missed to pick the colour sometimes”, which reflects their 
dissatisfaction with applying clustered highlights and subsequently 
having to correct the color manually using the Paint Bucket tool. 

5.3 Evaluation of Our Color Prediction Method 
5.3.1 Subjective Evaluation. To avoid pseudoreplication [28], we 
used the median of responses across four images (C1–C4, shown 
in Figure 11) as the representative score for each participant. The 
aggregated results are shown in Figure 14. For production accept-
ability (CQ), the responses were 𝑀 = 4.5, 𝑆𝐷 = 1.6, 𝑀𝑑. = 5. The 
results indicate that our method received positive evaluations sub-
jectively from a production perspective. However, the fact that 
direct application of predictions is impermissible underscores the 
strict standards of professional colorization. Qualitative feedback 
further supported these findings. P1, P2, P6, and P8–P12 appre-
ciated the overall high accuracy, though they consistently noted 
that corrections were needed around the pupil (Figure 11), which is 

Figure 15: Example comparison of color predictions for gaps 
(highlighted in green) between our method (with likelihood 
map) and a rule-based adjacent majority approach. 

composed of small regions with diverse colors (“I think it’s accurate 
when the color is like in a large area. But like for the eyes it will have 
some problem” (P1)). However, P2, P6, P9, and P11 also emphasized 
that these corrections were minor and consistently localized, mak-
ing them easy to address (“the part that requires fixing is so little 
and always the same part of the picture” (P11)). 

In considering whether anime viewers would even notice such 
minor inconsistencies, P6 reflected: “For me, I don’t think they will 
notice because the images after the production will end up being blurry 
[. . . ] In my opinion still very important to make things very neatly 
for our satisfaction and also for the viewers but if we are in a last 
minute rush then I think we can just give it to the next. Depends on 
the schedule.” This perspective illustrates that while small inaccu-
racies may not significantly impact the viewing experience, there 
remains a professional expectation for precision, balanced against 
practical production constraints. Taken together, these insights re-
inforce the acceptability of our method in production workflows. A 
more detailed discussion on how prediction accuracy for small gaps 
contributes to the usability of GapFill is provided in Section 6.1. 

5.3.2 Objective Evaluation. We used a professional anime title that 
was not included in the training set and selected a single episode 
from it for objective evaluation. Unpainted gaps were defined as 
regions containing fewer than 10 pixels (same as the training pro-
cess), and accuracy was measured as the proportion of cases in 
which the predicted color exactly matched the ground truth. Since 
most existing automatic anime colorization methods require refer-
ence images, we compared our approach against a naive baseline: 
a rule-based greedy method that selects the majority color among 
the eight-connected neighboring pixels of the target region (Naive). 

Our method achieved an accuracy of 81.68% (83,345/102,041), 
whereas the Naive baseline achieved 37.02% (37,776/102,041), as 
illustrated in Figure 15. These results demonstrate the effectiveness 
of our approach for color suggestion in unpainted gaps. Moreover, 
the average inference time per patch was 74ms on an NVIDIA 
RTX 6000 Ada Generation, indicating that the prediction speed is 
sufficient to support real-time interaction. 
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6 Discussion and Future Work 

6.1 Contribution of Color Prediction Accuracy 
to Production Tool Usability 

Results showed that GapFill has high usability for gap-filling; partic-
ipants consistently valued features such as clear gap visualization 
and user control over AI suggestions. However, as P5 remarked: 
“for the GapFill [. . . ] it’s already completed because it does what it 
supposed to do, and for the AI one for predicting the colors I would 
say I think it’s pretty good but some of it still need to be minor fix 
by the painter,” suggesting that the accuracy of color prediction 
should be discussed independently in assessing usability. This dis-
tinction aligns with the recommendation by Remy et al. [58] to 
clearly define the goals and factors of evaluation for CSTs. 

6.1.1 Accuracy as a Conditional Factor. Participants expressed dif-
fering views on how color prediction accuracy affects the usability 
of GapFill. Some considered errors acceptable if they could be easily 
corrected. For example, P9 stated, “There is some wrong colors [. . . ] 
but it can be easily fixed using GapFill, just pick color then done.”, and 
P5 found the ability to manually modify AI outputs satisfying. This 
aligns with broader Human-AI collaboration literature indicating 
that granting decision control to users mitigates the impact of AI 
errors [68], thereby fostering acceptance of imperfect systems [37] 
and user trust [81]. 

In contrast, others emphasized that even small mistakes under-
mined trust: P3 noted, “when AI makes a mistake [. . . ] you can’t trust 
it anymore. I am scared there’s a wrong part,” while P10 stressed 
the need for greater consistency in its accuracy. This reflects algo-
rithm aversion [18], where observing algorithmic errors causes a 
sharper confidence decline than human errors. Such reactions align 
with automation trust research suggesting that even a single visible 
mistake, particularly in easy tasks, can substantially reduce future 
trust [12, 42], stressing the significance of observed accuracy [87]. 

A more conditional stance was also proposed. P2 noted that 
results were generally reliable but still required double-checking 
around sensitive regions. Similarly, P6 and P11 pointed out that 
whether predictions could be accepted without correction often de-
pends on production demands. This reality reflects the environmen-
tal Press in Rhodes [62]’s 4P model, where external constraints influ-
ence decision-making behaviors. Specifically, tight deadlines force 
practitioners to navigate a strategic accuracy-time tradeoff [69], 
compromising the quality of visual inspection [63] while leaving 
insufficient final decision time for manual verification [9]. 

In summary, prediction accuracy may play a conditional role 
in usability: while sufficient accuracy makes the tool practically 
valuable, its impact could be less than manual control over AI’s 
output and depends on both task sensitivity and production context. 
Minor errors are often tolerable if easily corrected, but inaccuracies 
in critical areas can erode trust. In other words, prediction accuracy 
alone is unlikely to determine the tool’s usability; rather, it is the 
combination with other features and contextual factors that matters. 

6.1.2 Redefining “Accuracy” in Practice. Figure 16 shows that small 
gaps were occasionally filled with different neighboring colors 
across participants in Task A, yet the outcomes were visually in-
distinguishable. This raises the question of whether pixel-level 
accuracy is an appropriate metric for evaluation, and whether a 

Figure 16: Coloring results from Task A. As highlighted in 
the magnified view, participants occasionally used different 
colors when filling gaps. 

definitive ground truth can be assumed in such cases, unlike stan-
dardized color specifications from model sheets. Indeed, some par-
ticipants (P6, I1, and I4) believed that most anime viewers would 
not notice such subtle inconsistencies after post-production, and 
several prior studies have pointed out that straightforward error 
metrics are sometimes insufficient for assessing human perceptual 
quality [80, 92]. These observations suggest that minor errors in 
inconspicuous areas may have little impact on either production 
quality or viewer perception. 

Consequently, the contribution of prediction accuracy must be 
reconsidered in terms of where and when errors occur. If a gap 
is tiny and visually blended, any neighboring color may suffice, 
whereas inaccuracies at sharp boundaries or in semantically impor-
tant regions (e.g., the pupil) can seriously harm perceived quality. 
This perspective shifts the focus from absolute accuracy metrics 
to situational accuracy criteria that better capture real-world de-
mands in production. This also aligns with the concept of recent 
co-creative AI frameworks, which argues that beyond algorithmic 
accuracy effective collaboration depends on high-quality, contextu-
ally appropriate interaction [59, 61]. 

6.1.3 Future Directions: Technical Improvements and Reconsidering 
Accuracy Definitions. First, from a technical perspective, improving 
accuracy in detailed regions, particularly the pupils, remains an im-
portant challenge. Potential solutions include leveraging reference 
images and neighboring frame information to enhance performance. 
Moreover, enabling robust prediction even when adjacent areas are 
sparsely colored would improve flexibility, surpassing current as-
sumptions that require local context to be mostly filled. Supporting 
dynamic updates that reflect user-selected fill colors is also a key 
objective for enhancing usability. 

Second, reconsidering the problem setting is essential to clarify 
when prediction accuracy for small gaps truly matters. While im-
proving pixel-level accuracy for tiny regions is known to be difficult, 
it may be less critical if the visual result is perceptually identical 
to the ground truth. However, mistakes in critical regions, such as 
inside the eyes or at strong color boundaries, significantly degrade 
quality. Therefore, future investigations should examine conditions 
such as gap size, position, and surrounding contrast to determine 
viewer tolerance for approximate results. Defining these criteria 
will guide the design and evaluation of more effective AI-assisted 
anime colorization methods to meet real-world requirements. 
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6.2 Trust in AI-Powered Assistance for 
Colorists: Integration with Existing Tools 

Our study demonstrated that GapFill offers advantages for gap-
filling tasks. The high appraisal for freely toggling GapFill and 
visualizing gaps via highlighting or magnified views aligns with the 
strategy of “view-shifts between component and composition” for 
creativity experts [23]. However, it also raises important questions 
about how professionals situate such new AI-powered tools within 
established practices and the extent to which they trust them. 

6.2.1 Limits of Trust in New AI-Powered Assistance. Despite the 
benefits of GapFill, some participants hesitated to rely solely on 
AI output. P3 double-checked their work even after all highlights 
disappeared due to concerns about AI reliability, P7 often manually 
selected the same color suggested by the AI, and P9 required the 
Black Light for a final check after using GapFill. These behaviors 
mirror friction in human collaborations, where establishing “trust 
in skills” precedes relinquishing control to a support actor [14], and 
likely reflect both limited professional familiarity with such tools 
and the high accountability required of colorists, consistent with 
observations that creative workers adopt emerging AI cautiously 
while balancing benefits against uncertainties [76]. This resonates 
with process views of human-AI collaboration, where trust must be 
actively managed over time rather than assumed after adoption [44]. 

Trust issues were also salient in visually sensitive regions, where 
minor mistakes can affect a character’s impression. As P4 noted, “if 
you miscolor the eye [. . . ] the shape will not be correct [. . . ] so usually 

            we make sure the eye actually has the proper shape”, and concluded,
“It can be the tool to exist but it cannot be the final product.” This 
echoes reports that AI outputs often lack nuance and require human 
expertise for final quality assurance [30]. Likewise, Grassini and 
Koivisto [26] show that while AI can produce semantically diverse 
ideas, human creative output is perceived as higher quality and 
nuance. Overall, these remarks underscore that while AI assistance 
can be useful, final accountability remains with human hands. 

6.2.2 Toward Integration with Existing Tools. Crucially, several par-
ticipants envisioned combining the two systems. P7 and P8 valued 
each system’s strengths depending on the task, concluding that 
combining both would be most useful. This aligns with Palani 
and Ramos [52], who found that creative workers prefer AI that 
supports tasks without disrupting ownership of their familiar pro-
cess. Likewise, P2 remarked, “Best to combine [. . . ] I’m already used 
to painting with the brush-fill method, so not having that kind of 
slows my progress a bit.”, underscoring the transition cost between 
methods. In fact, AI-powered assistance can create friction when 
it conflicts with established routines [49] or increases the com-
munication and interpretation burden associated with agentic AI 
outputs [25], highlighting the need to embed such systems into 
existing workflows and meet the role expectations. 

These perspectives reflect a pragmatic stance: rather than re-
placing established practices, AI-powered tools may be most valu-
able when flexibly integrated into existing workflows, allowing 
professionals to benefit from the speed of automation while re-
taining trusted manual verification. Similarly, Uusitalo et al. [74] 
describe generative AI in design as “clay to play with”, a medium for 

Figure 17: Dense gap clusters cause visual clutter, with over-
lapping circles obscuring gap–highlight correspondence. 

rapid experimentation that preserves human authorship and con-
trol. Complementing this, Popova [54] advocate embedding AI into 
toolchains to augment established practices, supported by ongoing 
quality assurance and user education. From a broader workflow 
perspective, our findings suggest that GapFill has the potential to 
seamlessly complement existing tools by leveraging their strengths. 

6.2.3 Future Directions: User Interface Improvements. Some profes-
sionals suggested that our system would be more readily adopted 
in production workflows if it were integrated with established prac-
tices such as Black Light Method, which are already familiar and 
trusted. Combining our method with other tools and leveraging 
their strengths at different stages of the process could further en-
hance usability. Thus, a tool designed to complement rather than 
replace existing methods may be crucial for practical adoption. In 
addition, usability can benefit from refinements to minor interface 
settings of GapFill, particularly those related to gap visualization. 
For example, clustered gaps (Figure 17) should be highlighted in a 
way that reduces overlap to improve the correspondence between 
gaps and highlights, and the temporary fill color should be made 
more distinguishable. Moreover, extending the system to handle 
unpainted gaps caused by anti-aliased line art (not only binary 
lines), would expand its applicability beyond anime production. 

7 Conclusion 
We addressed the underexplored challenge of small unpainted re-
gions (“gaps”) in professional anime colorization workflows. Build-
ing on a formative study with industry practitioners, we developed 
GapFill, a specialized tool that integrates seamlessly into existing 
pipelines and reduces the effort required for gap detection, zooming, 
and color selection, supported by a deep learning method that lever-
ages the flat-color characteristics of anime images and local cues. 
A user study with 13 professional colorists demonstrated signifi-
cant efficiency gains in gap-filling tasks compared to existing tools, 
while also showing that usability may be driven by the combination 
of automatic detection and clear visualization of gaps, as well as 
user control over AI suggestions rather than prediction accuracy 
alone. We further found that appropriate gap-filling colors can be 
contextually ambiguous. From a broader workflow perspective, our 
findings suggest that GapFill has the potential to integrate with 
existing tools by leveraging their respective strengths, while also 
providing insights into professionals’ trust in new AI-powered as-
sistance. Taken together, these contributions provide practical value 
for anime production and broader insights into the design of AI-
assisted creativity support tools that respect established practices 
while aiming at their gradual adoption in production contexts. 
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A Analyses of Enclosed Regions in Anime 
Images 

To investigate the characteristics of enclosed regions in anime-
style images, we performed a flood-fill-based (BFS) segmentation 
over all frames in our dataset (51, 892 frames from 12 episodes of a 
professionally produced anime series). We analyzed three aspects: 
the number of regions, their size distribution, and the distance of 
small regions to large regions of the same color. 

A.1 Number of Enclosed Regions 
Figure 18a shows an example of the segmentation process, while Fig-
ure 18b presents the distribution of the number of enclosed regions 
across all frames. On average, each frame contained 115 enclosed 
regions, with a median of 89. This indicates that anime images 
typically include a large number of enclosed areas. 

A.2 Region Size Distribution 
We next examined the distribution of region sizes, measured in 
pixels. Figure 19a shows the frequency of each size. We observed 
that regions of size 10 pixels or smaller occur in sufficient num-
bers (approximately 54%), which motivated our initial definition 
of “small regions” as those with under 10 pixels when considering 
potential unpainted gaps. 

A.3 Distance to Large Same-Color Regions 
Finally, we investigated how small regions (size ≤ 10) relate to 
larger regions of the same color. We computed the 𝐿1 distance be-
tween each small region and its nearest large same-color region, 
based on the closest pair of pixels between them (Figure 19b). The 
cumulative distribution reveals that the vast majority of small re-
gions (approximately 90%) have a same-color large region within a 
distance of 10 pixels. This confirms the tendency observed in the 
formative study that small enclosed regions often share the same 
color with their spatially neighboring areas. 

B Supplementary Statistical Analysis 
We conducted a one-sided paired 𝑡-test as a supplementary analysis 
to reinforce the primary findings for the user study. Figure 20 
visualizes the paired differences for each participant. 

For Task A, the mean difference was −2.33 (𝑆𝐷 = 16.26, 99% 
CI [−16.91, 12.24]), and the 𝑡-test showed no significant difference 
(𝑡 (11) = −0.497, 𝑝 = .31440). For Task B1, the mean difference was 
−12.54 (𝑆𝐷 = 11.30, 99% CI [−22.11, −2.96]), showing a significant 
reduction in time (𝑡 (12) = −3.999, 𝑝 = .00088). For Task B2, the 
mean difference was −14.36 (𝑆𝐷 = 12.73, 99% CI [−26.53, −2.20]), 
also indicating a significant reduction (𝑡 (10) = −3.742, 𝑝 = .00192). 
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Figure 18: (a) Example of segmenting an image into enclosed regions and (b) the distribution of the number of enclosed regions 
(per image) across all frames of an anime. 

Figure 19: (a) The size distribution of all enclosed regions, and (b) the distribution of the 𝐿1 distance from regions smaller than 
10 pixels to their closest large region of the same color. 

Figure 20: Visualization of paired differences for each participant. 
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