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Abstract

Anime content, such as Japanese-style illustrations, manga, and animation, is popular worldwide among diverse audiences.

However, editing and repurposing this content for an enhanced viewing experience is complex and relies heavily on manual

processes, due to the challenge of automatically identifying individual character instances. Therefore, automated and precise

segmentation of these elements is essential to enable various anime editing applications such as visual style editing, motion

decomposition and transfer, and depth estimation. Most state-of-the-art segmentation methods are designed for natural pho-

tographs and do not capture the intricate aesthetics of anime-style characters, which reduces segmentation quality. The primary

challenges are the lack of high-quality anime-dedicated datasets and the absence of competent models for high-resolution

instance extraction on anime. To address these issues, we introduce a high-quality dataset of over 100k paired high-resolution

anime-style images and their instance labeling masks. We also present an instance-aware image segmentation model that

generates accurate, high-resolution segmentation masks for characters in a wide variety of anime-style images. Furthermore,

we show that our approach supports segmentation-dependent editing applications such as 3D Ken Burns effects, text-guided

style editing, and puppet animation from illustrations and manga.

Keywords Anime segmentation · Anime editing · Visual style manipulation

1 Introduction

Anime content, encompassing Japanese-style illustrations,

manga, and animations, has gained immense popularity

worldwide. Along with this popularity, anime editing has gar-

nered significant interest among both professional illustrators

and hobbyists, enabling unprecedented freedom in derivative

creation and expansion of original anime works. In mod-

ern workflows, enhanced visual effects, such as the parallax

pop-up effect, movement effects, and visual style transla-

tion, are commonly applied to enrich visual experiences

from single anime-style images. However, to successfully

apply these and other post-production operations, illustra-

tors must first precisely separate the subjects from the

image through accurate segmentation. This process is cru-

cial across a range of tasks, from filling missing background

pixels for parallax effects, to ensuring proper depth estima-

tion and subject-background distinction during style editing.

In multiple post-editing tasks for anime contents, impre-
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cise boundaries can result in broken structures or distorted

appearances, especially when magnified or viewed up close.

Manual segmentation, although an option, is often tedious,

time-consuming, and error-prone, making it impractical in

demanding workflows.

Automatic segmentation methods are therefore essential

for streamlining these processes. However, current seg-

mentation models, despite numerous advancements [9, 17,

23], are typically focused on natural images and priori-

tize generalization and content recognition over fine-grained

understanding on anime contents with aesthetic considera-

tions. Unlike natural images, anime illustrations and manga

feature explicit structural lines and delicate shading styles

and therefore require much higher-quality segmentation to

accurately capture their unique characteristics. Inaccuracies

in segmentation often result in severe artifacts during post-

processing, such as incorrect depth estimations, aliasing,

and broken silhouettes. Consequently, existing segmentation

methods fall short of the high-resolution demands of anime

editing, highlighting the need for purpose-built, high-quality

automatic segmentation solutions tailored to the unique char-

acteristics of anime.
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Fig. 1 Given an input anime-style image, our method extracts high-quality instance masks for the subjects in the image. The instance extraction

enables a variety of segmentation-dependent applications, such as the 3D Ken Burns effect and visual style editing

To address this specific requirement, we propose a large-

scale anime segmentation dataset consisting of 98.6k paired

high-resolution anime-style images with their corresponding

ground truth subject instance masks. This dataset is cre-

ated using a novel method that extracts character and object

instances from chroma-keying anime videos (Fig. 2) and

still illustrations, simulating the actual composition of anime

illustrations and animations. Notably larger than existing

datasets, it covers a wide range of complex and challeng-

ing cases, including multiple characters, occlusions, extreme

lighting conditions, and intricate compositions. In addition

to the dataset, we also introduce a novel two-stage instance

segmentation approach. We first employ a low-resolution

segmentation stage to locate a rough, occlusion-free mask

for each subject. After that, we introduce a high-resolution

refinement stage that uses the rough mask as guidance, to

output precise high-resolution segmentation instance masks.

This novel two-stage design emphasizes efficiency and per-

formance in high-resolution anime-style images, which is

crucial to capture delicate details such as hair, clothing, and

intricate decorations that existing solutions cannot handle

correctly.

We evaluated our proposed method on a diverse set

of Japanese-style illustrations, manga, and anime frames,

demonstrating a clear improvement over existing approaches

in both qualitative and quantitative assessments. Performance

gains are a direct result of the synergy between our large-

scale data set and the novel segmentation approach; neither

element alone could achieve the observed advances. We also

demonstrate a range of downstream applications enabled by

our precise high-resolution segmentation, including 3D Ken

Burns pop-up effects, text-guided anime-style editing, and

puppet animation for still illustrations and manga.

Our contributions can be summarized as follows:

• To our knowledge, this is the first approach specifically

designed for high-resolution subject instance segmenta-

tion in anime-style contents.

• We introduce a large-scale anime segmentation dataset,

generated through a novel reverse engineering process

by remixing instances from chroma-keying videos and

illustrations.

• Our high-quality instance segmentation results signifi-

cantly streamline a variety of anime production work-

flows and enable enhanced applications that rely on

precise segmentation.

2 Related work

2.1 Image and instance segmentation

Instance segmentation identifies and labels individual objects

in an image, distinguishing different instances of the same

object class. This is crucial for anime editing and various

downstream tasks. Among generic instance segmentation

methods, Faster R-CNN [22] and Mask R-CNN [9] output

object masks alongside bounding boxes, but they pro-

duce low-resolution masks and are computationally heavy.

Advances such as RTMDet-Ins [17] use efficient architec-

tures like CSPDarkNet [3] and instance-aware mask heads

[31], improving performance without RoI proposals. How-

ever, these models generally predict masks at low resolution,

resulting in coarse, polygon-like instance masks, which

are not suitable for anime editing tasks that require pre-

cise instance boundaries. Recently, the Segment Anything

Model (SAM) [11], trained on a large dataset, demonstrates

improved generalization across media types, including some

anime-style content. However, SAM requires additional

detector input, which prevents fully automatic segmentation.
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Grounded SAM [16] addresses this limitation by using text

input to infer initial bounding boxes. However, the quality

of its segmentation depends on the initial extraction stage,

which can lead to missed instances or false positives. In addi-

tion, their dataset focuses on natural photos, which may cause

inaccuracies in predicting anime-style content. The second

version of SAM [21] extends to video frame segmentation,

but its main focus is on consecutive frames, and there is

almost no performance gain of SAMv2 over SAM on anime

content.

Besides generic models, an anime-tailored segmentation

model YAAS [37], derived from CondInst [31] and SOLOv2

[32], was introduced with a specific dataset of 945 anime

images. However, due to the scarcity of high-quality domain-

specific data and the limitations of its model architecture,

it struggles with accurate instance mask prediction, under-

standing complex multi-character anime scenes and handling

very high-resolution segmentations. There is also related

work on segmenting western comics [2], which uses domain

adaptation to transfer comics into the photographic domain

for segmentation and depth estimation. However, anime con-

tent is more diverse and visually distinct from photographs

than western comics, making domain adaptation more chal-

lenging. We believe a larger-scale dataset with pixel-level

labeling should provide more direct and effective supervi-

sion for anime segmentation compared to implicit adaptation

techniques. Matting techniques can also extract high-quality

foreground objects. Sun et al. [30] uses Mask R-CNN for

trimap generation and instance matting, but its reliance on

natural and synthetic data, along with low-resolution R-CNN

output, limits its use for anime-style content.

In contrast, our approach addresses these limitations by

providing a robust solution for high-quality anime instance

segmentation. Our improved framework generates accurate,

high-resolution segmentation for anime content, offering

superior results.

2.2 Datasets for cartoon segmentation

Datasets are vital for deep learning in anime editing due

to the significant domain gap between natural photographs

and anime-style content. For example, models trained on

natural photos like MSCOCO [14] often perform poorly

on anime illustrations and manga, highlighting the need

for a tailored anime-specific dataset. Currently, there is a

lack of such datasets with detailed high-resolution instance

labeling. Among existing datasets, AniSeg [12] presents a

small dataset of 945 ground truth character-mask pairs and

a synthetic dataset generated from these pairs. However, the

limited diversity of the data restricts the generalization ability

of the models trained on it, especially when the input images

feature multiple character instances. Chen et al. [4] present a

synthetic dataset, combining 18.5k foreground images from

Fig. 2 Keying-based foreground preparation. We estimate the key-

ing colors based on hue distribution, to produce the background-free

instance image and its corresponding mask

the Danbooru dataset [1] with 8.1k background images from

Danbooru and Pixiv. However, these foreground images

contain still illustrations only, with different visuals from

actual animations and manga. Also, this publicly unavailable

dataset may not support high-resolution segmentation due

to its limited data scale. There are also fine-grained large-

scale anime datasets such as annotated manga109 [7] and

Unlocking Comics [8], but manga109 lacks instance-level

segmentation annotations, and Unlocking Comics focuses on

western comics, which may not generalize to Japanese-style

anime. In this work, we propose a dataset with 98.6k high-

resolution anime-style image–mask pairs, to ensure quality

in segmentation.

3 Anime segmentation dataset

3.1 Preparation of foregrounds and backgrounds

As discussed previously, manually preparing a large-scale

anime segmentation dataset is impractical due to the signifi-

cant time and labor required for human labeling. To overcome

this bottleneck, we propose a reverse engineering method

that constructs the dataset efficiently by extracting instances

from chroma-keying videos and drawings and then synthe-

sizing them to replicate actual anime compositions, thereby

eliminating the need for manual annotation.

Chroma-keying materials, as shown in Fig. 2a, provide a

practical and scalable source for extracting subject instances

without human labeling. These materials feature animated

characters or objects against a uniform keying color back-

ground, commonly used for animation reuse or expansion.

The keying color in each frame (Fig. 2a) can be automat-

ically identified (Fig. 2b, c) and used as an alpha channel.

This enables automatic extraction of background-free char-

acters or objects (Fig. 2d) along with their corresponding

pixel-based binary masks (Fig. 2e). Besides the native ability

to represent segmentation masks, we also find them critical
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to improving the generalization of the model in segmenting

real-life anime video frames, compared to still illustrations

only. We include the detailed algorithms in data preprocess-

ing, keying color detection, and the extraction of instance

masks in the supplemental material.

We collect 1064 redistributable chroma-keying videos

from the online anime video community and supplement

them with still subject illustrations from Danbooru2021 [1].

For these illustrations, we use images labeled with solo

and transparent_background tags, ensuring a single, clearly

masked subject. Our dataset contains 65,752 subjects: 26,844

from chroma-keying videos and 38,908 from Danbooru2021.

We deliberately include decorations, accessories, and items

attached to characters, treating them as part of the instance

rather than segmenting them separately. This decision reflects

anime editing workflows, where such elements (e.g., a staff,

bag, or hair ornaments) are considered integral to the charac-

ter’s appearance and narrative contribution and are typically

manipulated together during editing.

For background preparation, the quality and variety of the

collected background images play a crucial role in the syn-

thesis of the dataset. Owing to the focus on segmentation,

motion backgrounds are excluded. Consequently, we opt for

high-quality anime-style stills, known as CG backgrounds,

as our image set. Our collection comprises 8163 scenic back-

grounds from the Danbooru2021 dataset, filtered by scenery

and no_humans tags, and 8,057 anime backgrounds from the

bizarre pose estimator [4]. The vast majority (over 80%) of

images in our dataset exceed a resolution of 1024 × 768,

satisfying our high-quality prerequisite.

3.2 Dataset synthesis

After isolating the foreground and background elements, we

synthesize anime-like images and their segmentation labels

to create the final dataset. Careful subject positioning and

effective augmentation are key to avoid sparse or crowded

layouts and to generate sufficient training data. As shown in

Fig. 3, the dataset synthesis uses a 720×720 canvas. For each

image, we sample Nsubj subjects from a Poisson distribution

(λ = 2.5) (Fig. 3a, b) and position them by sampling the rela-

tive bounding box layout from randomly selected MSCOCO

[14] photos with at least Nsubj person labels to mimic natural

multi-character positioning (Fig. 3c). We crop backgrounds

randomly and place the subject instances in the bounding

boxes (Fig. 3d) arbitrarily. We further optimize the compos-

ited image via histogram matching and color quantization

(Fig. 3f) for more harmonized colors and shadings, which

resemble the appearances in anime. This process produces

a high-quality anime instance segmentation dataset of 98.6k

image–mask pairs. Refer to the Supplementary Material for

details on the synthesis of the data set.

Fig. 3 Synthesis steps of our segmentation dataset

4 Anime instance extraction network

With our prepared large-scale segmentation dataset, we aim

to extract high-quality instance-level subjects with resolu-

tions up to 7202. We propose a novel two-stage segmentation

approach to achieve this. In the first stage, we perform low-

resolution segmentation to locate a rough, occlusion-free

mask for each subject. In the second stage, we refine this

to obtain a more precise instance mask with segmentation

model working natively at higher resolutions. We illustrate

the pipeline in Fig. 4 and introduce our tailored model archi-

tecture and loss objective designs as follows.

4.1 Low-resolution segmentation stage

The model design of the low-resolution segmentation stage

inherits from the RTMDet-Ins [17] architecture to detect

subjects from the input image and obtain their coarse seg-

mentation masks. The network model is mainly composed of

three components: a detection backbone for feature extrac-

tion, a neck for feature fusion and refinement, and several

detection heads to produce model output. Specifically, the

detection backbone utilizes the enhanced CSPNeXt building

blocks for a multi-level feature extraction. With the extracted

multi-level feature, the neck performs a multi-level feature

fusion [15] to further enhance the features. Finally, we apply

a bounding box head to predict the bounding box, a classifi-

cation head to predict the confidence score of the bounding

box, and a mask head to predict the masks of the subjects.

The training of this network is versatile and can be trained

solely on the bounding box classification and regression or

can be expanded to be supervised with instance masks with

learnable dynamic convolutions. This one-pass, anchor-free

design provides a lightweight solution while maintaining a

good balance between computational efficiency and accu-
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Fig. 4 Model architecture overview. The low-resolution stage extracts input features and learns to predict the bounding boxes and coarse instance

masks. Subsequently, high-resolution segmentation refines the coarse masks, resulting in high-resolution subject instance extraction. Losses are

highlighted in red

racy. Given an input image I at the resolution of 7202 × 3,

the detection backbone and neck are used to compute an

enhanced multi-level feature IF , which is further operated

by two branches of heads: one branch predicts the bound-

ing boxes of the subjects B pred and their confidence values

σ pred with the bounding box and classification heads; the

other branch predicts the instance masks M̂ pred with the

mask head.

4.1.1 Bounding box classification and regression

With the multi-scale feature IF computed, we first regress

bounding boxes using three grid layouts that partition the

7202 resolution into 802, 402, and 202 grids, resulting in

8, 400 candidate bounding boxes. Each bounding box is

represented by four parameters top, left, bottom, and right rel-

ative to the cell center and is predicted through the bounding

box head using a combination of convolution and normal-

ization blocks in a regression framework. For each candidate

bounding box, a confidence score is also computed by the

classification head using additional convolutional blocks and

logistic regression. This score indicates the likelihood that the

box contains a subject. Since the number of candidate bound-

ing boxes far exceeds the actual number of subject instances,

we adopt a dynamic soft label assignment strategy [17] to

select the top-N best matching boxes from the 8, 400 candi-

dates, where N is the ground truth number of subjects.

We design two loss objectives to supervise the predicted

bounding boxes and confidence scores. First, the GIoU loss

[24] is adopted to supervise the overlapping with the ground

truth bounding box:

Lbox =
1

N

N
∑

i=1

(

yi −
Ci − |B

pred

i ∪ B
gt

i |

Ci

)

(1)

where i the bounding box index, B
pred

i and B
gt

i are the set

of pixels in the i-th predicted bounding box and ground truth

bounding box, respectively, | · | calculates the number of

elements in a set, Ci is the area of the smallest box that con-

tains both B
pred

i and B
gt

i , and yi = I oU (B
pred

i , B
gt

i ) is the

IoU score between the predicted and ground truth bounding

boxes.

After that, to supervise the confidence score, we use the

quality focal loss [13] for an accurate and flexible optimiza-

tion for the detection likelihood:

Lcon f = −
∑N

i=1 |yi − σi |
β ((1 − yi ) log(1 − σi )

+yi log (σi )) , (2)

where β is a parameter to down-weigh the easy examples

achieving both good bounding box and confidence predic-

tions. We set β to 2 in our experiments.

4.1.2 Low-resolution instance segmentation

The low-resolution instance masks are predicted after the

bounding box regression. Specifically, we extract an eight-

channel feature IM F from IF with four convolutional layers.

With the predicted N bounding boxes obtained from the other

branch, N dynamic kernels are learned to filter IM F into N

low-resolution instance masks M̂ pred at the dimension of

802×N . We use the dice loss to provide balanced supervision

in the precision and recall between the predicted masks and

the ground truth:

Lmask = 1 −
2

∑

j

(

M̂
gt

i ( j) ∗ M̂
pred

i ( j)
)

∑

j

[

M̂
gt

i ( j)
]2

+
∑

j

[

M̂
pred

i ( j)
]2

+ ε
, (3)

where M̂gt and M̂ pred denote the ground truth and predicted

masks, respectively, with elements indexed by j . The param-

eter ε is a small constant included for numerical stability.

Both M̂gt and M̂ pred are rescaled to 3202 × N via bilinear

interpolation for loss computation. We sum this Lmask for

all instance detected during training. In all, we optimize the

following loss objective for the first low-level segmentation

stage:
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Lstage1 = λbox Lbox + λcon f Lcon f + λmask Lmask . (4)

where λbox , λcon f , and λmask are weighting factors and set

to 2, 1, and 2, respectively, in all our experiments.

4.2 High-resolution segmentation stage

In the high-resolution segmentation stage, we aim to extend

and refine the roughly predicted mask from the previous stage

into a high-quality mask at the resolution of 7202 to bet-

ter capture the intricate details of anime-style subjects. We

design approach upon the IS-Net [19] architecture. Com-

pared to alternatives such as U2Net [20] and UNet [26],

IS-Net uses a multi-scale ground truth encoder network to

encode the ground truth instance mask Mgt into a compact

feature representation I Fgt and establishes supervision on

these features. This design enables segmentation at much

higher resolutions while keeping the memory footprint man-

ageable. We design our model architecture to output and

supervise two major components:

• The multi-scale intermediate features I F pred . We use the

IS-Net backbone to compute these implicit multi-scale

features from the coarse mask and the input image.

• A set of side masks Mside, where intermediate features

at different scales are decoded back to pixel space at the

input resolution. The multi-scale decoding encourages

the model to gain enough awareness in predicting accu-

rate masks at all feature scales.

Technically, for each coarse instance mask M̂
pred

i (sim-

plified as M̂ in this stage for conciseness) obtained in the

first stage, we upscale it to 7202 and concatenate it with the

input image I to form a 7202 × 4 input I M . The network

uses this input to generate the multi-scale predicted features

I F pred and the side masks Mside decoded from coarse to

finest IS-Net features. In our experiment, we compute six

levels of feature scales (D = 1 · · · 6) for I F pred and Mside.

The final output M pred is taken from the decoded results of

finest level (D = 1) of Mside.

Intermediate supervision. We use the original interme-

diate supervision in the IS-Net architecture to align the

predicted features I F pred with the encoded ground truth

I Fgt . The supervision applies MSE loss across all feature

scale levels:

L I S =

6
∑

D=1

‖I F
pred

D − I F
gt

D ‖2
2, (5)

where ‖ · ‖2 is the norm-2 operator.

Pixel position-aware mask supervision. To emphasize

boundary accuracy in the predicted segmentation, we intro-

duce a tailored loss that incorporates pixel position awareness

[33] into the supervision of the side masks Mside. This

encourages the model to pay greater attention to discrep-

ancies near object edges, which are especially crucial for the

downstream processing of details such as hair, hands, and

accessories in anime content. We define this pixel position-

aware loss as:

L ppa =

6
∑

D=1

λD

N

N
∑

i=1

(

Wi ∗ BCE
(

Mside
D , Mgt

)

+ Wi ∗
(

1 − IoUp

(

Mside
D , Mgt

))

)

,

(6)

where N is the total number of pixels in each mask, Wi

is the weighting factor for the i-th pixel, and BCE(·) and

1 − IoUp(·) are binary cross-entropy and pixel-wise IoU

losses, focusing on pixel-wise classification accuracy and

region overlap, respectively. The factor λD is a weight

assigned to each scale D; we set λ6 = 5 to emphasize

the coarsest resolution, and λ = 1 for all other scales. The

boundary weighting matrix W is introduced to stress loss on

boundary pixels:

W = 1 + 5 ×
∣

∣AvgPool2D
(

Mgt
)

− Mgt
∣

∣, (7)

which assigns larger values to regions close to object edges.

This highlights areas likely to contain fine structures, while

still encouraging high overall mask quality.

Finally, we write the overall training loss for this stage as:

Lstage2 = L I S + L ppa (8)

and include training details in the supplementary.

5 Evaluations and discussions

5.1 Quantitative evaluations

We evaluate the effectiveness of our two novel compo-

nents: the large-scale anime segmentation dataset and the

two-stage anime instance segmentation model. We compare

our solutions with existing approaches, including the classic

learning-based Mask R-CNN [9], the state-of-the-art photo

segmentation method Grounded Segment Anything [23], and

the state-of-the-art anime segmentation method YAAS [37].

For a fair comparison, we prepare two versions of each com-

petitor model: the vanilla model and a model fine-tuned with

our proposed dataset. We perform evaluations on a separately

prepared test dataset comprising 307 anime-style content

samples across a wide array of Japanese-style illustrations,

manga, and anime frames, with diversity in visual content
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Table 1 Quantitative

comparisons with existing

methods. Values in bold indicate

the highest performance for

each metric

Model Box AP ↑ Mask AP ↑ Boundary AP ↑

Mask R-CNN 67.1 61.4 5.9

Grounded SAM (Original) 92.2 46.7 16.6

Grounded SAM (Finetuned) 92.2 90.1 49.7

SOLOv2 (YAAS) 64.3 59.0 26.2

SOLOv2 (Finetuned) 76.8 70.8 22.8

Ours 93.1 93.2 63.6

and style, all manually labeled for ground truth segmenta-

tion. We verified that no subject or background in the test

dataset overlaps with our training dataset.

We conduct the quantitative evaluation with three metrics:

Box AP, Mask AP, and Boundary AP [6]. Box AP com-

putes the precision of predicted bounding boxes against their

ground truths; Mask AP measures the precision of instance

masks; and Boundary AP computes precision over instance

boundary areas to highlight boundary fitting accuracy. The

boundary IoU computes the intersection-over-union only at

the pixels within the distance of 2% of the image diago-

nal length from their exterior mask contours, to highlight

the boundary extraction precision. We reveal the evaluation

statistics in Table 1. Our evaluation first confirms that fine-

tuning on our large-scale dataset significantly enhances the

performance of all existing models. The distinctive features

of anime-style content in our dataset enable learning-based

solutions to handle delicate styles more proficiently. Addi-

tionally, our ablation study comparing our full model with

one trained on only 1/8 of the dataset (Table 2) demonstrates

that a substantial anime-specific dataset is indispensable and

cannot be effectively replaced by a few-shot alternative.

We afterward examine the model performances. Among

the competitors, Mask R-CNN shows the lowest performance

due to numerous unidentified subjects, reflected in its low

Box AP scores. The model is significantly limited by its archi-

tecture design, where high-resolution features are not fully

utilized during inference. The transformer-based Grounded

SAM achieves better results with our dataset, but still falls

short of our model’s performance. Additionally, the model

features a lower mask output resolution compared to ours

(2562 vs. 7202), leading to a significantly weaker ability to

extract precise boundaries. Furthermore, their method is not

fully automatic and requires a manual stage of bounding box

extraction from the text prompt. In contrast, our proposed

model is designed to work fully automatic on anime-style

subject instances. Meanwhile, the SOLOv2 mode cannot also

surpass our performance with any of the datasets. We believe

this is due to their relatively smaller model capacity and the

lack of flexible image feature extraction and understanding.

The model also works poorly at boundary pixels.

Table 2 Ablation study reports on model and dataset. Values in bold

indicate the highest performance for each metric

Method Box AP ↑ Mask AP ↑ Boundary AP ↑

1/8 dataset 89.4 83.3 44.2

W/o 2nd stage 93.1 84.6 52.1

W/o L ppa 93.1 92.9 63.1

Full model 93.1 93.2 63.6

We also evaluated the computational efficiency of our

proposed model against the SAM model, focusing on anime-

style frame inputs at 1024px resolution. Our model demon-

strated a significant advantage, extracting masks at 25.6

images per second compared to Grounded SAM’s 3.1 on the

same test dataset. This performance gain is achieved while

delivering a much higher mask output resolution, highlight-

ing our model’s optimization for domain-specific tasks where

speed and resolution are critical.

5.2 Qualitative evaluations

We present our qualitative visual comparison in Fig. 5. In

this evaluation we do not compare with Mask R-CNN due

to its large margin to the state of the art in performance. As

shown in Fig. 5b, the SOLOv2-based segmentation model,

YAAS, fails to extract complete instances in most sample

cases and produces checkerboard artifacts. We also find

our dataset helps the SOLOv2 model to better deal with

the parsing of crowded multiple instance images, yet its

performance is still suboptimal. In Fig. 5c, the fine-tuned

Grounded SAM model extracts all instances but struggles

to distinguish characters without clear boundaries (top row)

and creates tear-like artifacts (2nd and 3rd rows). More-

over, the SAM model cannot extract very precise instance

boundaries, especially when the instance features delicate

drawings such as long hair, fancy clothes, or accessories.

Additionally, the model does not generalize well to abstract

line drawings and manga images (3rd show). In contrast, our

method, supported by a large-scale anime-style segmentation

dataset and a high-resolution segmentation model tailored for

anime-style images, successfully identifies all subjects with
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Fig. 5 Qualitative comparisons with existing methods

Fig. 6 Qualitative ablation studies. b Without the high-resolution segmentation stage, the model produces inaccurate masks. c Without loss of L ppa

in the high-resolution stage, mask boundary accuracy is compromised. d Our full model output

high-quality masks across all test images. Particularly, we

emphasize our method’s effectiveness in challenging scenar-

ios, such as large areas of occlusion, intricate structures at

the detail level, and adaptability to various styles of anime-

style content. In addition, our method provides smoother and

more adhesive boundaries in extracting these instances. Refer

to the supplemental material for additional qualitative com-

parisons.

5.3 Ablation studies

We conducted an ablation study for both our large-scale

dataset and building blocks in our model design. Besides

the studies on the constrained dataset discussed in Sect. 5.1,

we also validate our model design by removing the second

stage and the pixel position-aware loss L ppa , respectively.

Figure 6 presents the visual comparisons. Observably, with-

out the second high-resolution segmentation stage, the model
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Fig. 7 3D Ken Burns synthesis with instance awareness. Our extraction of instances provides consistent geometry and texture in the synthesized

3D scene due to the additional prior provided from the instances

fails to produce accurate masks for intricate structures such as

hairs. Incorporating the high-resolution segmentation stage

substantially improves the quality of the segmented instance

masks. Without the pixel position-aware loss L ppa , the model

still struggles to capture precise structures and mask bound-

aries. The qualitative statistics in Table 2 also support these

specific model designs.

6 Applications

The high-quality instance-level extraction of anime-style

subjects enables various anime editing applications. These

were previously considered challenging and time-consuming

due to the significant reliance on manual segmentation of

scenes and characters. In this section, we introduce three

major applications essential for the real-world production of

anime and cartoons. Refer to the supplementary material for

details of implementation and evaluations of these applica-

tions.

3D Ken Burns. The 3D Ken Burns effect [18], widely

used in low-cost cartoons, creates dynamic visuals from static

frames by simulating camera movement based on a roughly

estimated depth of the scene. However, when dealing with

complex scenes, the original implementation of depth esti-

mation and inpainting needed for a coherent scene can be

problematic, often resulting in visual artifacts and inconsis-

tent rendering, as in Fig. 7e. To address this, we leverage

the instance awareness gathered from our proposed instance

segmentation model, for a refined scene depth estimation

and inpainting for occluded areas. In our implementation,

we first obtain the initial depth using a refined depth esti-

mator [35]. After that, we apply an average pooling filter

on the initial depth of each subject instance. As in Fig. 7c,

our depth estimation better differentiates between the fore-

ground and the background. For more accurate inpainting

of the background textures, we first isolate and remove the

foreground subjects. This ensures that the inpainting mod-

els do not utilize any material from the subject areas. After

that, we utilize a customized latent diffusion [25] model to

achieve high-quality and consistent inpainting on foreground

instances and occluded pixels (Fig. 7d). We show the final

rendered effects in Fig. 7f. Compared to the original pipeline,

we can achieve more engaging and immersive visual experi-

ences, thanks to instance-aware optimization steps for both

the geometry and texture during rendering.

Instance-aware style editing. Image-to-image style edit-

ing and translation for cartoons are rapidly evolving, with

existing solutions demonstrating potential in style transla-

tion between Japanese anime and Western comics [34] or

from photos to anime styles [5]. However, they struggle with

arbitrary style translation due to a lack of high-level semantic

understanding and the ability to synthesize high-quality tex-

tures and shadings. Recent trends favor diffusion models [10,

29] for their superior generation quality and flexibility, using

texts to condition the generation process. However, without

instance-level guidance, these models often fail to preserve

the identity and visual semantics of instances. As shown in

Fig. 8b, instances may lose original visual properties, such

as hair colors, background semantics, and face expressions,

and fail to fully adhere to the given style prompts (e.g.,

3D pixar style). This issue arises from the indiscriminate

nature of CLIP embedding injection during the denoising

step, leading to confusion in applying proper prompts to spe-

cific visual elements. A uniform style prompt also cannot

provide sufficient semantic guidance, resulting in decreased
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Fig. 8 Instance-aware style editing with global prompt 3D pixar style (top), artist_cg, cg (bottom). Our solution respects the global style prompt

while maintaining visual properties and semantics (e.g., hair color) for all instances

Fig. 9 Our instance-level segmentation and inpainting streamlines the making of puppet animation from still illustrations

visual quality, such as blurry edges and halo artifacts. We

address these visual discrepancy issues with an instance-level

diffusion-based solution for consistent style translation. For

each extracted instance, we compute its visual tags using the

SwinV2 tagger [27] as a supplement to the global visual tags

for style editing. We setup the style editing with the same

noise application and denoising schedule for all instances

and denoise each instance with its corresponding global and

instance-specific visual tags. Additionally, we use the lineart

ControlNet [36] as an additional structure constraint for the

instances. Note that we also inpaint the background in the

subject areas and treated it as a unique instance to maintain

overall visual consistency after style editing. Our method

maintains style consistency, achieving clearer and sharper

results, as shown in Fig. 8c.

Puppet Animation from Illustration and Manga. The

extraction of high-resolution subject instances enables cre-

ating puppet animation from single illustrations or manga

images. Without individual instance masks, only basic defor-

mation can be applied to the overall image, often resulting

in distorted subjects or backgrounds. We propose a concep-

tual approach for generating puppet animation, as depicted

in Fig. 9. The process begins with the extraction of indi-

vidual instances, followed by the application of techniques

presented in Animated Drawings [28] to create high-quality,

time-varying deformation frames of the subject. To manage

any missing pixels due to warping, we use the same inpaint-

ing technique employed in the 3D Ken Burns application

to avoid creating additional subjects. Our proposed method

allows for the creation of visually coherent puppet anima-

tion, either from a reference animation or through manual

manipulation of image keypoints. Crucially, the movement

of each subject operates independently, without any impact

on other subjects or the background.

7 Discussion and conclusion

Generalization to comics and cartoons. We demonstrate

one qualitative result for western comics in Fig. 5. Our

method reliably identifies subjects and produces accurate

boundaries, particularly in challenging regions such as hands.

While some overlap errors may occur (e.g., a hand assigned

to both the seated woman and the standing man), our model

123



Instance-guided anime editing with a curated large-scale dataset

Fig. 10 Limitations of our approach. The segmentation model may be

confused by too crowded contents, or major occlusion

still provides clearer and more precise instance boundaries

than competing approaches, demonstrating generalization to

other hand-drawn style contents. Additionally, we also tested

the performances qualitatively and found that our model

achieves state-of-the-art performance on manga109, and on-

par performance with Grounded SAM on western comics. In

general, our approach generalizes to color comics but per-

forms less effectively on old black-and-white comics and

animations or fine-art domains like oil paintings. Refer to

the supplementary for more details.

Limitations. One potential issue arises when handling

images with a high degree of subject crowding, particularly

if the subjects share similar colors and styles. As shown in

the left image of Fig. 10, our method can struggle to identify

the belonging of the dark pixels in the lower middle part. Fur-

thermore, occlusions can cause discontinuity in the subject

area, which can cause small detached areas to be misidenti-

fied as part of the occluding subject. As shown in the right

image of Fig. 10, the right hand of the girl in the back is incor-

rectly identified as part of the girl in the front. In rare cases,

our model may misrecognize thin elements as hairs to pro-

duce false results, such as in the first row of Fig. 5. Our model

may struggle when the hairs are extremely thin as 1–2 pixels.

In such situations, matting techniques may be more suitable.

Besides, our model primarily identifies human characters due

to biases of the data set, but can also extract non-human sub-

jects such as cats and robots. When full automation is not

feasible, semiautomatic extraction remains possible by man-

ually providing bounding box prompts. We demonstrate one

example in the supplementary.

Conclusion.In this work, we propose to improve anime

editing pipelines with a large-scale segmentation dataset

and a novel two-stage segmentation framework, producing

high-quality instance masks. Our dataset is prepared and

synthesized using a reverse engineering approach based on

chroma-keying videos and illustrations. Our method shows

significant improvements over existing techniques in qual-

itative and quantitative evaluations, enabling high-quality

downstream applications for modifying anime and cartoons,

with more uses and applications to be explored in future.
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