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Abstract

Interactive segmentation aims to delineate a user-specified
target in an image by leveraging positive and negative clicks.
While effective on natural images, existing methods often fail
in remote sensing scenarios, where satellite imagery is char-
acterized by ultra-high resolution, sparse object distribution,
and significant scale variation. These factors hinder accurate
segmentation of fine-grained targets like roads, buildings, and
aircraft. To overcome these problems, we propose CrossCut,
a novel interactive segmentation framework tailored for re-
mote sensing imagery. Unlike previous approaches that either
process the entire image or treat each patch independently,
CrossCut enables simultaneous segmentation across multiple
patches by propagating user click information to all patches.
This design allows the model to fully utilize click guid-
ance regardless of object location, effectively resolving the
challenge of inter-patch information isolation. Furthermore,
CrossCut supports flexible inference by allowing segmenta-
tion results from different patch configurations to be fused,
enhancing both accuracy and robustness. Extensive evalu-
ations across multiple remote sensing datasets demonstrate
that CrossCut achieves state-of-the-art performance. Quanti-
tative results and visualizations show that CrossCut signifi-
cantly advances the field of interactive segmentation for re-
mote sensing imagery.

Code — https://github.com/nanzhou02/CrossCut

Introduction
Interactive segmentation (IS) (Ramadan, Lachqar, and Tairi
2020) aims to extract a user-specified object from an image
by incorporating sparse user guidance, typically in the form
of clicks or scribbles. It serves as a powerful tool across var-
ious real-world domains by enabling efficient and precise
object delineation with minimal user input. In natural image
scenarios, IS is widely used for tasks such as photo edit-
ing, content generation, and dataset annotation (Rombach
et al. 2022; Zhang, Rao, and Agrawala 2023; Chen et al.
2024). In medical imaging, it assists clinicians in outlining
anatomical structures or lesions with high precision for di-
agnostic and treatment purposes (Wang et al. 2018; Marinov
et al. 2024). In industrial settings, IS helps segment objects
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Figure 1: Comparison of IS approaches on remote sensing
images. (a) Whole-image segmentation is simple but inac-
curate. (b) Patch-by-patch segmentation is precise but ineffi-
cient. (c) Our method enables accurate and efficient segmen-
tation via cross-patch aware paradigm. Green and red points
denote positive and negative points, respectively.

in quality inspection, defect detection, and robotic manipu-
lation from factory or product imagery (Du et al. 2022; Hao
et al. 2022). These domain-specific applications demonstrate
the versatility and importance of interactive segmentation in
handling varied visual data with high annotation efficiency.

However, when applied to remote sensing imagery, IS
faces significant challenges. While deep learning-based
methods have achieved impressive progress in remote sens-
ing image segmentation (Maggiori et al. 2017), IS in this
domain remains underexplored. (Liu et al. 2025) recently
introduced a dedicated benchmark for remote sensing IS and
highlighted the domain-specific challenges such as ultra-
high resolution and sparse object distribution. This further
motivates the need for specialized solutions beyond con-
ventional IS frameworks. Satellite images are often char-
acterized by ultra-high spatial resolution, complex back-
grounds, sparse object distributions, and drastic scale vari-
ations. These challenges have been widely recognized in re-
mote sensing literature (Cheng, Han, and Lu 2017; Yuan
et al. 2021; Zhu et al. 2017; Audebert, Saux, and Lefèvre
2018), where high intra-class variation and small object
sizes often degrade segmentation performance. Moreover,
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conventional segmentation methods struggle to generalize
across diverse remote sensing scenes due to their complex
spatial structures and multi-scale characteristics. These fac-
tors severely hinder the ability of existing IS models to dis-
tinguish fine-grained and small-scale targets such as roads,
buildings, and aircraft. Moreover, the large image size and
scene diversity introduce additional difficulties in efficiently
propagating user guidance across the entire image.

To overcome these limitations, we propose CrossCut, a
novel IS framework specifically designed for remote sens-
ing imagery. Unlike traditional methods that treat the image
as a whole, CrossCut divides the input image into multiple
patches and performs segmentation in a distributed yet col-
laborative manner. Interactive clicks are encoded and prop-
agated across patches to enable simultaneous segmentation
of all subregions. This design not only allows efficient han-
dling of high-content data but also improves the localization
of sparse and multi-scale objects.

As illustrated in Figure 1, directly applying interactive
segmentation on the entire high-content image is simple but
often leads to suboptimal results due to insufficient detail
modeling and spatial constraints. On the other hand, man-
ually segmenting each patch individually yields better per-
formance but is extremely time-consuming and impractical
for real-world applications. Our method strikes a balance
by supporting simultaneous segmentation across all patches
while maintaining high accuracy, effectively overcoming the
limitations of both global and patch-wise approaches. This
enables effective and efficient interaction across large-scale
remote sensing images.

Furthermore, CrossCut supports flexible inference by en-
abling users to select different numbers of patches accord-
ing to their annotation needs. The final segmentation result
can be further refined by fusing outputs from multiple patch
configurations, effectively leveraging complementary infor-
mation from varying granularities.

Extensive experiments conducted on three challenging re-
mote sensing segmentation datasets demonstrate that Cross-
Cut achieves state-of-the-art performance. Both quantitative
metrics and qualitative visualizations validate its effective-
ness and robustness in addressing the unique difficulties
of remote sensing imagery. Our approach significantly ad-
vances the field of interactive segmentation for large-scale,
high-content satellite images.

Our main contributions are summarized as follows:

• We propose CrossCut, an interactive segmentation
framework that propagates user-provided guidance
across all patches, enabling effective global context mod-
eling within high-content remote sensing imagery.

• Our method supports flexible inference with different
patch division strategies during testing. By fusing results
from multiple scales, CrossCut effectively captures com-
plementary information across varying granularities.

• Our method achieves state-of-the-art performance on
three challenging datasets, significantly surpassing exist-
ing interactive segmentation methods.

Related Work
Interactive Segmentation
Interactive image segmentation has seen significant progress
over the past decade. Early methods such as Graph-
Cut (Boykov and Funka-Lea 2006; Blake et al. 2004; Rother,
Kolmogorov, and Blake 2004; Vicente, Kolmogorov, and
Rother 2008; Veksler 2008), Random Walks (Grady 2006;
Kim, Lee, and Lee 2008), and Geodesic Distance-based ap-
proaches (Gulshan et al. 2010; Bai and Sapiro 2009; Price,
Morse, and Cohen 2010) leveraged user strokes or clicks to
guide graph-based optimization processes.

With the rise of deep learning, methods like RITM (Sofi-
iuk, Petrov, and Konushin 2022), FocalClick (Chen et al.
2022), SimpleClick (Liu et al. 2023), and MFP (Lee, Lee,
and Kim 2024) have enabled highly accurate segmentation
by processing positive and negative clicks through neural
networks, achieving strong results on natural images.

Recently, SAM (Kirillov et al. 2023) introduced a foun-
dation model trained on large-scale segmentation data, en-
abling powerful zero-shot transfer capabilities. These ad-
vancements reflect a growing trend toward integrating user
interaction, large-scale pretraining, and transformer archi-
tectures to develop generalizable and efficient interactive
segmentation frameworks.

Remote Sensing Image Segmentation
Remote sensing image segmentation is a core task in geospa-
tial analysis. Traditional semantic segmentation models such
as FCNs (Long, Shelhamer, and Darrell 2015), U-Net (Ron-
neberger, Fischer, and Brox 2015), and DeepLab (Chen et al.
2018) have been widely applied in this domain. However,
these methods heavily rely on large-scale pixel-level anno-
tations, which are costly and time-consuming to acquire, es-
pecially in ultra-high-resolution satellite imagery.

To reduce annotation burdens, recent efforts have ex-
plored weakly-supervised, semi-supervised, and interactive
segmentation methods. Nevertheless, remote sensing scenar-
ios introduce unique challenges such as sparse object dis-
tribution, large-scale variations, and complex backgrounds,
which limit the effectiveness and generalization of conven-
tional interactive techniques.

In response, recent research has begun to tailor interactive
segmentation approaches specifically for remote sensing.
For example, ROS-SAM (Shan et al. 2025) enhances mask
quality for moving objects using LoRA fine-tuning and
boundary refinement. AerOSeg (Dutta et al. 2025) incorpo-
rates SAM into an open-vocabulary framework with multi-
scale attention, achieving strong performance on unseen cat-
egories. In addition, RefPrompt (Wang et al. 2024) pro-
poses a reference-guided prompting mechanism that trans-
fers knowledge across images for better segmentation.

Furthermore, broader trends in remote sensing segmenta-
tion are summarized in recent surveys (Liu et al. 2025; Bao
et al. 2025). Liu et al. discuss the evolution from pixel-level
methods to foundation model-driven approaches, while Bao
et al. highlight the scalability of Mamba-based architectures
for modeling global context in high-resolution imagery.
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Figure 2: The framework of CrossCut. The lower branch follows a standard interactive segmentation pipeline over image
patches. The upper branch generates the Cross-Patch Prompt Embedding, which encodes user clicks and propagates them across
all patches, enabling synchronized and context-aware segmentation. The upper branch’s Cross-Patch Prompt Embedding guides
the lower branch, enabling coherent segmentation across all patches. Final output fuses results from different patch counts.

Proposed Method
Overall Framework

As illustrated in Figure 2, our proposed CrossCut frame-
work builds upon the widely adopted SimpleClick architec-
ture (Liu et al. 2023), which serves as the foundation for
numerous recent IS models. Our framework is structured
around two main branches, the Target Branch and the Cross-
Patch Branch, each serving a distinct role, as elaborated in
the following sections.

Target Branch. The target image It is first divided into
n × n patches (I1, I2, . . ., In×n), then they pass through
a patch embedding module Eimg to obtain image features.
Meanwhile, positive and negative clicks are converted into
two disk-shaped maps, which are then concatenated with
the previous prediction mask to form the auxiliary input
Ct. This auxiliary input is also divided into n × n patches
(C1,C2, . . ., Cn×n), then they are embedded by an extra
patch embedding module Eext:

Fi = Eimg (Ii) + Eext (Ci) , i ∈ {1, . . . , n2}. (1)

The backbone is a Vision Transformer (ViT) (Dosovitskiy
2020), and the decoder consists of a simple feature pyra-
mid followed by a segmentation head, as described in Sim-
pleClick. During training, the predicted segmentation St is
supervised using the ground truth mask via a loss function,
which is used to optimize the model parameters.

Cross-Patch Branch. The Cross-Patch Branch enhances
the segmentation framework by introducing global semantic
guidance derived from propagated positive clicks. While the
detailed generation of the Cross-Patch Prompt Embedding
Pc is described in the next section, we focus here on how it
integrates into the overall model.

Specifically, we modify the feature fusion step. The final
fused representation Fi for each patch is formed by inte-
grating the baseline features with our proposed prompt em-
bedding. This prompt P provides a specific embedding Pi

tailored for the i-th patch.
These three components are integrated through element-

wise addition to form the final fused representation:

Fi = Eimg (Ii) + Eext (Ci) +Pi, i ∈ {1, . . . , n2}. (2)

The fused feature Fi is then passed through the back-
bone network for deep feature extraction and subsequently
decoded to produce the patch segmentation Si:

Si = Decoder (Backbone (Fi)) , i ∈ {1, . . . , n2}. (3)

Subsequently, these patch segmentations are concatenated
in accordance with the original spatial layout of the patches
to produce the segmentation result S(n)

t .

Cross-Patch Prompt Embedding
Unlike existing remote sensing interactive segmentation
methods that operate on entire images or isolated patches,
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our approach targets the overlooked challenge of achiev-
ing consistent segmentation across multiple patches simul-
taneously. To this end, we propose the generator of Cross-
Patch Prompt Embedding (CPE), which extracts semantics
around positive clicks and propagates this guidance across
all patches, enabling coherent and synchronized interaction-
aware segmentation over the full image.

The generation of the CPE begins with the features from
the patch embedding layer. The input image is first divided
into patches, which are encoded by the same patch em-
bedding module Eimg used in the main framework (Equa-
tion (2)) to obtain patch features {Eimg(Ii)}n

2

i=1. These patch
features are then concatenated according to their original
spatial order to reconstruct the full-resolution patch embed-
ding feature map Fimg . We then resize it to match the size
of the binary disk-shaped maps.

Given N positive clicks with coordinates {pj =
(xj , yj)}Nj=1, we generate N binary disk-shaped masks
{dj}Nj=1, where each dj ∈ {0, 1}H×W is a circular mask
centered at pj . The use of disk-shaped masks allows soft
spatial selection, making the feature extraction process more
robust to slight misclicks and spatial ambiguities.

For each positive click pi, we compute the localized fea-
ture vector fi ∈ RC by performing average pooling over the
activated disk region:

fj=

∑
x,y dj(x, y) · Fimg[:, x, y]∑

x,y dj(x, y)
, j ∈ {1, . . . , N}. (4)

We then construct a nearest-click index map M ∈
{1, . . . , N}H×W , which assigns each pixel to its closest
positive click based on Euclidean distance:
M(x, y) = argminj ∥(x, y)− pj∥2 , j ∈ {1, . . . , N}. (5)
The resulting M partitions the image into Voronoi-like

regions, allowing us to construct a re-indexing features map
Fr ∈ RC×H×W by assigning each pixel the feature vector
of its nearest click:

Fr[:, x, y] = fM(x,y), ∀(x, y) ∈ [1,H]× [1,W ]. (6)
Finally, we encode Fr with a multi-layer perceptron

(MLP) to produce the Cross-Patch Prompt Embedding P:
P = MLP (Fr) . (7)

This global prompt P is then spatially divided into an
n×n grid of patch-level prompts, {Pi}n

2

i=1. Each Pi is sub-
sequently injected into its corresponding i-th patch as de-
scribed in Equation (2), enabling precise guidance across the
entire image.

Multi-Scale Division Fusion
Since our method propagates prompts through cross-image
information, it can be directly applied to inputs with vary-
ing numbers of patches. This allows us to generate multiple
segmentation results for a target image in different slice con-
figurations. By merging these results, we can obtain a more
accurate and robust final segmentation St:

St =
K∑

k=1

wk · S(k)
t , (8)

where S
(k)
t is the result from the k-th patch configuration,

wk is the corresponding fusion weight, and the weights sat-
isfy

∑K
k=1 wk = 1 and wk ≥ 0.

To mitigate the limitations of individual slicing strate-
gies (e.g., boundary misalignment or missing contextual in-
formation), we apply multiple dividing configurations (e.g.,
2 × 2, 3 × 3, 4 × 4 grids) to the same image. Each config-
uration captures the object at different resolutions and con-
textual ranges, which complements each other when fused.

Inspired by ensemble learning, Multi-Scale Division Fu-
sion (MDF) enhances robustness by aggregating diverse seg-
mentation hypotheses. In practice, we assign higher weights
to configurations that cover larger context or demonstrate
better confidence. The fusion weights wk can be determined
heuristically, uniformly, or based on validation performance.
In this paper, we set w2 = w3 = w4 = 1

3 .

Experiment
Experiments Setting
Dataset. To comprehensively evaluate our method’s per-
formance and generalization ability, we conduct exper-
iments on three representative remote sensing datasets:
DeepGlobe Road Extraction Dataset (DeepGlobe) (Demir
et al. 2018), iSAID (Waqas Zamir et al. 2019; Xia
et al. 2018), and Inria Aerial Image Labeling Dataset (In-
ria) (Maggiori et al. 2017).
◦ DeepGlobe: It is a high-resolution satellite image

dataset from the CVPR 2018 DeepGlobe Challenge, used
here for road segmentation. It contains 6266 RGB images
(1024×1024, 0.5 m/pixel). Since only training set masks
are available, we use 4358 for training and 1868 for test-
ing. Roads are annotated as thin binary masks.

◦ iSAID: It is a large-scale aerial image dataset for in-
stance and semantic segmentation, derived from DOTA.
It includes 1411 images for training and 458 images for
validation (spatial resolution: 0.3–3 m/pixel), we use val-
idation images for testing. It covers 16 object categories
with dense, multi-oriented semantic masks.

◦ Inria: It is a building segmentation dataset with 180
high-resolution RGB images (5000×5000, 0.3 m/pixel),
covering urban areas in the US and Europe. Since only
training masks are provided, we split the data manually
for training and testing. To facilitate training and evalua-
tion, we divide each original image into non-overlapping
1000 × 1000 pixel patches. Models are trained and tested
on these patches, 2926 for training and 1246 for testing.

Evaluation Metrics. To quantitatively evaluate the perfor-
mance of our method, we employ two commonly used met-
rics: Intersection over Union (IoU) and Number of Clicks
(NoC). IoU measures the overlap between the predicted
mask and the ground truth, and is defined as the ratio of
the intersection area to the union area. A higher IoU in-
dicates more accurate segmentation performance. For in-
teractive segmentation tasks, we further use NoC to assess
the efficiency of user interactions. Specifically, NoC repre-
sents the number of clicks required to reach a predefined
IoU threshold. In our experiments, we report NoC (up to 20
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Figure 3: The mIoU-NoC curves on three benchmark datasets.

Method Backbone iSAID DeepGlobe Inria
@70 @75 @80 @70 @75 @80 @70 @75 @80

RITM HRNet-32 13.97 14.52 15.32 18.55 19.00 19.39 16.28 17.07 17.83
FocalClick SegF-B3 15.04 15.47 15.98 17.96 18.46 18.91 16.31 17.11 17.88
EMC-Click HRNet-32 17.09 17.44 17.81 18.71 19.11 19.43 17.28 18.00 18.57
GPCIS ResNet-50 15.53 16.07 16.61 19.57 19.70 19.81 17.27 17.86 18.44
FCFI HRNet-18 14.51 15.06 15.62 18.69 19.15 19.49 16.40 17.15 17.84
SAM ViT-B 15.63 16.24 16.87 18.99 19.43 19.73 18.05 18.70 19.23
SegNext ViT-B 14.64 15.36 16.13 18.15 18.62 19.07 15.51 16.44 17.41
SimpleClick ViT-B 14.08 14.71 15.39 17.60 18.12 18.69 15.24 16.39 17.35
MFP ViT-B 13.77 14.47 15.20 17.69 18.24 18.74 14.64 15.82 16.85
SimpleClick* ViT-B 11.71 12.75 13.91 13.12 15.04 16.62 4.88 7.90 11.61
MFP* ViT-B 11.65 12.68 13.77 13.86 15.50 16.91 5.68 8.26 11.91

Ours ViT-B 9.19 10.21 11.63 7.11 9.71 12.60 2.14 2.97 4.68

Table 1: Comparison of different IS methods on three benchmark datasets. The evaluation metric is NoC, lower NoC indicates
higher click efficiency. The bold value represents the best result. * indicates using above three datasets for finetuning.

clicks) at IoU thresholds of 70%, 75%, and 80%. A lower
NoC value at a given threshold implies that the model can
achieve high-quality segmentation with fewer user interac-
tions, indicating better guidance and interaction efficiency.
Together, these metrics assess both segmentation accuracy
and interactive performance.

Implementation Details. We build CrossCut based on
the SimpleClick framework.In the experiments, we mainly
use the ViT-B model trained on COCO (Lin et al.
2014)+LVIS (Gupta, Dollar, and Girshick 2019) datasets
as our base model, and finetune it using the above three
datasets.We conducted our training on four NVIDIA RTX
4090 GPUs. To reduce GPU memory consumption, each
original large image was divided into 2×2 patches, and no
further cropping was applied. During training, we employed
a series of data augmentation strategies, including random
scaling, random cropping, and horizontal flipping. The net-
work was optimized using the normalized focal loss (Sofi-
iuk, Petrov, and Konushin 2022) to better handle class im-

balance. We trained the model for 55 epochs on the three
benchmark datasets using the Adam (Kingma and Ba 2015)
optimizer with an initial learning rate of 5e-5, which was de-
cayed by 0.1 after the 50th epoch to facilitate convergence.

Results & Analysis
Quantitative Results. To thoroughly evaluate the effec-
tiveness of our method, we conduct experiments on three
challenging remote sensing benchmarks: iSAID, Deep-
Globe, and Inria. We compare our approach against a se-
ries of recent interactive segmentation baselines, includ-
ing SAM (Kirillov et al. 2023), RITM (Sofiiuk, Petrov,
and Konushin 2022), GPCIS (Zhou et al. 2023), Fo-
calClick (Chen et al. 2022), EMC-Click (Du et al. 2023),
FCFI (Wei, Zhang, and Yong 2023), SegNext (Liu et al.
2024), SimpleClick (Liu et al. 2023), and MFP (Lee, Lee,
and Kim 2024). The evaluation is performed under various
numbers of user clicks, and results are reported in terms of
mIoU (%) as well as the number of clicks required to reach
specified IoU thresholds (Figure 3 and Table 1). Notably,
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Image GT Ours SimpleClick MFP

Figure 4: Comparison of visualized results on three datasets with 5 interaction points.

existing IS models often struggle to generalize well to re-
mote sensing imagery, largely due to its distinct characteris-
tics and complexity. To address this issue, we selected two
representative methods for finetuning on the remote sens-
ing datasets: the baseline method SimpleClick and the high-
performing method MFP.

As shown in Figure 3, our proposed CrossCut consistently
outperforms all existing interactive segmentation baselines
across all datasets and click counts. This performance ad-
vantage is especially prominent in the low-click regime, in-
dicating higher efficiency with minimal user input. The ef-
fectiveness is most evident on the Inria dataset with dense
urban structures, where CrossCut exhibits a significantly
sharper accuracy gain. On iSAID and DeepGlobe, it also
consistently outperforms other methods across all click lev-
els, demonstrating robustness to complex layouts, scale vari-
ation, and sparse targets. These results validate the effec-
tiveness of our cross-patch guidance mechanism in handling
challenging remote sensing segmentation tasks.

Furthermore, Table 1 reports the number of clicks re-
quired to reach 70%, 75%, and 80% IoU thresholds. Our
method requires significantly fewer interactions to reach
each threshold across all datasets. For example, to achieve
80% IoU on Inria, CrossCut needs only 4.68 clicks, whereas
MFP and SimpleClick require 11.91 and 11.61 clicks, re-
spectively. This reduction in user effort highlights the effi-

ciency and effectiveness of our Cross-Patch Prompt Embed-
ding and Multi-Scale Division Fusion strategies.

These quantitative results validate the robustness and gen-
eralization ability of CrossCut in diverse and complex re-
mote sensing scenarios. By leveraging distributed patch-
level segmentation with global interaction, our method
demonstrates superior performance in both segmentation
quality and interaction efficiency.

Visualization Results. As shown in Figure 4, we visualize
the segmentation results on three representative images from
different datasets, with segmentation targets being aircraft
(top row), roads (middle row), and buildings in remote sens-
ing scenes (bottom row). Each example presents the 5-point
interaction results and includes five columns: the image, the
ground truth (GT), the segmentation result produced by our
method, SimpleClick, and MFP.

It can be clearly observed that our method yields more
precise and sharper object boundaries across all three sce-
narios. For instance, in the aircraft case, our segmentation
more accurately captures the contour of each airplane. In the
road extraction example, the linear structures and intersec-
tions are better preserved, demonstrating stronger alignment
with the GT. Similarly, for remote sensing buildings, our
method results in more accurate and better-localized masks,
reducing boundary blur and over-segmentation.
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Method iSAID DeepGlobe Inria
&5 &10 &20 &5 &10 &20 &5 &10 &20

Baseline 57.22 66.77 71.82 55.25 67.93 76.12 63.09 80.50 85.11
Baseline + CPE 60.11 67.60 72.17 69.72 74.93 79.17 82.60 84.85 86.84
Baseline + CPE + MDF 61.17 69.10 73.67 70.61 75.91 80.23 83.06 85.26 87.28

Table 2: Effectiveness of CPE and MDF on segmentation accuracy. Results are reported as mIoU on three benchmark datasets.
The bold value represents the best result.

Method iSAID DeepGlobe Inria
@70 @75 @80 @70 @75 @80 @70 @75 @80

Baseline 10.13 11.21 12.59 12.02 13.68 15.51 7.06 8.27 10.39
Baseline + CPE 9.61 10.69 12.16 7.68 10.30 13.30 2.17 3.08 5.00
Baseline + CPE + MDF 9.19 10.21 11.63 7.11 9.71 12.60 2.14 2.97 4.68

Table 3: Effectiveness of CPE and MDF on interaction efficiency. Results are reported as NoC on three benchmark datasets.
The bold value represents the best result.

These visual comparisons further verify that our approach
achieves not only higher numerical performance but also su-
perior visual quality, especially in terms of boundary fidelity
and structural consistency.

Ablation Study
Cross-Patch Prompt Embedding. The CPE module aims
to address the challenge of guiding segmentation across
multiple non-overlapping patches by effectively propagating
user clicks. Compared with the baseline, adding CPE yields
significant improvements across all datasets. On Deep-
Globe, mIoU@5 improves from 55.25% to 69.72%, and
NoC@80 drops from 15.51 to 13.30. A similar trend is
observed on Inria and iSAID, where CPE enhances per-
formance by enabling each patch to receive context-aware
guidance based on localized click semantics. These results
demonstrate that CPE is crucial for enabling accurate seg-
mentation in our patch-based interaction framework.

Multi-Scale Division Fusion. Building on CPE, we fur-
ther introduce MDF to integrate information from multi-
ple patch granularities. This fusion allows the model to
leverage both local details and global context. The addi-
tion of MDF consistently boosts performance: on iSAID,
mIoU@20 increases from 72.17% to 73.67%, and NoC@80
decreases from 12.16 to 11.63. The improvements are more
pronounced on DeepGlobe and Inria, showing that MDF ef-
fectively mitigates scale variance in remote sensing scenes.
This confirms that fusing multi-scale division outputs pro-
vides complementary cues, enhancing robustness and seg-
mentation precision.

Patch Configuration Analysis. To assess the impact of
patch granularity and the effectiveness of MDF strategy,
we evaluate different patch configurations on DeepGlobe
dataset. As shown in Table 4, the 3 × 3 division yields
the highest performance among the single-scale settings,
achieving 79.17% mIoU@20. Building on this, fusing seg-

Configuration &5 &10 &20

2× 2 patches 69.41 73.95 77.72
3× 3 patches 69.72 74.93 79.17
4× 4 patches 68.07 73.76 78.74

MDF 70.61 75.91 80.23

Table 4: Comparision of the impact of patch number and
MDF. Results are reported as mIoU on DeepGlobe dataset.
The bold value represents the best result.

mentation results from multiple patch scales through MDF
consistently improves performance across all click lev-
els. Specifically, MDF achieves mIoU scores of 70.61%,
75.91%, and 80.23% at 5, 10, and 20 clicks, respectively.
These results highlight the advantage of leveraging comple-
mentary spatial information across scales to enhance seg-
mentation accuracy and robustness.

Conclusion
In this paper, we present CrossCut, a novel interactive
segmentation framework tailored for remote sensing im-
agery. Unlike existing methods that typically process im-
age patches independently or apply segmentation on the
entire image, CrossCut enables simultaneous segmentation
across all patches by propagating click information glob-
ally through our proposed Cross-Patch Prompt Embedding
module. This design effectively addresses the challenges of
large-scale, sparse, and multi-scale objects inherent in high-
content satellite images. Extensive experiments on three re-
mote sensing datasets demonstrate that CrossCut consis-
tently outperforms state-of-the-art methods in both segmen-
tation accuracy and annotation efficiency. We believe our
framework provides a new direction for scalable, effective
interactive segmentation in the remote sensing domain.
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