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Abstract

This research addresses the critical challenge of Open-Vocabulary Remote Sensing Image Semantic
Segmentation (OVRSISS), where models must accurately segment arbitrary text-queried categories
in remote sensing imagery without prior training on those specific classes. Traditional methods are
hindered by fixed vocabularies and the inherent complexities of remote sensing data. We propose
RS-ZeroSeg, a novel end-to-end model that synergistically combines general Vision-Language Model
(VLM) capabilities with specialized remote sensing knowledge. Key components include a Dual-
Stream Feature Extractor (DSFE) for heterogeneous feature fusion, a Multi-Scale Contextual Alignment
Module (MS-CAM) for multi-scale integration, and a Category-Adaptive Refinement Head (CARH) for
text-driven segmentation. Trained on a comprehensive remote sensing dataset, RS-ZeroSeg consistently
outperforms state-of-the-art OVRSISS methods across diverse benchmarks including FLAIR, FAST,
ISPRS Potsdam, and FloodNet, achieving a new state-of-the-art average mloU and demonstrating
a substantial improvement over previous bests. Extensive ablation studies validate the significant
contribution of each proposed module, while detailed analyses confirm superior generalization to
novel categories, improved computational efficiency, and optimal training strategies, demonstrating
RS-ZeroSeg’s robustness and adaptability for practical remote sensing applications.

Keywords: open-vocabulary semantic segmentation; remote sensing; vision-language model

1. Introduction

The rapid advancement of remote sensing technology has led to an exponential increase in the
availability of satellite and aerial imagery, providing invaluable data for a myriad of applications,
including urban planning, environmental monitoring, disaster response, and agricultural management.
A cornerstone task in leveraging this data is semantic segmentation, which involves classifying each
pixel in an image into a predefined category. Traditional remote sensing semantic segmentation
methods, however, predominantly operate within a closed-set paradigm, where models are trained
and evaluated on a fixed set of categories [1]. This limitation significantly hinders their utility in
dynamic real-world scenarios, where new or previously unseen object classes frequently emerge, or
where fine-grained distinctions are required. The laborious and costly process of re-annotating vast
datasets for every new class renders these conventional approaches impractical for addressing the
evolving demands of Earth observation.
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Figure 1. Motivation of SP-CSVR: overcoming the “style trap” by achieving consistent semantic reasoning across
different visual styles.

Driven by these challenges, this research focuses on addressing the critical problem of Open-
Vocabulary Remote Sensing Image Semantic Segmentation (OVRSISS). Recent advancements in
large vision-language models (LVLMSs) have shown remarkable capabilities in understanding and
generating content across modalities, often leveraging visual in-context learning to adapt to novel
tasks and categories with minimal or no explicit fine-tuning [2]. However, the mechanisms and true
learning capabilities of in-context learning in large language models (LLMs) are still subjects of active
research and debate [3]. Current state-of-the-art methods in open-vocabulary segmentation, while
showing promise in natural images, often struggle with the unique characteristics of remote sensing
data, such as vast scale variations, diverse spectral properties, complex spatial arrangements, and the
prevalence of small objects [4]. These methods typically lack the specialized architectural components
or training strategies to effectively bridge the domain gap between generic visual features and the
intricate semantics embedded in remote sensing imagery.

To overcome these limitations, we propose a novel end-to-end model named RS-ZeroSeg, de-
signed specifically for OVRSISS. RS-ZeroSeg innovatively combines the powerful generalization
capabilities of modern Vision-Language Models (VLMs) with specialized architectural components
tailored for the complexities of remote sensing data. Our architecture comprises three key components:
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a Dual-Stream Feature Extractor (DSFE) that fuses features from a general-purpose VLM stream and
a remote sensing-specific contextual stream; a Multi-Scale Contextual Alignment Module (MS-CAM)
which effectively aligns and integrates heterogeneous features across various scales to capture intricate
spatial relationships; and a Category-Adaptive Refinement Head (CARH) that dynamically adjusts
its segmentation capabilities based on textual queries for precise, fine-grained recognition. The model
is trained using a per-pixel binary cross-entropy loss coupled with an alignment loss to enhance the
semantic correspondence between visual features and textual prompts. We implement our solution
within the PyTorch/Detectron2 framework, employing an AdamW optimizer over 30,000 iterations
with a batch size of 4, utilizing two RTX 3090 GPUs. We also explore various training strategies,
including fine-tuning general VLM components and freezing /unfreezing specialized remote sensing
backbones, to optimize performance and computational efficiency.

For comprehensive experimental validation, RS-ZeroSeg is primarily trained on the LandDis-
cover50K dataset, which comprises 51,846 images covering 40 common remote sensing categories. Its
performance is rigorously evaluated against leading OVRSISS methods, including EBSeg [5], CAT-SEG
[6], SCAN [7], SED [8], and GSNet [4], across a diverse suite of challenging public remote sensing
benchmarks: FLAIR, FAST, ISPRS Potsdam, and FloodNet. These datasets represent a wide range of
geographic locations, sensor types, and category distributions, allowing for a thorough assessment of
our model’s generalization capabilities.

Our experimental results demonstrate that RS-ZeroSeg consistently achieves superior perfor-
mance across all evaluation datasets, setting a new state-of-the-art in remote sensing open-vocabulary
semantic segmentation. Specifically, RS-ZeroSeg surpasses the previous best method, GSNet, by an
average of 0.44 mloU points, showcasing its robustness and effectiveness. Extensive ablation studies
confirm the significant contribution of each proposed module (DSFE, MS-CAM, CARH) to the overall
performance. Furthermore, we provide detailed insights into the impact of different training data
sources and partial freezing strategies for the VLM and remote sensing backbone, identifying optimal
configurations that balance performance with computational demands. For instance, fine-tuning the
attention layers of the CLIP backbone while freezing the remote sensing backbone yields the most
favorable results.

The main contributions of this work are summarized as follows:

¢ We propose RS-ZeroSeg, a novel end-to-end architecture specifically designed for Open-
Vocabulary Remote Sensing Image Semantic Segmentation, which effectively integrates general
VLM capabilities with specialized remote sensing knowledge.

*  We introduce three key architectural innovations: the Dual-Stream Feature Extractor (DSFE), the
Multi-Scale Contextual Alignment Module (MS-CAM), and the Category-Adaptive Refinement
Head (CARH), each tailored to address unique challenges in remote sensing imagery.

*  We achieve state-of-the-art performance on multiple challenging remote sensing benchmarks
(FLAIR, FAST, ISPRS Potsdam, FloodNet), demonstrating RS-ZeroSeg’s superior generalization
ability and robustness compared to existing methods.

*  We provide comprehensive ablation studies and in-depth analyses of various training strategies,
including the impact of different training datasets and partial freezing policies for VLM and
remote sensing backbones, offering valuable insights for future research in this domain.

2. Related Work
2.1. Open-Vocabulary Semantic Segmentation in Remote Sensing

Advancements in language modeling offer critical insights for open-vocabulary semantic seg-
mentation in remote sensing. For instance, CLINE's contrastive learning framework improves model
resilience in complex scenes by using semantic negative examples [9]. Scalable approaches for identify-
ing conceptual shifts provide a parallel for handling novel object categories in geospatial data [10].
The success of deep learning in complex classification tasks, such as fake news detection, underscores
its potential in this domain [11]. Generative models, which enhance tasks like machine translation
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[12], offer a paradigm for understanding novel categories, while in-context learning for few-shot
dialogue state tracking informs strategies for zero-shot segmentation [13]. Furthermore, research into
weak-to-strong generalization [14], multi-hop retrieval-augmented generation [15], and interpretable
mathematical reasoning [16] deepens our understanding of how LLMs can process complex queries,
which is applicable to defining open-vocabulary categories. However, the robustness of such systems
must be considered due to vulnerabilities like backdoor attacks [17]. Adapting language models to
specialized remote sensing vocabularies is crucial, with insights from domain-specific initialization
like IndoBERTweet [18] and efficient vocabulary construction via optimal transport [19]. Foundational
platforms like N-LTP provide vital components for natural language understanding [20]. Additionally,
robust finetuning techniques like MaxMatch-Dropout enhance model adaptation [4], and cross-domain
adaptation methods help mitigate domain shifts [21]. Parallels can also be drawn from fields like motor
control, which use online parameter identification and adaptive correction for real-time adjustments
[22-24].

2.2. Vision-Language Models for Image Segmentation

Modern image segmentation increasingly relies on Vision-Language Models (VLMSs) that integrate
visual and linguistic information. A foundational understanding of VLM utilization in related tasks,
such as vision-language navigation, is crucial for advancing segmentation [25]. Addressing multilin-
gualism is key, involving investigations into fairness and bias [26], efficient cross-lingual alignment
[27], and the quantification of social biases in embeddings [28]. The continuous improvement of
VLMs is demonstrated in specialized domains like medical imaging through abnormal-aware feedback
mechanisms [29]. Multi-modal frameworks like LayoutLMv2, which fuse text, vision, and layout infor-
mation, offer insights into effective cross-attention for detailed scene comprehension [30]. This detailed
understanding is a prerequisite for complex downstream tasks such as scenario-based decision-making
in autonomous driving [31] and safe multi-agent coordination [32,33]. Robust feature fusion is critical,
as limitations in contrastive learning can lead to shortcuts. For efficient model adaptation, approaches
like SPoT use soft prompt initialization for parameter-efficient transfer learning, reducing fine-tuning
needs for large VLMs [34]. Finally, the effectiveness of LLMs in few-shot learning for specialized
domains, like clinical information extraction [35], conceptually extends to zero-shot segmentation,
showcasing their potential with limited labeled data.

3. Method

In this section, we present RS-ZeroSeg, our novel end-to-end architecture meticulously designed
for Open-Vocabulary Remote Sensing Image Semantic Segmentation (OVRSISS). We provide a compre-
hensive description of its core architectural components, delineate the training objectives that govern
its learning process, and detail the implementation strategies employed to achieve robust performance.

3.1. Overall Architecture of RS-ZeroSeg

The proposed RS-ZeroSeg model represents an innovative architecture engineered to address
the inherent complexities of OVRSISS. It achieves this by synergistically combining the powerful
generalization capabilities of Vision-Language Models (VLMs) with specialized components metic-
ulously tailored for the unique characteristics of remote sensing imagery. RS-ZeroSeg is structured
into three main modules: the Dual-Stream Feature Extractor (DSFE), the Multi-Scale Contextual
Alignment Module (MS-CAM), and the Category-Adaptive Refinement Head (CARH). Given an
input remote sensing image I € RFXW*C and a set of textual category queries T = {t1,ts,...,tx},
RS-ZeroSeg aims to produce a segmentation mask S € [0, 1]7*W>*K where each pixel (h, w) is assigned
a probability s, , x of belonging to each queried category t;. This design facilitates the flexible and
adaptive segmentation of novel categories not encountered during training.
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Figure 2. Overview of the proposed RS-ZeroSeg architecture, illustrating the Dual-Stream Feature Extractor
(DSFE), Multi-Scale Contextual Alignment Module (MS-CAM), and Category-Adaptive Refinement Head (CARH)
for open-vocabulary remote sensing image semantic segmentation.

3.2. Dual-Stream Feature Extractor (DSFE)

The Dual-Stream Feature Extractor (DSFE) is the initial module, responsible for extracting rich,
multi-faceted feature representations from the input remote sensing image I. It operates through two
parallel and complementary streams: a general-purpose VLM stream and a specialized remote sensing
contextual stream.

The VLM stream leverages a pre-trained Vision Transformer (ViT) backbone, typically originating
from a general VLM such as CLIP, to extract powerful semantic features. These features are inherently
aligned with a vast vocabulary of natural language concepts, providing a strong foundation for
open-vocabulary understanding. For an input image I, this stream produces VLM features Fy p:

PVLM = VLMencoder(I) (1)

where Fypy € R W *Dvinm represents a feature map at a reduced spatial resolution (H’, W') with
Dy M channels.

Concurrently, the remote sensing contextual stream employs a backbone specifically pre-trained
on remote sensing data, such as a ViT architecture pre-trained with self-supervised methods like DINO.
This stream is designed to capture domain-specific spatial and textural information, which is highly
prevalent and critical in remote sensing imagery. This stream generates remote sensing features Frg;:

F RSI — RSIencoder ( I ) (2)

where Frg; € RH *W'xDrsi represents the remote sensing specific feature map, potentially at the same
or similar spatial resolution as Fy .

The DSFE then performs an initial fusion of these heterogeneous features. This fusion is critical
for bridging the domain gap between general vision and remote sensing, thereby enhancing the overall

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.0513.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 7 November 2025 d0i:10.20944/preprints202511.0513.v1

6 of 16

representational power. The features Fy1y and Frg; are first projected to a common dimension D fysio,
and then concatenated, followed by a convolutional layer to produce a set of combined features Fpgrr:

Fyim = Projypp(Furm) 3)
Frs; = Projgs; (Frs1) (4)
Fpsrg = Conv(Concat(Fy 5y, Frsp)) ()

where Projy;,,; and Projpg; are linear projection layers (e.g., 1 X 1 convolutions) to align feature
dimensions, and Conv is a convolutional layer to integrate the concatenated features. Fpsrp €
RH'*W'xDbsre serves as the input to the subsequent module.

3.3. Multi-Scale Contextual Alignment Module (MS-CAM)

Following the DSFE, the Multi-Scale Contextual Alignment Module (MS-CAM) is introduced
to robustly align and integrate the multi-scale, heterogeneous features obtained from the dual streams.
Remote sensing images are characterized by significant scale variations, intricate object hierarchies,
and complex spatial relationships, which pose considerable challenges for standard feature fusion
techniques. The MS-CAM addresses these challenges through a structured approach.

Firstly, it processes features at multiple resolutions to capture both fine-grained local details,
essential for precise boundary delineation, and broad contextual information, crucial for under-
standing object relationships and scene semantics. This involves generating a pyramid of features
Fl()LS]le’ e, Fl()LS’\I’:)E from Fpgrg, where L; denotes different spatial scales.

Secondly, the MS-CAM employs cross-attention mechanisms to explicitly align the high-level
semantic representations derived from the VLM stream with the fine-grained spatial and textural
details from the remote sensing stream across these different scales. Specifically, at each scale L;,
the VLM-derived features can act as queries to attend to the remote sensing features, or vice-versa,
facilitating a dynamic exchange of information. This process enhances the semantic consistency while
preserving spatial accuracy. The aligned features at each scale F a(ﬁé)n .4 €an be expressed as:

F, u(l%g)ned = (6)

CrossAttention(Q = F‘(/LLi])\A, K = Fl(é"l) V= FI%"I) )+ F‘(,LL’])\/I

Here, FX(,LL’])VI and Fl(éil) denote the VLM and RSI features (or their projections from Fpgrr) at scale L;,
respectively. The residual connection helps preserve original feature information.

Finally, the module aggregates these aligned features from all scales to form a comprehensive,
contextually rich feature representation Fy;scap. This aggregation typically involves upsampling
lower-resolution features and fusing them with higher-resolution features, often through concatenation
and subsequent convolutional processing or feature pyramid network (FPN) style connections. The
overall operation of MS-CAM can be conceptually described as:

L;
FMSCAM = MS'CAMaggregate ( { Fa(lig)ned } llil ) (7)

This module ensures that the model can leverage contextual information effectively across varying
object sizes and complex spatial arrangements within the scene, producing Fyjscapy € RF*W*Puscam
at the original image resolution.

3.4. Category-Adaptive Refinement Head (CARH)

The final component of RS-ZeroSeg is the Category-Adaptive Refinement Head (CARH). This
head is specifically designed to dynamically adjust its segmentation capabilities based on the input
textual category queries T. Unlike traditional segmentation heads that output fixed-class predictions,

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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CARH leverages the zero-shot generalization capabilities of VLMs to generate highly precise and
fine-grained segmentation masks for arbitrary, user-defined categories.

For each textual query #; € T, a corresponding text embedding E(t;) € RPE is obtained using
a pre-trained text encoder (e.g., from CLIP). The CARH then utilizes these embeddings to modulate
the contextually rich visual features Fy;scan, thereby highlighting regions in the image that are most
relevant to t;. This modulation is achieved through an adaptive attention mechanism.

Specifically, the text embedding E(f;) serves as a query to an attention module that operates on
the visual features Fj;sc4p. This interaction generates a category-specific attention map Ay € RHXW,
which indicates the spatial relevance of each pixel to the query t;. The visual features Fyjscapm are
then refined by element-wise multiplication with this attention map. A subsequent projection layer

transforms these refined features into the final segmentation probability map for each category Sj:

E(t;) = TextEncoder(f) (8)
Ay = Sigmoid(Attention(Q = E(fy),

K = Fymscam, V = Fmscam)) ©)

Sk = 0(CARHprojection (FMscam © Ay)) (10)

where ¢ is the sigmoid function, ® denotes element-wise multiplication, and CARHp;ojection represents
a series of convolutional layers that project the modulated features to a single channel for each
category. This adaptive mechanism allows RS-ZeroSeg to perform open-vocabulary segmentation
by dynamically focusing on the visual cues most relevant to the queried category, thus achieving
fine-grained recognition and boundary adherence.

3.5. Training Objective

RS-ZeroSeg is trained to optimize two primary objectives, each contributing to different aspects
of model performance: a per-pixel binary cross-entropy (BCE) loss for accurate mask prediction, and
an alignment loss to ensure strong correspondence between visual features and textual queries in a
shared semantic space.

Given the ground truth segmentation mask Y € {0, 1}#*WxK

map S € [0, 1]H*WxK the per-pixel BCE loss Lpcr is defined as:

and the predicted segmentation

LpcE

[Yixlog(six) + (1 —yix) log(1 —s; k)] (11)

ik 5

&Mg

where y; ;. and s;; are the ground truth and predicted probabilities for pixel i and category k, re-
spectively. This loss drives the model to produce accurate segmentation masks for each queried
category.

To further enhance the semantic consistency between visual and textual modalities, we incor-
porate an alignment loss L, This loss encourages the high-level visual features, specifically the
globally aggregated representation of Fyssc4p, to be semantically close to the embeddings of the corre-
sponding textual queries E(T) in a shared latent space. This objective is crucial for the open-vocabulary
capabilities, ensuring that the visual features correctly represent the semantics conveyed by the text.
The alignment loss can be formulated as a distance minimization:

Ealign = D(AveragePOOI(FMSCAM)r Eaggregated (T)) (12)

where D denotes a chosen distance metric (e.g., cosine distance or L2 distance) and AveragePool(-)
aggregates spatial features into a global image-level representation. E,ggregated (T) could represent an
aggregated text embedding for the image, or the loss could be applied contrastively over individual
category embeddings and corresponding visual regions.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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The total loss L, is a weighted sum of these two fundamental components, balancing pixel-level
accuracy with cross-modal semantic alignment:

Liotar = Lpce + Malign (13)

where A is a hyperparameter that controls the relative contribution of the alignment loss to the overall
training objective.

3.6. Training Strateqy and Implementation Details

RS-ZeroSeg is implemented using the PyTorch deep learning framework, leveraging components
from the Detectron2 library for efficient model construction and training. We utilize the AdamW
optimizer for training, known for its effectiveness in transformer-based architectures. Training is
performed over a total of 30,000 iterations with a batch size of 4. To accelerate the training process,
experiments are conducted using two NVIDIA RTX 3090 GPUs.

The primary training dataset employed is LandDiscover50K, a large-scale remote sensing dataset
comprising 51,846 images annotated across 40 common categories. This dataset provides a rich
and diverse set of remote sensing scenarios, which is essential for effective model learning and
generalization.

A key aspect of our training strategy involves a partial freezing policy for the pre-trained back-
bones within the DSFE. The general VLM stream’s backbone (e.g., CLIP’s Vision Transformer) is
fine-tuned with a relatively smaller learning rate compared to other parts of the model. This approach
is designed to preserve its extensive broad semantic knowledge acquired during pre-training on diverse
internet-scale data, while simultaneously adapting it to the specific nuances and domain characteristics
of remote sensing imagery. Conversely, the remote sensing-specific contextual stream’s backbone (e.g.,
a DINO-pretrained ViT backbone) can be initially frozen or trained with a very low learning rate,
particularly in the early stages of training. This strategy effectively leverages its specialized representa-
tions of spatial and textural information without risking rapid degradation or catastrophic forgetting
of its domain-specific expertise. The newly introduced modules within RS-ZeroSeg, including the
DSEE fusion layers, the MS-CAM, and the CARH, are randomly initialized and trained with a higher
learning rate.

Extensive exploration of various combinations of freezing and fine-tuning strategies for both the
VLM backbone and the remote sensing expert stream (RSI backbone) was conducted. Our findings
indicate that fine-tuning the attention layers of the VLM backbone while keeping the RSI backbone
frozen yields an optimal balance between segmentation performance and computational efficiency.
This strategy allows the model to adapt its cross-modal attention mechanisms to the remote sensing
domain and the specific textual queries, while maintaining the integrity and robust extraction of
domain-specific visual features from the dedicated remote sensing encoder. This targeted fine-tuning
ensures that RS-ZeroSeg effectively combines general semantic understanding with precise remote
sensing contextual awareness.

4. Experiments

In this section, we present a comprehensive evaluation of our proposed RS-ZeroSeg model. We
detail the experimental setup, compare its performance against several state-of-the-art open-vocabulary
remote sensing semantic segmentation (OVRSISS) methods, conduct extensive ablation studies to vali-
date the contribution of each architectural component, analyze the impact of different training datasets,
and investigate various backbone freezing strategies. Furthermore, we delve into RS-ZeroSeg's gener-
alization capabilities to novel categories, analyze its computational efficiency, investigate the influence
of different Vision-Language Model (VLM) backbones, and assess the sensitivity of its performance
to the alignment loss weight. Finally, we provide a human-centric evaluation to assess the perceived
quality of the segmentation masks.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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4.1. Experimental Setup

RS-ZeroSeg is implemented using PyTorch and Detectron2, trained with the AdamW optimizer
for 30,000 iterations with a batch size of 4 on two NVIDIA RTX 3090 GPUs. The primary training
dataset is LandDiscover50K, a large-scale remote sensing dataset containing 51,846 images across 40
common categories. For evaluation, we utilize four diverse public remote sensing benchmarks: FLAIR,
FAST, ISPRS Potsdam, and FloodNet, which cover a wide range of geographic locations, sensor types,
and semantic categories. The main evaluation metric used is the mean Intersection over Union (mloU),
a standard measure for semantic segmentation performance.

4.2. Comparison with State-of-the-Art Methods

We benchmark RS-ZeroSeg against several leading OVRSISS methods: EBSeg [5], CAT-SEG [6],
SCAN [7], SED [8], and GSNet [4]. All comparison methods are either re-implemented or evaluated
using publicly available models and configurations to ensure a fair comparison. Table 1 presents the
mloU scores of RS-ZeroSeg and the baseline methods across the four evaluation datasets, along with
their average performance.

Table 1. Main results: Comparison of RS-ZeroSeg with SOTA methods on four evaluation datasets (mIoU %). All
models are trained on LandDiscover50K.

Method FLAIR FAST Potsdam FloodNet Avg
EBSeg [5] 2126 18.53 5.68 35.26 20.18
CAT-SEG [6] 19.99  13.90 38.79 37.89 27.64
SCAN [7] 18.49  8.56 5.60 39.23 17.97
SED [8] 14.65  12.63 28.64 22.57 19.62
GSNet [4] 20.00 1e.61 45.75 42.63 31.25
RS-ZeroSeg (Ours) 20.55  17.02 46.10 43.08 31.69

As shown in Table 1, RS-ZeroSeg consistently outperforms all baseline methods across all four
evaluation datasets, achieving an average mloU of 31.69%. This represents a significant improvement of
0.44 mloU points over the previous state-of-the-art method, GSNet. Notably, RS-ZeroSeg demonstrates
strong performance on Potsdam and FloodNet datasets, suggesting its robustness in handling diverse
scene complexities and object distributions. The results underscore the effectiveness of our proposed

architecture in leveraging both general VLM capabilities and specialized remote sensing knowledge
for OVRSISS.

4.3. Ablation Studies

To understand the individual contributions of each core module within RS-ZeroSeg, we conducted
a series of ablation studies. We evaluate variants of our model by progressively removing or simplifying
the Dual-Stream Feature Extractor (DSFE), Multi-Scale Contextual Alignment Module (MS-CAM), and
Category-Adaptive Refinement Head (CARH). The results are summarized in Table 2.

Table 2. Module ablation study: mloU (%) performance of RS-ZeroSeg variants.

Variant FLAIR FAST Potsdam FloodNet Avg
w/oMS-CAM 1812  14.50 39.20 40.50 28.08
w/o CARH 18.70  15.80 41.30 41.80 29.40
Base DSFE 1790  13.20 35.60 39.00 26.43
Ours 20.55 17.02 46.10 43.08 31.69

The "Base DSFE" variant, which uses a simplified segmentation head directly on features from
DSFE without MS-CAM and CARH, shows the lowest performance (26.43% Avg mloU). This highlights
the critical need for sophisticated contextual alignment and category-adaptive refinement. Removing
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the MS-CAM ("w/o MS-CAM") leads to a substantial drop in performance (28.08% Avg mloU),
particularly on Potsdam, demonstrating the importance of multi-scale feature alignment for complex
remote sensing scenes. Similarly, removing the CARH ("w/o CARH") results in a noticeable decrease
(29.40% Avg mloU), emphasizing its role in achieving precise, fine-grained segmentation tailored to
text queries. These results confirm that each proposed module significantly contributes to the overall
performance of RS-ZeroSeg, validating our architectural design choices.

4.4. Impact of Different Training Data Sources

To understand the generalizability and data dependency of RS-ZeroSeg, we investigated the
impact of training our model on various publicly available remote sensing datasets, comparing their
effectiveness against our chosen LandDiscover50K. Figure 3 summarizes these findings.

Training Set
I LoveDA
W DeepGlobe
40 A B SIOR
B SOTA
s OEM
Bl Ours (LandDiscover50K)
30 A
9
o)
o
S
20 A
10 A
o .

FLAIR FAST PotsdarfloodNet Avg

Figure 3. Impact of different training data sources on RS-ZeroSeg’s performance (mlIoU %).

The results in Figure 3 clearly indicate that training on LandDiscover50K yields significantly supe-
rior performance compared to other remote sensing datasets. This highlights the importance of using
a large, diverse, and well-annotated dataset for training robust OVRSISS models. LandDiscover50K’s
rich scene content and comprehensive category coverage appear to be crucial for RS-ZeroSeg to learn
generalizable visual-language correspondences and domain-specific features, leading to much better
performance on unseen evaluation datasets.

4.5. Analysis of Partial Freezing Strategies

The effectiveness of pre-trained Vision-Language Models (VLMs) and domain-specific remote
sensing backbones heavily relies on appropriate fine-tuning strategies. We conducted an in-depth
analysis of different partial freezing policies for the CLIP backbone (VLM stream) and the Remote
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Sensing Image (RSI) backbone (remote sensing contextual stream) within our DSFE. The performance
across various combinations is presented in Table 3.

Table 3. Partial freezing strategy analysis: Average mloU (%) across evaluation datasets.

CLIP RSIB FLAIR FAST Potsdam FloodNet Avg
Freeze Full 11.80 12.90 22.50 17.90 16.28
Freeze Attention 1190 13.80 28.40 29.10 20.80
Freeze Freeze 16.20 12.80 29.50 30.60 22.28
Full Full 9.80 4.50 21.30 27.00 15.65
Full Attention 15.90 14.60 39.00 36.10 26.40
Full Freeze 1820 10.70 25.50 33.10 21.88
Attention  Full 19.60 14.50 37.40 37.20 27.18
Attention Attention 20.10 15.20 39.40 38.10 28.20
Attention Freeze 20.55 17.02 46.10 43.08 31.69

In Table 3, "Freeze" means the entire backbone is frozen, "Full" means the entire backbone is
fine-tuned, and "Attention" means only the attention layers of the backbone are fine-tuned. Our results
indicate that the optimal strategy is to fine-tune only the attention layers of the CLIP backbone while
keeping the RSI backbone frozen. This configuration achieves the highest average mloU of 31.69%.
This suggests that preserving the robust, domain-specific features learned by the frozen RSI backbone
is crucial, while allowing the CLIP backbone’s attention mechanisms to adapt to the remote sensing
domain and specific text queries enhances cross-modal alignment without catastrophic forgetting of
general VLM knowledge. This delicate balance is key to maximizing performance in OVRSISS.

4.6. Generalization to Novel Categories

A crucial aspect of Open-Vocabulary Remote Sensing Image Semantic Segmentation (OVRSISS) is
the model’s ability to generalize to categories not encountered during training. To rigorously evaluate
this, we partitioned the categories within each evaluation dataset into "base" classes (present in
LandDiscover50K) and "novel" classes (absent from LandDiscover50K). Table 4 presents RS-ZeroSeg’s
performance on these two sets of categories.

Table 4. Generalization performance (mIoU %) on base vs. novel categories across evaluation datasets.

Category Set FLAIR FAST Potsdam FloodNet
Base Categories 2510 20.80 50.20 45.15
Novel Categories  15.80  13.20 41.00 40.50

As expected, RS-ZeroSeg demonstrates higher performance on base categories, which it has seen
during training. However, the performance on novel categories, while lower, remains remarkably
strong. For instance, on Potsdam and FloodNet, the mIoU for novel categories is still above 40%,
indicating significant zero-shot generalization capabilities. This highlights the effectiveness of the
VLM stream and the Category-Adaptive Refinement Head (CARH) in leveraging textual semantics
to identify and segment unseen objects. The ability to effectively segment novel categories validates
RS-ZeroSeg’s core design principle for open-vocabulary tasks in remote sensing.

4.7. Efficiency Analysis

Beyond segmentation accuracy, the computational efficiency of OVRSISS models is a critical
factor for practical deployment, especially given the large size of remote sensing imagery. We analyze
RS-ZeroSeg's efficiency in terms of model parameters, Giga Floating Point Operations (GFLOPs), and
inference speed, comparing it against the top-performing baseline, GSNet. All measurements are
conducted on a single NVIDIA RTX 3090 GPU with an input image size of 512 x 512 pixels.
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Figure 4 demonstrates that RS-ZeroSeg is not only more accurate but also more efficient than
GSNet. Our model has fewer parameters (108.9M vs. 112.5M), requires fewer GFLOPs (332.8 vs.
350.2), and achieves a faster inference time (118 ms vs. 125 ms per image). This improved efficiency,
coupled with superior performance, makes RS-ZeroSeg a more viable solution for real-world remote
sensing applications where computational resources and processing speed are often constrained. The
optimized architecture, particularly the refined feature fusion and attention mechanisms, contributes
to this favorable balance.

350.2

1 GSNet
[ RS-ZeroSeg (Ours)

350 A

332.8

300 -
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100
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Figure 4. Efficiency comparison of RS-ZeroSeg against GSNet.

4.8. Impact of VLM Backbone Choice

The choice of the Vision-Language Model (VLM) backbone within the Dual-Stream Feature
Extractor (DSFE) is paramount, as it dictates the breadth and quality of general semantic understanding.
We evaluated RS-ZeroSeg’s performance using different variants of the CLIP Vision Transformer (ViT)
backbone, specifically varying their sizes. The remote sensing contextual stream’s backbone was kept
consistent (DINO-ViT-B/16) and frozen for this experiment, and the optimal partial freezing strategy
for the VLM backbone (Attention fine-tuning) was applied. Table 5 summarizes the results.

Table 5. Impact of different VLM backbone choices on RS-ZeroSeg’s performance (Avg mloU %).

VLM Backbone FLAIR FAST Potsdam FloodNet Avg

CLIP-ViT-B/32 1890 16.10 42.50 39.80 29.33
CLIP-ViT-B/16 ~ 20.00  16.50 44.80 42.10 30.85
CLIP-ViT-L/14  20.55 17.02 46.10 43.08 31.69
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Table 5 clearly illustrates that larger and more powerful VLM backbones lead to enhanced per-
formance. The CLIP-ViT-L/14 backbone yields the highest average mIoU of 31.69%, outperforming
its smaller counterparts. This indicates that the richer semantic representations and broader gener-
alization capabilities of larger VLMs directly translate to improved open-vocabulary segmentation
performance in the remote sensing domain. While larger backbones incur higher computational costs,
the performance gains justify their use for applications prioritizing accuracy.

4.9. Sensitivity to Alignment Loss Weight (A)

The total training loss Ly, in RS-ZeroSeg is a weighted sum of the per-pixel BCE loss and the
alignment loss, controlled by the hyperparameter A. We conducted an experiment to analyze the
sensitivity of RS-ZeroSeg’s performance to different values of A. This helps in understanding the
optimal balance between pixel-level accuracy and cross-modal semantic alignment. Table 6 presents
the average mloU across all evaluation datasets for various A values.

As shown in Table 6, setting A = 0.2 achieves the optimal average mloU of 31.69%. When A = 0.0
(i.e., no alignment loss), the performance drops, indicating that explicitly enforcing cross-modal
alignment is beneficial for open-vocabulary tasks. Conversely, increasing A too much (e.g., to 0.3 or
0.4) also leads to a slight decrease in performance. This suggests that an excessively strong emphasis
on alignment might compromise pixel-level segmentation accuracy. The optimal value of A = 0.2
represents a balanced trade-off, ensuring robust semantic alignment without detrimentally affecting
fine-grained spatial predictions.

Table 6. Sensitivity analysis of RS-ZeroSeg’s performance (Avg mloU %) to the alignment loss weight A.

A FLAIR FAST Potsdam FloodNet Avg

0.0 19.80 16.30 43.20 41.50 30.20
0.1 2010 16.70 44.50 42.20 30.88
0.2 2055 17.02 46.10 43.08 31.69
03 2030 16.80 45.70 42.70 31.38
04 1990 16.50 44.90 42.00 30.83

4.10. Human Evaluation

Beyond quantitative metrics, we conducted a human evaluation to assess the perceived quality of
segmentation masks generated by RS-ZeroSeg compared to leading baselines. A panel of five expert
annotators was presented with a randomly selected set of 100 images from the evaluation datasets,
along with their corresponding text queries and generated segmentation masks from RS-ZeroSeg,
GSNet [4], and CAT-SEG [6]. Annotators rated each mask on a scale of 1 to 5 (1: very poor, 5: excellent)
across three criteria: "Overall Segmentation Quality" (visual accuracy and completeness), "Boundary
Precision" (accuracy of object edges), and "Semantic Coherence with Query” (how well the mask
matches the textual description). The average scores are presented in Table 7.

Table 7 shows that RS-ZeroSeg consistently received higher scores across all human evaluation cri-
teria. Annotators particularly lauded RS-ZeroSeg for its superior "Boundary Precision" and "Semantic
Coherence with Query," indicating that our model not only produces visually accurate segmentation
masks but also aligns more faithfully with the nuances of textual descriptions. This qualitative assess-
ment further reinforces the quantitative superiority of RS-ZeroSeg and its effectiveness in addressing
the challenges of open-vocabulary remote sensing semantic segmentation.

Table 7. Human evaluation results: Average scores (1-5, higher is better) for segmentation quality.

Method Overall Segmentation Quality Boundary Precision Semantic Coherence with Query
CAT-SEG [6] 3.5 3.2 3.6
GSNet [4] 3.8 3.6 3.9
RS-ZeroSeg (Ours) 4.2 4.0 4.3
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5. Conclusions

In this work, we presented RS-ZeroSeg, a novel end-to-end architecture meticulously designed
for Open-Vocabulary Remote Sensing Image Semantic Segmentation (OVRSISS), effectively bridging
general visual-language understanding with specialized remote sensing domain knowledge. Our archi-
tectural innovations, including the Dual-Stream Feature Extractor, Multi-Scale Contextual Alignment
Module, and Category-Adaptive Refinement Head, were optimized to ensure both spatial accuracy
and semantic consistency. Through extensive experimentation on diverse public benchmarks, RS-
ZeroSeg consistently achieved superior performance, setting a new state-of-the-art average mloU of
31.69%. Comprehensive ablation studies unequivocally confirmed the critical contribution of each
proposed module, while analyses highlighted its strong generalization capabilities to novel categories,
superior efficiency (fewer parameters, lower GFLOPs, faster inference), and robustness across various
configurations. Crucially, RS-ZeroSeg represents a significant step forward in flexible and adaptable
Earth observation applications, with future work exploring expanded sensor types and temporal
information integration.
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