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Abstract

The rise of vision-language models (VLMs) has driven the
initial exploration of open-vocabulary remote sensing im-
age semantic segmentation (OVRSIS), enabling recognition
of unseen categories in complex Earth observation scenes.
However, existing methods primarily focus on enhancing vi-
sual representations of domain-specific remote sensing im-
ages, while overlooking the effect of textual information. In
this paper, we argue that there exists a crucial issue of tex-
tual ambiguity in OVRSIS task, limiting final segmentation
performance. Therefore, we propose a plug-and-play yet ef-
fective Test-time Multi-Prompt Adaptation (TMPA) method
to mitigate textual ambiguity in OVRSIS. Specifically, TMPA
first generates diverse, context-aware descriptions for each
category instead of the naive class name by executing a
large language model with a task-driven prompt, which can
effectively avoid some textual ambiguity, i.e., background
class has different meanings in various tasks. Furthermore,
TMPA develops a visual-guided test-time adaptation strat-
egy for the generated multi-prompts, which adaptively re-
fines the prompt representations of each category with high-
confidence visual features for the uncertain predictions with
high entropy, making TMPA better applicable to different
scenarios. Particularly, a pixel-level loss with entropy min-
imization is proposed to optimize the text prompt with a bias
during inference, where prompt bias is constructed based on
a weighted combination of high-confidence visual features.
Our TMPA can be flexibly integrated into existing methods
for boosting their performance. Extensive experiments are
conducted on 17 remote sensing datasets, and the results
show our TMPA can significantly improve its counterparts,
while achieving state-of-the-art performance.

1. Introduction
Remote sensing image semantic segmentation as an im-
portant task in computer vision community benefits di-
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verse applications, including land-use and land-cover map-
ping [23, 49], urban planning [18, 23], and environmental
monitoring [35]. However, the current remote sensing im-
age semantic segmentation methods [9, 64] mainly operate
under a closed-set setting, restricting their recognition to a
predefined set of classes and hindering their ability to gener-
alize to new, unseen categories. This makes them ill-suited
for dynamic real-world scenarios, where novel features con-
tinuously emerge, such as newly constructed infrastructures
or continually evolving land-cover types.

To overcome this limitation, recent studies have begun
to explore open-vocabulary remote sensing image seman-
tic segmentation (OVRSIS) in remote sensing imagery [7,
30, 31]. By leveraging the power of vision-language mod-
els and cross-modal learning [25, 47], open-vocabulary se-
mantic segmentation (OVSS) allows models to assign pixel-
level labels based on arbitrary textual descriptions, breaking
free from the restrictions of predefined training categories.
As a seminal work, SegEarth-OV [31] argues that OVSS
models designed for natural images are sub-optimal for re-
mote sensing images, and introduces a feature upsampler
module to refine low-resolution features while preserving
semantic consistency with the image content. Meanwhile,
OVRS [7] presents a rotation-aggregative similarity com-
putation module and integrates multi-scale features to pro-
gressively generate scale-aware semantic maps, effectively
addressing challenges posed by arbitrary orientations and
significant scale variations in remote sensing images. Sub-
sequently, RSKT-Seg [30] proposes an efficient framework
tailored for remote sensing images by considering rotational
invariance, while incorporating DINO [8] to enhance se-
mantic representations with richer spatial information.

Although advanced efforts are made, aforementioned
methods primarily focus on enhancing visual representa-
tions for domain-specific remote sensing images [7, 30, 31],
but neglect the effect of textual information. In this pa-
per, we argue that there exists the crucial issue of textual
ambiguity in OVRSIS. As shown in Fig. 1 (a), similar vi-
sual information has different class names, while the same
class name is corresponding to different visual information
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Figure 1. (a) Examples of text ambiguity, where dark green and light green indicate cropland and agricultural areas, and red indicates
background. Text ambiguity mainly arises from synonymy (top) and polysemy (bottom), where visually similar features are assigned
different labels (e.g., ‘cropland’ vs. ‘agricultural’) and a single class name corresponds to visually distinct features (e.g., ‘background’),
respectively. (b) SegEarth-OV [31] exhibits inconsistent performance on the LoveDA [56] dataset by using various synonymous prompts
(e.g., ‘background’ vs. ‘cluster’ or ‘road’ vs. ‘pavement’), indicating OVRSIS model potentially is sensitivity to text prompts. (c) Our
TMPA consistently outperforms SOTA methods (e.g., SegEarth-OV [31]), demonstrating the importance in handling textual ambiguity.

in various tasks (i.e., background). Meanwhile, OVRSIS
model [31] with different synonymous text descriptions re-
sults in clearly different performance, as shown in Fig. 1 (b).
They indicate that the issue of textual ambiguity potentially
limits the OVRSIS performance. Furthermore, OVRS [7]
and RSKT-Seg [30] perform OVRSIS in a domain adapta-
tion paradigm, which require to train the models on some
annotated benchmarks and potentially suffer from risk of
overfitting and limited scalability.

To address above challenges, we propose a plug-
and-play yet effective Test-time Multi-Prompt Adaptation
(TMPA) method to dynamically adapt textual representa-
tions at test time, whose goal is to mitigate textual ambigu-
ity and strengthen visual-language matching of the uncer-
tain predictions for further boosting OVRSIS performance.
To this end, our TMPA consists of two key components:
a Context-Aware Text Prompt Generator (Cat-Prompt) and
a Visual-Guided Test-Time Adaptation (VGTA) strategy.
Specifically, our Cat-Prompt first constructs a task-driven
prompt involving basic information of task (e.g., task sce-
nario and class names), which further guides a large lan-
guage model (e.g., Gemini [12]) to produce a group of
diverse, context-aware descriptions for each category. As
such, these generated prompts can mitigate the textual am-
biguity inherent in naive class names and resolve seman-
tic inconsistencies across different datasets. By consider-
ing misalignment between pre-generated textual prompts
and visual features across various tasks (especially for sim-
ilar visual features), our VGTA dynamically refines embed-
dings of the generated prompts at test time. Particularly,
predictions of regions with visual-language misalignment
frequently occur uncertain with high entropy. To strengthen

visual-language matching for uncertain predictions, VGTA
constructs text prompt bias with a weighted combination
of high-confidence visual features. Then, a pixel-level
loss with entropy minimization is proposed to optimize the
prompt bias (i.e., weights of visual features) during in-
ference stage. As such, VGTA improves visual-language
matching with help of matching between visual features
with uncertain predictions and high-confidence ones, lead-
ing better generalization across different scenarios. The
overview of our TMPA is shown in Fig. 2, which can be
flexibly integrated into existing methods (e.g., Segearth-
OV [31] and CASS [27]), bringing clear performance gains
(see Fig. 1 (c)). To evaluate our TMPA, experiments are
conducted with SegEarth-OV [31] on 17 benchmarks, while
four existing models are used for generalization verification.
The contributions of this work are concluded as follows.

• This paper, to our best knowledge, makes the first attempt
to mitigate the issue of textual ambiguity in OVRSIS. Par-
ticularly, we propose a plug-and-play yet effective Test-
time Multi-Prompt Adaptation (TMPA) method, which
can be flexibly integrated into existing methods for boost-
ing their performance.

• To this end, our TMPA presents a Context-Aware Text
Prompt Generator (Cat-Prompt) and a Visual-Guided
Test-Time Adaptation (VGTA) strategy. Cat-Prompt pro-
duces a group of diverse, context-aware descriptions for
mitigating the textual ambiguity, while VGTA dynami-
cally refines embeddings of the generated prompts at test
time, guaranteeing better generalization.

• Extensive experiments on 17 remote sensing datasets
demonstrate that our TMPA clearly outperforms its coun-
terparts, while achieving state-of-the-art performance.
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Figure 2. Overview of our proposed TMPA method for OVRSIS, whose core components involve a Context-Aware Text Prompt Generator
(Cat-Prompt) and Visual-Guided Test-Time Adaptation (VGTA). Specifically, Cat-Prompt generates diverse, context-aware textual descrip-
tions for each candidate category. Then, VGTA adaptively calibrates pre-generated textual embeddings by optimizing a prompt bias, which
are built based on high-confidence visual features and optimized by minimizing a pixel-level entropy loss. Finally, the calibrated textual
features are combined with up-sampling visual features to produce the final segmentation results.

2. Related Work

In this section, we briefly review some related works, in-
cluding open-vocabulary semantic segmentation (OVSS),
open-vocabulary remote sensing image segmentation
(OVRSIS), and test-time adaptation (TTA).

Open-Vocabulary Semantic Segmentation. The advent
of vision-language models (VLMs), particularly CLIP [47],
has significantly propelled the progress of OVSS. CLIP-
based OVSS methods can be broadly categorized by
training-based and training-free ones. For training-based
methods, existing studies [33, 36, 43, 48] focus on training a
localization-aware CLIP model for direct dense prediction,
while the remaining ones [11, 15, 34, 59, 60] adapt the CLIP
model for segmentation tasks by fine-tuning a subset of pa-
rameters or introducing lightweight, trainable modules. For
training-free OVSS methods, some works [4, 16, 29, 55]
aim to enhance spatial precision by refining self-attention
within the visual encoder, and others [3, 26, 50, 52] adopt
a two-stage strategy that generates category-agnostic mask
proposals before classifying them. Although OVSS task has
been well studied, transferring of OVSS methods to remote
sensing domain is still an open and challenging problem.

Open-Vocabulary Remote Sensing Image Segmentation.
Recently, OVRSIS has attracted increasing research inter-
ests. Specifically, OVRS [7] considers the arbitrary orien-
tations and significant scale variations inherent in remote
sensing image and enhances the visual encoder of Cat-
Seg [11] to improve robustness. GSNet [62] introduces a
specialist-generalist model to incorporate domain-specific
knowledge. RSKT-Seg [30] obtains rotation-invariant fea-

tures while additionally introducing DINO [8] as the visual
encoder to enhance fine-grained representations. Notably,
these methods require training on labeled datasets, limiting
the scalability and generalization. In contrast, training-free
SegEarth-OV [31] introduces a general feature upsampler,
effectively enhancing low-resolution features while main-
taining semantic consistency with the image content. How-
ever, these methods primarily focus on enhancing visual
representations, and overlook the effect of text information.

Test-Time Adaptation. TTA aims to adapt a pre-trained
model online to a target domain without labeled data. Early
studies [54] adapt models by minimizing prediction entropy
at test time through updating normalization parameters. Re-
cently, the scope of TTA has been extended to vision-
language models. Specifically, TPT [51] and DiffTPT [17]
optimize text prompts to encourage consistent predictions
across augmented views by minimizing marginal entropy.
CLIPArTT [21] enhances text supervision by merging mul-
tiple class descriptions into a unified prompt that serves
as a pseudo-label, while CLIP-OT [40] formulates pseudo-
labeling as an Optimal Transport [14] problem, iteratively
distilling knowledge from multiple text prototypes. How-
ever, existing VLM-based TTA methods are primarily de-
signed for classification and are ill-suited for pixel-level
segmentation. Recently, MLMP [44] extends TTA to OVSS
by dynamically fusing multi-layer visual features and fine-
tuning the LN layer of the visual encoder based on predic-
tion uncertainty. Different from it, our TMPA aims to adap-
tively refine text prompt embeddings with high-confidence
visual features for uncertain predictions in OVRSIS.
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Context-aware Text Prompt Generator

System Prompt:
You are an expert in computer vision and remote sensing.  Your task is 
to provide diverse and detailed textual descriptions for the dataset and 
its categories. For each of the following categories, generate <N> 
diverse, detailed one-sentence descriptions. 
Dataset Description:
Dataset Name: <Dataset Name>
Dataset Description: <Dataset Description>
Here are the categories: <Categories>
Visual Feature Diversity Constraint:
- Each description must highlight a different aspect of the category (e.g., 
color, shape, size, texture, or seasonal variation).   
- The descriptions must reflect how the category visually appears in the 
dataset’s context, based on its characteristics in overhead imagery.  
- Do not repeat perspectives or wording across the  descriptions. 

Example

< system prompt> + <visual constraint> + <dataset description>< system prompt> + <visual constraint> + <dataset description>

Buildings appear as densely clustered rectangular or square structures with 
varied roof colors and heights, often arranged along roads and interspersed with 
small green spaces.

Buildings appear as densely clustered rectangular or square structures with 
varied roof colors and heights, often arranged along roads and interspersed with 
small green spaces.

<system prompt> + <visual constraint><system prompt> + <visual constraint>

Circular and curved architectural forms with bright white surfaces contrasting 
against surrounding darker pavement textures.
Circular and curved architectural forms with bright white surfaces contrasting 
against surrounding darker pavement textures.
Circular and curved architectural forms with bright white surfaces contrasting 
against surrounding darker pavement textures.

<direct prompt><direct prompt>

From humble shelters to towering skyscrapers, a building is a structure 
crafted by human hands to enclose space, provide sanctuary, and stand 
as a tangible marker of civilization on the landscape.

From humble shelters to towering skyscrapers, a building is a structure 
crafted by human hands to enclose space, provide sanctuary, and stand 
as a tangible marker of civilization on the landscape.

From humble shelters to towering skyscrapers, a building is a structure 
crafted by human hands to enclose space, provide sanctuary, and stand 
as a tangible marker of civilization on the landscape.
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diverse, detailed one-sentence descriptions. 
Dataset Description:
Dataset Name: <Dataset Name>
Dataset Description: <Dataset Description>
Here are the categories: <Categories>
Visual Feature Diversity Constraint:
- Each description must highlight a different aspect of the category (e.g., 
color, shape, size, texture, or seasonal variation).   
- The descriptions must reflect how the category visually appears in the 
dataset’s context, based on its characteristics in overhead imagery.  
- Do not repeat perspectives or wording across the  descriptions. 

Example

< system prompt> + <visual constraint> + <dataset description>< system prompt> + <visual constraint> + <dataset description>

Buildings appear as densely clustered rectangular or square structures with 
varied roof colors and heights, often arranged along roads and interspersed with 
small green spaces.

Buildings appear as densely clustered rectangular or square structures with 
varied roof colors and heights, often arranged along roads and interspersed with 
small green spaces.

<system prompt> + <visual constraint><system prompt> + <visual constraint>

Circular and curved architectural forms with bright white surfaces contrasting 
against surrounding darker pavement textures.
Circular and curved architectural forms with bright white surfaces contrasting 
against surrounding darker pavement textures.
Circular and curved architectural forms with bright white surfaces contrasting 
against surrounding darker pavement textures.

<direct prompt><direct prompt>

From humble shelters to towering skyscrapers, a building is a structure 
crafted by human hands to enclose space, provide sanctuary, and stand 
as a tangible marker of civilization on the landscape.

From humble shelters to towering skyscrapers, a building is a structure 
crafted by human hands to enclose space, provide sanctuary, and stand 
as a tangible marker of civilization on the landscape.

From humble shelters to towering skyscrapers, a building is a structure 
crafted by human hands to enclose space, provide sanctuary, and stand 
as a tangible marker of civilization on the landscape.

Figure 3. Left: Style of our Context-Aware Text Prompt Generator (Cat-Prompt), which consists of a system prompt to define task-specific
instructions, a dataset description to provide contextual guidance, and a visual feature diversity constraint to enforce the generation of
varied and visually grounded category descriptions. Right: Examples of generated textual descriptions for the “building” category in
WHUAerial [24] under different prompts. Direct prompt indicates textual descriptions generation with LLM without any constraints.

3. Method
In this section, we first introduce the overview of our pro-
posed Test-time Multi-Prompt Adaptation (TMPA) method,
aiming to mitigate the issue of textual ambiguity lying
in OVRSIS by involving two core components: Context-
Aware Text Prompt Generator (CAT-Prompt) and Visual-
Guided Test-Time Adaptation (VGTA). Then, we describe
our CAT-Prompt and VGTA in details, respectively.

3.1. Overview of TMPA
Given an input remote sensing image X ∈ RH×W×3 and
a set of concepts C = {C1, C2, . . . , CK} defined in nat-
ural language, open-vocabulary remote sensing image seg-
mentation (OVRSIS) aims to predict a semantic mask M ∈
{1, . . . ,K}H×W that assigns a concept label to each pixel.
In OVRSIS, the concept set C can be of arbitrary length,
which plays a key role in the performance of such text-
guided segmentation. However, textual ambiguity inherent
in the concept label heavily limits the segmentation perfor-
mance and attracts less attention.

Therefore, we propose a plug-and-play yet effective
TMPA method, which can be flexibly integrated into ex-
isting methods (e.g., Segearth-OV [31], CASS [27] and
ClearCLIP [29]). By taking Segearth-OV [31] as an ex-
ample, the overview of our TMPA is illustrated in Fig. 2.
Specifically, following the existing works [27, 29, 31], we
leverage pre-trained CLIP model [47] to extract textual fea-
tures Ft

clip ∈ RKN×D and visual features Fv
clip ∈ RHW×D

from the context-aware textual descriptions and the input
image, respectively. Here, K denotes the number of cate-
gories, N is the number of context-aware textual descrip-
tions per category, H and W represent the height and width
of the visual features, and D is the dimension of both tex-
tual and visual embeddings. Particularly, for visual branch
we also adopt a SimFeatUp [31] module to obtain the up-

sampled visual features Fv
up ∈ RH′×W ′×D based on Fv

clip.
To mitigate the textual ambiguity inherent in naive class

names and resolve semantic inconsistencies across differ-
ent datasets, our TMPA first designs a Context-Aware Text
Prompt Generator (CAT-Prompt). Given basic task infor-
mation (e.g., task scenario and class names), CAT-Prompt
constructs task-driven prompts for guiding a large language
model (LLM), such as Gemini [12], to generate a set of
N diverse, context-aware textual descriptions for each can-
didate class Ck, where k ∈ {1, . . . ,K}. Furthermore, a
Visual-Guided Test-Time Adaptation (VGTA) is proposed
to optimize the initial textual embeddings at test time, where
a prompt bias is first generated by a weighted combination
of high-confidence visual features. Then, the calibrated tex-
tual embeddings F̃t

clip are optimized by minimizing a pixel-
level entropy loss during inference. Finally, similarity be-
tween the calibrated textual features F̃t

clip and the visual fea-
tures Fv

up is computed to generate segmentation mask M:

M = argmax
k

softmax
(
sim

(
Fv

up, F̃
t
clip

))
, (1)

where sim denotes cosine similarity. In the followings, we
will introduce details of our CAT-Prompt and VGTA.

3.2. Context-Aware Text Prompt Generator
In OVRSIS, VLMs enable open-vocabulary inference by
projecting test images and candidate class descriptions into
a shared embedding space. Therefore, the quality of text
prompts directly shapes the understanding of target con-
cepts and influences generalization to new scenarios. How-
ever, raw class names as prompts introduce text ambigu-
ity caused by inconsistent annotation standards and lexical
variations (e.g., polysemy and synonymy), impairing the
alignment between text and visual features (see Fig. 1).

To tackle this issue, we propose a Context-Aware
Text Prompt Generator (Cat-Prompt) to generate diverse,
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Figure 4. Visualization of segment results with/without prompt
bias. In first row, incorrect regions generally correspond to higher
entropy (e.g., impervious surfaces are wrongly predicted as cars).
After refining text embeddings by our prompt bias (second row),
uncertain regions are correctly predicted with high confidence.

context-aware descriptions for each category. As shown in
Fig. 3 (left), instead of directly prompting LLMs for syn-
onyms or descriptions [1, 46], our Cat-Prompt comprises
three core components: a system prompt, a dataset de-
scription, and a visual feature diversity constraint. In prac-
tice, we generate multiple distinct descriptions per cate-
gory (e.g., five per category) as textual prototypes for open-
vocabulary segmentation. The system prompt defines the
overall objective of the task and specifies the expected out-
put format, guiding the LLM (e.g., Gemini [12]) to generate
well-structured and task-driven responses. The dataset de-
scription provides domain- and scene-level context, guid-
ing the LLM to produce textual descriptions aligned with
the visual characteristics of the dataset. Finally, the vi-
sual feature diversity constraint encourages varied and vi-
sually grounded descriptions, improving robustness to tex-
tual ambiguity during segmentation. Fig. 3 (right) illustrates
an example of generated descriptions on WHUAerial [24],
where direct prompt provides a general description but fails
to match the visual features of remote sensing imagery.
The visual constraint introduces details such as ‘circular’
or ‘curved’ shapes and ‘white’ color; however, these fea-
tures are inconsistent with the typical appearance of Wuhan
buildings. Combining visual constraints with dataset de-
scription (scene-aware text) can accurately capture visual
patterns and spatial layout of buildings. As such, Cat-
Prompt provides effective textual descriptions with more
visual characteristics on the target dataset. The complete
details of the example are provided in the supplementary.

3.3. Visual-guided Test-Time Adaptation
Although the pre-generated multi-prompt can alleviate the
issue of textual ambiguity, visual-text misalignment still ex-

ist along scenarios and tasks changing. Particularly, as il-
lustrated in Fig. 4, we visualize the predictive entropy de-
rived from the similarity distribution between visual fea-
tures and text embeddings, where we can observe that re-
gions with correct predictions consistently exhibit low en-
tropy (i.e., high confidence), while incorrect regions cor-
respond to high entropy (i.e., high uncertainty). Since
visual-text misalignment leads to incorrect predictions, we
aim to exploit auxiliary visual features matching to im-
prove visual-text alignment for regions with high uncertain
predictions. Therefore, we propose a Visual-guided Test-
Time Adaptation (VGTA) strategy, whose core idea is in-
tegration of matching between visual features with uncer-
tain predictions and high-confidence ones into multi-prompt
adaptation at test time. Specifically, VGTA first constructs
a prompt bias by using a weighted combination of high-
confidence visual features, which is added to pre-generated
prompt embeddings and optimized by minimizing a pixel-
level entropy loss during inference, aiming to adaptively re-
fine prompt embeddings to enhance visual-text alignment.

For constructing prompt bias based on high-confidence
visual features, we first compute the similarity between the
visual features Fv

clip and textual embeddings Ft
clip to obtain

the predicted probability P̂ ∈ RH×W×K over all classes
for each pixel:

P̂ = softmax
(
Fv

clip

(
Ft

clip

)⊤)
, (2)

where ⊤ indicates matrix transposition, and softmax is
softmax function. Then, we estimate the pixel-wise pre-
diction uncertainty U ∈ RH×W by computing the entropy
of the predicted probability distribution P̂ at each pixel:

Ux,y = −
K∑

k=1

P̂x,y,k log P̂x,y,k, (3)

where P̂x,y,k represents the predicted probability of assign-
ing the pixel at position (x, y) to class k, Ux,y denotes the
prediction uncertainty at position (x, y).

For the k-th category, we select the Top-n pixel positions
with the lowest entropy those predicted as class k, and ex-
tract their visual features to form the feature set Fk:

Fk = {fx,y | (x, y) ∈ Topn(U,Zk)}, (4)

Zk = {(x, y) | M̂x,y = k and Ux,y ≤ Ū}, (5)

where M̂ = argmax
k

P̂x,y,k is a mask prediction, and Ū

indicates the average value of U. fx,y ∈ RD means the
visual feature at position (x, y) of Fv

clip, and Zk is the posi-
tion set of high-confidence visual features in k-th class. As
such, we pick the highest confident visual features for all
predicted categories and compute their mean:

fk =
1

|Fk|
∑
f∈Fk

f , (6)
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which are used to refine the pre-generated prompts, and the
final calibrated textual embeddings can be computed as:

F̃t
clip(α) = (1−α)⊙ Ft

clip +α⊙ F, (7)

where α ⊙ F acts as a visual-guided prompt bias, F ∈
RKN×D is a matrix by repeating the category-wise mean
visual features fk, matching the size of Ft

clip, α ∈ [0, 1]KN

is a learnable, zero-initialized matrix that determines the
strength of visual feature injection for each category de-
scription, and ⊙ denotes element-wise multiplication.

To optimize the prompt bias with parameters of α dur-
ing inference, we introduce a pixel-level loss with entropy
minimization for segmentation task. Specifically, given a
test image and its context-aware textual descriptions, we
can obtain the corresponding up-sampling visual features
Fv

up ∈ RH′×W ′×D and the calibrated textual embeddings
F̃t

clip ∈ RKN×D by using Eq. (7). Then, α is learned by
optimizing the following objective function:

minL(α) = argmin
α⋆

1

H ′W ′

∑
x,y

P⊤
x,y(α) logPx,y(α),

P(α) = softmax

(
Fv

up

(
F̃t

clip(α)
)⊤

)
, (8)

which aims to increase separability of per-pixel class proba-
bility distributions, while alleviating the issue of prediction
uncertainty. Given the optimized α⋆, the final segmenta-
tion results can be obtained by Eq. (1). As shown in Fig. 4,
prediction uncertainty of ambiguous regions can be clearly
alleviated by calibrated textual embeddings, thereby yield-
ing more robust and reliable segmentation results.

4. Experiment
In this section, we evaluate our TMPA method on 17 diverse
datasets, including 8 multi-class semantic segmentation
datasets and 9 single-class land-cover extraction datasets.
Specifically, we first describe the datasets and implemen-
tation details, then compare with state-of-the-art (SOTA)
methods across all datasets, and finally conduct ablation
studies to assess the effectiveness of the key components.

4.1. Dataset
Multi-Class Semantic Segmentation. Following [31],
8 widely used remote sensing semantic segmentation
datasets are used to conduct experiments, including Ope-
nEarthMap [58], LoveDA [56], iSAID [57], Potsdam, Vai-
hingen1, UAVid [37], UDD5 [10], and VDD [6]. The first
five datasets primarily consist of satellite imagery, while the
remaining three focus on UAV imagery. All datasets pro-
vide pixel-level annotations across multiple foreground cat-
egories along with a background class.

1https://www.isprs.org/education/benchmarks/UrbanSemLab

Single-Class Extraction. Besides, 9 single-class land-
cover extraction datasets are used for evaluation, spanning
3 object categories: building extraction (WHUAerial [24],
WHUSat.II [24], Inria [38], xBDpre [20]), road extrac-
tion (CHN6-CUG [66], DeepGlobe2, Massachusetts [41],
SpaceNet [53]), and flood detection (WBS-SI3). All
datasets adopt a binary annotation.

4.2. Implementation Details
For comparing with SOTA, we use SegEarth-OV [31] as
our base model, where visual and text encoders are initial-
ized from CLIP [47] of ViT-B/16. The input images are
resized to a long side of 448 pixels, and inference is con-
ducted using a 224 × 224 sliding window with a 112 pixel
stride. During test-time adaptation, all parameters of the
original SegEarth-OV [31] are frozen, and only prompt bias
is optimized. The adaptation process is conducted with 3
steps using the Adam optimizer [28]. We evaluate semantic
segmentation performance using the mean Intersection over
Union (mIoU) metric. For single-class extraction, IoU of
foreground class is reported. All experiments are conducted
on a server equipped with 8 NVIDIA A6000 GPUs. Code
is available at https://github.com/TiY68/TMPA.

4.3. Comparison with State-of-the-art
To validate the effectiveness of our TMPA, we compare
with nine SOTA methods on 17 remote sensing datasets.
Results on Semantic Segmentation. As shown in Ta-
ble 1, our proposed TMPA consistently surpasses all com-
pared methods by a clear margin, including MaskCLIP [65],
ClearCLIP [29], SCLIP [55], GEM [4] and recently pro-
posed CASS [27] and MLMP [44]. Note that our TMPA
outperforms SegEarth-OV [31] by 4.6% on average, while
achieving new state-of-the-art results. Particularly, our
TMPA achieves a notable performance gain on the Vaihin-
gen dataset, where it surpasses SegEarth-OV [31] by an
impressive 14.3% and exceeds CASS [27] by 9.9%. Be-
sides, TMPA outperforms SegEarth-OV on iSAID (4.5%),
Potsdam (4.0%), and VDD (3.7%), highlighting the strong
generalization ability in diverse remote sensing scenarios.
These results highlight that text ambiguity is a crucial chal-
lenge in OVRSIS task and our TMPA has great ability to
handle text ambiguity, bringing clear performance gains.

Furthermore, our TMPA achieves 10.6% improvement
gains over MLMP [44], which performs TTA on semantic
segmentation of natural images, underscoring the signifi-
cant domain gap between natural and remote sensing im-
agery. Nevertheless, our TMPA also shows strong general-
ization on natural image datasets, whose results are given in
supplementary. Additionally, TMPA outperforms training-

2http://deepglobe.org
3https://www.kaggle.com/datasets/shirshmall/water-body-

segmentation-in-satellite-images
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Table 1. Comparison (mIoU, %) with state-of-the-art methods on multi-class remote sensing segmentation datasets. ∗ indicates a training-
based OVRSIS method, where supervised training is performed on iSAID [57] dataset and evaluation is conducted on other datasets. Best
and second best performances are highlighted.

Methods OpenEarthMap LoveDA iSAID Potsdam Vaihingen UAVid UDD5 VDD Avg

MaskCLIP [65] 25.1 27.8 14.5 31.7 24.7 28.6 32.4 32.9 27.2
SCLIP [55] 29.3 30.4 16.1 36.6 28.4 31.4 38.7 37.9 31.1
GEM [4] 33.9 31.6 17.7 36.5 24.7 33.4 41.2 39.5 32.3
ClearCLIP [29] 31.0 32.4 18.2 40.9 27.3 36.2 41.8 39.3 33.4
CASS [27] 38.2 37.0 20.7 43.8 33.5 38.5 40.9 42.0 37.4
MLMP [44] 35.5 30.4 17.9 37.6 27.3 35.9 42.9 37.56 33.1
SegEarth-OV [31] 39.8 36.9 21.7 47.1 29.1 42.5 50.6 45.3 39.1
OVRS* [7] - - 93.3 19.9 20.8 - - - -
RSKT-Seg* [30] - 28.1 93.2 20.3 17.5 17.2 13.9 25.3 -
TMPA (Ours) 42.2 ↑2.4 39.7 ↑2.8 26.2 ↑4.5 51.1 ↑4.0 43.4 ↑14.3 45.9 ↑3.4 52.4 ↑1.8 49.0 ↑3.7 43.7 ↑4.6

Table 2. Comparison (IoU, %) with state-of-the-art methods on single-class remote sensing segmentation datasets. Best and second best
performances are highlighted.

Method Building Extraction Road Extraction Flood Detection

WHUAerial WHUSat.II Inria xBDpre CHN6-CUG DeepGlobe Massachusetts SpaceNet WBS-SI

448 × 448:
MaskCLIP [65] 29.8 14.0 33.4 29.2 28.1 13.2 10.6 20.8 39.8
SCLIP [55] 33.4 21.0 34.9 25.9 21.1 7.0 7.4 14.9 32.1
GEM [4] 24.4 13.6 28.5 20.8 13.4 4.7 5.1 11.9 39.5
ClearCLIP [29] 36.6 20.8 39.0 30.1 25.5 5.7 6.4 16.3 44.9
CASS [27] 38.9 20.0 39.1 33.3 13.0 5.1 5.8 13.8 52.0
MLMP [44] 37.0 24.6 38.7 33.8 13.7 5.0 8.6 14.2 38.7
SegEarth-OV [31] 49.2 28.4 44.6 37.0 35.4 17.8 11.5 23.8 60.2
TMPA (Ours) 55.6 ↑6.4 31.1 ↑2.7 47.5 ↑2.9 40.6 ↑3.6 36.8 ↑1.4 21.5 ↑3.7 13.6 ↑2.1 26.0 ↑2.2 66.0 ↑5.8

896 × 896:
SegEarth-OV [31] 49.9 - 48.9 43.1 32.8 20.1 17.2 29.1 57.9
TMPA (Ours) 57.8 ↑7.9 - 51.9 ↑3.0 48.6 ↑5.5 34.2 ↑1.4 28.5 ↑8.4 19.6 ↑2.4 31.8 ↑2.7 66.5 ↑8.6

based methods (e.g., OVRS [7] and RSKT-Seg [30]) by
a significant margin. Particularly, training-based methods
tend to overfit their source data (i.e., iSAID [57]) and strug-
gle to generalize in open-vocabulary scenarios. Remark-
ably, our TMPA achieves 10%∼38% gains over these two
methods on open-vocabulary benchmarks without relying
on labeled data. Therefore, our TMPA provide a promis-
ing solution for effective OVRSIS, which eliminates the re-
quirement of expensive annotation while exhibiting supe-
rior generalization across various scenarios.

Results on Single-class Extraction. Following the set-
tings in [31], we experiment on single-class extraction with
two input resolutions. As compared in Table 2, our TMPA
consistently achieves state-of-the-art performance. With
an input resolution of 448×448, TMPA boosts the IoU of
SegEarth-OV by 3.9% for building extraction and 5.8% for
flood detection. Notably, it also secures a 2.4% gain on the
more challenging road extraction task. By up-scaling the
input resolution to 896×896, our TMPA further improves
performance, yielding gains of 5.5%, 3.7%, and 8.6% for
building, road, and flood detection, respectively. These re-

sults demonstrate the effectiveness of TMPA in mitigating
textual ambiguity for boosting OVRSIS performance again.
Qualitative Results. We further visualize the segmenta-
tion results of our proposed TMPA, and compare with the
strong counterpart SegEarth-OV [31]. As shown in Fig. 5,
our TMPA method can generate more precise prediction
masks, especially for small and challenging objects, such
as cars (first row). Furthermore, the masks predicted (sec-
ond row) by TMPA show superior regional coherence com-
pared with SegEarth-OV. These visualizations highlight that
TMPA provides an effective method to mitigate textual am-
biguity, so leading to better segmentation results. More vi-
sualization results can be found in the supplementary.

4.4. Ablation Study

Impact of Key Components. To evaluate effect of key
components (i.e., Cat-Prompt and VGTA), we conduct ex-
periments on Vaihingen and WHUAerial datasets. As shown
in Table 3, our Cat-Prompt respectively brings 6.8% and
3.2% performance gains over strong baseline (SegEarth-
OV [31]) on Vaihingen and WHUAerial, where dataset de-
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Figure 5. Visualization comparison of our TMPA with SegEarth-
OV [31] on the Vaihingen and UDD5 [10] datasets.

scriptions (DD) obtain 3.8% and 2.0% gains. They clearly
verify the effectiveness of our Cat-Prompt while demon-
strating scene-specific context can help to generate better
textual representations aligned with visual features. Built
on Cat-Prompt, our VGTA further boosts performance by
7.5% and 3.2% on Vaihingen and WHUAerial, respectively.
Particularly, prompt bias based on visual features (VF) leads
to 2.1% and 1.1% improvement over direct learning of a
zero-initialized vector (i.e., w/o VF). These results indicate
that calibrated textual embeddings with high-confidence vi-
sual features can effectively enhance visual-text alignment
and thereby yields superior segmentation results.
Effect of Number of Text Descriptions. We further inves-
tigate effect of number of generated text descriptions in Cat-
Prompt on Potsdam, Vaihingen, and WHUAerial datasets. As
shown in Table 4, more text descriptions generally bring
larger performance gains and peak performance is achieved
with five descriptions, which achieves 1.7%, 6.8%, and
3.2% gains over naive category names on Potsdam, Vaihin-
gen, and WHUAerial, respectively. They highlight the effec-
tiveness of enriched semantic context. The overmuch text
descriptions potentially introduce noisy or redundant infor-
mation, resulting in a slight performance drop and more
computational cost. Therefore, we use five text descriptions
per category as the default setting.
Generalization to Various Methods. To verify generaliza-
tion of our plug-and-play TMPA, we apply it to three exist-
ing OVSS methods, including CASS [27], ClearCLIP [29],
and SCLIP [55]. As shown in Table 5, TMPA consistently
yields significant performance gains across different meth-
ods. Notably, on WHUAerial, TMPA achieves significant
gains of 18.5%, 10.5%, and 9.5% over these three meth-
ods, respectively. The consistent improvements are also
observed on other datasets, such as Potsdam (4.3%∼4.7%

Table 3. Results (%) of different configurations for TMPA.

Cat-Prompt VGTA Vaihingen WHUAerial

w/o DD w/ DD w/o VF w/ VF

29.1 49.2
✓ 32.1 50.4

✓ 35.9 52.4
✓ ✓ 41.3 54.5
✓ ✓ 43.4 55.6

Table 4. Results (%) of various number of text descriptions.

Descriptions Number Potsdam Vaihingen WHUAerial

0 47.1 29.1 49.2
1 47.9 32.5 50.9
3 48.3 32.1 51.5
5 48.9 35.9 52.4
7 49.2 33.6 52.0

Table 5. Results (%) of different methods with our TMPA.

Methods Potsdam Vaihingen WHUAerial

SCLIP [55] 36.6 28.4 33.4
+ TMPA 41.2 ↑ 4.6 35.9 ↑7.5 42.9 ↑9.5

ClearCLIP [29] 40.9 27.3 36.6
+ TMPA 45.2 ↑ 4.3 32.0 ↑4.7 47.1 ↑10.5

CASS [27] 43.8 33.5 38.9
+ TMPA 48.5 ↑ 4.7 42.4 ↑8.9 57.4 ↑18.5

gains) and Vaihingen (4.7%∼8.9% gains). These results
clearly show our TMPA can be well generalized to exist-
ing methods for enhancing OVRSIS performance.

5. Conclusion
In this paper, we proposed an effective TMPA method to
alleviate issue of textual ambiguity in open-vocabulary re-
mote sensing image semantic segmentation (OVRSIS) and
boost its performance. To this end, a Context-Aware Text
Prompt Generator (Cat-Prompt) is introduced to generate
diverse task-specific descriptions, while a Visual-Guided
Test-Time Adaptation (VGTA) strategy is proposed to re-
fine prompt embeddings based on high-confidence visual
features. Particularly, a pixel-level entropy minimization
loss is formulated to dynamically optimize prompt em-
beddings during inference, accounting for better vision-
language alignment for the regions with high uncertainty
predictions. Extensive experiments on 17 remote sensing
datasets by combining with various existing methods var-
ious clearly demonstrate the effectiveness and generaliza-
tion of our TMPA. We hope that our TMPA can encourage
more studies on effective text prompt in OVRSIS, while
we will apply our TMPA to other open-vocabulary image
understanding tasks (e.g., open-vocabulary object detec-
tion [39, 61] and open-vocabulary scene parsing [32, 63]).
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