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Abstract. Open-vocabulary semantic segmentation (OVSS) makes seg-
mentation driven by text descriptions, enabling generalization to novel
classes. However, fine-grained OVSS in remote sensing is challenged by
visual similarity and semantic ambiguity, with existing methods lacking
explicit fine-grained visual-linguistic alignment and relying on a single
forward pass. To address these issues, we propose SANO3, a training-
free framework that leverages refined textual and spatial guidance to
boost the performance of SAM 3. Leveraging the visual self-similarity
priors of vision foundation models, we extract discriminative visual prim-
itives and align them with text through visual-conditioned relation-aware
alignment strategy. Next, we enhance text representations with hybrid
prototype injection for deep visual-linguistic fusion. To refine bound-
aries, we treat spatial prompts generation as an iterative optimization
process, gradually selecting the most informative points via a greedy en-
tropy reduction strategy. Further, we introduce FG-OVSSRS Bench, the
first fine-grained remote sensing OVSS benchmark, encompassing 8 di-
verse datasets across different sensors and domains. Evaluated on these
datasets, SANO3 outperforms existing approaches and achieves state-of-
the-art performance.

Keywords: Open-Vocabulary · Fine-Grained Semantic Segmentation ·
Remote Sensing

1 Introduction

Semantic segmentation is a core task in remote sensing, enabling pixel-level
understanding for applications such as environmental monitoring [17], agricul-
ture [26], urban analysis [37], and disaster response [1]. Traditional methods
operate under a closed-set setting, requiring predefined categories and retrain-
ing for new targets. Open-vocabulary semantic segmentation (OVSS) overcomes
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these limitations by recognizing novel classes from textual descriptions, offering
greater flexibility and scalability for real-world remote sensing scenarios.
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Fig. 1: Comparison of paradigms for OVSS. (a) CLIP-based methods modify attention
pooling to obtain dense features, sometimes aided by VFMs, but still suffer from se-
mantic confusion and blurry boundaries. (b) SAM 3 uses native multi-modal encoders,
whose text features lack discriminability for fine-grained categories. (c) SANO3 intro-
duces VFM-guided visual primitives and informative point prompts, enabling precise
semantic and geometric segmentation.

Driven by the rise of Vision-Language Models (VLMs) such as CLIP [31], re-
cent OVSS methods transfer global image-text alignment to the pixel level. Since
CLIP is designed for global correspondence rather than dense prediction, recent
works modify its attention pooling layer to extract denser features [22,36,38,43]
and sometimes introduce Vision Foundation Models (VFMs) for better spatial
localization and local semantic aggregation [20, 23, 40]. Yet they still struggle
with fine-grained remote sensing scenes, often producing semantic confusion
and blurry boundaries (Fig. 1(a)). These limitations motivate the adoption of
SAM 3 [9], whose promptable segmentation objective provides stronger geomet-
ric priors for OVSS.

However, directly applying SAM 3 to remote sensing OVSS remains insuf-
ficient. Fine-grained scenarios involve not only visual similarity but also am-
biguous text queries (e.g ., deciduous trees vs. coniferous trees). Existing meth-
ods [5, 28] do not explicitly address this issue, leading to insufficiently discrimi-
native text representations, as shown in Fig. 1(b). Moreover, most existing meth-
ods rely on a single forward prediction, failing to fully exploit the iterative and
feedback-driven nature of prompt-based segmentation.

To address these issues, we introduce VFM-guided visual priors to enhance
SAM 3, as illustrated in Fig. 1(c). Self-supervised VFMs learn topology-aware
representations, where the features of patches naturally organize into semanti-
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cally coherent clusters, revealing the intrinsic structure of visual scenes [15, 29,
35]. Building upon this key property, we leverage the visual self-similarity in
VFMs to decompose an image into discriminative visual primitives via unsu-
pervised clustering. These primitives refine text prompts, enlarging the separa-
bility between confusing queries and enabling finer visual-linguistic alignment.
Furthermore, we exploit the promptable nature of SAM 3 through an greedy
iterative prompt selection that progressively selects informative point prompts
based on entropy reduction, refining segmentation boundaries step by step. This
collaborative enhancement of textual and spatial guidance enables more accurate
semantic and geometric segmentation in complex remote sensing scenes.

In parallel, existing remote sensing OVSS benchmarks [8,25,27] remain lim-
ited in both scenario diversity and semantic granularity. They typically focus on
urban or rural settings with coarse land-cover labels that represent broad natural
categories (e.g ., water, tree) and man-made structures (e.g ., road, building). To
address this limitation, we introduce FG-OVSSRS Bench, a fine-grained open-
vocabulary benchmark spanning diverse remote sensing scenarios with highly
discriminative semantic labels.

Our contributions can be summarized as:

• We propose SANO3, a training-free OVSS framework that enhances SAM
3 by refining textual and spatial guidance. It extracts discriminative visual
primitives from VFM’s self-similarity priors, aligns them with text via visual-
conditioned relation-aware alignment, and applies hybrid prototype injection
for deep visual-linguistic fusion.

• We develop an iterative information-gain visual prompting strategy that for-
mulates point selection as an optimization process, employing greedy entropy
reduction to progressively minimize uncertainty and refine boundaries.

• We introduce FG-OVSSRS Bench, the first fine-grained remote sensing OVSS
benchmark, comprising eight diverse datasets across sensors and domains for
systematic evaluation under subtle semantic distinctions.

2 Related Work

2.1 Training-free Open-Vocabulary Semantic Segmentation

While training-based methods [8, 13, 25, 39] adapt VLMs with additional su-
pervision to improve dense prediction, they risk reducing the open-vocabulary
flexibility inherent in the pre-trained model. In contrast, training-free OVSS
methods leverage the priors of VLMs without the need for additional learning,
maintaining the inherent flexibility. Early CLIP-based techniques [7, 22, 36, 43]
modify attention pooling layers to extract denser features, improving zero-shot
segmentation. However, CLIP’s pretraining objective focuses on global image-
text alignment, limiting its ability to localize fine-grained structures accurately.
To mitigate this, recent works [3, 19, 23, 34, 40] incorporate auxiliary foundation
models, such as SAM [21], DINO [10], and Stable Diffusion [33], to enhance the
localization ability of CLIP. These hybrid approaches aim to address CLIP’s



4 Y. Deng et al.

weak spatial localization and local semantic aggregation, but remain suboptimal
for distinguishing complex boundaries.

Recently, several studies, such as SegEarth-OV3 [28], have explored the use
of SAM 3 for remote sensing OVSS. However, these approaches primarily rely on
simple post-processing strategies, combining SAM 3’s segmentation head with
the Transformer decoder output to enhance mask quality. They do not explic-
itly model fine-grained visual-text alignment or adaptively incorporate spatial
cues—both of which are crucial for accurately recognizing subtle categories and
producing complete segmentation boundaries in complex remote sensing scenes.

2.2 Fine-Grained Semantic Segmentation in Remote Sensing

Fine-grained semantic segmentation in remote sensing presents unique challenges
due to high inter-class similarity and complex intra-class variance in earth ob-
servation data. Most existing methods rely on training-based paradigms, where
models are either fine-tuned on task-specific datasets or use domain adaptation
to transfer knowledge across regions. Approaches like D2LS [44] and KTDA [41]
leverage labeled data to capture subtle semantic differences, while GeoSAM [18]
fine-tunes SAM with multi-modal prompts for precise urban infrastructure seg-
mentation. Similarly, DG-Net [24] employs path-selective test-time adaptation
to enhance performance by adapting models to unseen samples during inference.

Despite their effectiveness, these approaches share common limitations: they
rely on extensive pixel-level annotations, are computationally expensive, and are
limited to predefined classes seen during training. As a result, they fail to fully
leverage the flexibility of open-vocabulary settings, where models must general-
ize to unseen categories without additional training. This limitation motivates
the development of training-free frameworks like SANO3, designed to address
the underexplored challenge of fine-grained OVSS in remote sensing, and the
introduction of our proposed FG-OVSSRS Bench.

3 Benchmark: FG-OVSSRS Bench

To encourage standardized assessment in the emerging area of fine-grained re-
mote sensing open-vocabulary semantic segmentation, we introduce FG-OVSSRS
Bench. This benchmark integrates eight publicly available remote sensing datasets,
spanning diverse domains, sensing platforms, spatial resolutions, and environ-
mental conditions. FG-OVSSRS Bench is designed to assess fine-grained dis-
crimination, cross-domain generalization, and robustness to open-vocabulary
prompts in realistic scenarios.

3.1 Benchmark Construction

FG-OVSSRS Bench is constructed by integrating eight representative remote
sensing datasets, each corresponding to a distinct application scenario while em-
phasizing fine-grained semantic characteristics, and follows an open-vocabulary
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Table 1: Detailed statistics of the datasets in FG-OVSSRS Bench.

Dataset Classes Sensor Type Scene Samples Size

Forest 10 UAV Vegetation 4303 1280 × 768
Cloud 4 Satellite Atmosphere 2643 512 × 512
Rescue 11 UAV Disaster 450 4000 × 3000
YRCC 3 UAV Cryosphere 363 1600 × 640
SkyScapes 20 Aerial Urban Land 240 1008 × 1008
GIS 3 Aerial Urban Infra. 2380 1024 × 1024
RSMI 3 Satellite Minerals 2050 128 × 128, 256 × 256
Barley 3 Satellite Agriculture 1271 1008 × 1008

paradigm, where models are required to generalize to previously unseen classes
based solely on textual descriptions rather than task-specific retraining.

Specifically, Forest [4] provides pixel-level annotations for deciduous trees,
coniferous trees, fallen trees, and ground vegetation, supporting detailed forest
monitoring and deforestation analysis. Cloud [14] includes annotations for cloud,
thin cloud, cloud shadow, and clear sky, enabling fine-grained atmospheric inter-
pretation. Rescue [32] offers pixel-level labels for multiple post-disaster damage
categories, such as building damage levels, road conditions, and affected infras-
tructure, facilitating detailed disaster assessment. Cryospheric and hydrological
monitoring is represented by YRCC [42], which provides annotations for river
ice, water, and shore.

Urban scenarios are covered from complementary perspectives. SkyScapes [2]
focuses on fine-grained urban land-cover mapping, capturing detailed surface
categories and road-related semantics, whereas GIS [18] focuses on urban infras-
tructure monitoring, such as roads and sidewalks, using high-resolution aerial im-
agery and GIS-derived annotations. Fine-RSMI [11] represents resource-related
applications, focusing on pixel-level segmentation of three major mineral cate-
gories: limestone, sandstone, and shale. In contrast, Barley1 is used for agricul-
tural applications, providing UAV imagery and yield annotations for the fine-
grained classification of coix, corn, tobacco, and built-up areas, supporting agri-
cultural asset inventory and crop yield prediction.

To better reflect real-world open-vocabulary usage, we expand the label vo-
cabulary of each dataset according to its semantic definitions and annotation
rules by introducing synonyms or semantically equivalent terms for every cat-
egory. In practical open-vocabulary scenarios, user-provided prompts can vary
significantly (e.g ., car, vehicle, or automobile), and our vocabulary expansion en-
ables systematic evaluation of model robustness to prompt variations with con-
sistent semantics. Additionally, for categories like background or clutter, which
lack specific semantic meaning, we expand them into their corresponding real-
world categories based on the dataset’s annotations, such as sky, rubbish, etc.

1 https://tianchi.aliyun.com/dataset/dataDetail?dataId=74952
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Fig. 2: Overview of the proposed FG-OVSSRS Bench. The inner ring shows the
datasets and the outer ring their application domains. Representative fine-grained
categories and sample images illustrate the diversity and semantic granularity of the
benchmark.

3.2 Statistics and Analysis

FG-OVSSRS Bench exhibits substantial diversity in data scale, spatial resolu-
tion, semantic granularity, and application domains, as shown in Fig. 2. It in-
tegrates datasets from satellite, aerial, and UAV imagery across diverse regions
and environmental conditions. Semantically, it captures fine-grained distinctions
in coverage levels (cloud thickness), physical states (building damage), material
types (mineral categories), and functional attributes (farmland usage), reflect-
ing realistic variations across remote sensing applications. A detailed summary
of each dataset, including image count, spatial resolution, semantic categories,
and application domains, is provided in Tab. 1.

3.3 Benchmark Evaluation Protocol

FG-OVSSRS Bench is evaluated in a training-free OVSS setting, where models
are applied directly without task-specific fine-tuning or additional supervision
on the benchmark datasets. All compared methods are state-of-the-art training-
free open-vocabulary segmentation approaches, ensuring a fair and consistent
comparison under the same inference-only protocol.

For each dataset, models are provided with textual descriptions sampled
from the expanded vocabulary associated with each semantic category and are
required to generate pixel-level predictions accordingly. To assess robustness
to prompt variation, multiple synonymous or semantically equivalent prompts
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are used for each category, with no model parameters updated during evalua-
tion. Performance is quantitatively measured using mean Intersection over Union
(mIoU), computed between the predicted segmentation maps and ground-truth
annotations. Results are reported per dataset and averaged across datasets to
reflect both fine-grained discrimination and cross-domain generalization in a uni-
fied training-free open-vocabulary setting.

4 Methods

This section presents the SANO3 framework for training-free fine-grained OVSS
in remote sensing. We first introduce SAM 3-based preliminaries (Sec. 4.1) and
unsupervised visual primitive discovery (Sec. 4.2). Then, we describe visual-
conditioned relation-aware alignment (Sec. 4.3), hybrid prototype injection (Sec. 4.4),
and iterative information-gain visual prompting (Sec. 4.5), which together enable
precise fine-grained segmentation under subtle semantic variations. An overview
of the framework is shown in Fig. 3.

4.1 Preliminaries

We adopt SAM 3 as the foundational architecture, formulating open-vocabulary
segmentation as a prompt-conditioned prediction problem. Given an image I
and a text prompt t, SAM 3 predicts the spatial correspondence for the queried
concept, supporting additional guidance from points, boxes, or masks. The ar-
chitecture comprises a vision encoder Ev(·) and a text encoder Et(·), extracting
features Fv and Ft, which are fused by a fusion encoder to produce prompt-
aware representations. SAM 3 outputs a scalar presence score spres ∈ [0, 1], a
dense semantic probability map Psem ∈ [0, 1]H×W , and N instance-level predic-
tions {(P (k)

inst, s
(k)
conf)}Nk=1, where P

(k)
inst ∈ [0, 1]H×W represents the probability map

for the k-th object query, and s
(k)
conf ∈ [0, 1] is its associated confidence score.

This prompt-driven design offers strong geometric priors, making it well-suited
for complex remote sensing tasks.

4.2 Unsupervised Visual Primitive Discovery

To overcome the limitations of cross-modal alignment in capturing fine-grained
details, we leverage the intrinsic data topology of DINOv2 [29] to discover latent
visual primitives, starting from the intra-modal self-similarity within the visual
modality. Given an image I, we extract visual feature map Fvfm using a pre-
trained DINOv2 backbone. To capture subtle intra-class variations, we employ
an over-clustering strategy, partitioning the feature map into Kinit = Q × C
disjoint regions via K-Means clustering, where Q represents the number of text
queries and C is a hyperparameter that controls the granularity of the clustering.

To reduce fragmentation, we apply a hierarchical merging mechanism. Ini-
tial prototypes are computed for each cluster, and pairs with cosine similarity
exceeding a threshold (e.g ., 0.85) are iteratively merged, yielding a refined set
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Fig. 3: The overall framework of SANO3. Given an image and a text query, SANO3 ex-
tracts visual prototypes via unsupervised clustering and performs relation-aware rank-
ing alignment for semantic assignment. Dynamic and static prototypes are injected into
the text stream to form a hybrid multi-modal prompt. An iterative information-gain
mechanism then refines boundaries by actively selecting informative point prompts to
reduce uncertainty. The framework is entirely training-free.

of masks M = {M1, . . . ,MK}. Finally, to ensure compatibility with SAM 3’s
feature space, we align the masks to the resolution of the vision encoder’s out-
put Fsam, and compute the visual prototypes vk for each mask Mk by masked
average pooling:

V = {v1, . . . ,vK} , vk =
1

|Mk|
∑

(x,y):Mk(x,y)=1

Fsam(x, y) (1)

These prototypes serve as concrete visual anchors for the subsequent semantic
alignment.

4.3 Visual-conditioned Relation-aware Alignment

Directly matching the visual prototypes V to the textual representations via
cosine similarity is inherently suboptimal for fine-grained alignment. SAM 3’s
text encoder suffers from feature collapse, where embeddings for semantically
subtle concepts cluster tightly in the latent space. This issue is further discussed
in Sec. 5.3. To resolve this, we propose a two-stage alignment strategy: visual-
conditioned text refinement followed by dynamic relation-aware matching.

Visual-conditioned Text Refinement Instead of relying on the static sentence-
level [EOS] embedding or global average pooling embedding, which often loses
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granular details, we dynamically query token-level text features using the visual
prototypes. Let Tc ∈ RL×d be the token embeddings extracted by Et(·) for the
text query c, where L is the sequence length. For each visual prototype vk ∈ V
and text query c, we compute a visual-conditioned text feature tk,c ∈ Rd via
cross-attention:

tk,c =

L∑
l=1

αk,c,lT
(l)
c , with αk,c,l = Softmaxl

(
v⊤
k T

(l)
c

τattn

)
(2)

Here, αk,c,l represents the attention weight of the l-th token for the k-th
visual prototype and c-th query, and τattn is a temperature parameter. Collecting
all features yields tcond ∈ RK×Q×d, where tcond[k, c] = tk,c. This mechanism
selectively attends to informative tokens, enhancing fine-grained discriminability.

Dynamic Relation-aware Matching To achieve more robust prototype-to-
text alignment, we propose aligning the distribution of order relationships be-
tween the visual prototype features and the conditioned text features rather than
relying solely on absolute similarity scores. Specifically, we model the matching
as a ranking alignment problem using the Plackett-Luce model [30].

For each visual prototype vk, we select the top-N candidate text queries
Ak = {tk,1, . . . , tk,N} based on cosine similarity, where we empirically set N = 4.
We then define a probability distribution Pv

k ∈ RN ! over the space of all possible
permutations ΠN . The probability of a specific permutation π ∈ ΠN is:

[Pv
k]π = P (π|vk) =

N∏
i=1

exp(cos(vk, tk,π(i))/τt)∑N
j=i exp(cos(vk, tk,π(j))/τt)

, (3)

Similarly, for each conditioned text feature tk,c associated with the prototype,
we compute a similar probability distribution Pt

k,c ∈ RN !, but this time based
on its self-similarity within the text modality:

[Pt
k,c]π = P (π|tk,c) =

N∏
i=1

exp(cos(tk,c, tk,π(i))/τt)∑N
j=i exp(cos(tk,c, tk,π(j))/τt)

. (4)

The final alignment score S(k, c) is computed by measuring the consistency
between the visual-anchored and text-anchored distributions:

S(k, c) = ⟨Pv
k,P

t
k,c⟩ =

∑
π∈ΠN

P (π|vk) · P (π|tk,c). (5)

Based on this score, each visual prototype is assigned to the text query with
the maximum alignment score. By maximizing this structural consistency, our
method robustly disambiguates fine-grained categories by verifying whether the
neighborhood structure of the visual features matches the semantic neighbor-
hood structure of the text features.



10 Y. Deng et al.

4.4 Hybrid Prototype Injection

To inject visual priors into the text prompt stream, we propose a hybrid pro-
totype injection mechanism. This mechanism combines dynamic image-specific
prototypes with static global prototypes, creating a multi-modal reference set
that bridges the gap between semantic queries and visual features.

For a target text query c, we identify corresponding prototypes P(c)
dyn, cap-

turing instance-specific features. Only prototypes whose final alignment score
S(k, c) exceeds a threshold τ are selected for injection, ensuring that unreliable
matches are filtered out. To enhance robustness, we retrieve a static prototype
mc from a Global Memory Bank, updated online with a momentum mechanism:

m(t)
c = η ·m(t−1)

c + (1− η) · P̄(c)
dyn, (6)

where η is the momentum coefficient, empirically set to 0.9. The dynamic and
static prototypes are then concatenated with the text token embeddings:

Thybrid = Concat(Tc,P(c)
dyn,mc) (7)

The hybrid prompt Thybrid is fed into SAM 3’s fusion encoder, enabling
adaptive attention for improved local and class-level matching, enhancing visual-
text alignment and segmentation accuracy.

4.5 Iterative Information-Gain Visual Prompting

While hybrid prototype injection aligns semantics, accurate boundary delin-
eation requires spatial location guidance. We address this by constructing can-
didate pools for positive and negative prompts, followed by an entropy-based
optimization loop that iteratively selects informative points to reduce segmen-
tation uncertainty.

Candidate Pool Construction For each target query c, we begin by con-
structing two candidate pools: positive candidates Xpos and negative candidates
Xneg. Positive candidates are selected from the assigned visual clusters Mk ∈ M,
while negative candidates are selected from other clusters. To ensure represen-
tativeness, we calculate a prototype similarity score Sproto(x) for each candidate
point x ∈ Xpos ∪ Xneg:

Sproto(x) =
f⊤
x vk

∥fx∥∥vk∥
, x ∈ Xpos ∪ Xneg, (8)

where fx is the feature of point x, and vk is its corresponding cluster prototype.
This score prioritizes points that best represent their respective clusters.
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Entropy-based Optimization Loop The iterative process begins by initial-
izing the segmentation with the enhanced text prompt from Sec. 4.4, which
generates the initial probability map Pt. The entropy Uprev is then computed
from Pt, reflecting the model’s uncertainty:

Uprev = − 1

HW

∑
i

[
P

(i)
t log(P

(i)
t ) + (1− P

(i)
t ) log(1− P

(i)
t )
]

(9)

At each iteration t, we select the best positive candidate x∗
pos from Xpos and

the best negative candidate x∗
neg from Xneg based on their prototype similarity

Sproto, then simulate their effect by computing the new probability maps, P pos
new

and Pneg
new. The information gain for each candidate is calculated as the reduction

in global entropy:

∆U = Uprev − Unew, (10)

where Unew corresponds to the updated entropy after adding the selected can-
didate, and Uprev is the entropy from the previous iteration.

Each iteration compares potential gains ∆Upos and ∆Uneg. The candidate
with the maximum entropy reduction is added to the prompt set. After updating
the prompt set, we update Uprev = Unew and repeat until the gain drops below
a threshold τe. This dynamic switching between positive and negative prompts
refines boundaries and clarifies ambiguous regions.

5 Experiments

5.1 Experimental Details

For all experiments, we employ the official SAM 3 model with a Perception
Encoder-Large+ (PE-L+) backbone [6] and DINOV2 ViT-L/14 [29] as the VFM.
Input images are resized to 1008×1008, using class names as text prompts with-
out test-time augmentation or post-processing. Performance is evaluated via
mIoU. All experiments run on the MMSegmentation framework using a single
NVIDIA RTX 4090 (24GB). More implementation details are provided in Sup-
plementary Materials.

5.2 Comparison to the State-of-the-Arts

We compare SANO3 with representative state-of-the-art training-free OVSS
methods from two categories: CLIP-based approaches and SAM 3-based ap-
proaches. The CLIP-based methods include GEM [7], ProxyCLIP [23], FSA [12],
SCLIP [36], ClearCLIP [22], CorrCLIP [40], and SegEarth-OV [27], while the
SAM 3-based methods include SAM 3 [9] and SegEarth-OV3 [28].
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Quantitative results Tab. 2 presents quantitative comparisons with state-
of-the-art methods on eight fine-grained remote sensing datasets. Our method
achieves the best or second-best results on most datasets and obtains the high-
est average mIoU of 34.55%, clearly outperforming previous SOTA approaches.
Compared with SAM 3-based methods, SANO3 significantly enhances the fine-
grained semantic discrimination capability of the original SAM 3. Notably, sub-
stantial gains are observed on challenging datasets such as YRCC and Barley,
where our method improves over SAM 3 by 5.12% and 8.23%, respectively.

Moreover, SANO3 maintains consistently strong performance across all eight
application scenarios. In contrast, several competing methods exhibit clear per-
formance drops in specific domains. For example, CorrCLIP achieves only 19.24%
on Cloud, and SegEarth-OV reaches 9.06% on Barley. The stable performance
of SANO3 across heterogeneous datasets highlights its robustness and strong
cross-domain generalization ability.

Table 2: Performance comparison on FG-OVSSRS Benchmark. Best and 2nd-best
results are highlighted.

Methods Backbone Forest Cloud Rescue GIS YRCC SkyScapes RSMI Barley Avg.

GEMCVPR 24 CLIP 12.97 30.25 18.88 31.57 26.56 9.70 7.24 9.06 18.28
ProxyCLIPECCV 24 CLIP+DINO 27.37 32.51 33.22 32.82 39.68 15.43 10.61 8.06 24.96
FSAICCV 25 CLIP+DINO 27.73 32.70 33.40 33.04 43.23 15.41 10.32 8.03 25.48
SCLIPECCV 24 CLIP 9.22 28.10 14.11 30.02 32.02 6.40 12.22 11.05 17.89
ClearCLIPECCV 24 CLIP 13.89 32.85 22.31 31.46 26.96 13.23 14.68 9.38 20.60
CorrCLIPICCV 25 CLIP+SAM2+DINO 29.33 19.24 33.89 31.81 50.57 15.46 12.10 10.51 25.36
SegEarth-OVCVPR 25 CLIP 22.91 24.41 26.83 33.78 56.10 14.79 17.95 9.06 25.73
SAM 3ICLR 26 SAM3 33.10 29.56 35.76 41.46 52.66 26.84 29.17 10.55 32.39
SegEarth-OV3Arvix 25 SAM3 33.05 28.80 35.85 41.46 52.24 26.77 29.17 10.53 32.23
Ours SAM3+DINOv2 33.90 30.70 36.84 43.06 57.78 26.83 28.50 18.78 34.55

Qualitative results Fig. 4 presents qualitative comparisons with previous
SOTA methods on the Forest [4], YRCC [42], and GIS [18] datasets. Compared
with existing approaches, SANO3 produces clearer boundaries and more accu-
rate recognition of fine-grained categories, demonstrating the effectiveness of our
visual-linguistic alignment and spatial prompting strategy.

5.3 Ablation Studies

The Effectiveness of Different Components SANO3 improves the fine-
grained segmentation performance of SAM 3 by jointly enhancing textual and
spatial guidance. As shown in Tab. 3, we evaluate three components: dynamic
prototype injection (DPI), which injects image-specific prototypes into the text
stream; static prototype injection (SPI), which incorporates global bank pro-
totypes into textual prompts; and iterative information-gain visual prompting
(IGVP), which adds uncertainty-driven point prompts for spatial refinement.
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Fig. 4: Qualitative comparison with previous SOTA methods on Forest [4], YRCC [42],
and GIS [18] datasets.

DPI consistently improves performance, SPI brings further gains, and IGVP
yields the best overall results. The full model achieves the strongest performance
across all datasets, demonstrating the effectiveness of collaborative textual and
spatial enhancement.

Ablation Study of Hyperparameters In SANO3, the main hyperparameters
include the clustering granularity C, the prototype injection threshold τ , and
the point prompt information gain threshold τe. We analyze their impact on
segmentation performance, as summarized in Tab. 4.

For C, smaller values lead to coarse primitives, while larger values may cause
fragmentation. Performance is optimal when C is between 6 and 8, balancing
discrimination and stability. The hierarchical merging mechanism mitigates over-
clustering, improving robustness for larger C values.

For τ and τe, both thresholds control the quality of injected information in
text and visual guidance. A low τ may introduce unreliable prototype matches,
while an overly strict value can discard useful complementary cues; empirically,
values between 0.4 and 0.8 achieve stable performance. Similarly, τe is set rel-
atively strictly to ensure high-quality point selection for boundary refinement.
Although the optimal τe varies slightly across datasets due to differences in
boundary complexity, its sensitivity is low and typically fluctuates within a nar-
row range.
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Fig. 5: Cosine similarity heatmaps of text features in Forest [4], Cloud [14], GIS [18],
and SkyScapes [2]. The fine-grained category texts are listed below each heatmap. Red
boxes highlight regions where the original SAM 3 encoder exhibits feature collapse,
which is alleviated by visual-conditioned text refinement, improving the discriminabil-
ity of text features.

Table 3: Detailed ablation results for each
component.

DPI SPI IGVP Cloud YRCC Rescue

29.56 52.66 35.76
✓ 29.68 55.25 36.67
✓ ✓ 30.11 56.46 36.82
✓ ✓ ✓ 30.70 57.78 36.84

Table 4: Ablation study of hyperpa-
rameters on the Cloud dataset.

C mIoU τ mIoU τe mIoU

2 30.15 0.2 29.99 0.05 30.60
4 30.39 0.4 30.11 0.10 30.47
6 30.47 0.6 30.28 0.15 30.70
8 30.70 0.8 30.70 0.20 30.62

Ablation Study of VFM To evaluate SANO3’s sensitivity to the choice of
VFM, we test different backbones, including MAE [16], DINOv2 [29], and DI-
NOv3 [35]. Although each VFM provides varying levels of visual self-similarity
priors and local semantic aggregation capability due to differences in pretraining,
all can guide SAM 3 to improve segmentation, and SANO3 consistently achieves
competitive results across backbones, demonstrating its robustness to the choice
of feature extractor.

Ablation Study of Prototype Alignment Method We further compare
the proposed visual-conditioned relation-aware alignment (VARA) with a max
cosine similarity baseline that assigns prototypes based on the highest cosine
similarity. As shown in Tab. 6, max cosine similarity relies on absolute similarity
scores and performs independent matching. However, due to feature collapse in
the native SAM 3’s text encoder (Fig. 5), fine-grained categories often exhibit
high inter-class similarity, making such naive matching unreliable. In contrast,
VARA incorporates visual-conditioned text refinement and relation-aware rank-
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Table 5: Ablation study on different VFM.

Cloud YRCC Rescue

MAE 30.44 58.64 36.70
DINOv2 30.70 57.78 36.84
DINOv3 30.26 58.84 36.66

Table 6: Ablation study on different
prototype matching method.

Cloud YRCC Rescue

Max Cosine Simi. 30.30 57.11 36.42
VARA 30.70 57.78 36.84

ing, leading to more robust semantic assignment and consistently better perfor-
mance across datasets.

6 Conclusion

In this work, we propose SANO3, a training-free framework for fine-grained open-
vocabulary semantic segmentation in remote sensing. By leveraging the visual
self-similarity priors in VFMs, SANO3 extracts discriminative visual primitives
and enhances SAM 3 through collaborative refinement of textual and spatial
guidance, including relation-aware alignment, hybrid prototype injection, and
iterative entropy-driven spatial prompting. Extensive experiments across eight
datasets demonstrate state-of-the-art performance. Additionally, we introduce
FG-OVSSRS Bench, the first fine-grained remote sensing OVSS benchmark span-
ning eight diverse scenarios, which we hope will foster systematic evaluation and
further research on fine-grained semantic understanding.
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