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Figure 1. Existing methods [32, 34, 54] rely on additional trainable mask decoders and adapters. We propose a training-free methodology
that combines VLMs and SAM without introducing new trainable components. Additionally, with LoRA fine-tuning, our method achieves
state-of-the-art performance on reasoning segmentation. Blue is for frozen components.

Abstract

Recent advances in Vision Language Models (VLMs) and
Vision Foundation Models (VFMs) have opened new op-
portunities for zero-shot text-guided segmentation of remote
sensing imagery. However, most existing approaches still
rely on additional trainable components, limiting their gen-
eralisation and practical applicability. In this work, we
investigate to what extent text-based remote sensing seg-
mentation can be achieved without additional training, by
relying solely on existing foundation models. We propose
a simple yet effective approach that integrates contrastive
and generative VLMs with the Segment Anything Model
(SAM), enabling a fully training-free or lightweight LoRA-
tuned pipeline. Our contrastive approach employs CLIP
as mask selector for SAM’s grid-based proposals, achiev-
ing state-of-the-art open-vocabulary semantic segmenta-
tion (OVSS) in a completely zero-shot setting. In parallel,
our generative approach enables reasoning and referring
segmentation by generating click prompts for SAM using
GPT-5 in a zero-shot setting and a LoRA-tuned Qwen-VL
model, with the latter yielding the best results. Extensive
experiments across 19 remote sensing benchmarks, includ-
ing open-vocabulary, referring, and reasoning-based tasks,
demonstrate the strong capabilities of our approach. Code
will be released here.
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1. Introduction

Remote sensing imagery has become a cornerstone of earth
observation, supporting critical applications such as land-
cover mapping, environmental monitoring, and disaster re-
sponse [23, 58, 59, 61]. Recent advances in deep learning,
in particular for pixel-level segmentation have highly im-
proved the accuracy and scalability of such analyses [17,
87]. However, most methods still follow supervised se-
tups, depending on large-scale, domain-specific annotated
datasets for training. The costly and inconsistent process of
collecting dense pixel-level annotations continues to limit
progress, particularly for fine-grained or rapidly evolving
geospatial categories.

Recently, Vision Language Models (VLMs) [1, 3, 49]
and Vision Foundation Models (VFMs) [52] have shown
impressive zero-shot capabilities on natural images, achiev-
ing text-based segmentation without additional supervi-
sion. These models offer an appealing direction for re-
mote sensing, where various successful approaches have
emerged [4, 27, 32, 34, 53, 54, 75, 78, 83, 84]. Neverthe-
less, most methods in this domain still rely on additional
trainable adapters [34, 36, 83], lightweight heads [32, 78],
or token-level bridges [4, 27, 53] to link visual and textual
modalities.

Our work is based on the premise that relying exclu-
sively on pretrained foundation models enables a training-



free approach for text-based remote sensing segmentation.
This raises a central question: To what extent can such
segmentation be achieved solely through pretrained foun-
dation models, without introducing any additional train-
able components? To explore this, our approach builds on
two key elements: VLMs and VFMs. VLMs provide the
multi-modal link between textual queries and visual con-
tent, while VFMs (such as SAM [52]), offer a generic mech-
anism for mask generation. We investigate strategies to
integrate these components without introducing additional
trainable parameters.

Specifically, we propose two complementary pipelines,
the first uses contrastive VLMs, like CLIP [49], as seman-
tic selectors over SAM’s category-agnostic mask proposals
for OVSS. The second employs generative VLMs, such as
GPT-5 [47] and Qwen-VL [3], as SAM prompters with spa-
tial clicks for referring and reasoning-based segmentation
scenarios. While the first approach operates in a fully zero-
shot manner, the second can be applied either zero-shot or
with lightweight LoRA fine-tuning [21]. Figure 1 provides a
visual comparison of our proposed approach, and contrasts
it with recent text-based remote sensing segmentation meth-
ods. In summary, our contributions are as follows:

We investigate the extent to which text-based remote
sensing segmentation can be accomplished by using only
existing VLMs and SAM, without introducing additional
trainable components.

We propose two complementary approaches for combin-
ing VLMs with SAM: (i) using a contrastive VLM to se-
lect masks from SAM’s grid-based proposals, and (ii) us-
ing a generative VLM to generate click prompts for SAM-
based segmentation.

We demonstrate that contrastive VLM-based pipeline en-
ables fully training-free segmentation, achieving state-of-
the-art performance in OVSS of remote sensing imagery.
We further show that minimal LoRA fine-tuning of the
generative VLM-based approach, with SAM kept frozen,
yields state-of-the-art results on reasoning and referring
segmentation with remote sensing imagery.

2. Related work
2.1. VLMs for Text-Based Segmentation

Text-based image segmentation aims to segment regions
within an image based on natural language descriptions.
Recent advances [27, 53, 78] on multi-modal datasets and
pretraining strategies for VLMs have revolutionised this
field. Consequently, text-based segmentation is increas-
ingly dominated by contrastive and generative VLM-based
approaches. These models can localise complex language-
guided targets without requiring extensive task-specific su-
pervision.

Contrastive VLMs [42, 49] are trained to align image and
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text representations through contrastive learning on paired
data. Starting from CLIP [49], they have shown remark-
able zero-shot performance on image classification, which
naturally extends to semantic segmentation [41]. These
approaches are usually categorised based on the amount
of needed supervision. Training-free methods attempt to
exploit the inherent localisation capabilities of CLIP with
minimal modifications. For instance, MaskCLIP [83] pro-
poses to extract the value embedding of the last self-
attention block of CLIP’s vision encoder for dense predic-
tion tasks. Following this work, other studies [28] gener-
alise the query-key attention to a self-self attention mech-
anism. This includes, the value-value attention in CLIP-
Surgery [37], the query-query and key-key attention in
SCLIP [63], and generalised self-self attention combination
in GEM [7]. Another stream of work [5, 26, 55, 60, 68]
adopts a two-stage method. The first stage generates
category-agnostic mask proposals, while the second stage
classifies them. Trainable methods allow models to be
trained on some base classes in a supervised or weakly su-
pervised manner. Typically, some works [19, 42, 46, 50]
train a localisation-aware CLIP for dense predictions. Oth-
ers [13, 16, 31, 40, 74] instead fine-tune a subset of CLIP’s
pre-trained parameters or add a few trainable ones to adapt
it for dense prediction on base classes. Finally, with addi-
tional adapters [6, 25, 29, 36, 64] CLIP can be connected
with other foundation models (SAM [52] or DINO [9]) to
enhance the localisation ability.

Generative VLMs [1, 3, 73] are trained to model the joint
or conditional distribution of images and text via auto-
regressive generation. These models allow for complex rea-
soning between image and language modalities. However,
none of them directly support image segmentation, so need
to be extended with extra components. LISA [27] estab-
lishes the paradigm by introducing a <SEG> token to con-
nect LLMs with segmentation decoders. Finetuning VLMs
with these novel tokens is further explored in PixelLM [53]
and more recent works [4, 51, 65, 66, 76, 78, 79, 81].
SAMAMLLM [12] and SegAgent [85] propose the solu-
tion without adding novel trainable tokens, namely to use
SAM [52] as a tool, conditioned by clicks or boxes, pro-
duced by VLM in form of text. Another possible tool for
image generation for VLMs can be diffusion models, e.g.
Qwen-Image [70] for Qwen3 [73] or GPT-Image-1 [48] for
GPT-5 [47]. This technically gives VLMs the ability to
solve segmentation, since segmentation mask can be imag-
ined as just an image.

Overall, despite the proven capabilities of aforemen-
tioned contrastive and generative VLM-based methods on
natural images, none of them originally attempted text-
based remote sensing segmentation.
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Figure 2. Inference schemes of our segmentation approaches with
(a) contrastive and (b) generative VLMs.

2.2. Text-Based Remote Sensing Segmentation

Early studies on text-based remote sensing segmenta-
tion primarily rely on masked language models such as
BERT [15] to encode textual inputs. These models are
typically followed by a task-specific conditional convolu-
tional decoder [10, 30, 33, 35, 39, 77, 80, 87] or diffusion-
based architectures such as DiffRIS [17]. Despite no-
table progress, these approaches remain heavily supervised
and rely on dedicated model designs for specific datasets
or prompt types. Recently, SegEarth-OV [32] marks a
shift towards reducing training dependency by introducing
a nearly training-free framework. Their method incorpo-
rates a frozen CLIP model for image—text alignment, while
training only an unsupervised mask decoder. They fur-
ther explore remote sensing adaptations of CLIP, such as
GeoRSCLIP [82] and RemoteCLIP [38], which improve vi-
sual grounding in geospatial imagery.

A contemporary line of research transitions to genera-
tive VLMs to handle more complex referring and reason-
ing prompts. For example, GeoGround [84] reformulates
segmentation as per-tile binary prediction using a VLM
backbone without an explicit decoder. An extended ver-
sion incorporates multiple auxiliary encoders and a dedi-
cated mask decoder for finer spatial resolution. SegEarth-
R1 [34] further advances this line of work by introducing a
reasoning-focused remote sensing benchmark. It also pro-
poses a simplified yet trainable mask encoder that is condi-
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tioned jointly on the vision and language embeddings.
Typically, existing methods achieve language-
conditioned segmentation by adding trainable components
on top of VLMs. These components may include mask
decoders, adapters, or token-level bridges. In contrast,
our work shows that combining only a VLM with SAM
is sufficient to achieve state-of-the-art results across open-
vocabulary, referring, and reasoning segmentation tasks in
remote sensing, without any additional trainable modules.

3. Methodology

In this work, we address the task of text-based remote sens-
ing image segmentation. Given an image I and a textual
query t, the goal is to produce a segmentation mask M that
corresponds to the region in the image described by the text.
Our objective is to design a solution that requires minimal
training, and ideally operates in a fully zero-shot manner,
i.e., without any task-specific training.

To process textual instructions and input images, we
adopt VLMs that are already pre-trained on large-scale im-
age—text pairs in a self-supervised manner. These models
have demonstrated strong zero-shot generalisation across
a wide range of vision-language tasks. However, existing
VLMs do not inherently generate segmentation masks, lim-
iting their direct applicability to segmentation tasks. On the
other hand, VFMs such as SAM [52] have shown remark-
able performance across various segmentation tasks, includ-
ing semantic, instance, and panoptic segmentation. As illus-
trated on Figure 2, we propose to combine these powerful
pre-trained components, a VLM for understanding text and
images, and SAM for mask generation. This combination
does not require any additional trainable modules, enabling
a fully training-free paradigm for text-based remote sensing
segmentation.

VLMs can be broadly categorised into two types. The
first type is contrastive models, such as CLIP [49], which
are trained to align images and text in a shared embed-
ding space. The second type is generative models, such as
Qwen-VL [3], which are trained to autoregressively gener-
ate text conditioned on visual inputs. In the following sec-
tions, we describe how we use both types of VLMs in com-
bination with SAM to solve the task of text-based remote
sensing segmentation.

3.1. Contrastive VLMs as SAM Mask Selectors

Pipeline. Let .% denote a contrastive VLM and . the
SAM model. Given an input image [ and a textual prompt ¢,
the contrastive VLM processes I and ¢ and computes a per-
pixel foreground probability map p(z,y) for ¢. In parallel,
SAM produces a set of K category-agnostic mask proposals
{M}5_, given I and a set of clicks C in form of a regular
2D grid.



For each SAM mask M}, we determine whether it cor-
responds to the target object by counting the proportion of
pixels with p(x, y) > 0.5 with the following indicator func-
tion,

|

The final prediction is obtained by merging all relevant
masks as follows,

1, if @ 2 (eyyen, Hp(z,y) > 0.5] > 05,
otherwise.

K
M= J{My |6 =1}.
k=1

Extension to multi-class segmentation. Given m text
prompts {t;}7,, the VLM predicts per-pixel probabilities
pi(z,y) for each class. Each pixel is assigned to the class
with the highest probability as follows,

class(z,y) = arg  max
i€{1,..

.,m

i\ T, .
}p( Y)

To mitigate CLIP’s global bias, we apply the debiasing
technique from [32], which subtracts a scaled <CLS> token
from all patch tokens. Each SAM mask Mj, is then assigned
to the class that dominates within its area,

l, = arg  max }|{(;v,y) € My, | class(z,y) =1i}| .

ie{l,....m

The final segmentation for class 7 is expressed as:
K
M= | J{ My | b =i}
k=1

Note that masks or pixels not assigned to any class remain
background.

3.2. Generative VLMs as SAM prompters

Pipeline. To avoid introducing any trainable components
between the VLM and SAM, the only way to condition
SAM with language is by expressing its prompts in text.
SAM supports two types of lightweight prompts (clicks and
bounding boxes) that can be easily described with text. For
consistency with our contrastive-VLM approach, we focus
only on click-based prompting.

Let the generative VLM be denoted as .#. Given an im-
age I and a textual instruction ¢, the VLM outputs a set of
clicks C = {¢;}1, that indicate the target region

C=7(1).

These clicks serve as prompts for SAM (.¥), which gener-
ates the final segmentation mask M:

M = (I,prompt =C) .
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Each click is labeled as either positive or negative, indicat-
ing whether the corresponding location should be included
or excluded from the segmentation mask. In textual form,
the click set is represented as:

{“Positive” : (x4 1,Y+.1), (Z+2,Y+.2),--],
“Negative” : [(x—,la y—71)7 (93_72’ y—,2)7 < ]} .

If no negative clicks are present, SAM generates the
mask using only the positive set.

Training. Preliminary experiments show that this pipeline
already achieves reasonable segmentation quality. This is
observed in a fully zero-shot manner when .% is a large pro-
prietary VLM. However, to further improve performance
and generalisation, we propose to fine-tune a smaller open-
source generative VLM for click generation, while keeping
SAM completely frozen.

To train the VLM, we simply concatenate the image I,
textual instruction ¢, and the click sequence C in text form
into a single token sequence. The model is then optimised
using standard next-token prediction (cross-entropy loss).
However, the missing component is the supervision signal,
since existing segmentation datasets provide masks M but
not click annotations. We address this by automatically con-
verting masks into click sequences, as described below.

Training clicks generation. Existing text-based image seg-
mentation datasets usually provide ground-truth annotations
in the form of per-pixel masks. Our goal is to convert these
masks M into a sequence of clicks C without human in-
volvement. To do so, we adopt an iterative strategy inspired
by interactive segmentation [2, 57].

Starting from an image and its corresponding ground-
truth mask, SAM is prompted with an initial positive click
inside the target object to produce a mask. This prediction
is then compared with the ground-truth mask to identify
under-segmented and over-segmented regions. Additional
clicks are placed in these regions, positive clicks in missing
areas and negative clicks in unwanted regions. Then, SAM
is prompted again to update the mask. This process is re-
peated until a stopping condition is met (e.g., achieving a
target IoU or reaching a maximum number of clicks). The
resulting synthetic click sequences C are then used to fine-
tune the generative VLM for click generation. More details
about this process are given in Appendix.

3.3. Application to Text-Based Remote Sensing Seg-
mentation

In text-based remote sensing segmentation, text prompts
vary significantly in complexity. Existing settings can be
grouped into three categories: (i) OVSS: each class is de-
scribed using a short phrase or a couple of keywords (e.g.,
road, industrial area). (ii) Referring segmentation: each
prompt is a full sentence that describes a specific region



or object within the image (e.g., The vehicle on the upper
right). (iii) Reasoning segmentation: the prompt requires
multi-step reasoning or implicit understanding, without ex-
plicitly naming the target region (e.g., Which part of the in-
frastructure is best for rapid patient transport by emergency
services?).

Our contrastive and generative VLM-based pipelines
naturally align with these three levels of complexity. Con-
trastive VLMs perform well with short, unambiguous
prompts, making them suitable for OVSS. However, their
capability degrades when prompts become longer, descrip-
tive, or require contextual reasoning. Alternatively, gener-
ative models are better at understanding complex linguis-
tic instructions and grounding them spatially through click
prompts. Therefore, we employ the generative VLM ap-
proach for referring and reasoning-based segmentation.

This design choice raises an important question: why not
use the generative approach for all three tasks? The limita-
tion lies in the nature of how generative VLMs interact with
SAM. These models typically produce only a small set of
clicks, resulting in a single (or very few) connected mask.
This is adequate for referring and reasoning segmentation
tasks, where usually only one instance is expected. How-
ever, in OVSS, many semantic categories such as forest,
water, or urban area might consist of multiple spatially dis-
connected regions. A single SAM prompt, even with vari-
ous positive and negative clicks, often fails to capture all rel-
evant areas when SAM is kept frozen. Consequently, OVSS
requires combining multiple SAM-generated masks, which
our contrastive VLM-based mask selection approach natu-
rally enables. In summary, contrastive VLMs are preferable
for OVSS tasks, while generative VLMs are more appropri-
ated for referring and reasoning-based segmentation.

4. Experiments

4.1. Datasets and Implementation Details

OVSS. Following prior works [32], we evaluate our
approach on 17 widely used datasets for multi-class
and single-class remote sensing semantic segmentation.
For multi-class standard semantic segmentation, we use
5 datasets depicting satellite images including Open-
EarthMap [71], LoveDA [67], iSAID [69], Potsdam, and
Vaihingen [22]. We also consider 3 additional datasets
containing UAV images, UAVid [43], UDDS [11], and
VDD [8]. In the context of single-class semantic segmen-
tation, the datasets depict two classes: the foreground class,
corresponding to building, road or water respectively, and
the background class. We employ 4 datasets for building ex-
traction, WHUAerial [24], WHUSat.II [24], Inria [44], and
xBD [20]; 4 for road extraction, CHN6-CUG [86], Deep-
Globe [14], Massachusetts [45], and SpaceNet [62]; and
1 for flood detection, WBS-SI [56]. More details about
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datasets could be found in Appendix.

Referring and reasoning segmentation. For refer-
ring segmentation, we use the widely adopted RRSIS-D
dataset [39]. RRSIS-D includes 17,402 image—description-
mask triplets, divided into 12,181 for training, 1,740 for
validation, and 3,481 for testing. For the reasoning segmen-
tation task, we adopt the large-scale EarthReason bench-
mark [34]. This dataset contains 5,434 images, each asso-
ciated with an average of six questions and corresponding
masks. The dataset is split into 2,371, 1,135, and 1,928 im-
ages for the training, validation, and test sets, respectively.
For both datasets, we report metrics on validation and test
sets. Train split is used only for click generation and VLM
fine-tuning.

Implementation details. For our contrastive VLM-based
approach, we use CLIP-base [49] for image and text en-
coding, and SAM-L [52] as the mask generator. We sam-
ple an uniform grid of 29 x 29 positive click points for the
main experiments. Following [32], all images are resized to
448 x 448 pixels for CLIP while SAM operates on images
at their original resolution. Performance is measured with
mloU for multi-class and foreground IoU for single-class
datasets. For the generative VLM-based approach, in the
zero-shot setting, we utilise the GPT-Image-1 API [48] and
GPT-5 [47] for image and clicks generation, respectively.
For the fine-tuning setting, we adopt Qwen3-VL-2B [70] as
the backbone model. Training is conducted on four A100
GPUs for 3 epochs, using batch size of 64, LoRA (rank
32), the AdamW optimiser with a learning rate of 2e-4 and
a cosine learning rate scheduler. We employ a total of 6
clicks during training. For inference, the same SAM as in
the contrastive setup is used. Performance is reported using
mloU for both referring and reasoning tasks; for the reason-
ing task, the final mask is obtained via average voting over
six predictions per image.

4.2. Comparison with Prior Work

Enabling training-free OVSS. We evaluate our contrastive
VLM-based approach on multi-class semantic segmenta-
tion benchmarks. We compare it with zero-shot natural
image baselines and SegEarth-OV [32], which is the clos-
est prior work toward training-free OVSS for remote sens-
ing. As shown in Table I, our method achieves state-of-
the-art zero-shot performance across datasets, demonstrat-
ing strong generalisation without task-specific training.
Compared with analogous zero-shot baselines such as
CLIP, our model shows a substantial performance gain,
highlighting the effectiveness of combining CLIP with a
frozen SAM. Against SegEarth-OV, our approach outper-
forms on 7 of 8 datasets, with the largest gains on UAV
imagery (UAVid, UDDS5, VDD). Similar to [32], it strug-
gles on iSAID due to fine-grained categories, and on Ope-



Method OEM LoveDA iSAID Potsdam Vaihingen UAVid UDD5 VDD | Avg.
Trained on remote sensing data

SegEarth-OV [32] 40.3 36.9 21.7 48.5 40.0 42.5 50.6 453 | 39.2

Oracle 64.4 50.0 36.2 74.3 61.2 59.7 56.5 62.9 | 582
Zero-shot methods

CLIP [49] 12.0 12.4 7.5 15.6 10.8 10.9 9.5 142 | 114

MaskCLIP [83] 25.1 27.8 14.5 33.9 29.9 28.6 324 329 | 272

SCLIP [63] 29.3 30.4 16.1 39.6 35.9 314 38.7 37.9 | 31.1

GEM [7] 339 31.6 17.7 39.1 36.4 334 41.2 39.5 | 323

ClearCLIP [28] 31.0 324 18.2 42.0 36.2 36.2 41.8 393 | 334

Ours 34.2 38.2 219 50.2 40.6 44.3 53.8 46.8 | 41.3

Table 1. Results of our contrastive VLM-based approach for text-based remote sensing segmentation on OVSS task. We evaluate 8 remote
sensing multi-class datasets. Avg. is for average across all datasets. Oracle represents the upper bound, achieved by a fully supervised

model [72].
Method Building extraction Road Extraction Flood Detection Av
WHU-A WHU-S Inria xBD-pre CHN6 DG MA  SpaceNet WBS-SI £
Trained on remote sensing data
SegEarth-OV [32] 49.2 28.4 44.6 37.0 354 178 115 23.8 60.2 ‘ 342
Zero-shot methods
CLIP [49] 17.7 35 19.6 16.0 7.7 39 49 7.1 18.6 11.0
MaskCLIP [83] 29.8 14.0 334 29.2 28.1 132 10.6 20.8 39.8 243
SCLIP [63] 334 21.0 34.9 259 21.1 70 74 14.9 32.1 22.0
GEM [7] 24.4 13.6 28.5 20.8 134 47 5.1 11.9 39.5 18.0
ClearCLIP [28] 36.6 20.8 39.0 30.1 25.5 57 64 16.3 449 25.0
Ours 58.8 26.1 48.0 34.4 364 159 122 26.1 58.3 351

Table 2. Results of our contrastive VLM-based approach for text-based remote sensing segmentation on OVSS task. We evaluate 9 remote
sensing single-class datasets across building extraction, road extraction, and flood detection. Avg. is for average across all datasets.

nEarthMap minor class confusions slightly reduce perfor-
mance. Notably, unlike SegEarth-OV, which requires train-
ing auxiliary components on remote sensing data (SimFea-
tUp [18]), our approach is entirely training-free.

On 9 single-class extraction datasets (Table 2), our ap-
proach achieves state-of-the-art results among zero-shot
baselines and even surpasses [32] on 5. Compared directly
to [32], our method ranks first on half of the building extrac-
tion datasets and second on the rest. For road extraction, it
outperforms [32] on 3 datasets, though with smaller mar-
gins, likely due to the challenge of zero-shot localisation of
thin, complex structures.

Enabling training-free referring and reasoning segmen-
tation. We evaluate our generative-VLM based approach
for referring and reasoning segmentation tasks on the val-
idation and test splits of RRSIS-D [39] and EarthRea-
son [34]. The upper part of Table 3 shows the results of
our training-free approach. In this setup, a proprietary gen-
erative VLM is prompted to output click positions, which
are fed into SAM (second row). This yields better segmen-

tation results than directly prompting the same VLM to out-
put segmentation masks (first row). However, these promis-
ing results still fall short of the current state of the art. This
limitation likely arises from the difficulty of current VLMs
to perform challenging tasks, such as spatial reasoning and
referring segmentation on remote sensing imagery.

Achieving SOTA referring and reasoning segmentation
with LoRA-tuned generative VLM. We evaluate the fine-
tuned generative VLM-based pipeline on the same datasets
and tasks as in the zero-shot setup. As shown in Table 3,
this fine-tuning proves highly effective, achieving state-of-
the-art performance on both referring (RRSIS-D) and rea-
soning (EarthReason) segmentation tasks. Unlike previous
methods that require full training of LLMs, mask decoders,
or additional components, our approach avoids heavy re-
training. We fine-tune only a lightweight subset of LLM
parameters using LoRA, while keeping the mask generator
(SAM) frozen. This design resulted efficient, reducing the
number of trainable components compared to prior methods
without compromising performance.
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Trained on RS data RRSIS-D EarthReason
Method LLM LLM  Mask Decoder Extra Val Test Val Test
Zero-shot methods
GPT-Image-1 GPT-5 X X X 20.1 172 384 41.0
Ours GPT-5 X X X 258 249 46.0 474
Classical methods
RRSIS [77] BERT-base v v v 60.2 594 - -
LAVT [75] BERT-base v v v 61.5 61.0 - -
DiffRIS [17] CLIP v v v 63.6 62.2 - -
FIANet [30] BERT-base e v v - 64.0 - -
RMSIN [39] BERT-base v v v 65.1 642 - -
RSRefSeg [10] SigLIP-So v v v - 647 - -
SBANet [33] BERT-base v v v 66.7 65.5 - -
BTDNet [80] BERT-base v v v 66.9 66.0 - -
Based on generative VLMs
NExT-Chat [78] Vicuna-7B v v v 27.0 250 - -
LISA [27] Vicuna-7B LoRA v v 27.8 268 61.0 60.9
PixelLM [53] Vicuna-7B LoRA v v 339 31.7 579 60.0
PSALM [81] phi-1.5-1.3B v v v - - 66.6 68.3
SegEarth-R1 [34] phi-1.5-1.3B v v v 67.6 664 68.6 70.7
GeoPixel [54] InternLM2-7B  LoRA v v 68.0 673 - -
Ours Qwen3-VL-2B LoRA X X 68.1 67.6 70.6 72.7

Table 3. Results of our generative VLM-based approach for text-based remote sensing segmentation on reasoning and referring tasks. We
evaluate on test and validation sets from RRSIS-D [39] (referring) and EarthReason [34] (reasoning) datasets.

Qualitative results. Figure 3 presents results from our
contrastive pipeline for multi-class and single-class OVSS.
Due to space limits, we show a subset of datasets: Ope-
nEarthMap [71] and LoveDA [67] for multi-class, and In-
ria [44] for single-class. Our approach correctly identifies
most classes, with minor errors in challenging categories
(e.g., trees, dense vegetation) and occasional misclassifica-
tions in crowded scenes (e.g., buildings vs. roads). For
the generative VLM-based approach, Figure 4 shows ex-
amples from EarthReason and RRSIS-D for reasoning and
referring segmentation. Each row displays the input image
with predicted clicks, predicted masks, and ground truths.
As observed in the first-row example, our method localises
the correct area even when the main object differs from the
question target (e.g., the tennis court in the top-right). Ad-
ditional examples highlight handling of small objects and
complex shapes. However, the approach sometimes strug-
gle with ambiguous descriptions, especially when target in-
volves multiple regions. Moreover, SAM’s limitations can
lead to inaccurate masks for non-well-delimited areas. Full
visualisations and in-depth analysis are in the Appendix.

4.3. Ablation Studies

Effect of SAM scale and grid density on contrastive
VLM-based pipeline. We conduct ablation studies on
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SAM size and grid clicks using OEM, LoveDA, UAVid
(multi-class), and CHN6 (single-class). From the results
reported in Table 4, we observe that the largest variant
of SAM achieves the highest performance across datasets,
which we use as the default. For experiments with different
grid sizes, performance improves steadily up to a grid size
of 20 x 20, after which it plateaus. Consequently, we adopt
a 29 x 29 grid for the final configuration, as it yields su-
perior metrics across most benchmarks. However, in more
computationally constrained setups, it would be possible to
adopt smaller SAM without significant degradation on per-
formance.

SAM #clicks OEM LoveDA UAVid CHN6
SAM-Tiny 29 x29 339 37.7 43.8 352
SAM-Base 29 x29 342 38.1 44.2 36.2
SAM-Large 10 x 10 29.7 36.2 40.8 31.0
SAM-Large 20 x20 33.1 38.1 44.1 35.6
SAM-Large 29 x29 34.2 38.2 44.3 36.4

Table 4. Ablation of SAM scale and grid density on contrastive
VLM-based approach.

Effect of generative VLM scale and click configuration.
We ablate VLM size and number of clicks as depicted in Ta-
ble 5, on EarthReason and RRSIS-D for reasoning and re-



Input image Predicted mask

’GT mask

Prompt: Background, Bareland, Rangeland, Developed Space,
Tree, Water, Agriculture Land, and Building.

Background, Building, Road, Water,
Agriculture.

Prompt: , Forest, and

Predicted mask GT mask

Prompt: Should you wish to improve your overhead serve and join a dou-
bles match, what specific location in the sports complex would you select?

i

Prompt: Is there a specific natural asset in this locality that plays a dual
role in assisting transportation and supporting irrigation for farming?

Predicted clicks

Prompt: Background and

Figure 3. Qualitative results of the training-free contrastive VLM
pipeline on multi-class (first and second rows) and single-class
(third row) OVSS tasks using remote sensing datasets.

. EarthReason =~ RRSIS-D
Method # clicks Val Test Val  Test
Qwen2.5-VL-7B 6 67.8 693 614 609
Qwen3-VL-4B 6 704 717 673 672
Qwen3-VL-2B 2 63.8 649 61.1 61.0
Qwen3-VL-2B 4 67.9 698 664 664
Qwen3-VL-2B 6 70.6 727 68.1 67.6

Table 5. Ablation of generative VLM scale and click configura-
tion.

ferring segmentation, respectively. According to the results,
upgrading from QwenVL-2.5 to QwenVL-3 improves per-
formance, making QwenVL-3 our baseline. Further ex-
periments comparing the 4B (~80M trainable parameters)
and 2B (~50M trainable parameters) variants of Qwen3-VL
show a performance gain for the smaller 2B model, which
we then use for the main experiments. In terms of click
configuration, performance increases consistently up to six
clicks, which improves results by +6.8/ + 7.8 (EarthRea-
son val/test) and +7.0/ 4 6.6 (RRSIS-D val/test) over two
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Prompt: The vehicle on the upper right.

Figure 4. Qualitative results of the LoRA-tuned generative VLM
pipeline on reasoning (first and second rows) and referring (third
row) tasks using remote sensing datasets.

clicks variant.

5. Conclusion

We introduced a simple yet powerful approach for zero-
shot text-based segmentation of remote sensing imagery.
Our approach combines contrastive (CLIP) and genera-
tive (GPT-5, Qwen-VL) VLMs with the Segment Anything
Model (SAM). The resulting two pipelines achieve state-of-
the-art results on 19 remote sensing benchmarks, including
open-vocabulary, referring, and reasoning segmentation.
The contrastive pipeline enables fully training-free OVSS,
while the generative pipeline supports both zero-shot infer-
ence (via GPT-5) and lightweight LoRA fine-tuning (via
Qwen-VL) for more complex linguistic reasoning. Despite
the used VLMs being primarily pre-trained on natural im-
ages, our results demonstrate that the proposed approach
remains effective for earth perception tasks. As foundation
models continue to evolve, we anticipate even better zero-
shot capabilities and improved alignment between visual
and textual representations for more complex, real-world
geospatial understanding.
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