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Abstract

Image segmentation beyond predefined categories is a
key challenge in remote sensing, where novel and unseen
classes often emerge during inference. Open-vocabulary
image Segmentation addresses these generalization issues
in traditional supervised segmentation models while reduc-
ing reliance on extensive per-pixel annotations, which are
both expensive and labor-intensive to obtain. Most Open-
Vocabulary Segmentation (OVS) methods are designed for
natural images but struggle with remote sensing data due
to scale variations, orientation changes, and complex scene
compositions. This necessitates the development of OVS ap-
proaches specifically tailored for remote sensing. In this
context, we propose AerOSeg, a novel OVS approach for
remote sensing data. First, we compute robust image-text
correlation features using multiple rotated versions of the
input image and domain-specific prompts. These features
are then refined through spatial and class refinement blocks.
Inspired by the success of the Segment Anything Model
(SAM) in diverse domains, we leverage SAM features to
guide the spatial refinement of correlation features. Addi-
tionally, we introduce a semantic back-projection module
and loss to ensure the seamless propagation of SAM’s se-
mantic information throughout the segmentation pipeline.
Finally, we enhance the refined correlation features using
a multi-scale attention-aware decoder to produce the final
segmentation map. We validate our SAM-guided Open-
Vocabulary Remote Sensing Segmentation model on three
benchmark remote sensing datasets: iSAID, DLRSD, and
OpenEarthMap. Our model outperforms state-of-the-art
open-vocabulary segmentation methods, achieving an av-
erage improvement of 2.54 h-mloU.

1. Introduction

Open-vocabulary image segmentation aims to segment ob-
jects belonging to an unbounded set of categories, thereby
allowing the model to handle novel or previously unseen
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Figure 1. Key aspects of AerOSeg: (a) Correlation features com-
putation from CLIP features across rotated inputs and domain-
specific text embeddings. (b) Guidance Encoder’s multifaceted
contribution.

classes at inference. Unlike traditional semantic segmenta-
tion — where the training and testing categories are strictly
identical — open-vocabulary segmentation endeavors to
learn transferable semantic representations that can facili-
tate the segmentation of any class not observed during train-
ing. In the context of remote sensing imagery, this ca-
pability becomes especially critical: supervised segmenta-
tion approaches typically require large-scale datasets with
pixel-level annotations that are notoriously expensive and
time-consuming to obtain, primarily due to high spatial res-
olution, complex scenes, and varying geospatial contexts.
Moreover, models trained solely on these well-annotated
classes tend to overfit, limiting their ability to generalize to
new or rare categories that often arise in real-world remote
sensing applications (e.g., emerging structures, seasonal ob-
jects, or natural disasters).

Most recent open-vocabulary segmentation methods
leverage vision-language models such as CLIP [20] or
ALIGN [10], which learn powerful joint embeddings of vi-
sual and textual data. Despite their success with natural
images, these models often struggle with satellite imagery,



where objects can appear at drastically different scales,
orientations, and resolutions. Remote sensing images are
fundamentally distinct from typical natural images due to
large scene coverage, small object sizes, and complex back-
grounds, necessitating specialized strategies that address
these domain-specific challenges.

Motivated by these requirements, researchers have re-
cently proposed open-vocabulary solutions tailored to re-
mote sensing. A pioneering approach, Open-Vocabulary
Remote Sensing Segmentation (OVRS) [3], introduces a ro-
tational invariance paradigm by augmenting the visual en-
coder input with multiple rotated versions of the image,
thereby capturing orientation-invariant semantic features.
Subsequent modules refine these features spatially and by
category and finally leverage a multi-scale decoder for high-
resolution segmentation. While effective, OVRS heavily
relies on CLIP for open-vocabulary segmentation, which
is suboptimal. CLIP, while excelling in open-vocabulary
classification, is designed to align global visual and textual
semantics, limiting its effectiveness for per-pixel tasks like
segmentation.

In this work, we hypothesize that complementary guid-
ance features can help preserve semantic richness through-
out the refinement pipeline. Specifically, we propose ex-
ploiting the Segment Anything Model (SAM) as a feature
guidance encoder, in conjunction with CLIP, to strengthen
the semantic flow in open-vocabulary remote sensing seg-
mentation. SAM, trained on large-scale data for promptable
segmentation, produces semantically rich features and per-
forms well across diverse domains and datasets. Given the
smaller size of remote sensing datasets, leveraging SAM’s
features provides valuable additional guidance for improved
segmentation. Our framework, AerOSeg, first computes
image—text correlation maps from multiple rotated versions
of the input image and specialized textual prompts, ensuring
orientation-invariant features. Instead of generic prompts,
we use domain-specific Remote Sensing prompts, enhanc-
ing the model’s robustness. A swin transformer-based spa-
tial refinement block, guided by SAM features, then re-
fines these correlation maps, followed by a class refinement
block that further sharpens category-specific responses. To
address the loss of semantic fidelity after repeated refine-
ments, we introduce a back-projection module that repro-
duces SAM features and enforces feature alignment via a
semantic back-projection loss, ensuring that semantic con-
tent is preserved. Finally, the refined correlation maps are
upscaled via an Attention-aware Upsampling decoder to
produce the final segmentation predictions. The salient as-
pects of AerOSeg is presented in Fig. 1.

In summary, our main contributions are as follows:

* SAM as Guidance: We propose a novel synergy between
SAM and CLIP for remote sensing segmentation, utiliz-
ing SAM as a feature guidance encoder to enrich semantic
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representations and mitigate loss of generalizability.
Back-Projection for Semantic Fidelity: We integrate a
back projection module and a corresponding feature re-
construction loss to sustain crucial semantic information
derived from SAM, preventing over-refinement that im-
pairs generalization to unseen classes.

Comprehensive Experiments: We conduct extensive
evaluations on three benchmark remote sensing segmen-
tation datasets, demonstrating that our approach signifi-
cantly outperforms state-of-the-art open-vocabulary seg-
mentation methods on both seen and unseen categories.

2. Related Works

A. Semantic segmentation in remote sensing: Image seg-
mentation partitions an image into regions corresponding
to specific classes or objects through pixel-wise grouping.
In remote sensing, the high resolution and complexity of
images present significant challenges. Modern deep learn-
ing methods, particularly Convolutional Neural Networks
(CNNs), have advanced this field by learning intricate fea-
tures from large-scale images [11, 19, 43]. Building on
CNNS, subsequent work has addressed class imbalance with
weighted uncertainty labeling [1], enabled multi-scale fea-
ture learning via pyramid attention pooling [46], and en-
hanced spatial detail capture through global context inte-
gration [39]. Despite these advances, CNNs are inherently
limited to local feature extraction.

Vision Transformers (ViTs) have emerged as a power-
ful alternative by leveraging attention mechanisms to model
long-range dependencies [26]. This has led to their increas-
ing adoption in remote sensing segmentation. For example,
Xu et al. [40] introduced an Efficient Transformer back-
bone, adapted from the Swin Transformer [18], which in-
tegrates an MLP head and auxiliary edge fusion to reduce
computational costs and improve edge segmentation. How-
ever, due to the heavy computational burden of full atten-
tion mechanisms, most recent approaches combine ViTs
and CNNs. Hybrid models, such as CVMH-Unet [4] and
CCTNet [29], effectively merge global and local feature
extraction while maintaining efficiency. Encoder-decoder
hybrids like UNetFormer [30] and frameworks employing
Swin Transformer encoders with CNN decoders [44] fur-
ther illustrate the trend toward integrating multi-scale fea-
ture representations in remote sensing segmentation. De-
spite achieving decent performance on benchmark datasets,
this class of segmentation models can not be extended to
segment an arbitrary number of classes during deployment.
B. Open-Vocabulary segmentation: Open-vocabulary
segmentation is a challenging task that seeks to segment ob-
jects from an open set of categories defined by textual labels
or descriptions. Unlike conventional segmentation, the la-
bel sets during training and testing can differ significantly.

Early methods focused on aligning visual embeddings



with pre-defined word embeddings [2, 35]. More recent
approaches leverage large-scale visual-language models to
align visual and semantic feature spaces. For instance, Li et
al. [14] integrate CLIP’s [20] text encoder with a DPT-based
image encoder [21], employing a contrastive loss to align
pixel embeddings with corresponding textual embeddings.
Similarly, Ghiasi et al. [9] introduce a class-agnostic seg-
mentation module based on region-to-image cross-attention
[28] that generates segmentation masks used for visual-
semantic alignment. In the same vein, Zegformer [8] de-
couples the task into Maskformer-based class-agnostic seg-
mentation [6] and a zero-shot classification of segments us-
ing CLIP embeddings, while Xu et al. [37] exploit internal
feature representations from text-to-image diffusion mod-
els to predict segmentation masks, classifying segments via
CLIP text embeddings.

Additional contributions include the Side Adapter Net-
work [38], which transforms images into visual tokens, ap-
pends query tokens, and integrates CLIP features within
transformer layers. These are then processed by MLP lay-
ers to produce attention biases and mask proposals. Yu
et al. [42] demonstrate that a frozen convolutional CLIP
backbone can robustly perform open-vocabulary classifica-
tion and mask generation, even at higher image resolutions.
Cho et al. [7] refine a cost-volume based on cosine simi-
larity between CLIP image and text embeddings to gener-
ate segmentation maps. Shan et al. [24] perform element-
wise addition of frozen CLIP and SAM features, which are
then processed by a transformer-based decoder to generate
segmentation maps through embedding balancing. Wang
et al. [31] introduce a data pipeline for curating extensive
segment-text pairs alongside a universal segment embed-
ding model to classify segments into diverse text-defined
categories.

Although most research in open-vocabulary segmenta-
tion has targeted natural images, only a few works extend to
other domains such as remote sensing. For example, Cao et
al. [3] compute feature correlations between rotated image
embeddings and text embeddings and utilize an attention-
aware upsampling decoder to generate segmentation out-
puts. Similarly, Li et al. [15] employ a feature upsampler
to enhance low-resolution features for training-free open-
vocabulary segmentation in remote sensing imagery.

C. Segment Anything Model: The Segment Anything
Model (SAM) [13] is a zero-shot segmentation framework
trained on 1.1 billion masks and 11 million images. Given
an image and a visual prompt—such as a bounding box,
point annotations, or an initial mask—SAM employs an
image encoder and a prompt encoder to generate corre-
sponding embeddings. These embeddings are fused in a
lightweight mask decoder to predict segmentation masks,
ensuring robust outputs even when prompts are ambiguous.

SAM has demonstrated impressive interactive segmen-
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tation performance across diverse domains, including med-
ical imaging, agriculture, food, and remote sensing. Re-
cent work has sought to enhance and extend SAM’s capa-
bilities by developing domain-specific variants [27, 32], in-
corporating additional prompt modalities [48], improving
computational efficiency, and even adapting the model for
promptable video object segmentation [22]. Inspired by the
generalization ability of SAM in multiple domains, we uti-
lize features extracted by the SAM encoder to refine CLIP
image-text correlation features in this work.

3. Proposed Methodology

Problem Definition: Given an input Remote Sensing Im-
age I, the aim is to classify each pixel from a set of cat-
egories defined by textual labels or description. Different
from traditional set-up, class-set during training Cy;.q;,, can
be different from class-set during inference, Ci.s; in Open-
vocabulary setup.

In this work, we propose a novel segmentation frame-
work, AerOSeg, composed of six interconnected modules:
(i) Vision-Language Backbone, (ii) Guidance Encoder, (iii)
Correlation Feature Computation, (iv) Correlation Feature
Refinement, (v) Semantic Back-Projection Module, and (vi)
Attention-Aware Upsampling Decoder. Figure 2 provides
an overview of the entire framework. In the following
sections, we describe each component in detail and ex-
plain how they collectively contribute to our segmentation
pipeline.

3.1. Describing the Model Components

Vision-Language (VL) Backbone: The VL backbone is a
critical component of our framework, as it encapsulates the
alignment between visual and linguistic feature spaces. In
our approach, we employ CLIP ViT-B as the VL backbone.
Given an input image I, we first rotate it by a set of prede-
fined angles and then pass both the original and rotated im-
ages through the CLIP vision encoder F, to extract dense
image embeddings. These embeddings are subsequently ro-
tated back to the original orientation. Specifically, for each
rotation angle # € © = {0°,90°,180°,270°}, the dense
embedding is computed as

ey

This multi-angle strategy enhances robustness to angu-
lar variations [3]. To generate textual embeddings, we cre-
ate multiple text prompts for each candidate class c using
remote-sensing-specific prompt templates, as suggested by
Liet al. [16]. In contrast to generic prompts (e.g., “A photo
of a [CLS] in the scene” [3, 7]), we employ the following
templates:

=> A satellite image of a
= A land use image of a

Ff = rotate (,7’-"1)(]9)7 _9) c RUEXW)xd
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=> A remote sensing image of a [CLS]
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Figure 2. Overview of our proposed framework, AerOSeg. The input image (along with its rotated versions) and domain-specific text
prompts are first processed by the Vision-Language backbone. The extracted image and text features are then used to generate Correlation
features, which are refined through Correlation Feature Refinement blocks. The refined Correlation features are subsequently fed into
Attention-aware Upsampling Decoder to yield final segmentation map. Additionally, features from the Guidance encoder are leveraged in
both the Correlation Feature Refinement and Attention-aware Upsampling Decoder.

=> An aerial image of a [CLS]
These prompts are processed by the CLIP text encoder

F to yield the textual embeddings:

Fi = F(T) € RN, )

where P = 4 denotes the number of prompts per class.

Guidance Encoder: Complementary to the VL back-
bone, the guidance encoder is designed to provide addi-
tional features that improve segmentation performance. In-
spired by the success of SAM in diverse domains, we adopt
its image encoder—a Vision Transformer (ViT)—as our
guidance encoder. To capture a rich hierarchy of represen-
tations, we extract features from multiple stages of the en-
coder. In particular, we use the outputs from the 8, 16",
and final layers of the SAM-L encoder, denoted as F, F2,
and Fg, respectively.

Correlation Feature Computation: With both image
embeddings F?(x) and text embeddings Fy(n, i) available
(where = denotes a 2D spatial position, 6 the rotation angle,
n the class index, and ¢ the prompt index), we compute the
image-text correlation map C? € RUXW)xNo ysing co-
sine similarity [23]. For a given spatial location z, class n,
and prompt ¢, the correlation is defined as

Oz, n,i) = '
O, 0) = e o TR ()]

3)

Correlation maps computed across different rotation an-
gles and prompts are concatenated and processed by a con-
volutional layer to generate the initial correlation feature
¢ € RHXW)xNexds where dg4 denotes the feature dimen-
sion:
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d(x,n) = conv<concat<{ {C’e(a;, n, i)}il }9€®)> .
“)

Correlation Feature Refinement Block: Because CLIP
is trained with a global contrastive objective, the dense fea-
tures it produces can be noisy. To obtain reliable segmenta-
tion maps, the initial correlation features ¢ must be refined.
Following [7], our refinement module consists of two se-
quential submodules: (a) a Spatial Refinement Block and
(b) a Class Refinement Block.

(a) Spatial Refinement Block: To improve the spatial
structure of the correlation features, we apply a Swin Trans-
former [18] module. Refinement is performed indepen-
dently for each class using two successive Swin Trans-
former blocks: the first applies window-based multi-head
self-attention (W-MSA) over local windows, and the sec-
ond uses shifted window-based self-attention (SW-MSA).
Additionally, to further enhance spatial refinement, we inte-
grate guidance from dense visual features. While prior work
[3, 7] utilizes CLIP visual embeddings for this task, it has
several drawbacks. First, since correlation features are orig-
inally derived from interactions between CLIP image and
text embeddings, using CLIP features for refinement is sub-
optimal. Second, dense features from the CLIP image en-
coder tend to be noisy due to its global contrastive learning
objective. In contrast, SAM produces more semantic and
less noisy feature maps (see Fig. 3). Therefore, we leverage
SAM-derived features in the spatial refinement block. The
refined feature ¢’ is computed as:

¢'con) = T (6, Pu(FD)). )

where 7P denotes the Spatial Refinement Block and P,



(a) Input image (b) CLIP features

(c) SAM features

Figure 3. Feature visualization for CLIP and SAM features.
SAM produces feature maps with richer semantic information and
reduced noise compared to CLIP.

is a projection layer. The correlation features and visual em-
beddings are concatenated to form the query and key, while
only the correlation features are used as the value feature in
this block. Please refer to Sec. 2 of Supplementary Material
for visualizations of the effect of using SAM features in the
Spatial Refinement Block.

(b) Class Refinement Block: After spatial refinement, we
further process the features to incorporate the text modal-
ity and explicitly capture inter-class relationships. This step
is crucial for addressing the challenges of open-vocabulary
segmentation, such as handling a variable number of cate-
gories and ensuring invariance to their order. To meet these
requirements, we employ a linear transformer layer without
positional embeddings [12]. In this block, the text embed-
dings F} serve as guidance features, and the refined output
is given by

¢ (0,1) = T (2,2), PuUR)), ©)

where 7 is the Class Refinement Block, P; a projec-
tion layer, and Fj represents the text embeddings averaged
over all prompts. In our work, two Correlation Feature Re-
finement blocks are used.

Semantic Back-Projection Module: To ensure that
the refined correlation features remain semantically consis-
tent with SAM features, we introduce a lightweight back-
projection module. This module reconstructs the SAM fea-
tures from the class-wise refined correlation features ¢”.
Specifically, the correlation features are concatenated along
the channel dimension and processed through three linear
layers with GELU activation, yielding the reconstructed
feature 1) € RUIXW)xd a5 follows:
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Figure 4. Semantic Back-projection module and loss. Class-
specific correlation maps are concatenated and passed to an MLP
block. Semantic back-projection loss Lsem is computed between

reconstructed features and SAM features.
Y= Tsem<concat({¢”(:, n)} )) i

where, 7% is Semantic back-projection module and
N¢ is the number of classes. The reconstructed feature is
subsequently used to compute a Semantic Back-Projection
Loss (see Section 3.2). Fig. 4 shows a schematic of Seman-
tic back-projection module. Our design is inspired by the
Recovery Decoder in [45], yet differs in that we reconstruct
SAM features using a lightweight MLP, rather than recon-
structing CLIP features via multi-head cross-attention.

Attention-aware Upsampling Decoder: Finally, as the
refined correlation features ¢ are at 1/16th of the input im-
age resolution, an attention-aware upsampling decoder is
employed to restore full resolution. Initially, ¢” is upsam-
pled by a factor of 2 using a transposed convolution, yield-

ing ¢5,. Spatial and channel attention features [3] are then
computed from the class-averaged upsampled features ¢,

as follows: _
AP = conv (avgpoolsp (¢l2x)) , )

Ne¢

(M

n=1

A = conv (avngOlch (‘1_5/27()) ’ ®)

where avgpooly, and avgpool ., denote average pool-
ing across the spatial and channel dimensions, respectively.
The intermediate guidance features F| 5 from SAM are then
transformed via
F,=A*%0© up(F;, 2) + A" o up(FgQ, 2) + up(FgQ7 2),
(10)
where © represents the Hadamard product and up(-, 2) de-
notes nearest neighbor upsampling by a factor of 2. The
upsampled correlation feature ¢,y is obtained by concate-
nating ¢;, with the transformed guidance feature F; and
applying a convolution:

Pox = conv<[¢'2x, F;]). (11

This upsampling process is repeated to generate @uy,
which is then refined via a convolution layer and bilinear
upsampling to yield the final segmentation map 4.



Dataset Classes

‘SAID ship, storage tank, baseball diamond, basketball court, ground track field, large vehicle, swimming pool, roundabout, plane,

1 ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

tennis court, bridge, small vehicle, helicopter, soccer ball field, harbor
chaparral, court, dock, field, grass, mobile home, sand, ship, tanks, water,
DLRSD |- R EEEERE S T e P
airplane, bare soil, buildings, cars, pavement, sea, trees
OEM ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,b,"}??l?,“,‘?z,",a,r,‘fé,‘?lff‘,‘ﬂz,rf’ﬁ‘,iz,k,’_‘,‘,i!fi,i,“,gz ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
developed space, tree, water, agriculture land

Table 1. Class details for different datasets used in our work. Classes in Green are seen during training, whereas classes in Magenta are

only encountered in inference.

3.2. Loss Functions

To train our network, we utilize a combination of loss func-
tions that jointly optimize segmentation accuracy and fea-
ture semantic consistency.

Binary Cross-Entropy Loss: We use the binary cross-
entropy loss to align the predicted segmentation maps with
the ground truth. The loss is defined as

1 ~C c ~C
Lice = "W Z Z {_yicj log (yzj) - (1_%;') ]'Og(]-_yij)}

ceC 1i,j
(12)
where g7; and y;; denote the predicted probability and
ground truth for class c at pixel (7, j), respectively.
Semantic Back-Projection Loss: To ensure that the re-
constructed feature 1) is semantically consistent with the
SAM features from the guidance encoder, we introduce the
semantic back-projection loss:

Csem: ||’(/J—SQ(F93)H§ (13)

where sg(.) is stop-gradient operator.

Overall Loss: The final loss function is a linear com-
bination of the binary cross-entropy loss and the semantic
back-projection loss:

L= Ebce + ['sem- (14)

4. Experiments

4.1. Dataset details

iSAID dataset is originally an instance segmentation dataset
developed from large-scale object detection dataset DOTA
[33], which consists of aerial images collected from multi-
ple sensors. The dataset consists of varying high-resolution
images and their annotations for 15 object categories. We
utilize the processed iSAID dataset [3, 41] which consists of
18,076 training and 6,363 validation images of 256 x 256
resolution.

DLRSD - Dense Labeling Remote Sensing Dataset is an ex-
tension of the multi-label Remote Sensing Image Retrieval
(RSIR) archive [5]. The images from this archive were se-
mantically divided and assigned predefined pixel labels to
enable various downstream tasks beyond image retrieval.
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The processed DLRSD dataset [25] consists of 7002 aerial
images with a spatial resolution of 256 x 256, along with
annotations for 17 object categories. The training set con-
tains 5601 images, while the validation set includes 1401
images.

OpenEarthMap [34] (OEM) is a global high-resolution
land cover mapping dataset comprising 5,000 aerial and
satellite images with annotations for eight categories. It is
constructed using images from existing benchmark datasets,
covering 97 regions across 44 countries, with a ground sam-
pling distance of 0.25-0.5m. For our experiments, we ex-
cluded the xBD subset due to partial availability. Our pro-
cessed dataset contains 31,154 training images and 5,195
validation images, each of size 256 x 256.

For each dataset, we split the classes into seen and un-
seen categories. Only the seen classes are available during
training, while all classes are used during inference. Details
of the seen-unseen class split are provided in Table 1.

4.2. Implementation details

We develop our models using PyTorch and Detectron2
framework. We have used initial learning rate of 2 x 1076
for VL backbone. Following [7], we only fine-tune query
and value projection matrices of image and text encoders
in the VL backbone keeping other parameters frozen. Ini-
tial learning rate is set to 2 x 10~* for every other mod-
ule except guidance encoder. We have kept parameters of
guidance encoder frozen throughout training. We have used
AdamW optimizer with a batch size of 4 to train our mod-
els. Our model is trained for 10K, 5K and 15K iterations
for iSAID, DLRSD and OEM datasets respectively. We use
one NVIDIA A100 80GB GPU to run our experiments.

4.3. Evaluation metrics

We compute Intersection-over-Union (IoU) metric for all
the classes. We report mean IoU score over seen classes and
unseen classes separately, denoted as s-mIoU and u-mIoU
respectively as used commonly in Open-Vocabulary Seg-
mentation literature [8, 47]. Additionally, we report the har-
monic mean of s-mloU and u-mloU, denoted as h-mloU,
which serves as the key metric for evaluating generalized
zero-shot performance.



Method Venue iSAID DLRSD OEM ‘ Average
s-mloU  u-mloU h-mloU | s-mIloU u-mloU h-mloU | s-mloU u-mloU h-mloU i s-mloU u-mloU h-mloU

SAN CVPR’23 | 62.28 35.77 45.44 50.18 12.62 20.17 45.36 15.19 2276 | 5261 21.19 29.46
SCAN CVPR’24 | 4431 35.55 39.45 25.86 20.10 22.62 31.85 16.53 21.77 : 34.01 24.06 27.95
SED CVPR’24 | 74.37 36.00 48.51 77.73 27.00 40.08 57.46 46.95 51.68 : 69.85 36.65 46.76
CAT-Seg CVPR’24 | 72.57 42.64 53.70 52.79 24.39 33.36 49.33 39.51 43.87 : 58.23 35.51 43.64
OVRS arXiv’24 75.85 49.27 59.73 61.00 31.86 41.86 51.20 47.23 49.13 : 62.68 42.79 50.24
AerOSeg (Ours) - 75.48 51.46 61.20 60.37 39.12 47.48 51.27 48.16 49.66 1 62.37 46.25 52.78

Table 2. Quantitative comparison with state-of-the-art methods. Values in red and blue indicate the best and second-best results,
respectively. The results show that while other methods tend to overfit seen classes, our approach generalizes well to both seen and unseen

classes, achieving the highest average h-mloU score.

(b) SED

(a) Input image (c) CAT-Seg

(d) OVRS (e) AerOSeg (Ours) (f) Ground Truth

Figure 5. Qualitative comparison with state-of-the-art methods. Dashed bounding boxes highlight regions where our model achieves

more precise segmentation with sharper boundaries.
4.4. Comparison with state-of-the-art

We compare our approach with several state-of-the-
art Open-Vocabulary Segmentation methods: SAN [38],
SCAN [17], SED [36], CAT-Seg [7], and OVRS [3].
Among these, OVRS is designed for remote sensing, while
the others are originally developed for natural images.
These models are trained using their publicly available
source codes with default configurations. We use their
base versions, where SED employs a CLIP ConvNeXT-B
architecture, while the others utilize a CLIP ViT-B/16 as
the Vision-Language backbone. Table 2 presents a quan-
titative comparison of these methods. AerOSeg achieves
higher h-mlIoU scores than other state-of-the-art methods
on the iISAID and DLRSD datasets and ranks second on the
OEM dataset. On average, AerOSeg surpasses the next best
model, OVRS, by a margin of 2.54 h-mloU, highlighting its
strong generalization capability.

In Fig. 5, we qualitatively compare segmentation pre-
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dictions across models. Our model achieves more precise
segmentation for “Pavement” in the first image and sharper
boundaries for “Airplane” in the second. In the third row, it
accurately segments “Tree” and “Rangeland”.

For comparison with training-free method SegEarth-OV
[15] and more qualitative results, please refer to Sec. 3 of
Supplementary material.

4.5. Ablation study

Main components ablation: We experimented with
multiple configurations to evaluate the effectiveness of dif-
ferent components in our framework:

¢ (I) Baseline: Our model without the Guidance Encoder,
trained only with Ly... A single generic prompt, "A
photo of a [CLS] in a scene", is used in-
stead of the Remote-Sensing prompt ensemble. Interme-
diate CLIP features serve as guidance for spatial refine-
ment and the decoder.

e (II) Config-A: Our model with the Guidance Encoder and



Guidance Semantic Back-

Configuration

Remote-Sensing

iSAID DLRSD OEM : Average

Encoder  projection loss Prompts

Baseline X = X 57.88 28.69 46.86 ; 44.47

Config-A v X X 58.10 3993 5046 , 49.49

Config-B v v X 59.32 4234 47.16 | 49.60

Config-C (Ours) v v v 61.20 47.48 49.66 | 52.78

Table 3. Ablation study for different components of our framework.
a single generic prompt, trained with Lpc.. Reconstruction target | iSAID DLRSD OEM | Average

e (IIT) Config-B: Our model with the Guidance Encoder RGB 14.93 40.03 3821 : 31.06
and a single generic prompt, trained with Lyc. and Lgep,. CLIP features 5327 4210 4855 | 4797
* (IV) Config-C: Our full model. SAM feawres (Ours) | 6120  47.48  49.66 | 5278

Table 3 presents the h-mIoU scores for these configura-
tions. Adding the Guidance Encoder in Config-A improves
the average h-mloU by 5.02 over the Baseline. Train-
ing with Semantic Back-Projection loss further enhances
h-mloU by 1.22 and 2.41 for iSAID and DLRSD, respec-
tively. Finally, incorporating the Remote Sensing prompt
ensemble yields additional gains of 1.88, 5.14, and 2.5 for
the iISAID, DLRSD, and OEM datasets, respectively, com-
pared to Config-B.

Guidance encoder training: We experimented with
training the Guidance Encoder jointly with the rest of the
network, fine-tuning it with an initial learning rate of 2 X
1075, A quantitative comparison of h-mIoU scores ob-
tained for the fine-tuned and frozen Guidance Encoder is
shown in Table 4. While fine-tuning improves iSAID per-
formance by 0.36 h-mloU, the frozen Guidance Encoder
yields significantly better results for DLRSD and OEM,
with gains of 3.07 and 2.63 h-mloU, respectively. We hy-
pothesize that, given the relatively small dataset size, the
frozen Guidance Encoder performs better on average.

Guidance Encoder | ;v prRSD  OEM ' Average

Training Strategy !
Fine-tune 61.56 4441 47.03 : 51.00

Frozen (Ours) 61.20 4748  49.66 ' 52.78

Table 4. Quantitative comparison between fine-tuned and frozen
Guidance Encoder.

Ablation on Semantic Back-Projection Loss: We ex-
perimented with different reconstruction targets for our pro-
posed semantic back-projection module: (i) RGB, (ii) CLIP
features, and (iii)) SAM features. Table 5 compares the h-
mloU scores on three datasets for different reconstruction
targets. Using RGB as the reconstruction target leads to sig-
nificantly lower performance due to overfitting on known
classes. Reconstructing CLIP features improves perfor-
mance for both seen and unseen categories compared to
RGB. However, the best results are achieved when SAM
features are used as the reconstruction target.

Effect of Different Guidance Encoders: We investi-
gated various SAM image encoders as our guidance en-
coder, specifically experimenting with SAM, SAM2 [22],
and SAM2.1 [22]. While SAM is originally trained for
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Table 5. Ablation study on different reconstruction targets for the
Semantic Back-Projection module.

promptable image segmentation, SAM2 and SAM2.1 are
designed for promptable video segmentation. For SAM, we
used the ViT-L and ViT-H variants, whereas for SAM2 and
SAM2.1, we employed the Hiera-Base+ variant. Table-6
presents the quantitative results on the iSAID dataset using
different SAM variants as the guidance encoder. Among
these, SAM2.1 achieved the best overall performance.

Guidance Encoder Architecture s-mloU u-mloU h-mloU
SAM ViT-L 75.48 51.46 61.20
SAM ViT-H 74.90 52.81 61.94
SAM2 Hiera-Base+ 77.63 53.32 63.22
SAM2.1 Hiera-Base+ 77.06 53.93 63.45

Table 6. Quantitative comparison between different Guidance en-
coders on iSAID dataset.

We have also explored the effect of different VL back-
bones, please refer to Sec. 1 of Supplementary Material for
more details.

5. Conclusion

In this work, we introduce AerOSeg, a novel open-
vocabulary segmentation framework for remote sensing
that combines CLIP-based vision-language alignment with
SAM-guided feature refinement. Our approach mitigates
the semantic knowledge gap in CLIP by leveraging SAM
as a Guidance Encoder. Additionally, Semantic Back-
Projection loss ensures better alignment between image-text
correlation features and SAM features, preserving semantic
consistency. Extensive experiments on benchmark remote
sensing datasets demonstrate that our model outperforms
existing methods, excelling in generalization to both seen
and novel classes. This work paves the way for advancing
Open-Vocabulary Semantic Segmentation in geospatial ap-
plications.
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