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Abstract

Semantic segmentation of remote sensing imagery (RSI) is essential for urban mapping, land-use monitoring, and many other
domains. However, pixel-level annotation is expensive, making weakly supervised semantic segmentation (WSSS) that relies
on image-level labels an attractive alternative. Pre-trained models provide strong priors from large-scale learned representations,
making them beneficial for WSSS. However, when kept frozen, they often produce sparse and misaligned class activation maps
(CAMs) due to domain gaps and static inference. We propose a lightweight and efficient framework that integrates CLIP and DINO
foundation models to address three challenges: (i) semantic misalignment between generic text prompts and RSI-specific visuals;
(ii) static CAM quality; and (iii) incomplete object coverage. Our design includes: (1) a Textual Prototype-Aware Enrichment
(TPE) module that builds an RS-specific knowledge base using large language model (LLM)-generated descriptions to enrich text
prompts; (2) a Unified Semantic Relation Mining (USR) module that fuses learnable adapter features with CLIP attention and DINO
affinity for online CAM refinement; and (3) a Visual Prototype-Aware Enrichment (VPE) module, which maintains momentum
visual prototypes to complete regions and sharpen boundaries. By freezing the CLIP and DINO backbones and optimizing only
lightweight adapter and decoder modules, the proposed framework reduces the number of trainable parameters while achieving
competitive performance. Experimental on iSAID and ISPRS Potsdam datasets demonstrate the effectiveness of the proposed
framework, achieving 38.01% mIoU on iSAID dataset and 47.01% mIoU with 66.89% overall accuracy on Potsdam dataset.

1. Introduction

Semantic segmentation of remote sensing imagery (RSI), which
aims to assign a semantic label to every pixel in the image, sup-
ports high-impact applications such as urban mapping (Zhang
et al., 2018), land-use monitoring (Maulik and Chakraborty,
2017), precision agriculture (Omia et al., 2023), and environ-
mental management (Andries et al., 2022) among others. How-
ever, creating large-scale, pixel-accurate annotations is time-
consuming, expensive, and requires expertise in the specific do-
main, particularly for images characterized by complex spatial
structures, large-scale variations, and fine linear features such
as infrastructure and rivers. These challenges limit the scalab-
ility of fully supervised approaches and motivate image-level
Weakly Supervised Semantic Segmentation (WSSS) for RSI,
which learns from cheaper image-level labels.

A typical WSSS pipeline starts from the generation of Class
Activation Maps (CAMs) (Zhou et al., 2016), refines them into
pseudo labels (Ru et al., 2022), and finally trains a segmentation
model, as shown in Fig. 1(a). Nevertheless, CAMs often high-
light only the most discriminative parts, limiting segmentation
completeness. This issue is challenging in RSI, where inter-
class similarity is high and intra-class appearance varies due to
spatial and contextual factors. Recently, priors from pretrained
models have shown great potential for addressing these limit-
ations. Vision–language models such as CLIP (Radford et al.,
2021) provide rich semantic priors from large-scale image–text
alignment, while self-supervised models such as DINO (Caron
et al., 2021) capture strong spatial grouping without annota-
tions. However, directly applying these models to RSI is non-
trivial. Both CLIP and DINO are pretrained on natural imagery
and generic textual descriptions, resulting in a substantial do-
main gap when transferred to aerial or satellite imagery. Keep-

ing these pretrained backbones frozen leads to CAMs that can-
not adapt or improve during training, whereas fully fine-tuning
them is computationally expensive and may affect their gener-
alization capability. Moreover, generic prompts fail to represent
the distinctive semantic characteristics of RS scenes. Collect-
ively, these challenges limit the effectiveness of semantic priors
in WSSS.

To address these limitations, we propose a framework that stra-
tegically composes pretrained models for WSSS of RSI (see
Fig. 1(b)). The proposed framework integrates frozen DINO
and CLIP backbones with a lightweight feature adapter and de-
coder. The pretrained backbones remain fixed throughout train-
ing, while only the task-specific lightweight modules are optim-
ized. To improve the quality of pseudo labels, we design three
complementary modules: (1) the Textual Prototype-Aware En-
richment (TPE) module addresses semantic misalignment by
leveraging descriptions generated by the Large Language Model
(LLM) to build a comprehensive knowledge base of RS-specific
attributes, which are dynamically obtained to enrich prompts
and improve image-text alignment; (2) the Unified Semantic
Relation Mining (USR) module focuses on the limitations of
static CAMs by fusing learnable adapter features with frozen
CLIP attention and DINO affinity graphs, online refining the
pseudo labels through semantic diffusion; and (3) the Visual
Prototype-Aware Enrichment (VPE) module attempts to tackle
incomplete coverage by maintaining prototypes and updating
them with momentum, producing prototype-aware CAMs that
complete object regions and refine boundaries.

By keeping CLIP and DINO frozen while training only a light-
weight transformer decoder, our method preserves the benefits
of large-scale pretraining while achieving computational effi-
ciency. The training objective combines per-pixel cross-entropy
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Figure 1. Comparisons between approaches for WSSS of RSI: (a) previous methods typically adopt a trainable encoder followed by
classification and segmentation stages, both requiring supervision; (b) our proposed method integrates frozen CLIP and DINO

backbones into a single-stage pipeline, where only the lightweight segmentation decoder is trainable.

on refined pseudo labels and binary supervision for spatial affin-
ities. On the other hand, our proposed modules can also create a
positive feedback loop: refined pseudo labels provide more ac-
curate supervision to train the decoder, and the trained decoder
builds more reliable feature relationships to generate accurate
pseudo labels. Finally, we evaluated our method on the iSAID
and Potsdam datasets and achieved competitive results.

2. Related Work

2.1 Image-level WSSS for RSI

WSSS for RSI alleviates the dependence on fully annotated
datasets by learning from weaker and cheaper supervision. Ex-
isting approaches are generally categorized into (1) the image-
level supervision, using only category labels per image, and
(2) the spatial-level supervision, leveraging additional localiz-
ation cues (e.g., boxes or points). In this work, we focus on
the image-level setting, which is the most widely adopted due
to its low annotation cost. Image-level WSSS is challenging
because related labels provide no spatial cues, create a large
gap between weak supervision and dense pixel-wise prediction.
Most methods therefore exploit Class Activation Maps (CAMs)
(Zhou et al., 2016) from classification networks as initial seeds
for pseudo label generation. However, CAMs typically high-
light only the most discriminative regions, yielding incomplete
and noisy pseudo masks and limiting the quality of downstream
segmentation. Accordingly, a major research line aims to im-
prove CAM quality via multi-scale localization (Zhang et al.,
2019), confidence and adversarial-based refinement (Li et al.,
2021, Fang et al., 2022), coarse-to-fine label generation (Cao
and Huang, 2022), and affinity-based consistency enhancement
(Yan et al., 2022, Yan et al., 2023). More recently, multi-class
RSI settings have been explored with transformer-based designs
and stronger token-level constraints to improve the localization
ability (Zhou et al., 2022a, Hu et al., 2024). Beyond CAM re-
finement, complementary strategies have also been studied, in-
cluding saliency-based localization (Zeng et al., 2023), affinity
and correlation learning (Qiao et al., 2023), and pseudo label
filtering or noise-aware refinement (Li et al., 2023, Lu et al.,
2024). Despite these advances, producing complete and accur-
ate pseudo masks from image-level labels remains a key chal-
lenge.

2.2 Pretrained Priors

Pretrained models provide powerful priors that can substan-
tially help weakly supervised learning. Two categories of pre-
trained priors are relevant: (i) vision–language models, which
enable cross-modal semantic alignment; and (ii) self-supervised
models, which provide rich structural representations.

2.2.1 Vision-Language Pretrained Models CLIP (Radford
et al., 2021) learns aligned image–text representations and has
been explored in WSSS to improve CAM quality. CLIMS (Xie
et al., 2022) introduces CLIP-based contrastive guidance, while
CLIP-ES (Lin et al., 2023) derives localization cues from CLIP
features via GradCAM and attention affinity; both largely rely
on hand-crafted text templates. In remote sensing, RSRefSeg
(Chen et al., 2025) leverages CLIP-derived referring expres-
sions to activate the Segment Anything Model in a two-stage
pipeline; however, a substantial domain gap remains between
natural images and RSI, which limits localization robustness.

2.2.2 Self-supervised Pretrained Models Self-supervised
learning (SSL) acquires visual representations from unlabeled
data via pretext objectives that enforce structural or semantic
consistency (Jing and Tian, 2021). In SSL approaches, DINO
(Caron et al., 2021) and DINOv2 (Oquab et al., 2024) exhibit
emergent class-agnostic grouping at the patch level, a unique
property rarely observed in supervised convolutional neural net-
works or vision transformers. This capability enables DINO to
discover salient regions without labels, and prior work has util-
ized it for unsupervised object discovery via graph construc-
tion over patch tokens (Siméoni et al., 2021). Recent stud-
ies have exploited self-supervised features for segmentation by
combining DINO embeddings with decoders or attention mod-
ules. Yet, these features are often class-agnostic and lack ad-
aptation to the complex spatial patterns of RSI. Our work com-
bines vision-language semantics and self-supervised structural
priors with class-aware cues from weak supervision, aiming to
achieve more complete and accurate segmentation results for
RSI.

3. Methodology

3.1 Overview

Our end-to-end framework is illustrated in five steps (see Fig.
2):

(1) Frozen CLIP features. The remote sensing image is pro-
cessed by the frozen CLIP image encoder to extract multi-level
visual features, while textual features are obtained through the
frozen text encoder.

(2) Enriched textual semantics through the TPE module.
For each class in RSI, we use a large language model to gen-
erate fine-grained descriptions that cover spatial and contextual
properties. These descriptions are encoded by CLIP to select
and aggregate relevant prototypes, yielding the enriched text
representations.
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Figure 2. The pipeline of our method.

(3) Dense and learnable prediction. Initial CAMs are ob-
tained in the shared image–text space by patch-level cosine sim-
ilarity between CLIP tokens and enriched text embeddings. In
parallel, intermediate CLIP features are fed into a lightweight
adapter and decoder to produce dense segmentation logits.

(4) CAM Refinement with USR and VPE. The USR module
fuses two complementary affinity maps to refine initial CAMs
via semantic diffusion. The VPE module maintains momentum-
updated visual prototypes aiming to complete object regions
and sharpen boundaries.

(5) Pseudo labels and training. The refined CAMs are post-
processed into pseudo labels for supervision, enabling the ad-
apter–decoder to self-improve during training.

3.2 Textual Prototype-Aware Enrichment Module

RSI presents unique challenges due to the domain gap between
natural images (on which CLIP was trained) and nadir imagery.
Standard global prompts, such as “an overhead satellite image
of [CLASS],” provide limited fine-grained semantic informa-
tion crucial for pixel-level understanding. To address this lim-
itation, we propose the Textual Prototype-Aware Enrichment
(TPE) module inspired by DenseCLIP (Rao et al., 2022), which
augments global text features with class-specific textual proto-
types from a contextual knowledge base.

3.2.1 Prototype-knowledge base Construction We lever-
age LLM, GPT-4, to generate comprehensive class descriptions
that capture the visual characteristics of objects in RSI. For each
class c in the label space c ∈ y = {1, 2, . . . , C} (excluding
the background class), we construct the following instruction
for GPT-4: “Generate n detailed descriptions for [CLASS] as
it appears in satellite/aerial imagery. Focus on distinguishing
visual properties, including spatial patterns, geometric shapes,
size variations, and contextual relationships with surrounding
land cover types. Each description should follow the format:

’an overhead satellite image of [CLASS]. It exhibits + descript-
ive context.’” Here, [CLASS] corresponds to the semantic label
c. We use GPT-4 in a text-only manner: the LLM only takes the
class name and the structured instruction prompt as input and
does not access any image content. The generated descriptions
are fixed and are only used to construct the textual prototype
knowledge base. This instruction yields n detailed descriptions
for each class, which are encoded using CLIP’s text encoder to
form a knowledge base:

T = {Φ(ec,k) | c = 1, . . . , C; k = 1, . . . , n} , (1)

where ec,k is the k-th GPT-generated description of the c-th
class, Φ(·) is CLIP’s text encoder, and n × C is the total num-
ber of descriptions. This knowledge base gathers descriptive
properties for the entire dataset.

3.2.2 Prototype Clustering Instead of collapsing all class
descriptions into a single text vector, we treat prompt construc-
tion as a prototype-discovery problem. We cluster the know-
ledge base into a set of generalized textual prototypes so that
each class can map to multiple prototypes, capturing the sub-
stantial intra-class diversity in RSI. The clustered prototypes
encode shared contextual and attribute-level cues across cat-
egories and help compensate for missing information in target-
class recognition. We apply K-means clustering (Lloyd, 1982)
on the prototype knowledge base to obtain a set of prototype
centroids:

W = KMeans(T,B) = ai
B
i=1, ai ∈ Rd, (2)

where B is the number of centroids. Each centroid ai serves
as a textual prototype that represents a distinct semantic feature
shared across classes.

3.2.3 Prototype-Aware Enrichment With the prototype set
W , we first send the global template, for example, g(c) = “an
overhead satellite image of [CLASS]”, into CLIP’s text encoder

ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XI-3-2026 
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission III, 4–11 July 2026, Toronto, Canada

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper. 
https://doi.org/10.5194/isprs-annals-XI-3-2026-163-2026 | © Author(s) 2026. CC BY 4.0 License.

 
165



to generate a global text embedding tc ∈ Rd, where d is the
channel dimension. Then tc is used to query its most relevant
prototypes within W . To exclude irrelevant prototypes, we fur-
ther propose selecting TOPK prototype neighbors based on the
similarity scores with tc:

Wc =
{
aj : j ∈ arg TopK

1≤j≤B

t⊤c aj

}
. (3)

We aggregate the selected prototypes using similarity-weighted
averaging and add the result as complementary knowledge to
the base embedding. The enriched text representation for class
c is

Tc = tc + λ

K∑
j=1

softmax
(
t⊤c Wc

)
j
aj , (4)

where λ is a balance factor and softmax(·) is taken over the K
similarity scores t⊤c Wc.

3.3 Feature Adapter and Decoder

Given an RSI I ∈ R3×H×W , where H and W denote the im-
age height and width, respectively, the CLIP ViT image encoder
with N transformer blocks produces N intermediate outputs.
For the l-th block (l = 1, . . . , N ), we remove the class token
and reshape the remaining patch embeddings into an initial fea-
ture map {F l

init}Nl=1.

3.3.1 Feature adapter To unify the representations across
different levels, each F l

init is projected into a common embed-
ding space via a lightweight two-layer MLP (equivalently, two
1×1 convolutions applied per spatial location), producing F l

new:

F l
new = W 1

fc

(
σ
(
W 2

fcF
l
init

))
, (5)

where W 1
fc and W 2

fc are learnable 1×1 projections, and σ(·)
is a point-wise nonlinearity. This step harmonizes channel di-
mensions across scales while preserving the spatial resolution,
which is particularly important for small or elongated targets.
All aligned feature maps are concatenated along the channel
dimension and fused through a convolution to produce an ag-
gregated multi-level feature representation:

Fclip = Conv
(
Concat[F 1

new, F
2
new, . . . , F

N
new]

)
, (6)

with Fclip ∈ Rd×h×w.

3.3.2 Decoder Subsequently, a lightweight decoder consist-
ing of D sequential multi-head transformer blocks refines Fclip:

F̃ = φ(Fclip), (7)

where φ(·) stacks D blocks, each composed of a multi-head
self-attention module and a feed-forward network with residual
connections and normalization layers (Dosovitskiy et al., 2021).
Finally, class logits are generated by a 1×1 convolution and are
upsampled to the original image resolution:

P = Upsample
(
Conv(F̃ )

)
, (8)

where P ∈ R(C+1)×H×W , C + 1 is the number of classes
(including background), and Upsample(·) is bilinear interpola-
tion. This feature adapter and decoder pipeline aggregates com-
plementary semantics from different depths of the CLIP en-
coder and transforms frozen CLIP representations into dense,

learnable, and multi-level features. This design enhances the
model’s robustness to scale variations and object diversity.

3.4 Initial CAM Generation

Unlike conventional WSSS approaches that rely on classifica-
tion networks to generate CAMs, we directly use CLIP’s shared
image–text embedding space. Let the enriched text embed-
dings be T = [T1, . . . , TC ] ∈ Rd×C , we extract visual fea-
tures FN

init ∈ Rd×h×w from the final transformer block of the
image encoder, with h and w representing spatial sizes. For
simplicity, we denote it as F , and reshape it into a token mat-
rix F̄ ∈ Rd×hw. For each class c, T̂c = Tc

∥Tc∥ , and F̂ = F̄
∥F̄∥ .

We compute the initial CAM by patch-wise cosine similarity
followed by per-class min–max normalization:

Mc
init = Norm

(
F̂⊤T̂c

)
. (9)

where Norm(·) linearly rescales each class map to [0, 1] using
its spatial min and max (computed over hw locations). The
resulting activation maps {Mc

init}Cc=1 are stacked with a back-
ground channel to form the initial CAM Minit ∈ R(C+1)×hw.

3.5 CAM Refinement

To provide supervision for the prediction P in Eq. 8, we gener-
ate pixel-wise pseudo labels from the initial CAMs produced by
the frozen backbone. Since the backbone remains fixed, these
CAMs are static and cannot be improved during training. Noisy
pseudo labels may therefore misguide the optimization process.
To address this issue, we introduce two online CAM refinement
modules: the Unified Semantic Relation Mining (USR) mod-
ule and the Visual Prototype-Aware Enrichment (VPE) module
to dynamically update CAMs and then refine the CAMs to im-
prove the quality of pseudo labels. Note that CLIP’s image–text
alignment is learned mainly at the global image level; thus, its
initial CAMs can lack fine-grained localization and rich textual
detail. With the CLIP encoder frozen, these limitations would
remain if left uncorrected. By refining CAMs online via USR
and VPE, we mitigate these issues and adapt the supervision to
the task-specific spatial distribution in RSI.

3.5.1 Unified Semantic Relation Mining Module We aim
to refine the initial CAM Minit by exploiting feature relation-
ships. However, the attention maps produced by the CLIP im-
age encoder cannot be directly adopted for this purpose, since
they remain unchanged during training. In contrast, the fea-
ture adapter is continuously updated, and we therefore use its
evolving features to construct feature relationships that help se-
lect informative attention values from the CLIP image encoder,
preserving beneficial prior knowledge while suppressing noisy
relationships. Furthermore, we introduce attention maps from
DINO as complementary self-supervised priors, providing ad-
ditional structural cues and enhancing the robustness of the uni-
fied relationship modeling.

With more reliable feature relationships, the CAM quality can
be dynamically enhanced. For the RSI I , we first extract the ini-
tial DINO features F dino

init . These features are processed through
a feature adapter (see Sect. 3.3) with its own dimensional set-
ting to obtain two refined feature maps Fdino. To integrate DINO
and CLIP representations, we concatenate their adapted feature
maps along the channel dimension:

Fcd = Concat(Fclip, Fdino), (10)
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where Fcd ∈ R2d×h×w. The combined feature tensor Fcd is
then reshaped into token sequences to compute a joint affin-
ity map, capturing both vision–language semantics and self-
supervised structural cues:

Acd = σ
(
F⊤
cdFcd

)
, (11)

where σ(·) denotes the element-wise sigmoid function. This
cross-source affinity matrix serves as a unified relational repres-
entation that bridges CLIP’s semantic alignment with DINO’s
spatial consistency. We extract all multi-head attention maps
from the frozen CLIP image encoder, denoted as {Al

s}Nl=1, each
attention map is Al

s ∈ Rhw×hw. For each Al
s, we use Acd to

evaluate its quality as follows:

Sl =

hw∑
i=1

hw∑
j=1

∣∣Acd(i, j)−Al
s(i, j)

∣∣. (12)

The score Sl measures the deviation of each attention map from
the reference. We then compute a binary filter Gl for each at-
tention map according to:

Gl =

1, if Sl <
1

N −N0 + 1

∑N
l=N0

Sl,

0, otherwise,
(13)

where Gl ∈ R1×1 is expanded to Ge
l ∈ Rhw×hw for sub-

sequent computation. The average of all Sl values serves as
the threshold: if Sl is below this value, the corresponding at-
tention map is regarded as reliable (Gl = 1); otherwise, it is
filtered out. This procedure preserves high-quality attention
maps while discarding weak or noisy ones. Acd serves as a
learnable reference affinity, as it is computed from the continu-
ously updated adapter features (and DINO cues). We measure
the discrepancy Sl between each frozen CLIP attention map Al

s

and Acd; a smaller Sl indicates that Al
s is more consistent with

the current task-specific relations. We therefore keep only the
attention maps with Sl below the mean discrepancy (Eq. 13),
and discard the remaining ones as noisy or mismatched. Here
N0 denotes the starting layer index for computing the mean
threshold (we use deeper layers as they encode more semantic
relations). Next, we integrate the selected attention maps with
the reference affinity map Acd to construct the refining map:

R = Acd ·
1

Nm

N∑
l=N0

Ge
lA

l
s, (14)

where Nm is the number of valid attention maps, i.e., Nm =∑N
l=N0

Gl. Following previous works (Ru et al., 2022), we
generate the refined CAM as:

M c
f =

(
Rnor +R⊤

nor

2

)α

·M c
init, (15)

where c denotes the specific class, M c
init ∈ R1×hw is the initial

CAM reshaped into vector form, and Rnor is obtained from R
via row and column normalization. The hyperparameter α con-
trols the diffusion strength. From Eq. 15, the symmetrized nor-
malized affinity is raised to α to control the diffusion strength
(larger α yields stronger propagation along reliable relations),
producing a refined CAM Mf with improved spatial coherence.

3.5.2 Visual Prototype-Aware Enrichment Module After
generating the refined CAM Mf , it can be utilized as semantic

guidance for WSSS, similar to CAM. However, Mf is suscept-
ible to erroneous initial CAM seed selection owing to the over-
activation issue, i.e., misidentifying background patches as tar-
get objects. This situation leads to imprecise propagation on
the class-agnostic affinity graph and produces noise, which, in
turn, degrades the final segmentation performance. To tackle
this issue, we introduce the momentum prototype for each class
to calibrate Mf . The motivation is that the momentum pro-
totypes, updated by tokens across the entire dataset, can serve
as more robust class-representative tokens compared to those
from individual image instances. Consequently, we compute
the similarity between image tokens and these prototypes to
suppress unreliable regions. Also, the CAM values can be re-
garded as confidence scores for selecting reliable initial seeds
corresponding to their labeled classes. However, some regions
are simultaneously activated across multiple classes, leading to
ambiguous or erroneous high-confidence activations that may
produce incorrect seeds for later stages.

Seed selection. For CAM Mf , we first create a class-wise mask

Icam = argmax
c

(Mf ), (16)

which ensures that each spatial location is exclusively assigned
to a single class during seed selection. Then, the CAM seeds
for class c are defined as the top-k% of nonzero activations in
the corresponding channel:

Qc = Topk

(
Mf ⊙ I(Icam = c)

)
, (17)

where Qc denotes the set of positions selected as seeds for class
c, and⊙ represents the Hadamard product. In this selection pro-
cess, the hyperparameter k controls the proportion of patches
retained as seeds. A smaller k corresponds to a higher confid-
ence in the selected initial seeds.

Prototype-aware CAM. Then, the momentum prototypes Pc

are updated using the tokens corresponding to the selected seeds
Qc. For each class c, its prototype Pc is updated as:

Pc ← τ · Pc + (1− τ) · 1

|Qc|
∑
i∈Qc

fi, (18)

where fi denotes features in the patch token of the selected
seed at position i, τ is the momentum coefficient for prototype
updating, and | · | represents the cardinality of the collection.
Given an image labeled as class c with its resized feature map
F̂cd ∈ R2d×hw and prototype Pc ∈ R1×2d, we compute the
similarity map Sc ∈ Rhw, where the similarity at patch posi-
tion i is

Sc(i) = max

(
Pc F̂cd(:, i)

∥Pc∥2
∥∥F̂cd(:, i)

∥∥
2

, 0

)
. (19)

Finally, the similarity map Sc is reshaped to h × w, and the
prototype-aware CAM of class c is obtained as:

Mc = Norm
(
Mc

f ⊙ S2
c

)
. (20)

We stack the class-wise maps Mc and feed them into an on-
line post-processing module, i.e., the pixel-adaptive refinement
module (Ru et al., 2022), to generate final online pseudo la-
bels Mp ∈ RH×W . After this process, the pseudo label serves
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as not only the complementary supervision for the segmenta-
tion decoder but also the semantic guidance for affinity learning
within the self-attention mechanism.

3.6 Loss Function

We use the segmentation losses of CAM and pseudo labels Lseg

combined with an auxiliary affinity learning loss Laff (Ru et
al., 2022) to transfer the knowledge from refined CAM to the
semantic affinity relations within the multi-head self-attention
mechanism. The cross-entropy loss is used forLseg. The overall
optimization objective is defined as:

L = λ1 Lseg + λ2Laff, (21)

where λ1, λ2 are the balancing coefficients that rescale the con-
tributions of different learning objectives. Overall, we use TPE
to improve the class separability, USR to enforce the structural
consistency, and VPE to calibrate the over-activation. Jointly
they produce cleaner multi-class CAMs and stronger pseudo
labels.

4. Experiments

4.1 Datasets Descriptions

We evaluate the proposed framework on two complementary re-
mote sensing benchmarks: iSAID and ISPRS Potsdam (see the
next paragraphs). The iSAID dataset contains small, dense, and
elongated objects in complex urban scenes, while the Potsdam
dataset provides ultra–high-resolution land-cover labels having
clean boundaries and structured regions. Together, they assess
both object coverage and boundary accuracy.

iSAID dataset. The iSAID dataset (Waqas Zamir et al., 2019)
is designed for instance and semantic segmentation of high-
resolution aerial imagery. It contains 2,806 images covering 15
object categories. Following standard protocols, we randomly
crop each image into 512×512 tiles, resulting in 7,500 training
tiles, 1,653 validation tiles, and 1,315 test tiles.

ISPRS Potsdam dataset. It comprises 38 orthorectified aerial
images captured over Potsdam, Germany, each with a resolution
of 5 cm and a size of 6,000×6,000 pixels (ISPRS 2D Semantic
Labeling Contest, 2018). It includes six land-cover classes. We
follow the standard split with 24 images for training and 14
for testing, and crop images into non-overlapping 512 × 512
patches, yielding 3,456 training tiles and 2,016 test tiles. Its fine
spatial detail and urban context make it a strong benchmark for
assessing fine-grained structure recovery.

4.2 Experimental setup

We employ two frozen pretrained backbones: CLIP with the
ViT-B/16 architecture (Dosovitskiy et al., 2021) and DINOv2-
ViT-B/14 (Oquab et al., 2024). During training, input images
are cropped to 320 × 320 for CLIP and 308 × 308 for DINO.
The model is trained for 40,000 iterations using the AdamW
optimizer with a constant batch size of 4 on a single NVIDIA
RTX 3090 GPU. The weight decay is set to 1× 10−3. The ini-
tial learning rate is 2 × 10−3 and follows a polynomial decay
schedule. The decoder consists of three transformer encoder
layers with eight attention heads to generate the final feature
map. During inference, a multi-scale testing strategy is applied
to generate multiple CAMs, which are fused by averaging to

(a)       (b)   (c)

Figure 3. Visualization of the iSAID dataset results: (a) input
image; (b) our method; and (c) ground truth.

obtain the final pseudo labels. Finally, dense CRF (Krähenbühl
and Koltun, 2011) is used as a post-processing step for bound-
ary refinement.

4.3 Comparison With SOTA Methods

In this section, we present the results of state-of-the-art meth-
ods to facilitate a comprehensive performance comparison. Fol-
lowing standard evaluation protocols for semantic segmenta-
tion (Hu et al., 2024), we use the mean Intersection-over-Union
(mIoU) as the main metric and also report the F1 score and
overall accuracy (OA) for a comprehensive assessment.

iSAID dataset. As shown in Table 1, our method achieves an
mIoU of 38.01%, outperforming CTFA (Hu et al., 2024) and
other baselines. The largest improvements occur in small or
elongated object categories such as soccer-ball field, bridge,
ship, and helicopter, which align with our design for better ob-
ject completeness and boundary accuracy. However, we ob-
serve slight performance drops for background and large-scale
classes (e.g., ground track field, storage tank). Overall, our
framework achieves a new SOTA mIoU under the same training
setting, particularly excelling in fine-grained object categories.
Fig. 3 shows more complete activations in crowded scenes.

ISPRS Potsdam dataset. Table 2 reports the comparison res-
ults on the Potsdam dataset. Our method attains the highest
mIoU and OA, slightly outperforming CTFA while perform-
ing comparably on F1. Per-class results show notable gains for
building, tree, and clutter classes, reflecting improved structural
region recovery and noise suppression. Performance is slightly
lower for impervious surface, low vegetation, and car. This may
be attributed to conservative diffusion in homogeneous regions
and ambiguity between visually similar classes. Overall, the
results suggest that our method has good generalization and ro-
bustness across diverse urban scenes, with improved boundary
quality.

4.4 Ablation Study

We conduct an ablation study on iSAID to evaluate TPE, USR,
and VPE in Table 3. Adding TPE or USR alone gives mod-
est but consistent improvements over the baseline. It may be
because the improved text–image alignment and relation-based
online refinement help suppress part-level and noisy activations,
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Table 1. Per-class IoU (%) and mIoU on iSAID dataset.

Model BG GTF SBF SV SH BR BC BD RA PL TC LV ST HA SP HC mIoU

S2EPC (Zhou et al., 2022b) [TGRS, 2022] 86.11 38.30 44.10 11.48 17.10 9.71 53.30 36.60 34.59 27.10 56.74 30.20 49.10 11.59 19.6 15.86 36.79
CISM (Zhou et al., 2023)[RS, 2023] 83.10 33.50 44.60 11.80 19.50 8.40 48.30 34.40 29.20 30.5 52.60 31.90 44.10 10.80 17.60 14.30 32.20
OME (Li et al., 2023)[TGRS, 2023] 94.62 36.60 52.72 13.12 22.53 13.12 32.49 9.87 31.15 48.38 66.22 54.73 43.03 31.31 8.17 16.99 35.94
SLRNet (Pan et al., 2022) [IJCV, 2022] 74.66 38.13 30.69 2.18 14.10 7.36 33.92 24.40 23.95 16.46 44.11 39.23 30.21 8.20 12.56 12.46 25.79
AFA (Ru et al., 2022)[CVPR, 2022] 75.17 31.50 40.13 4.76 8.68 9.93 48.86 13.79 24.29 25.93 49.59 33.95 39.53 32.46 32.22 25.03 30.58
CTFA (Hu et al., 2024) [TGRS, 2024] 90.20 55.97 40.18 14.87 28.73 14.97 42.12 38.21 20.15 37.72 50.67 35.72 48.15 32.85 32.82 22.10 37.84
Our 83.40 49.94 53.55 11.96 29.61 18.76 49.21 40.96 17.16 39.26 47.97 29.75 45.83 25.41 38.02 27.40 38.01

Table 2. Per-class IoU (%) and summary metrics on Potsdam dataset.

Model Surface Building Low Veg. Tree Car Clutter mIoU OA F1

SLRNet (Pan et al., 2022)[IJCV, 2022] 51.20 45.93 35.86 33.61 39.63 4.63 35.14 54.12 48.12
AFA (Ru et al., 2022)[CVPR, 2022] 58.60 48.94 45.93 27.40 42.13 16.68 39.95 60.15 51.21
CTFA (Hu et al., 2024)[TGRS, 2024] 58.75 50.58 51.20 50.35 50.82 17.96 46.61 66.23 57.12
Ours 55.40 52.43 50.85 52.67 50.41 20.31 47.01 66.89 56.70

Table 3. Ablation study of each module on iSAID dataset.

Method Modules mIoU (%)
TPE USR VPE

Baseline 32.80
+ TPE ✓ 33.28
+ USR ✓ 33.40
+ VPE ✓ 36.54

+ TPE + USR ✓ ✓ 33.95
+ TPE + VPE ✓ ✓ 36.99
+ USR + VPE ✓ ✓ 37.67
TPE + USR + VPE ✓ ✓ ✓ 38.01

but do not fully address incomplete object coverage. In contrast,
VPE brings a much larger gain, indicating that using visual pro-
totypes provides strong dataset-level priors to complete regions
and sharpen boundaries. Combining modules further improves
the performance, with USR and VPE achieving better results
than TPE and VPE, implying that affinity-guided diffusion is
most effective when calibrated by reliable visual prototypes.
Finally, enabling all three modules reaches 38.01% mIoU, con-
firming their complementary roles in enhancing pseudo label
completeness and spatial coherence.

5. Conclusion

We proposed a weakly supervised framework that leverages
frozen pretrained priors from CLIP and DINO for the semantic
segmentation of remote sensing imagery. Without fine-tuning
the large pretrained backbones, our method uses a prototype-
aware module to enrich textual features and a lightweight ad-
apter–decoder structure to capture visual representations effi-
ciently. Two CAM refinement modules enhance pseudo label
quality by combining learnable feature relations and DINO-
based spatial correlations. Our approach achieves competitive
accuracy while substantially reducing the number of trainable
parameters. These results suggest that composing frozen vis-
ion–language and self-supervised priors is a promising direc-
tion for label-efficient semantic segmentation in remote sensing
imagery.
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Appendix

A. Additional Qualitative Results

A.1 CAM Refinement Visualization

To better illustrate the effectiveness of the proposed refinement
strategy, we visualize the refinement pipeline in Fig. 4, includ-
ing the original image, the initial CAM generated by CLIP, the
refined CAM after applying the USR and VPE modules, and
the final segmentation prediction.

As shown in Fig. 4(b), the initial CAM produced by CLIP
mainly highlights the most discriminative regions. However,
these activations often fail to cover the full spatial extent of the
target objects and tend to be biased toward dominant foreground
cues, resulting in incomplete or partially incorrect responses.
This limitation becomes more evident for small objects or low-
contrast regions, where the activation maps are typically sparse
and fragmented.

After applying the proposed refinement modules, the CAMs be-
come noticeably more spatially coherent (Fig. 4(c)). The re-
fined cam exhibits improved regional continuity and more com-
prehensive object coverage. In particular, the semantic propaga-
tion mechanism in the USR module alleviates isolated activa-
tions and enhances intra-object consistency, while the prototype-
guided enhancement in the VPE module promotes compact and
structurally complete responses while suppressing noise.

Finally, the segmentation predictions supervised by the refined
CAMs (Fig. 4(d)) demonstrate improved object completeness
and clearer boundary structures compared with predictions from
the initial activations. Although challenging scenarios, such as
densely distributed small objects, may still introduce minor am-
biguities, the overall spatial consistency and regional integrity
are substantially improved.

Thus, these comparisons indicate that the refinement process
effectively transforms sparse and discriminative initial activa-
tions into more reliable supervisory signals for weakly super-
vised segmentation.

A.2 Segmentation Quality Comparisons

In addition, we provide qualitative comparisons on cropped re-
gions containing complex object contours and closely adjacent
structures to further examine the influence of the refinement
modules on segmentation quality in Fig. 5. These examples
highlight local characteristics that may not be fully reflected by
global metrics such as mIoU, including boundary delineation,
small-object separation, and regional completeness.

Compared with the baseline segmentation results, which only
use CLIP, the predictions refined by USR and VPE generally
exhibit smoother and more regular object boundaries, with fewer
jagged edges and reduced scattered misclassified pixels near ob-
ject contours, as illustrated in Fig. 5(c) and (d).

Beyond boundary improvements, the refinement process also
enhances semantic region completeness. Object interiors be-
come more contiguous and semantically consistent, and previ-
ously missing or weakly activated regions are more frequently
recovered, leading to more complete object extents (Fig. 5(a),
(b), and (e)). Meanwhile, background noise and spurious activ-
ations are effectively suppressed, resulting in more structurally
coherent segmentation masks.

A.3 Scene-Level Qualitative Analysis

We further show scene-level qualitative results on full remote
sensing images from Potsdam dataset in Fig. 6. As shown in
Fig. 6, although local inconsistencies remain across cropped
regions, the proposed method still preserves the main semantic
structure of the scene. In particular, spatially continuous cat-
egories such as roads can be reasonably recovered at the full-
image level.

These errors are mainly caused by the loss of contextual inform-
ation after cropping, especially near crop boundaries, where
semantically similar regions may be assigned different labels.
Meanwhile, weakly supervised semantic segmentation for re-
mote sensing imagery remains highly challenging, and current
methods still achieve relatively limited mIoU. These observa-
tions indicate that full-scene weakly supervised segmentation
remains challenging, particularly near crop boundaries where
contextual information is incomplete.

B. Additional Quantitative Analyses

B.1 Computational Complexity and Inference Efficiency

Our framework is designed to leverage pretrained priors while
maintaining computational efficiency during both training and
inference. Specifically, the CLIP and DINO backbones remain
frozen in our model, while only a lightweight feature adapter
and transformer decoder are optimized. This design signific-
antly reduces the optimization cost compared with approaches
that require training or fine-tuning large backbone networks.

In our implementation, model complexity is reported using the
number of trainable parameters, total parameters, and FLOPs.
The parameter count is obtained by summing the element counts
of all learnable tensors in the network. Trainable parameters
refer to those updated during optimization, whereas total para-
meters include both trainable modules and frozen pretrained
components. FLOPs are computed using fvcore by profiling
a single forward pass of the deployed network under a fixed
input resolution and reporting the total operation count in giga-
FLOPs (G). For fairness, only neural network forward computa-
tions are included in the FLOPs calculation, while data loading,
resizing, augmentation, and post-processing steps are excluded.

Table 4. Model complexity comparison on iSAID Dataset.

Method Total Params (M) Trainable Params (M) FLOPs (G)
CTFA (Hu et al., 2024) 111.50 104.79 979.32
Ours 177.89 16.45 194.32

Compared with CTFA (Hu et al., 2024) in Table 4, our ap-
proach is substantially more parameter-efficient during train-
ing. CTFA jointly optimizes a large task-specific backbone and
multiple auxiliary branches, which leads to a considerably lar-
ger number of trainable parameters. In contrast, we keep the
pretrained CLIP and DINO backbones frozen and only update
lightweight components such as the feature adapter and trans-
former decoder. As a result, the number of trainable paramet-
ers is reduced to nearly 10% of that of CTFA, while the total
parameter count may remain comparable due to the inclusion
of frozen pretrained priors. In addition, our method requires
fewer FLOPs per forward pass, indicating improved compu-
tational efficiency at inference time. This design reduces op-
timizer states and gradient storage, thereby lowering the train-
ing memory footprint and improving overall training efficiency.
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(a)              (b)         (c)           (d)

Figure 4. CAM refinement visualization. (a) Original image. (b) Initial CLIP-based CAM. (c) Refined CAM after applying USR and
VPE. (d) Final segmentation prediction.

(a)         (b)         (c)     (d)                                     (e)

Figure 5. Segmentation quality comparisons. The top row shows the segmentation results without refinement, while the bottom row
presents the results after applying the USR and VPE modules.

Imp surf Tree ClutterBuilding Car Low veg

Figure 6. Scene-level qualitative results on full remote sensing
images from the Potsdam dataset. From left to right: the input

image and our prediction.

Consequently, our framework is particularly well-suited for scen-
arios with limited training resources.

B.2 Hyperparameter Sensitivity

We further analyze the sensitivity of key hyperparameters in-
volved in the CAM refinement process. Unless otherwise spe-
cified, all experiments follow the same configuration as in the
main paper, and performance is reported in terms of mIoU on
the iSAID validation set.

Sensitivity to the number of clusters in K-means. We vary
the number of clusters B used in the K-means-based prototype
construction in TPE module. As shown in Table 5, the per-
formance varies only slightly (within 0.56 mIoU) when B ∈
{4, 6, 8, 10}, indicating that the proposed method is relatively

insensitive to the clustering granularity. Based on this observa-
tion, we adopt B = 8 as the default setting in all other experi-
ments.

Table 5. Sensitivity to the number of clusters B in K-means.

B 4 6 8 10
mIoU 37.45 37.79 38.01 37.83

Table 6. Sensitivity to the diffusion strength α in the USR
module.

α 1 2 3 4
mIoU 37.76 37.97 38.01 37.93

Sensitivity to the refinement steps in USR. We further in-
vestigate the influence of the diffusion strength α in Eq. 15.
As shown in Table 6, the performance remains stable across
α ∈ {1, 2, 3, 4}, with a variation of less than 0.25 mIoU. The
best performance is obtained at a moderate diffusion strength
(α = 3). When α becomes larger, slightly stronger propagation
along the affinity relations may introduce mild over-smoothing
effects. Therefore, we adopt α = 3 as the default configuration.
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