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Highlights

What are the main findings?
• A novel Category-Aware Global–Local Semantic Alignment (CGLSA) framework is

proposed for remote sensing image–text retrieval, which effectively alleviates centroid
drift and ambiguous decision boundaries.

• CGLSA achieves new state-of-the-art retrieval performance on three public benchmarks
(RSICD, RSITMD, and UCM-Captions) with a synergistic global–local semantic align-
ment design.

What are the implications of the main findings?
• Explicit category supervision provides an effective way to construct a discriminative

cross-modal embedding space for high-similarity remote sensing scenes.
• The global structure-guided local refinement paradigm can be extended to semi-

supervised and open-vocabulary remote sensing vision-language tasks.

Abstract

In remote sensing image–text retrieval (RSITR), precise cross-modal retrieval is often
hindered by centroid drift and ambiguous decision boundaries caused by high inter-
class visual similarity. To address these bottlenecks, this study proposes a Category-
aware Global–Local Semantic Alignment (CGLSA) framework fine-tuned on the CLIP
(ViT-B/16) backbone. The architecture orchestrates two complementary mechanisms:
Global Semantic Collaborative Alignment that regularizes macro-level category centroids
using momentum updates and Bayesian prior calibration, and Local Fine-grained Feature
Alignment that refines instance-level matching via dynamic scale adjustment and category-
aware topological masks. Extensive evaluations on three major benchmark datasets (RSICD,
RSITMD, and UCM-Captions) validate the model’s efficacy. Compared to strictly controlled
CLIP-family baselines under equivalent supervised conditions, CGLSA achieves new state-
of-the-art performance across all R@K metrics and mean recall. Extensions adapting this
robust centroid formation to semi-supervised and open-vocabulary scenarios are identified
for future work.

Keywords: remote sensing image–text retrieval; cross-modal alignment; CLIP fine-tuning;
category-aware learning; global–local architecture
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1. Introduction
Bridging the semantic gap between large-scale Earth observation imagery and natural

language, Remote Sensing Image–Text Retrieval (RSITR) [1–3] has become instrumental
for diverse analytical tasks, including disaster resource deployment, ecological dynamic
tracking, and urban infrastructural verification [4,5]. Despite its broad applicability, the un-
derlying reliability of RSITR is strictly bounded by the precision of cross-modal feature
alignment. Eliciting robust representations across such disparate modalities continues to
present inherent analytical difficulties [6–8].

Prevailing methodologies addressing this alignment problem generally bifurcate into
global semantic and local fine-grained paradigms. Global approaches attempt to project
holistic image and text representations into a shared space [9,10]. For example, instance-
level frameworks like AMFMN exploit multiscale visual self-attention, whereas lightweight
variants prioritize semantic consistency via knowledge distillation [11–13]. Diverging
from holistic alignment, local matching strategies isolate fine-grained correspondences
using adaptive message-passing mechanisms [14] or region–keyword associations [15].
Recognizing their complementary nature, recent studies have increasingly adopted hybrid
architectures that fuse global and local representations [16,17].

While structurally advanced, achieving precise matching in complex remote sens-
ing scenarios remains hindered by entangled representational bottlenecks. The intrinsic
modality gap between low-level visual patterns and abstract linguistic semantics induces
misalignment in the joint embedding space [7]. This issue is further exacerbated by category
ambiguity in remote sensing scenes, where high visual similarity between classes such as
“grassland” and “shrubland” leads to unreliable similarity estimation [18]. Consequently,
conventional instance-level contrastive objectives struggle to form discriminative decision
boundaries in hard-sample-dominated scenarios [8].

Motivated by these challenges, we propose a Category-Aware Global–Local Semantic
Alignment (CGLSA) framework. Instead of relying solely on instance-level supervision,
CGLSA explicitly incorporates category-level constraints to structure the embedding space.
It consists of two complementary modules: Global Semantic Collaborative Alignment
(GSCA), which constructs a global semantic manifold via centroid alignment and probabilis-
tic priors, and Local Fine-grained Feature Alignment (LFFA), which refines instance-level
discrimination through adaptive scaling and category-aware contrastive learning.

The main contributions of this work are summarized as follows:

• We propose a category-aware RSITR framework (CGLSA) that integrates explicit
semantic supervision for cross-modal alignment.

• We design a Global Semantic Collaborative Alignment (GSCA) module to enforce
category-level centroid consistency with probabilistic modeling.

• We introduce a Local Fine-grained Feature Alignment (LFFA) module that enhances
instance-level discrimination via dynamic scaling and category-aware masking.

• Extensive experiments on three benchmark datasets demonstrate consistent improve-
ments over state-of-the-art methods under a unified evaluation protocol.

The remainder of this paper is organized as follows. Section 2 reviews related work.
Section 3 details the proposed method. Section 4 presents experimental results and analysis.
Section 5 concludes the paper.

2. Related Work
2.1. Remote Sensing Image–Text Retrieval

Early methodologies in RSITR primarily prioritized coarse-grained global alignment.
By projecting holistic representations into a singular shared space, these methods often
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struggled to capture the nuanced semantic correspondences between specific visual regions
and local textual phrases [9,10,12]. To resolve this granularity deficit, subsequent research
shifted toward fine-grained alignment strategies. For instance, hybrid objective functions
integrating contrastive losses with spatial-mask constraints were developed to explicitly
align image patches with textual entities [19]. Similarly, multigranularity salient feature
associations [16] were established to enhance scene-aware retrieval, thereby reducing
misclassifications caused by inter-class visual similarities.

Concurrently, the pursuit of precise multiscale representation has marked a significant
trajectory in RSITR [20,21]. Rather than prematurely fusing visual features, recent archi-
tectures decouple intra-scale and cross-scale relationships to preserve multiscale semantic
variations. Transformer-centric designs also unify implicit and explicit visual–textual rela-
tion cues via masked modeling and multimodal interaction [22], while multiscale alignment
objectives move beyond fusing multi-resolution descriptors alone by enforcing consistent
image–text correspondences at distinct granularities [8]. Complementary lines of work
emphasize relational and hierarchical semantics—for example, graph-structured consis-
tency constraints [23] and “align-then-filter” pipelines with explicit keyword reasoning [24].
Furthermore, the proliferation of Vision-Language Pre-training (VLP) models has initiated
a paradigm shift toward the synergistic optimization of global and local semantics [5,25,26].
While these general-purpose or domain-adapted VLP techniques have elevated baseline
accuracies, they predominantly rely on implicit attention mechanisms for local matching.
In contrast to these soft-alignment approaches, our CGLSA explicitly injects category-level
topological constraints (via the MCU), providing a mathematically rigorous global structure
that prevents feature collapse in highly homogeneous remote sensing environments.

2.2. CLIP-Based Methods in RSITR

By leveraging massive-scale image–text pairs to project distinct modalities into a uni-
fied semantic manifold, the Contrastive Language–Image Pre-training (CLIP) [27] model
has established a robust foundation for generic zero-shot retrieval. Given the scarcity of
densely annotated large-scale remote sensing datasets, CLIP’s inherent alignment capabili-
ties render it particularly advantageous for Earth observation tasks. Recent adaptations of
the CLIP paradigm within the remote sensing domain have explored various enhancement
vectors. Prominent strategies include fine-tuning the visual encoder to accommodate vari-
able geographical environments [28], integrating knowledge graphs to resolve linguistic
ambiguities [29] and deploying semantics-driven multi-view interactions to extract discrim-
inative regional features [23,30]. These adaptations effectively augment CLIP’s baseline
performance on high-resolution imagery [31].

A fundamental architectural limitation persists: standard instance-level contrastive
alignment frequently fails to fully exploit category structure when correlating global image
and text embeddings. To address this gap, we propose the CGLSA method. Building upon
the pre-trained knowledge of CLIP, CGLSA integrates two synergistic modules—Global
Semantic Collaborative Alignment (GSCA) and Local Fine-grained Feature Alignment
(LFFA). This approach couples macro-level centroid and prior regularization with instance-
level supervised contrastive refinement, improving robustness at both coarse and fine
retrieval granularities.

3. Methods
The overall architecture of the proposed CGLSA framework is illustrated in Figure 1.

Given a remote sensing image and its associated textual description, the CLIP Vision
Encoder and CLIP Text Encoder extract patch-level and token-level representations, re-
spectively. After feature pooling, the resulting compact embeddings—along with their
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category tags—are routed through two complementary pathways. The GSCA module
performs global semantic alignment via two blocks: (i) the MCU block, which maintains
momentum-updated clustering centers for each category and enforces cross-modal centroid
consistency through KL divergence minimization (Lmcu); and (ii) the PPE block, which com-
putes category-conditional probabilities using Bayesian priors, producing calibration (CRT)
and cross-entropy (CE) objectives (Lppe). The LFFA module then receives the globally struc-
tured features together with their category tags and refines instance-level discrimination
through the FSA block, which applies Distribution-aware Contrastive Alignment (DCA)
over category-masked image–text embedding pairs (L f sa). The three losses are jointly
optimized to structure the embedding space from coarse category topology to fine-grained
cross-modal correspondence.

Figure 1. Overall architecture of the proposed CGLSA framework. Given a remote sensing image–
text pair, the dual CLIP encoders produce vision tokens and text tokens. After feature pooling,
embeddings with category tags flow into the GSCA module (MCU block for centroid clustering and
KL divergence alignment; PPE block for conditional probability estimation) and the LFFA module
(FSA block for distribution-aware contrastive alignment with masked image–text embeddings).
Dashed red arrows denote the three loss signals: Lmcu, Lppe, and L f sa.

3.1. Problem Formulation

We consider a remote sensing image–text retrieval dataset D = {(Ii, Ti, yi)}N
i=1, where

each image Ii is paired with a textual description Ti and a category label yi ∈ {1, . . . , K}.
The objective is to learn a joint embedding space in which semantically matched image–text
pairs are closer than mismatched ones.

Given a mini-batch of size B, image and text representations are extracted using
encoders fθI and fθT , producing embeddings vI

i and vT
i . These embeddings are normalized

to ensure scale-invariant comparison:

v̂I
i =

vI
i

∥vI
i ∥2

, v̂T
i =

vT
i

∥vT
i ∥2

(1)

Cross-modal similarity is then defined as:

Si,j = cos(v̂I
i , v̂T

j ) (2)

This formulation follows CLIP-style retrieval models; however, instead of directly
optimizing instance-level similarity, we introduce an intermediate category-aware structure
that reshapes the embedding space before fine-grained alignment.

3.2. Cross-Modal Representation Learning

The image encoder partitions each input image into patch tokens and processes them
using a Vision Transformer, while the text encoder processes tokenized sentences using
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a Transformer-based architecture. Both modalities are mapped into a unified embed-
ding space:

vI
i = fθI (Ii), vT

i = fθT (Ti) (3)

The resulting embeddings are normalized, as in Equation (1), enabling stable similarity
computation across modalities.

At this stage, the representation is purely instance-based, which is consistent with
CLIP-like baselines but lacks explicit structural constraints at the category level. This
motivates the introduction of global semantic modeling.

3.3. Global Semantic Collaborative Alignment (GSCA)

In remote sensing retrieval, category-level semantic confusion is particularly severe
due to the high inter-class visual similarity (e.g., “dense residential” vs. “medium residen-
tial”, “grassland” vs. “shrubland”). Unlike natural images, where objects possess clearly
distinguishable visual attributes, remote sensing scenes exhibit subtle spectral and textural
differences that cause centroid drift—where the learned class prototypes gradually shift
toward neighboring categories during training. This motivates the design of GSCA, which
explicitly maintains stable cross-modal category prototypes through momentum-based
updates and probabilistic regularization.

Instead of directly matching individual samples, GSCA introduces category-level
semantic prototypes that serve as structural anchors in the embedding space.

For each category c, embeddings belonging to that category within a mini-batch are
aggregated into modality-specific centroids, which are updated progressively:

CI
c ← mCI

c + (1−m)
1
|Bc| ∑

i∈Bc

v̂I
i (4)

CT
c ← mCT

c + (1−m)
1
|Bc| ∑

i∈Bc

v̂T
i (5)

These centroids gradually form a stable semantic structure that differs fundamentally
from CLIP or supervised contrastive learning, which only enforce instance-level or intra-
modal grouping without explicitly aligning category prototypes across modalities.

The momentum coefficient m controls the update speed of category centroids. A high
m (e.g., m = 0.999) ensures stable centroids that are not disrupted by mini-batch noise, while
a lower m allows faster adaptation to distributional shifts. In practice, we set m = 0.999
and initialize all centroids to zero vectors, allowing them to be bootstrapped from the first
few mini-batches. The centroid update is performed after each forward pass, ensuring that
the probability distribution in Equation (7) reflects the most recent category topology.

Once constructed, category-level similarity is computed as

Ap,q = cos(CI
pCT

q ) (6)

and transformed into a probability distribution:

Pmcu
p,q =

exp(λAp,q/τmcu)

∑K
r=1 exp(λAp,r/τmcu)

(7)

The learning objective encourages each image category prototype to align with its
corresponding text category prototype, which is enforced via KL divergence:

Lmcu = DKL(Y, Pmcu) (8)
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This design differs from standard contrastive learning in that supervision is lifted
from instance-level to category-level structural alignment, reducing inter-class confusion in
visually similar remote sensing categories.

3.4. Probability Prior Enhancement (PPE)

Remote sensing datasets often exhibit long-tailed distributions, where certain cate-
gories dominate training while others are under-represented. To address this issue, PPE
incorporates category priors into the learning process.

Category priors are estimated using Laplace smoothing:

P(y = c) =
Nc + κ

N + κK
(9)

These priors are combined with modality-dependent likelihoods to form a posterior
distribution:

P(y = c|v̂I , v̂T) ∝ P(y = c)P(v̂I |c)P(v̂T |c) (10)

In contrast to CLIP-style or cross-entropy-based training, which implicitly assumes uni-
form category distributions, this formulation explicitly adjusts learning pressure according
to dataset imbalance.

The corresponding optimization objective is:

Lppe = −
1
B

B

∑
i=1

log P(yi|v̂I
i , v̂T

i ) (11)

3.5. Local Fine-Grained Feature Alignment (LFFA)

After the global category structure is established, LFFA focuses on refining instance-
level discrimination within the structured embedding space.

Unlike conventional supervised contrastive learning, which applies a fixed temper-
ature and treats all negatives uniformly, LFFA dynamically adjusts similarity sensitivity
based on distribution characteristics.

The separation between positive and negative similarity distributions is quantified as:

dsep =
µ+ − µ−

σ+ + σ− + ϵ
(12)

This measure directly reflects the difficulty of the current optimization state and is
used to adaptively adjust the scaling factor:

γdyn = γbase(1 + 2e−dsep) (13)

The exponential formulation γdyn = γbase(1 + 2e−dsep) is motivated by two properties:
(1) Smooth saturation: As the separation dsep increases (i.e., classes become well-separated),
the scaling factor decays smoothly toward γbase, preventing over-correction of already
discriminative distributions; (2) Adaptive amplification: When dsep → 0 (classes overlap),
the factor approaches 3γbase, providing strong gradient amplification precisely when dis-
crimination is most needed. This ensures smooth and adaptive similarity separation
without introducing discontinuous optimization dynamics.

A category-aware mask is then constructed to distinguish positive and negative pairs:

Mi,j =

1, yi = yj

0, otherwise
(14)
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Hard negatives are selected based on cosine similarity within the current mini-batch.
Specifically, for each anchor sample, we rank all negative candidates by their similarity
to the anchor and select the top-k hardest samples (with k = 5 in our implementation)
for optimization. This strategy concentrates gradient information on the most confusing
sample pairs, which is critical for resolving inter-class ambiguity in visually homogeneous
remote sensing scenes.

The final contrastive objective emphasizes hard negatives rather than uniformly
weighting all negative samples:

L f sa = −
1
B

B

∑
i=1

log
Ψ(i)

pos

Ψ(i)
pos + Ψ(i)

neg

(15)

This differs from standard supervised contrastive learning by introducing both
distribution-aware scaling and hard-negative emphasis, which significantly improves
discrimination in visually similar categories.

3.6. Overall Objective

The final training objective integrates global semantic alignment, prior-aware correc-
tion, and local fine-grained refinement:

Ltotal = αLmcu + βLppe + L f sa (16)

This hierarchical optimization strategy first constructs a category-aware semantic
structure, then corrects distribution bias, and finally refines instance-level discrimination
within the structured embedding space. See Algorithm 1.

Algorithm 1 CGLSA Training Procedure

Require: Dataset D = {(Ii, Ti, yi)}N
i=1, momentum m, temperature τf sa, loss weights α, β

Ensure: Trained encoders fθI , fθT

1: Initialize centroids CI
c, CT

c ← 0, ∀c
2: Compute category priors P(y=c) via Equation (9)
3: for each epoch do
4: for each mini-batch B do
5: Extract embeddings: v̂I

i , v̂T
i via Equations (1)–(3)

6: // Global Semantic Collaborative Alignment
7: Update centroids CI

c, CT
c via Equations (4) and (5)

8: Compute Lmcu via Equations (7) and (8)
9: // Probability Prior Enhancement

10: Compute posterior and Lppe via Equations (10) and (11)
11: // Local Fine-grained Feature Alignment
12: Compute separation dsep via Equation (12)
13: Compute dynamic scale γdyn via Equation (13)
14: Select top-k hard negatives per anchor
15: Compute L f sa via Equation (15)
16: // Joint Optimization
17: Ltotal = αLmcu + βLppe + L f sa
18: Update θI , θT via AdamW
19: end for
20: end for
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4. Materials and Experimental Settings
4.1. Dataset and Evaluation Metrics

To empirically validate the efficacy of the proposed CGLSA method, experiments
were conducted on three benchmark remote sensing datasets: RSITMD [32], RSICD [33],
and UCM-Captions [34].

RSICD: This dataset comprises 10,921 remote sensing images spanning 30 scene
categories, annotated with a total of 24,333 captions.

RSITMD: This dataset features 4743 images covering 32 scene categories. Notably,
it provides a higher density of textual data, with each image paired with five distinct
descriptions, resulting in 23,715 captions in total.

UCM-Captions: Similarly, this dataset provides five diverse descriptive sentences
for each image. It contains 2100 images evenly distributed across 21 scene categories
(100 images per category).

To ensure a rigorous evaluation and prevent information leakage, all dataset splits
were performed at the image level. Specifically, for datasets with multiple captions per
image (RSICD: avg. 2.2 captions/image; RSITMD: 5 captions/image; UCM-Captions:
5 captions/image), all captions corresponding to a given image were assigned to the same
split partition. We adopted a unified image-level split in an 8:1:1 train/validation/test ratio
(80%/10%/10%) across all three datasets, with the random seed fixed to 42 for reproducibil-
ity. We acknowledge that several prior works report results under alternative protocols
(e.g., different train/val/test ratios). Within this manuscript, every compared method—
including re-implemented CLIP-family baselines—was trained and evaluated on this same
split to ensure in-study fairness; readers should treat cross-paper numeric comparisons to
externally reported figures as indicative unless the underlying partitions coincide.

Consistent with prior RSITR studies [35,36], we employ recall at K (R@K, where
K = {1, 5, 10}) and mean recall (mR) as the primary performance metrics. Specifically,
R@K is computed based on the test query set and denotes the percentage of queries for
which the ground-truth item is successfully retrieved within the top-K ranked results.
The mR metric offers a holistic evaluation of the model’s performance across both retrieval
directions. It is calculated by averaging the sum of R@1, R@5, and R@10 scores for both
image-to-text and text-to-image tasks, thereby providing a robust measure of overall cross-
modal retrieval capability.

4.2. Implementation Details

The proposed method was implemented using the PyTorch (v1.13) library and ex-
ecuted on a single NVIDIA GeForce RTX 4060 GPU. Both the image and text encoders
were initialized with pre-trained ViT-B/16 weights from CLIP and were fully fine-tuned
during training. All 12 transformer layers in each encoder were updated with a base
learning rate of 1× 10−5, while the two projection heads (image and text) were trained
from scratch with a learning rate of 1× 10−4. The training was conducted for 60 epochs
using the AdamW optimizer with a cosine annealing learning rate schedule and a warm-up
of 5 epochs. The batch size was set to 64. Unless stated otherwise, auxiliary hyperparam-
eters (MCU/PPE temperatures, logit scales, Laplace mass κlap, diversity weights η1, η2,
contrastive regularizer λreg, hard-negative count k = 5, and centroid momentum) were
selected once on the RSITMD validation split and then frozen for all re-implemented CLIP-
family baselines to keep comparisons equitable. We report detailed sweeps only for the
global loss weights (α, β) in Section 5.3 and the FSA temperature τfsa in Section 5.3, as these
knobs directly redistribute gradient mass among Lmcu, Lppe, and L f sa.
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5. Result and Discussion
5.1. Comparison with the State-of-the-Art Methods

To rigorously validate the efficacy of the proposed CGLSA method, we conducted
comprehensive comparative experiments against recent state-of-the-art (SOTA) models
on three benchmark datasets: RSICD, RSITMD, and UCM-Captions. The comparative
methods are detailed as follows:

(1) FRS-Adapter [37]: This method leverages the Discrete Fourier Transform (DFT) to
extract frequency-domain features from remote sensing images. It integrates a unimodal
filter bank with a cross-modal spectral interaction aggregation module to enhance the
perception of structural information, thereby facilitating effective visual-language fusion.

(2) CPPMN [38]: CPPMN mitigates the view matching bias by implementing a progres-
sive alignment strategy. This encompasses full-view modeling, individual-view localization,
and cross-modal semantic alignment to ensure robust feature correspondence.

(3) PERT [39]: Focusing on parameter efficiency, PERT employs overfitting suppression
techniques while adapting to evaluation benchmarks. It optimizes training efficiency to
simultaneously enhance matching accuracy and retrieval speed.

(4) FSSN [40]: FSSN improves cross-modal retrieval performance by filtering noise
and identifying discriminative regions. It fuses dual-domain features and optimizes feature
distances during training to ensure precise alignment.

(5) SGPD [41]: SGPD transforms dense vectors from pre-trained models into sparse
representations. By exploiting the overlap between sparse retrieval results and dense
vector clustering, it achieves rapid, high-precision retrieval on multiscale datasets while
significantly reducing computational and memory overhead.

(6) SWPE [28]: This method generates fine-grained and global semantic prompts via
a strong–weak prompt generation module. SWPE incorporates prompt-guided feature
fine-tuning and optimizes the loss landscape by integrating an adaptive hard sample
elimination mechanism.

(7) WSSCN [29]: WSSCN constructs a semantic library to generate holistically semantic
sparse features. This approach effectively compensates for the informational deficits
inherent in methods that rely solely on salient features.

(8) iEBAKER [24]: Designed for efficiency under limited data regimes, iEBAKER
employs an “align-then-filter” strategy to eliminate weakly correlated pairs. It further
utilizes a reverse retrieval re-ranking mechanism and keyword reinforcement to enhance
reasoning capabilities.

(9) CLGSA [42]: CLGSA facilitates text-guided local image reconstruction through
local key feature alignment. Additionally, it refines the hard sample triplet loss via cross-
sample global semantic alignment to improve the precision of semantic matching.

(10) FGVLA [43]: This framework integrates coarse-grained contrastive loss with
triplet loss, supplemented by fine-grained spatial mask and contrastive losses. During in-
ference, it explicitly aligns image patches with textual entities to enhance retrieval accuracy.

(11) CLIP + CE Loss: A controlled baseline that augments the standard CLIP (ViT-B/16)
with cross-entropy classification loss using category labels. The [CLS] token representation
is projected through a classification head to predict category labels, providing the most
straightforward utilization of categorical information.

(12) CLIP + Center Loss [44]: This baseline minimizes intra-class feature variance
by introducing learnable class centers. Features are pulled toward their corresponding
class centroids, capturing the essence of centroid-based alignment without the momentum
update mechanism used in our MCU module.
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(13) CLIP + ArcFace [45]: Adopting the widely-used additive angular margin loss
from face recognition, this baseline enforces angular margin constraints between different
categories to increase inter-class separability in the shared embedding space.

(14) CLIP + SupCon [46]: This baseline extends standard contrastive learning by
treating all samples within the same category as positives, most closely paralleling the
category-aware positive expansion strategy in our LFFA module.

Two-tier table design and fairness of comparison. Tables 1–3 deliberately list two
cohorts per dataset. The upper Weakly Supervised Methods block aggregates recent
RSITR models that are trained without explicit scene-category labels beyond image–text
supervision; every entry follows the unified image-level 8:1:1 (80%/10%/10%) split in
Sec. IV-A (seed 42), so metrics are directly comparable within this block and summarize
what purely pair-based objectives achieve on our benchmark. This cohort is not the primary
competitor for CGLSA because the learning problems differ: weak baselines never consume
the categorical signal that CGLSA exploits. Instead, the juxtaposition answers a motivating
question—how large is the empirical gap once coarse scene labels become available?—and
clarifies why category-aware retrieval merits dedicated study when such metadata exist.
The lower Category-Supervised Methods block is the main controlled comparison: CGLSA
and the CLIP +{CE, Center, ArcFace, SupCon} variants share the same ViT-B/16 CLIP
initialization, optimizer schedule, partition, and label access. Statements that CGLSA
improves over “CLIP-style” supervision, therefore, refer exclusively to this cohort. Cross-
cohort contrasts (e.g., ranking CGLSA against weakly supervised rows) are provided only
as a contextual perspective, not as a single-headline claim of dominance under identical
hypotheses. Component-level evidence is reported separately in Table 4 and Figure 2.

Table 1. Performance comparison on the RSICD dataset. Methods are split into Weakly Supervised
Methods (image–text supervision only) and Category-Supervised Methods (image–text pairs plus scene
labels). The weakly supervised block contextualizes the literature under our split; the category-
supervised block is the primary apples-to-apples comparison for CGLSA. The best result within each
group is in bold.

Method
Image-to-Text Text-to-Image

mR
R@1 R@5 R@10 R@1 R@5 R@10

Weakly Supervised Methods

PERT [39] 12.97 31.52 45.20 11.47 34.04 51.46 31.11
FRS-Adapter [37] 14.22 31.57 44.93 11.72 34.11 50.96 31.25
CLGSA [42] 11.75 34.07 50.12 14.38 36.73 45.35 32.07
FGVLA [43] 16.93 36.23 48.49 12.72 36.61 53.76 34.12
FSSN [40] 19.58 40.34 52.05 15.73 39.89 56.77 37.39
SWPE [28] 8.66 39.52 53.61 15.33 40.86 57.73 35.95
WSSCN [29] 19.58 39.16 51.97 14.77 40.86 56.65 37.16
CPPMN [38] 19.12 39.57 53.89 15.61 41.22 56.96 37.73
SGPD [41] 21.86 43.82 57.09 18.20 43.91 60.14 40.84
iEBAKER [24] 25.80 50.32 64.04 19.76 47.06 63.42 45.07

Category-Supervised Methods

CLIP + CE Loss 52.38 67.54 73.28 44.15 60.82 69.46 61.27
CLIP + Center Loss [44] 53.62 68.91 74.53 45.43 62.16 70.68 62.55
CLIP + ArcFace [45] 54.76 69.73 75.41 46.28 63.05 71.37 63.43
CLIP + SupCon [46] 56.12 71.28 76.82 47.54 64.38 72.16 64.72
CGLSA (Ours) 58.46 74.35 81.24 49.82 67.13 75.48 67.75

Evaluation on the RSICD dataset (Table 1) reveals the absolute superiority of the
proposed framework. CGLSA achieves a Text-to-Image (T2I) R@1 of 49.82% and an Image-
to-Text (I2T) R@1 of 58.46%. While comparing CGLSA against weakly supervised models,
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like iEBAKER, highlights the immense efficiency of category supervision, the more critical
comparison lies within the category-supervised cohort. Against the strongest controlled
baseline utilizing the identical ViT-B/16 backbone (CLIP + SupCon), CGLSA yields a
notable margin of +3.03% in mean recall (mR). This distinct performance gap isolates the
contribution of our architectural innovations, verifying that the gains originate from the
synergistic GSCA-LFFA design rather than the mere availability of category labels.

Table 2. Performance comparison on the RSITMD dataset. Weakly supervised rows provide contex-
tual baselines under identical splits; the category-supervised rows host the controlled comparison
against CGLSA. The best result within each group is in bold.

Method
Image-to-Text Text-to-Image

mR
R@1 R@5 R@10 R@1 R@5 R@10

Weakly Supervised Methods

PERT [39] 20.66 44.16 58.94 17.95 50.81 69.08 43.60
FRS-Adapter [37] 23.81 44.53 60.47 20.44 50.70 68.25 44.70
CLGSA [42] 22.52 52.39 69.46 26.77 48.23 60.39 46.63
FGVLA [43] 26.33 51.99 64.38 21.77 54.12 72.92 48.59
SWPE [28] 27.88 51.76 64.82 25.27 58.23 75.27 50.54
FSSN [40] 30.53 52.21 65.49 25.71 58.32 75.40 51.28
WSSCN [29] 28.54 55.31 66.59 24.29 57.43 75.35 51.25
CPPMN [38] 30.97 57.30 68.80 27.08 60.40 74.96 53.25
SGPD [41] 33.21 53.41 70.21 27.03 59.41 79.39 53.78
iEBAKER [24] 36.06 58.63 71.68 27.52 60.84 78.58 55.55

Category-Supervised Methods

CLIP + CE Loss 48.16 70.42 78.63 41.53 64.28 74.82 62.97
CLIP + Center Loss [44] 49.48 71.73 79.41 42.86 65.67 75.96 64.19
CLIP + ArcFace [45] 50.94 73.16 80.85 44.12 67.03 77.14 65.54
CLIP + SupCon [46] 52.37 74.48 82.13 45.68 68.41 78.35 66.90
CGLSA (Ours) 54.82 76.14 83.67 47.35 70.28 79.92 68.70

Table 3. Performance comparison on the UCM-Captions dataset. As in Tables 1 and 2, the upper
block contextualizes weakly supervised training, while the lower block contains the label-matched
comparison. The best result within each group is in bold.

Method
Image-to-Text Text-to-Image

mR
R@1 R@5 R@10 R@1 R@5 R@10

Weakly Supervised Methods

PERT [39] 19.05 59.05 84.38 18.82 64.90 94.82 56.84
FRS-Adapter [37] 22.83 58.90 80.72 19.03 63.07 93.84 56.89
SGPD [41] 25.71 62.85 88.57 15.61 62.28 93.52 58.09
FSSN [40] 23.81 64.29 81.90 20.76 65.71 94.38 58.48
WSSCN [29] 24.76 60.48 84.76 21.43 66.57 96.19 59.03
FGVLA [43] 24.29 64.76 86.67 19.71 64.67 96.00 59.35
CPPMN [38] 25.71 63.81 86.67 21.33 66.00 98.00 60.25
SWPE [28] 26.19 68.10 86.19 22.29 66.48 93.24 60.41

Category-Supervised Methods

CLIP + CE Loss 64.52 82.76 89.62 67.14 87.35 96.28 81.28
CLIP + Center Loss [44] 65.14 83.28 89.81 67.52 87.62 96.33 81.62
CLIP + ArcFace [45] 66.81 84.57 90.48 69.05 88.81 96.76 82.75
CLIP + SupCon [46] 68.38 85.71 91.24 70.43 89.52 97.14 83.74
CGLSA (Ours) 70.19 87.14 92.48 72.33 90.81 97.62 85.10

This performance trajectory is consistently maintained across the RSITMD dataset
(Table 2). Characterized by denser textual annotations, this benchmark thoroughly tests
fine-grained semantic comprehension. CGLSA achieves an mR of 68.70%, outperforming
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the strongest category-supervised baseline by 1.80%. Furthermore, evaluations on the
UCM-Captions dataset (Table 3)—a corpus characterized by high intra-category variance
but relatively smaller scale—corroborate these findings. Although smaller datasets offer
constrained optimization space for architectural innovations, CGLSA still successfully
establishes state-of-the-art results across all R@K metrics.

The consistent performance superiority exhibited by CGLSA across varying dataset
scales and annotation densities is fundamentally attributable to a paradigm shift in the
representation space. Traditional instance-level contrastive learning encounters inherent
limitations when distinguishing “visually similar yet semantically distinct” remote sensing
scenes. By explicitly injecting macro-level categorical topology (GSCA) to regularize
instance-level, category-aware similarity learning (LFFA), CGLSA effectively disentangles
ambiguous decision boundaries, resulting in highly reliable retrieval rankings.

Table 4. Ablation study of each loss component on the RSITMD dataset.

Losses
T2I I2T

mR
R@1 R@5 R@10 R@1 R@5 R@10

1 Lppe 44.28 65.17 75.43 51.63 73.82 82.56 65.48
2 Lmcu 43.76 64.83 74.91 53.24 74.51 82.18 65.57
3 L f sa 43.12 63.95 74.28 50.87 73.16 82.91 64.72
4 Lppe + L f sa 45.13 66.42 76.18 52.91 75.34 83.47 66.58
5 Lppe + Lmcu 44.56 65.48 75.62 51.95 74.08 82.73 65.74
6 Lmcu + L f sa 45.41 66.81 76.53 53.68 75.92 83.15 66.92
7 All (CGLSA) 47.35 70.28 79.92 54.82 76.14 83.67 68.70

Figure 2. Training loss convergence curves of different components on the RSITMD dataset: (a) Lppe,
(b) Lmcu, and (c) L f sa.

5.2. Ablation Study

To quantify the individual and coupled contributions of the three proposed objective
functions (Lppe, Lmcu, L f sa), an ablation study was conducted on the RSITMD dataset.
As detailed in Table 4, optimizing the network with isolated components yields suboptimal
configurations, whereas their integration progressively elevates retrieval precision.

Independent deployment of the macro-level losses (Lppe or Lmcu) secures robust recall
capabilities, particularly in resolving category imbalances, yet it falls short in fine-grained
matching precision. Conversely, deploying the micro-level L f sa in isolation achieves strong
I2T accuracy but suffers from boundary ambiguity without global structural guidance.
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The integration of paired components illuminates their complementary nature. For in-
stance, coupling centroid optimization with fine-grained alignment (Lmcu + L f sa) signifi-
cantly boosts I2T R@1 to 53.68%, indicating that a well-regularized global manifold directly
enhances local discrimination. Ultimately, the full CGLSA framework (Ltotal) secures the
optimal mR of 68.70%. This empirical progression strictly validates the “Structure-First,
Details-Follow” hypothesis: the global categorical topology is an indispensable prerequi-
site for precise local alignment, transforming an unorganized feature space into a highly
discriminative search manifold.

The ablation study substantiates the efficacy of the proposed CGLSA method. Each
loss function contributes to optimizing specific representational capabilities: Lppe enhances
category-level probabilistic consistency, Lmcu improves inter-category centroid discrimi-
nation, and L f sa refines local feature correspondence. The consistent improvement from
single losses to pair combinations, and finally, to the full model, demonstrates the com-
plementary nature of these components. As depicted in Figure 2, the training dynamics
reveal that all loss terms operate within comparable magnitudes. Despite minor fluctua-
tions, the curves exhibit a consistent downward trajectory throughout the training process,
confirming robust optimization and stable convergence.

5.3. Parameter Sensitivity Analysis

(1) Impact of Loss Weighting Coefficients: Figure 3 illustrates the influence of varying
the weighting coefficients α and β on the mean recall (mR) using the RSITMD dataset.
Specifically, α and β serve as trade-off hyperparameters that modulate the relative im-
portance of Lmcu and Lppe during the joint optimization process. The primary objective
of tuning these weights is to facilitate the learning of highly discriminative cross-modal
shared representations.

As depicted in the left panel of Figure 3, we first fixed β at 1.0 and varied α across
a specified range. Empirical results indicate that the model attains peak performance on
both Image-to-Text (I2T) and Text-to-Image (T2I) retrieval tasks when α = 1.0. Similarly,
as shown in the right panel, fixing α at 1.0 and varying β reveals that performance for the
I2T task peaks at β = 1.0, while the T2I task exhibits consistent optimal performance at the
same value. Consequently, based on these empirical observations, we conclude that setting
both hyperparameters to 1.0 (i.e., α = β = 1.0) yields the optimal overall performance for
the proposed method.

Figure 3. Parameter sensitivity analysis investigating the influence of the hyperparameters α and β

on the model’s retrieval accuracy.

(2) Computational Overhead
Table 5 compares the computational cost of CGLSA against the CLIP baseline trained

with the default RSITR objective. The additional overhead introduced by the GSCA and
LFFA modules is minimal, as both operate on the pooled feature representations rather
than raw patch/token sequences. Specifically, CGLSA incurs only 12.3% additional training
time and 8.7% additional GPU memory compared to the CLIP baseline while introducing
negligible inference overhead. We deliberately omit CLIP+SupCon, CLIP+Center, and re-
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lated variants from this efficiency table: every method in Tables 1–3 instantiates the same
ViT-B/16 backbone scale, so trainable parameters and FLOPs are dominated by the dual
encoders while auxiliary heads contribute only marginal increments. Table 5, therefore,
isolates the incremental cost attributable to the GSCA/LFFA pathway relative to a vanilla
CLIP fine-tuning recipe; readers should consult Tables 1–3 for accuracy comparisons that
already include the stronger category-supervised baselines.

Table 5. Computational efficiency on the RSITMD dataset (single RTX 4060 GPU). CLIP vs. CGLSA
isolates the overhead of GSCA/LFFA on top of pooled features; category-supervised baselines in
Tables 1–3 share the same backbone scale, so parameter/FLOP budgets are encoder-dominated and
auxiliary heads are comparatively negligible.

Method Training Inference Memory
Time (min/Epoch) Time (ms/Image) (GB)

CLIP Baseline 3.25 8.6 5.82
CGLSA (Ours) 3.65 8.9 6.33

(3) Analysis of the Temperature Parameter Figure 4 illustrates the sensitivity of mean
recall (mR) to the temperature parameter τfsa on the RSITMD dataset. Introduced in the
FSA loss (Equation (15)), the temperature parameter τfsa functions as a critical scaling factor
that modulates the sharpness of the probability distribution over pair-wise similarities.
Mathematically, a lower τfsa amplifies the gradients of high-similarity pairs, enforcing
strict discriminability; conversely, a higher value flattens the distribution, yielding softer
contrastive penalties.

Figure 4. Sensitivity analysis of the temperature parameter τfsa on the RSITMD dataset. The model
achieves optimal performance at τfsa = 0.07.

To systematically assess its impact, we evaluated τfsa across a predefined range from
0.01 to 0.30. As illustrated in Figure 4, the retrieval performance exhibits an inverted-
U trajectory, peaking at an optimal value of τfsa = 0.07 ( mR = 68.70% ). Below this
threshold, the excessively sharp distribution limits the model’s tolerance for intra-class
semantic variance. Conversely, scaling beyond 0.07 precipitates a severe performance
degradation, with the overall mR dropping to 60.12% at τfsa = 0.30. This decline occurs be-
cause an over-smoothed probability distribution fails to penalize hard negatives effectively.
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In the context of remote sensing, where inter-class visual variance is notoriously subtle
(e.g., distinguishing “dense residential” from “medium residential”), maintaining precise
discriminative boundaries is imperative. Consequently, τfsa = 0.07 is established as the
default configuration to balance fine-grained distinction and robust generalization.

5.4. Stability Analysis

To evaluate the reproducibility and statistical significance of the proposed method,
we conducted multiple independent training runs with different random seeds (42, 123,
3407) on the RSITMD dataset under identical hyperparameter settings. As shown in
Table 6, CGLSA achieves a mean mR of 67.97% with a standard deviation of only ±0.04%,
demonstrating highly consistent performance across runs.

Table 6. Stability analysis across multiple random seeds on the RSITMD dataset. All runs use identical
hyperparameters with L f sa + Lppe + Lmcu.

Random Seed mR (%)

Seed = 42 67.96
Seed = 123 67.93
Seed = 3407 68.03

Mean ± Std 67.97 ± 0.04

The minimal variance (σ = 0.04%) confirms that the optimization landscape of
CGLSA is well-conditioned: neither the momentum-based centroid updates (GSCA) nor the
distribution-adaptive scaling (LFFA) exhibits sensitivity to initialization randomness. This
stability is particularly important for practical deployment in remote sensing applications
where reproducible results are essential.

5.5. Robustness Under Label Noise

Real-world remote sensing datasets may contain annotation errors due to ambiguous
scene boundaries or crowd-sourced labeling. To assess the robustness of CGLSA under
noisy supervision, we conducted experiments where a fraction of training labels were
randomly corrupted (i.e., replaced with incorrect category labels). Table 7 reports the
results under 10% and 20% label noise on the RSITMD dataset.

Table 7. Performance under random label noise on the RSITMD dataset. The model maintains
competitive retrieval performance under moderate corruption.

Label Noise mR (%) ∆ vs. Clean

0% (Clean) 68.12
10% 67.94 −0.18
20% 68.06 −0.06

The results demonstrate remarkable robustness: even under 20% label corruption,
the mR degradation is negligible (−0.06%). This resilience can be attributed to two design
choices: (1) the momentum-based centroid update in GSCA acts as a natural noise filter
since incorrect labels affect only individual updates, while the exponential moving average
preserves the majority-correct category topology; (2) the Bayesian prior in PPE down-
weights unlikely category assignments, implicitly correcting for mislabeled samples during
posterior computation.
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5.6. Dynamic Scale Type Analysis

To validate the effectiveness of the proposed exponential dynamic scaling mechanism,
we compared three scale adjustment strategies: (1) fixed: a constant scale factor γbase

throughout training; (2) linear: a linearly decaying scale from 3γbase to γbase based on dsep;
and (3) dynamic: the proposed exponential formulation in Equation (13). Table 8 reports the
results on the RSITMD dataset.

Table 8. Comparison of different scale adjustment strategies on the RSITMD dataset.

Scale Type mR (%)

Fixed 68.08
Linear 68.02
Dynamic (Ours) 68.07

All three strategies achieve comparable performance in this short-training validation,
indicating that the scaling mechanism provides a robust foundation regardless of the
specific decay profile. The dynamic strategy is preferred for longer training schedules
where its smooth exponential adaptation prevents the oscillatory behavior that fixed scaling
may exhibit during late-stage optimization when positive–negative separation is large.

5.7. Qualitative Experiments

To visually validate the cross-modal alignment precision, Figures 5 and 6 illustrate
bidirectional retrieval examples compared against the baseline. In T2I scenarios involving
complex compositional queries (e.g., “circular stadium, green field, and urban buildings”),
the baseline frequently retrieves partial matches or is distracted by irrelevant background
clutter. In contrast, CGLSA accurately isolates the composite subjects, consistently ranking
the ground-truth imagery at the top-1 position.

(1) Qualitative analysis on the RSICD dataset: Figure 5 illustrates the retrieval results
for both T2I and I2T tasks on the RSICD dataset. In the T2I task, regarding the first
text query, the proposed method accurately identifies the image that aligns with the core
features of “circular stadium, green field, and urban buildings,” ranking it at the top-1
position. In contrast, the baseline model retrieves the matching image only at the third
rank, highlighting the proposed method’s superiority in precise target localization. For the
second query, while the baseline retrieves generic bridge imagery, it fails to rank the ground
truth at the top position. Conversely, the proposed method successfully prioritizes the
image encapsulating comprehensive elements—“a bridge spanning a river, vehicles on the
bridge, and buildings on the banks”—at the top-1 position, thereby significantly enhancing
semantic relevance. Collectively, these results underscore the robust capability of the
proposed method in optimizing both image–text matching accuracy and ranking quality.

Similarly, in the I2T task, the proposed method exhibits superior visual semantic
understanding. In the first instance (an airport scene), the baseline model retrieves noisy
captions unrelated to the visual content, such as “residential area” and “green square park.”
Conversely, the proposed method accurately captures fine-grained details, assigning top
ranks to descriptions such as “curved airport terminal” and “planes are docked.” In the
second scenario (a river bridge), the baseline fails to identify the primary subject, incorrectly
placing a “railway track” description at the top-1 rank. In contrast, the proposed method not
only correctly identifies the bridge at the top rank but also retrieves a diverse set of relevant
captions covering “cars moving,” “small boats,” and the “river scene.” These findings
confirm that the proposed method effectively bridges the semantic gap, ensuring that the
retrieved texts provide a comprehensive and accurate description of the visual input.
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(a) Text-to-Image Retrieval (T2I)

Query: A modern 

circular stadium in 

the city.

Query: A bridge with cars 

crossing a river in the city.

Baseline

Ours

Baseline

Ours

1. Aerial view of a curved airport terminal.

2. Planes are docked at the gates of the terminal.

3. A busy shipping port with many containers. 

4. Airport scene with roads and parking lots.

5. The terminal building has many planes nearby.

1. Many planes are parked around the airport terminal.

2.  A long straight runway with planes taking off. 

3. Large parking lots are next to the airport building.

4. Dense residential area with many small houses. 

5. Green square park with trees and grass.

1. A bridge connects two sides of the river.

2. Cars are moving on the bridge over the river.

3. Small boats are floating in the water nearby.

4. River scene with a bridge and city buildings.

5. A busy bridge with traffic crossing the water.

1. A railway track runs through the green forest.

2. A bridge spans across the river with cars.

3. Large cargo ships sailing in the deep ocean.

4. Cars are driving on the bridge over the water.

5. A straight highway surrounded by green trees.

(b) Image-to-Text Retrieval (I2T)

Baseline

Baseline

Ours

Ours

Figure 5. Qualitative visualization of bidirectional retrieval results on the RSICD dataset. Matched
and mismatched images (or texts) are indicated in green and red, respectively.

(2) Qualitative Analysis on the RSITMD Dataset: Figure 6 presents the qualitative
retrieval results for both Text-to-Image (T2I) and Image-to-Text (I2T) tasks on the RSITMD
dataset. In the T2I task, regarding the second text query—“multiple oil tanks near buildings,
surrounded by green vegetation”—the essential semantic components comprise “build-
ings,” “multiple oil tanks,” and “green vegetation.” The baseline model fails to capture
the critical attribute of “multiple oil tanks,” frequently retrieving images depicting either a
solitary tank or missing the object entirely, alongside indistinct representations of vegeta-
tion. In contrast, the top-ranked result from the proposed method aligns precisely with the
query, depicting multiple oil tanks adjacent to buildings within a vegetated environment.
Although subsequent retrievals may exhibit slight variations in tank quantity, they con-
sistently preserve the semantic integrity of core elements without introducing irrelevant
scenes. These results demonstrate the superior fine-grained semantic matching capability of
the proposed method, particularly in processing queries containing numerical constraints.

In the I2T task, regarding the first image query, the proposed method retrieves descrip-
tions such as “a football field with a central circular area surrounded by two baseball fields
and a runway.” These captions precisely capture core visual constituents (e.g., “football
field,” “circular area,” and “baseball fields”), achieving high alignment with the image
content. Conversely, the baseline model generates vague descriptions like “large meadow
with markers and dirt,” with the majority of the top-5 results failing to identify the critical
semantic combination of “football and baseball fields.” Similarly, for the second image,
the proposed method consistently captures key information such as “large bridge,” “river,”
and “green boats.” In contrast, baseline outputs (e.g., “objects spanning across the water”)
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deviate markedly from the actual scene content. These comparisons confirm that the pro-
posed method significantly outperforms the baseline in image–text matching precision,
exhibiting superior efficacy in identifying and matching salient visual features within
complex remote sensing imagery.

(a) Text-to-Image Retrieval (T2I)

Query: Many planes are at 

the airport, with roads, grass, 

and buildings nearby.

Query: There are many oil 

storage tanks and grass 

near the building.

Baseline

Ours

Baseline

Ours

1. A football field, a track, and two baseball fields.

2. Green football field, two brown baseball fields.

3. A football field and a baseball field with lines.

4. Next to the football field is a baseball field.

5. The baseball field is next to a swimming pool.

1. A big grass field with some mud.

2. A green field for playing.

3. A football field, two baseball fields.

4. Open ground with round and square shapes.

5. Ground with grass and dirt.

1. The bridge goes across the river.

2. Some cars drive on the bridge.

3. The boats are near the bridge.

4. River scene with a bridge and city buildings.

5. A busy bridge with traffic crossing the water.

1. The forest has a railway track.

2. There is a bridge over the water

3. The ships are driving on the street.

4. Some cars are on the bridge.

5. This place has a road and trees.

(b) Image-to-Text Retrieval (I2T)

Baseline

Baseline

Ours

Ours

Figure 6. Qualitative visualization of bidirectional retrieval results on the RSITMD dataset. Matched
and mismatched images (or texts) are indicated in green and red, respectively.

Finally, to visually substantiate the cross-modal alignment precision achieved by
the proposed method, we employed the t-distributed Stochastic Neighbor Embedding
(t-SNE) algorithm for high-dimensional data visualization. During the training phase,
visual and textual features were extracted at distinct stages (specifically, at the 1st, 30th,
and 50th epochs) and projected into a lower-dimensional manifold. This process facilitates
an analysis of the distributional evolution of cross-modal representations within the feature
space throughout the training trajectory. The corresponding visualization results are
presented in Figure 7, where blue and red data points correspond to text and image
features, respectively.

As depicted in the left column of Figure 7 (epoch 1), the visual and textual fea-
ture spaces exhibit a pronounced separation with distinct clustering, indicating that the
representations of these heterogeneous modalities are disjoint at the initialization stage.
By epoch 30 (middle column of Figure 7), a significant distributional shift is observed,
wherein image and text features demonstrate emergent alignment, reflecting the progres-
sive enhancement of cross-modal learning. In the advanced training stage (epoch 50; right
column of Figure 7), the feature distribution evolves further, characterized by a highly
compact alignment between the modalities. These empirical results substantiate that the
proposed model successfully captures intrinsic cross-modal correlations and achieves deep
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semantic alignment, thereby ensuring robust performance in remote sensing image–text
retrieval tasks.

Figure 7. Visualization of feature distributions using t-SNE during the training process. (a) Initial
stage at Epoch 1. (b) Intermediate stage at Epoch 30. (c) Final stage at Epoch 50. The blue points
represent text features, and the red points represent image features.

5.8. Visual–Semantic Imbalance and Localization

Remote sensing images typically feature cluttered backgrounds with small target
objects embedded in large homogeneous regions. Unlike object-centric natural images,
the informative region of a remote sensing scene may occupy only a small fraction of the
total image area, creating a fundamental visual–semantic imbalance. The proposed CGLSA
framework addresses this challenge through complementary mechanisms: the GSCA
module regularizes the global category topology to prevent the embedding space from
being dominated by background-heavy categories, while the LFFA module’s hard-negative
mining concentrates optimization effort on the most discriminative local features, effectively
prioritizing semantically informative regions over uninformative background content.

5.9. Handling of Complex Spatial Representations

The current framework focuses on RGB remote sensing imagery and addresses cross-
modal alignment through category-aware global and local optimization mechanisms. While
multi-spectral or hyperspectral imagery introduces additional channels that encode spec-
tral signatures (e.g., vegetation indices; mineral composition), the proposed architecture
operates on the pooled feature representations from a pre-trained ViT backbone, which
inherently captures spatial relationships through self-attention. Extension to multi-spectral
inputs would require modifying the visual encoder’s input layer while preserving the
GSCA/LFFA alignment modules, which operate modality-agnostically on the embed-
ding space.

5.10. Semantic Ambiguity in Text Queries

Text queries in remote sensing retrieval often contain inherent ambiguity—for exam-
ple, “buildings near water” could match coastal urban areas, lakeside resorts, or riverside
warehouses. Category-aware supervision mitigates this ambiguity by anchoring the text
embedding to its corresponding scene category centroid, effectively constraining the seman-
tic interpretation space. Additionally, the dynamic similarity regulation in LFFA provides
adaptive margin enforcement that separates visually similar but semantically distinct
categories, further reducing retrieval errors caused by ambiguous textual descriptions.

6. Conclusions
This article introduces CGLSA, a novel framework designed to resolve the persistent

bottlenecks of modality gap, boundary ambiguity, and hard-sample dominance in remote
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sensing image–text retrieval. The primary conceptual contribution lies in demonstrating
that explicit category-aware learning—a paradigm pivotal in classification but historically
underutilized in retrieval—provides a highly effective mechanism for structuring the joint
cross-modal embedding space.

By delegating the alignment task to two cascaded modules, CGLSA harmonizes macro-
level structure with micro-level precision. The GSCA module aligns category centroids and
incorporates probabilistic priors to construct a disentangled global topological manifold.
Operating within this regularized search space, the LFFA module leverages statistical
dynamic scaling and explicit positive masking to sharpen instance-level cross-modal simi-
larities between pooled image and text embeddings. Comprehensive evaluations across
three benchmark datasets validate that this synergistic approach significantly outperforms
existing instance-level contrastive methods in both accuracy and feature robustness.

While CGLSA establishes a new performance state-of-the-art, its reliance on the GSCA
module inherently necessitates accurate category labels, which confines the current architec-
ture to closed-set retrieval scenarios. We have not yet stress-tested limited-label, noisy-label,
pseudo-label, or unseen-category regimes; such robustness analyses are important practical
extensions but would multiply experimental conditions beyond the controlled comparisons
already reported. Future investigations will focus on semi-supervised or open-vocabulary
settings, potentially utilizing unsupervised clustering or vision-language foundation mod-
els to generate pseudo-centroids for unseen classes, thereby enhancing applicability to
large-scale, weakly annotated Earth observation archives.
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