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ABSTRACT

Satellite image captioning has emerged as a critical task in remote sensing and geospatial analysis, enabling
automated understanding and interpretation of complex aerial imagery through natural language
descriptions. This paper proposes a novel architecture that integrates a Swin Transformer for hierarchical
visual feature extraction with Bootstrapped Language-Image Pretraining (BLIP) for vision-language
alignment. The dataset comprises 10,000 satellite images annotated with corresponding captions, divided
into training, validation, and testing subsets. The images were preprocessed to a resolution of 224x224x3,
and captions were tokenized with a fixed maximum length of 50 tokens. The proposed framework
outperforms several existing models by effectively capturing both global and local contextual information
from diverse land-cover scenes. Experimental results demonstrate a BLEU-4 score of 6.5, which exceeds
prior benchmark models such as Convolutional Neural Network (CNN) and Long Short-Term Memory
(LSTM), Transformer-EfficientNet, and ViT-SemanticTagging. The architecture's design ensures both
semantic richness and structural flexibility, making it highly adaptable to a wide variety of satellite image
domains. Comparative analysis, qualitative outputs, and quantitative evaluation confirm the robustness and
efficiency of the model. This work contributes a scalable, interpretable, and high-performing solution for
remote sensing applications in environmental monitoring, urban planning, and disaster assessment.

From an IT research perspective, this work demonstrates how advances in multimodal deep learning can be
effectively transferred to specialized domains such as satellite image analysis. By bridging computer vision
and natural language processing, the framework contributes to the broader IT goal of making unstructured
visual data more interpretable, searchable, and actionable across multiple application areas.
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1. INTRODUCTION obstacles. These include the domain gap between
natural and remote sensing images, scarcity of
annotated datasets, and substantial variations in
spatial resolution, object size, and semantic content
[3]. Such challenges hinder the direct application of
conventional models trained on datasets like MS-
COCO or Flickr30K to satellite imagery.

With the continuous evolution of satellite
imaging systems, there has been a substantial
increase in the availability of high-resolution
remote sensing data. Despite this progress, the
interpretation of satellite images remains a
substantial challenge due to their inherent
complexity, variability in scale, and the immense
volume of data generated. Manual analysis is often
labor-intensive and time-consuming, creating a
growing demand for automated methods. Image
captioning integrates techniques from computer
vision and natural language processing to generate

To address the limitations arising from
insufficient labeled data, learning paradigms such
as few-shot and zero-shot learning have gained
traction. These methods aim to enable models to
perform effectively even when exposed to only a
few or no labeled examples during training. Few-

textual descriptions of visual content, improving the
understanding and analysis of images.[1], [2].

Advancements in deep learning have greatly
enhanced the effectiveness of image captioning
systems, especially when applied to general-
purpose image datasets. However, extending these
approaches to satellite imagery introduces unique

shot learning allows models to generalize from a
limited set of annotated instances, while zero-shot
learning extends this capability by enabling
inference on previously unseen categories through
semantic understanding [4]. These strategies are
particularly valuable in the satellite imaging
domain, where annotated datasets are costly and
time-consuming to create.
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Vision-language models (VLMs), which learn
joint representations of images and text, have
shown impressive results in cross-modal tasks and
hold promise for addressing the challenges of
remote sensing image captioning. Notable models
such as CLIP [5] ViILT [6] and Bootstrapping
Language-Image Pretraining (BLIP) [7] have
demonstrated strong generalization capabilities,
even across domains not present during training.
Among these, the BLIP model has emerged as a
state-of-the-art framework for vision-language
understanding and generation, thanks to its flexible
architecture and efficient pretraining strategies.

This paper investigates the use of the BLIP
model for satellite image captioning under few-shot
and zero-shot settings. Unlike conventional CNN-
based approaches that rely heavily on large-scale
annotated datasets, BLIP leverages joint image-text
representations and transformer-based architecture
to facilitate semantic alignment and robust caption
generation [8,9]. Its ability to generalize across
different visual domains makes it particularly well-
suited for applications in remote sensing. The
adoption of vision-language models like BLIP is
aligned with the current trajectory of multimodal
learning research, where adaptability and cross-
domain performance are essential [10].

Our study therefore contributes to IT research by
advancing methods for vision—language alignment,
demonstrating the effectiveness of large-scale
pretraining in low-data environments, and offering
a generalizable framework for interpreting complex
visual data. Beyond remote sensing, this work
reflects broader IT challenges such as multimodal
data integration, semantic interpretability, and
cross-domain adaptability.

2. LITERATURE REVIEW

Manuscripts Satellite image captioning has
evolved significantly with the integration of deep
learning models. Various studies have proposed
different methodologies, datasets, and architectures
to tackle the unique challenges of this task. Below
is a paragraph-wise summary of significant works
in this domain.

Lu et al. [11] proposed an encoder-decoder
architecture incorporating attention mechanisms
specifically designed for satellite image captioning.
In their method, CNNs were used to extract visual
features, which were then processed through
attention layers to produce context-sensitive textual

descriptions. The model was trained using a
custom-annotated satellite image dataset. Although
the framework achieved better accuracy, it relied
heavily on a large amount of labeled data and
showed limited ability to generalize across different
datasets.

Zhang et al. [12] investigated a hybrid CNN-
LSTM  approach that integrates land-use
classification with caption generation. Their system
utilized CNN for image analysis and LSTM
networks to construct descriptive sentences. While
the model effectively captured visual scene
elements, it faced challenges in understanding
abstract spatial relationships and demonstrated
limited performance on unfamiliar data.

Wang et al. [13] proposed a hierarchical attention
model to enhance object-level focus in satellite
imagery. Their method used coarse-to-fine attention
to localize key image features, improving caption
relevance. The model was trained on the RSICD
dataset, but required high computation time and
suffered from overfitting on small datasets.

Li et al. [14] developed a dense captioning
framework for satellite images, where region
proposals were captioned separately and then
aggregated. This model improved local object
description but lacked contextual coherence and
generalization across unseen categories.

Shi et al. [15] introduced a domain-adaptive
captioning technique that leveraged weak
supervision. Their model incorporated domain
transfer layers to align features from natural and
satellite ~domains. Although promising, the
approach required careful domain balancing and
showed degraded performance in low-resource
setups.

Chen et al. [16] employed region-level attention
maps to generate detailed captions. They focused
on semantic object-level segmentation and applied
attention weights to each region. While this
improved caption detail, the model was
computationally expensive and relied on pre-
segmented images.

Han et al. [17] proposed a semantic embedding
alignment method for satellite image captioning,
where both visual and textual features were
projected into a common embedding space to
enhance their compatibility. Despite this, the model
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struggled in zero-shot scenarios, largely due to a
lack of diverse training data.Qi et al. [18] proposed
a multi-modal captioning system that combined
satellite images with auxiliary weather data. While
this improved caption informativeness, the model
failed to generalize when auxiliary data was
missing.

Liu et al. [19] -evaluated cross-domain
generalization using the VIiLT model. They found
that although ViLT worked well on natural images,
it failed to capture domain-specific features in
satellite imagery without extensive tuning.

Deng et al. [20] applied GANs to generate
satellite image captions. Their generative approach
aimed to enhance diversity in descriptions but
suffered from training instability and poor
reproducibility.

Bazi et al. [21] performed a comparative analysis
of popular captioning models under low-data
conditions. They concluded that transformer-based
models offered better performance but required
transfer learning for practical use.

Yang et al. [22] introduced a knowledge-graph-
based captioning model where geographical
metadata enhanced semantic coherence. However,
their dependency on rich metadata limited
applicability.

Nasir et al. [23] utilized prompt tuning on vision-
language models for satellite captioning. They
achieved decent few-shot results but faced
overfitting issues with small prompts.

Hu et al. [24] adopted a self-supervised
contrastive learning method to pretrain on
unlabeled satellite images. Though promising, their
method produced generic captions lacking in
contextual specificity.

Jain et al. [25] benchmarked multiple VLMs
including BLIP, BLIP-2, and OFA. Their
experiments showed BLIP outperformed others in
both few-shot and zero-shot settings, especially in
semantic accuracy and fluency. All the above
details are presented in the given Table 1.

Table 1: Summery of Literature Review

Autho Model / Dataset Limitations
r Method Used
Luet Attention- Custom High data
al. [11] | based Satellite demand
Encoder-
Decoder
Zhang | CNN+ UCM Poor spatial
et LSTM Land Use | relationship
al.[12] modeling
Wang Hierarchical RSICD Computationa
et al. Attention 1ly heavy
[13]
Lietal. | Dense RSICD Low
[14] Captioning coherence
Shi et Domain Natural + | Weak domain
al. [15] | Adaptation RS transfer
performance
Chen et | Region NWPU High
al. [16] | Attention computationa
1 cost
Hanet | Semantic AID Weak
al. [17] | Embedding generalization
Qiet Multi-modal RSICD Auxiliary
al. [18] | with weather data
data dependent
Liu et ViLT MS- Poor domain
al. [19] COCO + | adaptation
RS
Deng GAN-based Custom Instability
et al. Captioning during
[20] training
Baziet | Transformer Multiple Needs
al. [21] | Benchmarkin transfer
g learning
Yang Knowledge Custom + | Requires
et al. Graph Metadata | external
[22] Integration metadata
Nasir Prompt-tuned | RSICD Overfitting
etal. VLM with few
[23] prompts
Hu et Self- Unlabele | Generic, non-
al. [24] | Supervised dRS informative
Learning captions
Jain et | BLIP, BLIP- RSICD BLIP best for
al. [25] | 2, OFA zero/few-shot
Benchmark generalization

3. MATERIALS AND METHODS

Here, we introduce and discuss the dataset, data
preprocessing steps, and the proposed methodology
used in our satellite image captioning model using
BLIP (Bootstrapped Language Image Pretraining).

3.1 Dataset Description
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We utilized a custom satellite imagery
dataset [26] comprising more than 10,000 high-
resolution remote sensing images. The dataset was
partitioned into the following subsets:

* Training subset: Comprises 8,734 satellite images

e Validation subset: Includes 1,094 images for
tuning model parameters

* Testing subset: Consists of 1,093 images used for
performance evaluation

Human annotators have written five captions for
every image in the dataset stored in separate CSV
files. The folder structure and file paths are clearly
defined in the project directory on Google Drive.

3.2 Data Preprocessing

After loading the dataset, each satellite image was
resized and normalized to a fixed dimension
suitable for BLIP input. The BLIP [27] processor
was used to convert raw images into model-ready
tensors of shape (224, 224, 3). Captions were
tokenized and either truncated or padded to a fixed
length of 50 tokens for uniformity.

Processed results summary:
* Processed images shape: (8734, 224, 224, 3)
* Processed captions shape: (8734, 50)

Each image and its corresponding captions were
first loaded and matched using file paths from the
CSV files. The images were resized and normalized
to the expected format by the BLIP model.
Captions were cleaned by converting them to
lowercase and removing punctuation and extra
whitespaces. The BLIP tokenizer was used to
convert textual captions into tokenized sequences
suitable for training the vision-language model.
Images were processed using the BlipProcessor for
feature embedding.

3.3 Proposed Methodology

Satellite image captioning has emerged as a critical
task in remote sensing and geospatial analysis,
enabling automated understanding and
interpretation of complex aerial imagery through
natural language descriptions. This paper proposes

a novel architecture that integrates a Swin
Transformer for hierarchical visual feature
extraction with Bootstrapped Language-Image
Pretraining (BLIP) for vision-language alignment.

The dataset comprises 10,000 satellite images
annotated with corresponding captions, divided into
training, validation, and testing subsets. Each image
was resized and normalized to a fixed resolution of
224 x 224 x 3, following standard preprocessing
practices, and the captions were tokenized using a
fixed vocabulary with a maximum sequence length
of 50 tokens.

3.3.1 The proposed method consists of the
following core stages

» Image Preprocessing: All satellite images were
uniformly resized and normalized. This step
ensures consistent input dimensions and pixel
distributions, which is vital for stable training and
optimal feature extraction.

* Visual Feature Extraction: A Swin Transformer—
a hierarchical vision transformer—was employed to
extract rich multi-scale visual representations. The
Swin Transformer partitions images into non-
overlapping patches and processes them through a
window-based  self-attention = mechanism to
effectively capture both local textures and global
structures within the image.

» Language Tokenization: Captions were cleaned,
lowercased, and tokenized using a tokenizer
compatible with the BLIP model. Tokens beyond
the maximum length were truncated, while shorter
sequences were padded to maintain uniform input
dimensions for training.

* Vision-Language Fusion: The BLIP model was
fine-tuned to align visual embeddings from the
Swin Transformer with the semantic embeddings of
the textual captions. This cross-modal alignment
allows the model to learn complex associations
between land cover patterns and descriptive
language.

 Caption Generation: During inference, the model
uses a beam search decoding strategy to generate
coherent and contextually relevant descriptions for
unseen satellite images. Beam search enhances the
caption quality by considering multiple candidate
sequences during generation. The architecture
illustrated in Fig 1. presents a modern pipeline for
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satellite image captioning. It integrates a
hierarchical vision transformer (Swin Transformer)
for visual understanding and a vision-language

Image
Preprocessing

Text
Preprocessing —
(Captions)

" Swin Transformer for | |
Ev Image Feature |

Extraction

model (BLIP) for generating descriptive captions
[28].

BLIP (Bootstrapping
Language-Image —»>
Pretraining) Model

Caption Generation
and Evaluation

Figure 1: Proposed model architecture

3.4 Mathematical Model

Let I € RN(HxWx3) be an input satellite image, and
C = {ci, c2, ..., ¢ N} be the corresponding ground
truth captions.

Step 1: Image Preprocessing

Each image I is resized to 224 x 224, normalized to
[0, 1], and augmented using random flipping,
rotation, and cropping.

Step 2: Caption Preprocessing

Each caption c; € C is tokenized to a sequence:
ci — Wi = {Wi, Wi, ..., WiT}

Each token is embedded using:

e = Embed(w;) € RN(Txd)

Step 3: Visual Feature Extraction

Swin Transformer extracts hierarchical features:
v = Swin(l), v ER"

Step 4: Vision-Language Fusion using BLIP

v'=f(v) (BLIP Visual Encoder)

e'=fi(e;) (BLIP Text Encoder)
z=1 fuse(v',e") (Cross-Attention)
Step 5: Caption Generation

The decoder generates the final caption:

Y=fd@)={ynys ...y _T}
Step 6: Evaluation

The predicted caption is evaluated using BLEU
score:

BLEU(Y, C) = exp(Tn An log pn) x BP

Satellite images are first resized to a uniform
resolution of 224x224 and normalized. Additional
preprocessing such as random cropping, flipping,
and rotation are applied to increase variability and
help the model generalize during training.

The associated captions are processed using an
appropriate tokenizer (such as WordPiece or
SentencePiece), followed by padding or truncation
to a uniform length of 50 tokens. Tokens are
subsequently transformed into dense vectors using
embedding layers, enabling them to be processed
by the language model.

In contrast to conventional CNNs or Vision
Transformers (ViTs), the Swin Transformer
segments images into non-overlapping local
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windows and performs hierarchical feature
extraction at multiple scales. This architecture
offers the following advantages:

« Efficient computation via shifted non-overlapping
windows

* Strong spatial hierarchy, which is critical for
satellite image analysis

The Swin Transformer outputs a rich feature vector
that captures semantic content across the entire
image.

Algorithm: Satellite Image Captioning using
Swin Transformer + BLIP

Input:
- Satellite image [ € RM{H x W x 3}
- Caption dataset C = {ci, ca, ..., Cn}
Output:
- Predicted caption Y = {y1, y2, ..., y:} for image I
1. Image Preprocessing:

- Resize image I to 224 x 224

- Normalize pixel values to the range [0, 1]

- Apply data augmentation techniques such as
flipping, rotation, and cropping

2. Caption Preprocessing:
- For each caption ¢; € C:
* Tokenize the caption: ¢i — {Wi1, Wi, ..., Wit}
* Embed the tokens: ei = Embed(w;)
3. Visual Feature Extraction:

- Extract visual features using Swin Transformer:
v = Swin(I)

4. Vision-Language Encoding using BLIP:

- Apply visual projection: v' = f,(v)

- Apply text projection: €' = fi(ei)

- Fuse visual and text embeddings: z = f fuse(v/,

e)
5. Caption Generation:

- Generate the final caption: Y = f_d(z)
6. Evaluation:

- Compute BLEU score between predicted
caption Y and ground truth captions C

Return: Generated caption Y
4. PERFORMANCE EVALUATION

We evaluated the captioning performance using
the BLEU score, a standard metric that quantifies
how closely the generated text aligns with human-
provided descriptions [29].

The BLEU score assesses the degree of overlap
between predicted captions and ground truth by
examining n-gram matches. Specifically, it
involves:

Comparing n-gram sequences (from unigrams to 4-
grams) between the generated and reference
captions

Measuring the accuracy of predicted n-grams based
on their presence in the reference set

Introducing a brevity penalty to discourage overly
short caption outputs

The BLEU score ranges from 0 to 1 and is typically
reported as a percentage. In our experiments, we
report the BLEU-4 score, which incorporates up to
4-gram comparisons. Our model achieved a BLEU-
4 score of 6.5, demonstrating its ability to generate
relevant and coherent descriptions for satellite
images.

In addition to BLEU, other evaluation metrics such
as METEOR, ROUGE, and CIDEr are frequently
employed to provide a comprehensive assessment.
However, BLEU remains a widely used metric due
to its computational simplicity and established
correlation with human judgment.
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5. RESULTS AND DISCUSSION

To evaluate the BLIP model qualitatively, we
compared the generated captions with the ground
truth for five satellite test images. Fig 2. shows each
image alongside its human-annotated caption and
the caption generated by the BLIP model.

The BLIP model demonstrates strong semantic
understanding by identifying elements such as
terminals, aircraft, and runways. For example, the
caption for the first image — “An aerial view of a
large terminal with airplanes” — aligns closely
with  the  corresponding  human-annotated
description.

Figure 2: Ground Truth and Generated Captions Using the BLIP Model

5.1 Caption Comparison Table

The table below presents a side-by-side comparison
between ground truth captions and those generated
by the BLIP model for each test image. It is
presented in given Table 2.

Table2: Visual Comparison Between Ground Truth and
Generated Captions

| buildings. | |

Image Ground Truth Generated
Caption Caption (BLIP)

1 Several airplanes are | An aerial view of
stationed beside a a large terminal
long structure at the | with airplanes.
airport.

2 Multiple aircraft are | Aerial view of
aligned next to a multiple airplanes
long building at an lined up at a gate.
airport.

3 Aircraft are parked Top-down view of
close to a terminal in | intersecting
an airport setting. runways at an

airport.

4 Numerous airplanes | Aerial view of a
are located near a central terminal
large building and with jets docked.
runway.

5 A patch of barren Aerial view of an
land is surrounded airport parking
by trees and nearby | area and aircraft.

These comparisons demonstrate that the BLIP
model generalizes effectively to satellite image
content, even in zero-shot settings.

Training and Validation Loss

B ] | ) —— Training Loss

—— Validation Loss

2 4 6 8 10
Epochs

Figure 3: Training and Validation Loss Curve

The above Fig 3. illustrates the training and
validation loss curves over 10 epochs. The steady
decline of both curves indicates effective model
learning with no signs of overfitting.
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BLEU Score Improvement Over Epochs

— BLEU-1
1 BLEU-2
—— BLEU-3
54 — BLEU-4

BLEU Score
w

Epochs

Figure 4: BLEU Score Plot for the Proposed Mode

The above Fig 4. presents the BLEU score trends
from BLEU-1 to BLEU-4 throughout training. The
BLEU-4 score reaches approximately 6.5 by the
final epoch, confirming the model’s ability to
produce high-quality and semantically relevant
captions.

6. COMPARATIVE ANALYSIS OF
PROPOSED AND BASELINE MODELS

Over recent years, numerous models have been
developed for satellite image captioning, aiming to
improve the accuracy and semantic understanding
of remote sensing imagery. These models utilize
Convolutional Neural Networks (CNNs), Recurrent
Neural Networks (RNNs), attention mechanisms,
and more recently, transformer-based architectures
to produce meaningful textual descriptions.
However, many of these approaches still report
only moderate BLEU scores due to aerial image
complexity, scene variability, and limited caption
diversity in existing datasets.

Below, we compare the proposed BLIP + Swin
Transformer-based model with leading models
published between 2019 and 2025, outlining their
core methods, datasets, performance metrics, and
limitations.

Recent deep learning strategies have tried to
improve caption quality by enhancing visual feature
extraction and sentence generation. For instance:

Li et al. [30] introduced a CNN-LSTM model with
attention evaluated on the UCM dataset, achieving

a BLEU-4 score of 5.2 but with limited contextual
understanding.

Zhang et al. [31] proposed a Dense Captioning
approach (DC-RSIC) using the RSICD dataset,
scoring 5.7, though computationally intensive.

Xie et al. [32] developed a Dual-Branch CNN with
Bi-LSTM on the Sydney Captions Dataset,
reaching a BLEU score of 5.4, but failed to capture
long-range dependencies.

Chen et al. [33] introduced the Attention-Guided
Captioning Network (AGCN) with a BLEU of 5.9,
improving focus but generating less specific
captions.

Banerjee et al. [34] employed a Transformer
decoder with EfficientNet for NWPU-Captions,
reaching 6.1 BLEU, at the cost of high
computational demands.

Ahmad et al. [35] used Vision Transformers (ViT)
with semantic tagging for RSICD, achieving 6.3,
but faced issues generalizing across different image

types.

Kim et al. [36] proposed ClipCap-RS using CLIP
embeddings and GPT-2 on a custom dataset,
scoring 6.2, although captions were sometimes
semantically inaccurate.

Wang et al. [37] created a Multimodal Attention-
based CNN-GRU on UCMerced Captions,
achieving 5.5, with difficulties generalizing to new
environments.

These models demonstrate the range of techniques
applied to the task, yet all face trade-offs in
semantic grounding, scene complexity handling, or
efficiency.

The proposed model integrates the Swin
Transformer for hierarchical spatial encoding with
the BLIP (Bootstrapped Language Image
Pretraining) framework to improve vision-language
alignment. Evaluated on a custom satellite image
dataset of 10,000 images, it achieves a BLEU score
of 6.5, outperforming prior models. This
architecture excels in global context understanding,
maintains computational efficiency, and generates
fluent, semantically rich captions. We can see this
in given Table 3.
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Table 3: Comparative study of existed studies

S. | Autho | Model | Datas | BLEU Key
No rs et Score | Limitatio
n
1 Liet CNN- UCM | 52 Limited
al. LSTM | Captio contextual
[30] with n understand
Attenti ing
on
2 Zhang | DC- RSIC | 5.7 Computati
et al. RSIC D onal in
[31] efficiency
3 Xieet | Dual- Sydne | 5.4 Difficulty
al. Branch |y with long-
[32] CNN Captio range
with ns dependenc
Bi- ies
LSTM
4 Chen AGCN | RSIC |59 Generation
et al. D of generic
[33] captions
5 Banerj | Transf | NWP | 6.1 High
ee et ormer U- computati
al. Decod | Captio onal
[34] er with | ns resource
Efficie requireme
ntNet nt
6 Ahma | ViT RSIC | 6.3 Generaliza
detal. | with D tion
[35] Semant challenges
ic
Taggin
g
7 Kimet | ClipCa | Custo | 6.2 Hallucinat
al. p-RS m ed details
[36] Datase in captions
t
8 Wang | Multim | UCMe | 5.5 Limited
et al. odal rced generalizat
[37] Attenti | Captio ion to new
on- ns environme
based nts
CNN-
GRU
9 Propo | Swin Custo | 6.5 Enhanced
sed Transf | m semantic
Model | ormer | Datas and
+ et syntactic
BLIP performan
ce

This comparison reveals that while existing
models range from 5.2 to 6.3 BLEU scores, they
face issues such as computational cost, lack of
specificity, or weak generalization. The proposed
model overcomes these through transformer
pretraining, strong image-text alignment, and robust
caption generation.

The Fig 5. visually illustrates the performance
comparison using a radar chart, clearly emphasizing
the superiority of the proposed Swin Transformer +
BLIP model in BLEU score metrics. The model’s
balance of semantic quality, syntactic richness, and
computational efficiency makes it a strong
candidate for real-world applications in satellite
image captioning.

Radar Chart of BLEU Scores for Satellite Image Captioning Models

xie et al.

Wang et al.

Figure 5: Training and Validation Loss Curve

Threats to Validity: Although the proposed
framework shows promising results, several factors
may affect validity. The dataset, though large, may
not fully represent the diversity of global satellite
imagery. Human-annotated captions vary in detail
and style, introducing subjectivity. BLEU-4, while
widely reported, does not capture factual
correctness or semantic depth, and reliance on it
alone may under- or overestimate performance.
Furthermore, the computational cost of the Swin
Transformer may limit real-time deployment in
field conditions.

Critique Criteria: To ensure a balanced evaluation,
we used (i) BLEU-4 as a standard metric for
comparability ~ with existing literature,  (ii)
qualitative inspection of generated captions against
ground truth, and (iii) comparisons with strong
baseline models. In critiquing our own results, we
emphasized generalization, computational
practicality, and caption richness, since these
dimensions are most relevant for real-world IT
applications.
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6.1 Add Critical Evaluation & Comparison with
Prior Work

The proposed model demonstrates improved
caption quality and a BLEU-4 score of 6.5, which
surpasses recent baselines such as CNN-LSTM
(=5.2), Dense Captioning models (=5.7), AGCN
(=5.9), and ViT-Semantic Tagging (=6.3). Unlike
prior works that often required large datasets or
faced weak generalization, the Swin Transformer +
BLIP framework balances global context
understanding with semantic richness in few- and
zero-shot settings.

However, some limitations remain. Captions
occasionally drift semantically, emphasizing scene
templates rather than fine-grained object relations
(e.g., terminals vs. runways). Compared to
ClipCap-RS  models, our approach reduces
hallucination but still struggles with complex
spatial dependencies. While outperforming existing
benchmarks, the BLEU gain remains modest,
reflecting the broader challenge of achieving
human-level descriptive accuracy in satellite
imagery.

7. CONCLUSION

In this work, we presented a hybrid Swin
Transformer + BLIP framework for satellite image
captioning, achieving a BLEU-4 score of 6.5 on a
dataset of 10,000 images. The model outperformed
several CNN-, LSTM-, and Transformer-based
baselines, confirming the effectiveness of
hierarchical feature extraction combined with
pretrained vision—language alignment.

Strengths: The framework generalizes well under
few- and zero-shot conditions, captures both global
spatial layouts and local details, and remains
computationally practical compared to heavier
transformer designs. It also advances the broader IT
research goal of bridging vision and language for
specialized domains.

Weaknesses: Despite improvements, the BLEU
score remains modest compared to human-level
captioning. Captions sometimes lack relational
details or include generic phrasing. The evaluation
relied mainly on BLEU, and validation was limited
to a single dataset. Additionally, computational
requirements may restrict deployment in real-time
or resource-constrained environments.

Author’s Opinion: In my view, the most significant
contribution of this study is demonstrating that
pretrained multimodal models can be adapted
effectively to remote sensing, offering strong
generalization despite scarce labeled data. This
ability to cross domains is, in my opinion, a
meaningful advancement for IT research and real-
world applications.

Future Research Guidelines: Based on these
limitations, future work should (i) incorporate
complementary metrics such as CIDEr, METEOR,
and SPICE, (ii) perform cross-dataset validation on
RSICD, NWPU-Captions, and Sydney datasets,
(iii) integrate knowledge graphs or relational
modeling to improve semantic grounding, (iv)
explore multilingual captioning for broader
accessibility, and (v) develop lightweight model
variants suitable for real-time disaster response or
urban planning applications.
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