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This study provides a comprehensive systematic literature review (SLR) of the 
evolution of image captioning models from 2017 to 2025, with a particular 
emphasis on the impending problems, methodological enhancements, and 
significant architectural developments. The evaluation is guided by the 
increasing demand for precise and contextually aware image descriptions, and 
it adheres to the PRISMA methodology. It selects 36 relevant papers from 
reputable scientific databases. The results indicate a significant transition from 
traditional CNN-RNN models to Transformer-based architectures, which leads 
to enhanced semantic coherence and contextual comprehension. Current 
methodologies, such as prompt engineering and GAN-based augmentation, 
have further facilitated generalization and diversity, while multimodal fusion 
solutions, which incorporate attention mechanisms and knowledge integration, 
have improved caption quality. Additionally, significant areas of concern 
include data bias, equity in model assessment, and support for low-resource 
languages. The study underscores the fact that modern vision-language 
models, such as Flamingo, GIT, and LLaVA, offer robust domain generalization 
through cross-modal learning and joint embedding. Furthermore, the efficacy 
of computing in restricted environments is improved by the development of 
pretraining procedures and lightweight models. This study contributes by 
identifying future prospects, analyzing technical trade-offs, and delineating 
research trends, particularly in sectors such as healthcare, construction, and 
inclusive AI. According to the results, in order to optimize their efficacy in real-
world applications, future picture captioning models must prioritize resource 
efficiency, impartiality, and multilingual capabilities. 

 
1. Introduction 

Image captioning is a multidisciplinary pursuit that integrates computer vision and natural language processing 
(NLP), both of which have significantly advanced due to the development of deep learning and multimodal learning 
technologies. Research in this domain is proliferating, driven by its extensive applicability in assistive technology, 
content indexing, and human-computer interaction, employing large datasets and sophisticated methodologies [1].   
Preliminary advancements, particularly through encoder-decoder architectures employing Convolutional Neural 
Networks (CNN) and Recurrent Neural Networks (RNN) such as CNN-LSTM, have significantly improved the extraction 
of visual data and the generation of descriptive text [2]. The emergence of Vision-Language Models (VLMs), integrating 
Transformers with language models such as GPT and BERT, has markedly enhanced the production of nuanced and 
contextually accurate image descriptions [3]. 

 Recent breakthroughs include knowledge embedding for specialised tasks such as medical imaging [4], [5], [6], 
the application of Text Graph Convolutional Networks (TextGCN) for semantic interpretation [7], and CLIP-based region-
aware methodologies for multimodal comprehension [8]. Diffusion models such as MADiffCC [9], patch-based and multi-
label classifiers [10], and YOLO V5-based systems [11] have enhanced robustness and accessibility. Moreover, modern 
frameworks address challenges in noisy environments through the use of data augmentation, dual network designs, 
and consistency losses [12]. Attention-based methodologies, such Relation-Aware Selection (RAS) and Fine-grained 
Semantic Guidance (FSG) [13], improve model precision in complex visual tasks. 

 Multimodal approaches have enabled applications in visual object tracking [14], fMRI-based image 
reconstruction [15], and zero-shot image captioning [10], despite persistent challenges such as hallucination and phrase 
length [16]. Research has advanced to include low-resource languages like Bengali [17], [18], while in the medical 
domain, Cross-modal Augmented Transformer (CAT) models improve contextual captioning [19]. The production of 
effective captions remains challenging, resulting in the development of lightweight models like SCAP [20] and scene-
aware frameworks such as SSE [21]. 
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Innovative frameworks such as CapFlow [22], concept modelling [23], [24], [25], and Vision Transformer-based 
systems like VisualSiteDiary [26], highlight the dynamic advancement of the field. However, challenges persist in data 
annotation, computational costs, and the administration of domain-specific terms [27], [28], [19]. Techniques like 
VisualGPT and SATIC offer partial solutions via self-attention and parallel generation [27], [28]. Applications extend 
beyond captioning, impacting domains such as fraud detection [29], medical diagnosis [30], annotation-free captioning 
[31], radiological image retrieval [32], and historical image interpretation [33]. The scope now includes mathematics 
[34], multimodal retrieval [35], remote sensing [36], and GNN-assisted image-text comprehension [37], along with 
culturally significant domains such as Thangka image captioning [38] and beam search optimization [39]. Image 
captioning is crucial for the automation of radiography and the recording of construction [40]. 

 Notwithstanding swift advancements, several fundamental issues persist and have grown increasingly intricate.  
Complex models frequently encounter obstacles due to insufficient labelled data, particularly in specialized fields like 
medicine, which constrains the model's capacity to generate precise descriptions. The substantial computational 
expenses associated with training intricate models provide a significant obstacle to broader adoption; however, 
methodologies like Visualgpt and Satic endeavour to provide answers via an efficient attention mechanism. These 
technical issues emerge within a broader context characterized by rapid and fragmented development.  The proliferation 
of diverse architectures, including transformers and VLM, alongside specialized methodologies for distinct applications, 
has generated a complex research environment. Consequently, researchers frequently encounter challenges in 
identifying prevailing patterns, assessing trade-offs among methodologies, and ascertaining the most critical future 
trajectory.  This scenario establishes a distinct research gap, specifically the absence of a comprehensive evaluation 
of the most recent systematic literature that synthesizes and delineates this progression. 

 This paper provides a thorough Systematic Literature Review (SLR) that examines the progression of image 
captioning models from 2017 to 2025.  This review used the PRISMA approach to synthesize the findings of 36 pertinent 
papers that have undergone a peer review procedure.  This paper delineates the evolution of the architectural paradigm, 
transitioning from the traditional CNN-RNN model to the foundational architecture of contemporary transformers and 
vision-language, while evaluating their comparative efficacy in generating coherent, accurate, and comprehensive 
descriptions. This study emphasizes the incorporation of advanced semantic enrichment methods, such as rapid 
engineering, knowledge graph embedding, and cross-modal attention.  The latest models, including Flamingo, Git, and 
Llava, are highlighted for their prospective solutions via multimodal embedding and cooperative reciprocal learning.  
This review consolidates the existing research landscape, delineating the strengths and weaknesses of diverse 
methodologies while emphasizing unresolved challenges pertaining to data bias, multilingual generalization, and 
computational efficiency, thereby establishing a framework for future advancements in automatic image captioning. 

 The following portions of this document are structured as outlined below. Section 2 outlines the research process 
and the selection criteria. Section 3 delineates findings and thorough discussions obtained from ten research enquiries. 
Section 4 concludes the analysis and outlines potential research directions. 

 
2. Research Method 

The methodological strategy adopted in conducting a comprehensive literature review on the development of 
image text models is described in this section. We adhere to the PRISMA (Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses) principles to ensure a thorough and open review procedure [41]. To help authors report 
systematic reviews and meta-analyses with high transparency and completeness, PRISMA is an evidence-based 
guideline [41]. The identification, screening, eligibility evaluation, and final inclusion phases of the article selection 
process are all outlined in the PRISMA flowchart. 
 
2.1 Search Strategy and Data Source 

To ensure a comprehensive and representative dataset, keyword queries were carefully constructed using 
domain-specific terminology. The primary keyword was “Image Captioning,” complemented by related terms such as 
“Transformer,” “Multimodal,” “Vision-Language,” “GAN,” “Prompt Engineering,” and “Fairness.” These terms were 
selected based on prior studies and recurring concepts across multiple publications. Figure 1 shows the frequency of 
these keywords as they appeared during the literature search process, highlighting the dominance of multimodal 
learning and Transformer-based models in recent research. 
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Figure 1. Frequency of Keywords used in Literature Search Across Major Databases (2017–2025) 

 
The literature was collected from three major scientific databases: IEEE Xplore, ScienceDirect, and Scopus. Each 

database was queried using the same keyword combinations across the same publication range (2017–2025). The 
number of articles obtained from each source varied slightly depending on indexing coverage and access restrictions. 
Figure 2 presents the distribution of selected articles across the three databases. 

 

 
Figure 2. Distribution of Selected Articles by Database Source 

 
2.2 Formulate Research Questions 

To guide the analysis, ten research questions (RQ1–RQ10) were formulated based on recurring themes and 
gaps found in preliminary reading. The mapping of these questions is visualized in Figure 3. 

 
Figure 3. Mind Mapping Research Questions 
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The research questions are organized as follows: 

- RQ1: How do current multimodal fusion techniques improve the accuracy of image captioning models compared to 
unimodal approaches? 

- RQ2: How do image captioning models address data bias and security issues, and to what extent are fairness 
metrics applied in model evaluation? 

- RQ3: How does the Transformer-based model perform compared to a CNN-RNN architecture in generating more 
accurate and contextual image descriptions? 

- RQ4: How can prompt engineering strategies improve the quality of descriptions produced by vision-language-based 
image captioning models such as CLIP and BLIP? 

- RQ5: How can the integration of knowledge graph with image captioning models enrich semantic information in 
image descriptions? 

- RQ6: To what extent are current multilingual image captioning techniques able to accommodate linguistic and 
cultural variations in image description? 

- RQ7: How do current image captioning models balance the trade-off between caption accuracy and computational 
efficiency in resource-constrained environments? 

- RQ8: How does the development of vision-language foundation models such as Flamingo, GIT, and LLaVA affect 
accuracy and generalization in image captioning tasks? 

- RQ9: How effective are newer data augmentation techniques, such as GAN-based augmentation or synthetic data 
generation, in improving the quality of image captioning models? 

- RQ10: How do novel pretraining and fine-tuning strategies in image captioning models affect the model's 
generalization ability across different domains? 

 
The initial research question (RQ1) is to examine whether image captioning models achieve enhanced 

performance through the integration of multimodal information, specifically the combination of textual and visual inputs. 
This topic aims to assess the efficacy of multimodal and unimodal strategies in generating accurate visual descriptions. 
The second research question (RQ2) is motivated by the necessity to understand the technical and ethical dimensions 
of image captioning, specifically about how models address biased input while ensuring security and fairness. This 
includes the analysis of fairness standards in model evaluation. The objective of RQ3 is to evaluate the performance of 
Transformer-based models in comparison to traditional CNN-RNN architectures. This investigation seeks to determine 
the model architecture that generates captions with greater contextual and semantic richness. RQ4 examines how 
prompt engineering, especially with advanced vision-language models such as CLIP and BLIP, may enhance the 
expressiveness and relevance of image captions. This study examines the growing significance of human-in-the-loop 
strategies in improving output quality. The objective of RQ5 is to investigate whether the integration of external semantic 
knowledge, such as knowledge graphs, enhances the informativeness and depth of image captions produced by AI 
models. 

The objective of RQ6 is to assess the multilingual picture captioning model's robustness in addressing diverse 
linguistic and cultural contexts. This involves evaluating its capacity to adapt and preserve semantic nuances amid 
linguistic variations.  The objective of RQ7 is to investigate how image captioning models reconcile high accuracy with 
computational efficiency, particularly in resource-constrained environments such as embedded or mobile systems.  RQ8 
aims to investigate the impact of novel vision-language foundation models such as Flamingo, GIT, and LLaVA on 
generalization and overall efficacy in image captioning tasks across diverse datasets.  RQ9 aims to determine if 
advanced data augmentation techniques, including synthetic data and GAN-generated samples, can enhance the 
accuracy and robustness of image captioning models. Finally, RQ10 examines how different pretraining and fine-tuning 
methodologies improve a model's ability to generalize to unfamiliar tasks or domains, hence increasing transferability 
and adaptability in real-world applications. 
 
2.3 Data Eligibility and Analysis of the Literature 

Figure 4 displays the PRISMA flowchart [41], which delineates the systematic procedure for article selection, 
including the phases of searching, inclusion, and exclusion. The flowchart comprises three primary phases: 
identification, screening, and inclusion. During the identification step, an extensive literature review was conducted 
across prominent academic databases such as IEEE Xplore, ScienceDirect, and Scopus, encompassing the publishing 
period from 2017 to 2025. The year 2017 was selected as the first reference to document the progression and recent 
developments in the domain of Image Captioning during the past eight years.  The principal search phrase utilized in 
the identifying procedure was “Image Captioning”. 

https://creativecommons.org/licenses/by-nc-sa/4.0/
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Figure 4. Study Selection Using the PRISMA Flow Diagram Method, Consisting of the Identification, Screening, and 

Inclusion Steps 
 

The systematic literature descriptive collection process in this study follows the PRISMA 2020 (Preferred 
Reporting Items for Systematic Reviews and Meta-Analyses) Guidelines, which provide a transparent framework for 
selecting and reporting study results. PRISMA helps researchers organize each stage from introduction to final inclusion 
of relevant studies [41]. The first stage is identification, where 3,639 articles were retrieved from various scientific 
databases. Of these, 61 articles were removed because they were duplicates. This step is important to avoid double 
counting and maintain the integrity of data selection [42]. The next stage is screening, which begins by screening 3,578 
articles based on title and abstract. At this stage, 3,026 articles were removed because they did not meet the initial 
inclusion criteria, such as topic relevance, publication type, or did not meet the image captioning study domain. After 
that, 552 articles were reviewed for full-text report retrieval. However, 231 of them could not be obtained, either due to 
limited access or incomplete documents. 

Next, the eligibility stage was carried out on 321 complete articles that were successfully obtained. This evaluation 
was based on stricter criteria such as methodological contribution, focus on image captioning models, and the existence 
of experiments and results that could be evaluated. A total of 285 articles were then excluded because they did not 
meet these criteria. In the final stage, namely inclusion, a total of 36 articles that met all the criteria were selected for 
further analysis in systematic insight. This final number is the result of a strict and transparent selection process in 
accordance with the PRISMA reporting principles, which are widely considered the gold standard in systematic literature 
review [43]. 
 
3. Results and Discussion 

The main conclusions of the systematic literature review are presented in this section, which also provides a 
thorough synopsis of image caption models and debates that support the study's research topics.  The discussion is 
divided into two subsections: the first discusses the development, advantages, and disadvantages of the various model 
groups found in the 36 chosen studies; the second answers each research question by combining knowledge from the 
examined literature. 
 
3.1 Summary of Image Captioning Models 

The evolution of image captioning models in the past decade indicates a transition from conventional CNN-RNN 
encoder-decoder frameworks to Transformer-based architectures and Vision-Language models (VLMs). Initial models 
like CNN-LSTM were proficient at fundamental visual-to-text conversions but exhibited constraints in semantic depth 
and adaptability when confronted with intricate sceneries or specialized images [44], [45]. These models generally attain 
BLEU-4 scores under 30 on benchmarks like MSCOCO, indicating their limited contextual capability.  Table 1 provides 
a comparative overview of the primary categories of image captioning models examined in this work, emphasizing their 
structural characteristics, benchmark performance, and trade-offs. 
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Table 1. Comparative Summary of Image Captioning Model Categories 

Model 
Category 

Example 
Models 

Architecture 
Highlights 

Key Metrics 
(MSCOCO) 

Strengths Limitations 

CNN-RNN 
(Early) 

CNN-LSTM [44] 
Encoder-Decoder, 

Sequential Text 
Gen 

BLEU-4: ~28 
Simple, Fast 

Training 

Weak in 
context, limited 

semantics 

Attention-
based 

Show-Attend-
Tell [46] 

Visual Attention + 
RNN 

BLEU-4: ~31, 
METEOR: ~25 

Focus on 
salient regions 

Still sequential, 
limited long 

dependencies 

Hybrid / 
Knowledge 

TSFNet, 
VisualGPT [47], 

[27] 

Multistream, 
Knowledge Infusion 

CIDEr: ~113 
Rich 

semantics, 
prompt-aware 

Complex 
structure 

Reinforcement 
RL-Rank [48], 

SCST [49] 
Reward-based 

Fine-tuning 
CIDEr: 106+, 
BLEU-4: ~33 

Optimized for 
evaluation 

metrics 

Training 
instability 

Cross-lingual 
CALM, 

CLIDCap [50] 

Multilingual 
Transformer, 

Attention Fusion 

BLEU-4: ~30+ 
(multi-lang) 

Language 
adaptability 

Domain 
vocabulary 
mismatch 

Lightweight SCAP [20] Efficient Attention BLEU-4: ~29 
Low 

computation 
Trade-off with 

semantic depth 

Transformer 
X-Transformer 
[51], TSFNet 

[47] 

Self-Attention, 
Parallel Tokens 

BLEU-4: 35+, 
CIDEr: 110+ 

Strong context 
modeling 

High training 
cost 

 
The implementation of attention methods enhanced model concentration on prominent visual areas, resulting in 

greater descriptive detail, while simultaneously increasing architectural complexity [51], [46]. Transformer-based 
systems utilizing Embedded Heterogeneous Attention or Cross on Cross Attention [52], [51] have markedly enhanced 
long-range dependency modelling and semantic alignment. These models attain superior performance, frequently 
surpassing BLEU-4 scores of 35 and CIDEr scores exceeding 110 on regular datasets, establishing them as state-of-
the-art for general-purpose captioning [53]. 

Hybrid models enhance this potential by including semantic knowledge, hierarchical encoding, or retrieval-based 
assistance.  The Triple-Stream Fusion Network (TSFNet) integrates vision, text, and external knowledge to provide 
more precise and contextually aware captions [47]. Concurrently, models based on reinforcement learning enhance 
task-specific measures such as CIDEr but encounter difficulties in training stability [48], [49]. 

Recent advancements emphasize cross-domain generalization and multilingual adaption. Cross-lingual models 
utilizing consensus-aware learning and heterogeneous attention [50] demonstrate promising outcomes across many 
linguistic contexts, whilst lightweight designs like SCAP [20] seek to minimize computational demands without 
substantially sacrificing accuracy. 

The progression of model development illustrates a compromise between performance improvements and 
computational intricacy. Transformer-based and knowledge-enhanced models consistently surpass previous CNN-RNN 
methodologies, particularly in terms of accuracy and contextual fluency. Nonetheless, practical implementation is limited 
by computing requirements, necessitating additional investigation into efficiency-focused captioning methods. 

 
3.2 Discussion Based on Research Questions 

This subsection addresses the research questions provided in this study by utilizing the conclusions derived from 
the reviewed literature.  The data from the 36 selected papers facilitates a deeper understanding of the evolution, trends, 
and persistent challenges in image captioning research, addressing each inquiry.  The responses aim to highlight both 
the achievements and the aspects that require additional investigation. 
 

RQ1: How do current multimodal fusion techniques improve the accuracy of image captioning models compared 
to unimodal approaches? 

 
Multimodal fusion approaches enhance caption accuracy by allowing the model to grasp more nuanced 

contextual meanings through several input modalities.  The TSFNet approach amalgamates visual features, hierarchical 
scene comprehension, and semantic attention over three simultaneous streams, facilitating more thorough caption 
production [47]. This architecture yields a significant enhancement in CIDEr and BLEU scores relative to unimodal CNN-
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RNN models [44], which generally analyze solely visual variables without accounting for semantic depth.  The 
competitive advantage resides in TSFNet's capacity to synchronize image regions with textual semantics, hence 
minimizing generic or misaligned captions. Figure 5 explains that to create a truly good image description, an AI model 
cannot simply “see” the image (unimodal), but must also “understand” the meanings, concepts, and relationships within 
it (multimodal). 

 

 
Figure 5. Workflow Comparison between CNN-RNN and Transformer Architectures for Image Captioning Tasks 

 
RQ2: How do image captioning models address data bias and security issues, and to what extent are fairness 

metrics applied in model evaluation? 
  

Many models prioritize enhancing accuracy, neglecting the examination of fairness and bias. Bengali captioning 
models utilizing EfficientNetV2S and Inception ResNetV2 address low-resource language bias by employing domain-
specific datasets [17], [18]. Nonetheless, these initiatives are devoid of standardized fairness indicators or assessments 
for demographic representativeness. Current models seldom explicitly address security problems, including adversary 
image disturbances and hallucination threats. The emphasis persists on metric optimization (e.g., BLEU, METEOR), 
highlighting a distinct research deficiency in fairness-aware image captioning. 
 

RQ3: How does the Transformer-based model perform compared to a CNN-RNN architecture in generating more 
accurate and contextual image descriptions? 

 
Transformer-based models exhibit enhanced efficacy in semantic alignment and contextual fluency.  Models 

employing Cross on Cross Attention [51] or Embedded Heterogeneous Attention [52] consistently surpass CNN-LSTM 
models [44], [45] on conventional benchmarks. Transformer models can simultaneously focus on numerous visual 
regions and preserve long-range dependencies in text production, facilitating more cohesive and informative captions.  
Conversely, CNN-RNN systems frequently generate more simplistic and less informative captions owing to their 
sequential nature and restricted context modelling. The performance disparity is apparent in BLEU-4 score 
enhancements exceeding 5–7 points for Transformer-based models. Figure 6 is a comparative illustration showing the 
evolution and superiority of AI technologies for image understanding, where Transformer is the superior approach. 
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Figure 6. Architectural and Performance Comparison between CNN-RNN and Transformer Paths 

 
RQ4: How can prompt engineering strategies improve the quality of descriptions produced by vision-language-

based image captioning models such as CLIP and BLIP? 
 
Prompt Engineering markedly enhances the quality of descriptions by offering structured directives to the 

language-vision model.  This strategy is executed using several methodologies in the studied literature.  For instance, 
Knowledge Distillation Prompting [53] use distilled knowledge to enhance the model's comprehension, hence 
strengthening the recognition of linkages between things. Cascade Semantic Prompt Alignment employs a hierarchical 
prompt structure to comprehend multi-level contexts, proving highly effective in deconstructing intricate visual sceneries.  
These methods, functioning as advanced promotions, have been demonstrated to enhance the relevance and detail of 
descriptions generated by models such as CLIP and BLIP. 
 

RQ5: How can the integration of knowledge graph with image captioning models enrich semantic information in 
image descriptions? 

 
The incorporation of knowledge graphs enables models to transcend mere object recognition by integrating 

external semantic linkages. The analyzed study indicates that Axiom captioning employs graph neural networks to 
facilitate advanced reasoning in mathematical picture production [34], but semantic scene encoders such as SSE [21] 
more successfully depict spatial and relational context.  These methodologies result in captions that encompass inferred 
concepts rather than solely observed content, so enhancing coherence and depth of meaning. 

 
RQ6: To what extent are current multilingual image captioning techniques able to accommodate linguistic and 

cultural variations in image description? 
 
Multilingual capabilities are starting to develop, especially in models evaluated on Bengali datasets [17], [18].  

These models demonstrate basic fluency in low-resource languages; nevertheless, they have yet to integrate cultural 
context or stylistic adaptation. The captions are often literal translations instead of culturally relevant storytelling. This 
suggests that although multilingual captioning is technically achievable, the semantic quality across cultures poses a 
barrier that necessitates additional investigation. 

 
RQ7: How do current image captioning models balance the trade-off between caption accuracy and 

computational efficiency in resource-constrained environments? 
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Efficiency-oriented models such as SCAP [20] implement streamlined attention methods to minimize 
computational time and resource requirements. These models attain satisfactory accuracy (BLEU-4 around 29), 
although remain inferior to larger Transformer-based models in terms of richness and fluency. The trade-off prioritizes 
real-time or mobile deployment, albeit at the expense of detailed captioning, particularly in intricate scenarios.  This 
underscores a persistent performance-efficiency disparity in the domain. 

 
RQ8: How does the development of vision-language foundation models such as Flamingo, GIT, and LLaVA affect 

accuracy and generalization in image captioning tasks? 
 
The emergence of foundational language-vision models (VLM) like Flamingo, GIT, and Llava has profoundly 

transformed the methodology of image captioning.  Even though not all are included among the 36 publications 
meticulously selected through PRISMA, a comprehensive analysis of contemporary trends would be incomplete without 
addressing their influence. The choice of these three models as representative pillars is grounded in their distinct 
contributions, Flamingo is distinguished by its effective few-shot learning capabilities, enabling swift adaptability with 
limited data [54]. Git from Microsoft demonstrates the efficacy of a singular generative architecture that attains state-of-
the-art performance across multiple benchmarks following extensive pre-training [55]. Simultaneously, Llava advanced 
an architectural framework that integrates a vision encoder with a Large Language Model (LLM) for activities 
necessitating reasoning and comprehension of directives [56]. Their combined effect is a notable enhancement in zero-
shot generalization, cross-domain accuracy, and the capacity to generate more sophisticated descriptions, establishing 
new benchmarks for future models. Figure 7 summarizes and illustrates the significant impacts of Vision-Language 
Foundation Models on the field of Image Captioning. 

 

 
Figure 7. A concept Map Summarizing the Impact of Vision-Language Foundation Models (VLFM) on the Field of 

Image Captioning 
 

RQ9: How effective are newer data augmentation techniques, such as GAN-based augmentation or synthetic 
data generation, in improving the quality of image captioning models? 

 
Synthetic augmentation techniques have demonstrated the ability to improve model robustness, especially in 

areas with scarce data. In medical and remote sensing applications, methods such as patch-based masking [8] and 
noise injection [12] have been employed to replicate real-world conditions. These augmentations enhance caption 
stability and precision across diverse input qualities; however, the intricacy of synthetic pipeline integration may prolong 
training duration. 

 
RQ10: How do novel pretraining and fine-tuning strategies in image captioning models affect the model's 

generalization ability across different domains? 
 
Pretraining on varied vision-language tasks followed by fine-tuning on certain domains markedly improves 

generalization.  For example, models such as SSE [57] and SATIC [28] utilize semantic guidance or self-attention 
mechanisms during fine-tuning to adjust to new domains, including medical imaging. These methodologies regularly 

https://doi.org/10.22219/kinetik.v10i4.2305


Kinetik: Game Technology, Information System, Computer Network, Computing, Electronics, and Control 
 

© 2025 The Authors. Published by Universitas Muhammadiyah Malang 
This is an open access article under the CC BY NC SA license (https://creativecommons.org/licenses/by-nc-sa/4.0/) 

 

 

 

                    

 

484 

produce superior accuracy and contextual awareness relative to models developed from the ground up, demonstrating 
that intentional pretraining is a crucial facilitator of domain transferability. 
 
3.3 Summary of Key Findings 

This review delineates key trends and deficiencies in the advancement of image captioning models. Transformer-
based and vision-language foundation models have markedly surpassed conventional CNN-RNN architectures in 
producing precise and contextually nuanced descriptions, while presenting new trade-offs in computational expense. 
Prompt engineering and knowledge integration serve as effective ways to improve semantic alignment and domain-
specific reasoning, especially in zero-shot and specialized scenarios. Notwithstanding these advancements, issues 
remain in guaranteeing equity, addressing linguistic and cultural subtleties, and sustaining efficiency in resource-
constrained settings. Present methods exhibit constrained efficacy in bias reduction and multilingual adaptation, 
underscoring the necessity for more inclusive and socially responsible captioning frameworks. The efficacy of 
pretraining, fine-tuning, and data augmentation techniques is apparent in enhancing model generalization, while their 
implementation is still disjointed. These findings collectively emphasize the need for a more cohesive, efficient, and 
egalitarian strategy in the future development of image captioning systems. 

 
4. Conclusion 

This paper provides a thorough systematic literature evaluation that charts the development of image captioning 
algorithms from 2017 to 2025. The analysis of 36 selected articles confirmed a substantial paradigm change from 
traditional CNN-RNN architectures to more advanced Transformer-based models and Vision-Language Models (VLM). 
The primary findings indicate that this contemporary method consistently yields a description that excels in accuracy, 
contextual coherence, and semantic comprehension. This advancement is bolstered by the incorporation of fresh 
methodologies, including rapid engineering, knowledge graphs, and intricate multimodal attention procedures.  The 
advent of VLMs such as Flamingo, Git, and Llava has significantly expanded the boundaries of generalization 
capabilities and zero-shot learning applications. 

The primary contribution of this work consists of three layers. Initially, we present a systematic historical 
framework that delineates the chronological evolution of architecture and highlights the principal technological 
milestones within this domain. Secondly, we consolidate the efficacy of diverse advanced methodologies, providing 
researchers with a cohesive framework to comprehend the trade-offs of different approaches. Third, by precisely 
delineating the unresolved issues, we pinpoint the most pressing research gaps, particularly with bias, computing 
efficiency, and multilingual capabilities. 

Future research should concentrate on advancing efficient architectural computers for enhanced accessibility, 
establishing standardized benchmarks for assessing justice and prejudice mitigation, and augmenting multilingual 
models with profound cultural contexts rather than mere literal translations. By addressing these challenges, the domain 
of image captioning can progress towards developing models that not only see but also comprehend the visual world 
with accuracy, equity, and utility. 
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