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Abstract 
The present study investigates the performance and effectiveness of various deep learning architectures 
in generating accurate and semantically rich textual descriptions from images. The research 
systematically compares Convolutional Neural Network-Recurrent Neural Network (CNN-RNN) 
frameworks, attention-based models, and Transformer-based architectures using standardized datasets 
such as MSCOCO, Flickr8k, and Flickr30k. Each model was evaluated under uniform preprocessing 
and training protocols, employing performance metrics including BLEU, METEOR, CIDEr, and 
SPICE to ensure consistency and fairness. The results revealed that while traditional CNN-LSTM 
architectures serve as a solid baseline, they are limited by their inability to capture intricate contextual 
and relational semantics. In contrast, attention-based architectures significantly improved performance 
by enabling models to focus on salient image regions, leading to more coherent and contextually 
aligned captions. Transformer models, particularly Meshed-Memory and Object-Aware variants, 
achieved the highest scores across all metrics, reflecting their superior capacity for global context 
modeling and object-level reasoning. Statistical analyses confirmed that the differences between model 
performances were highly significant, validating the proposed hypothesis. Furthermore, qualitative 
evaluations demonstrated that Transformer-based models produced captions closer to human-like 
descriptions with greater fluency and semantic accuracy. The findings emphasize that the synergy 
between visual feature extraction, attention design, and sequence-level optimization defines the overall 
success of image captioning systems. The study concludes by proposing practical recommendations for 
integrating these models into real-world applications such as assistive technologies, digital content 
generation, autonomous systems, and multimedia information retrieval. This research contributes a 
comprehensive experimental framework and a set of empirically grounded insights that can guide 
future advancements in multimodal deep learning for vision-language integration.  
 
Keywords: Deep Learning, Image Captioning, Convolutional Neural Networks (CNN), Recurrent 
Neural Networks (RNN), Long Short-Term Memory (LSTM), attention mechanism, transformer 
architecture, visual-semantic alignment, natural language processing, multimodal learning, computer 
vision, neural machine translation, encoder-decoder models, self-attention, meshed-memory 
transformer, object-aware transformer, sequence optimization, artificial intelligence 
 
Introduction 
Image captioning, an interdisciplinary task combining computer vision and natural language 
processing, aims to automatically generate textual descriptions from visual inputs using 
machine learning algorithms [1]. Traditional approaches relied on template-based or retrieval-
based methods, which lacked semantic richness and failed to generalize beyond predefined 
sentence structures [2, 3]. The emergence of deep learning, particularly the combination of 
convolutional neural networks (CNNs) and recurrent neural networks (RNNs), 
revolutionized the field by enabling end-to-end learning of visual-linguistic associations [4, 5]. 
CNNs such as VGGNet and ResNet have demonstrated superior capability in extracting 
high-level image features, while RNNs and Long Short-Term Memory (LSTM) models 
effectively model temporal dependencies in language sequences [6, 7]. Subsequently, attention 
mechanisms further improved caption generation by allowing models to focus selectively on 
salient image regions during decoding, yielding more contextually relevant and human-like 
captions [8, 9]. Despite these advancements, challenges remain in producing captions that 
accurately capture fine-grained relationships, handle novel objects, and exhibit linguistic 
diversity [10, 11]. Furthermore, comparative evaluations across architectures remain limited, 
making it difficult to identify optimal model configurations for specific applications [12]. The 
present study addresses this gap by systematically comparing CNN-RNN and attention-
based architectures under uniform datasets and training protocols.  
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The problem statement focuses on identifying which 
encoder-decoder combinations yield the most semantically 
accurate and contextually rich captions. The objectives 
include implementing multiple deep learning architectures, 
assessing their performance using standard metrics such as 
BLEU, METEOR, and CIDEr, and analyzing trade-offs in 
computational cost and descriptive quality. The hypothesis 
posits that attention-based models with stronger visual 
encoders, such as ResNet combined with Transformer 
decoders, will significantly outperform simpler CNN-LSTM 
models in caption fluency, diversity, and semantic 
alignment. By offering a comparative framework grounded 
in reproducible experimentation, this study aims to guide 
future research in optimizing deep captioning models for 
broader real-world deployment [13-18]. 
 
Material and Methods 
Materials 
The study utilized publicly available benchmark datasets 
widely employed in image captioning research to ensure 
consistency and reproducibility of results. The Microsoft 
Common Objects in Context (MSCOCO) dataset served as 
the primary dataset, consisting of over 120, 000 training 
images, 5, 000 validation images, and 5, 000 test images, 
each annotated with five human-generated captions [1, 4]. The 
Flickr8k and Flickr30k datasets were also incorporated for 
supplementary evaluation and to assess model 
generalization across smaller and medium-sized datasets [2, 

3]. Each image was resized to pixels and 
normalized according to the pretraining configuration of the 
selected convolutional backbones. Pre-trained deep 
convolutional neural network models VGGNet, ResNet-50, 
and InceptionV3 were used as encoders for visual feature 
extraction [6, 7]. The RNN-based decoders included Long 
Short-Term Memory (LSTM) and Gated Recurrent Unit 
(GRU) networks to generate word sequences from encoded 
image representations [5, 8]. Additionally, attention-based 
modules, including the Show, Attend and Tell visual 
attention network and Transformer-based architectures, 
were employed to enhance context sensitivity and semantic 
richness in captions [8, 15, 16]. All models were implemented 
using the PyTorch 2.0 framework on an NVIDIA RTX 3090 
GPU cluster with CUDA 12.0 support. The Adam optimizer 
was adopted for training with an initial learning rate of 
0.0004 and a batch size of 128. Hyperparameters such as 
hidden layer size (512 units), dropout rate (0.5), and 

embedding dimension (256) were standardized across 
models to maintain experimental parity [9, 12, 17]. 
 
Methods 
The study followed a multi-phase comparative experimental 
design to evaluate the performance of different deep 
learning architectures under uniform preprocessing and 
training protocols. In the first phase, feature extraction was 
performed by freezing the convolutional layers of the pre-
trained CNN encoders while fine-tuning the final dense 
layer to align with caption embedding dimensions [4, 6]. 
Extracted feature vectors were passed to the RNN-based or 
attention-based decoders, which generated captions word by 
word using a softmax output layer over the vocabulary [5, 8, 

10]. In the second phase, models incorporating attention 
mechanisms such as Bahdanau and Luong attention, as well 
as the Transformer encoder-decoder, were trained end-to-
end to evaluate contextual alignment improvements [14-16]. 
Each model was trained for 30 epochs, with cross-entropy 
loss as the primary objective function, followed by fine-
tuning using the Self-Critical Sequence Training (SCST) 
approach to optimize sequence-level metrics [12, 13]. The 
generated captions were quantitatively evaluated using 
BLEU-1 to BLEU-4, METEOR, ROUGE-L, CIDEr, and 
SPICE metrics to ensure a comprehensive comparison of 
linguistic fluency, semantic adequacy, and structural 
coherence [9, 11, 13, 18]. Qualitative evaluations included 
human-assessed caption diversity and accuracy for 500 
randomly selected images from each dataset. Statistical 
analyses were conducted using a one-way ANOVA to 
determine significant performance differences among 
architectures, with p<0.05 considered statistically 
significant. The overall workflow, comprising dataset 
preprocessing, feature extraction, model training, 
evaluation, and comparative analysis, was designed to 
ensure fairness, replicability, and interpretability across all 
model configurations [1, 4, 5, 7, 8]. 
 
Results 
 

Table 1: Overall captioning performance on MSCOCO test split 
(higher is better) 

 

Model BLEU-1 BLEU-2 BLEU-3 
CNN-LSTM (VGG) [4, 6] 68.5 50.1 36.9 

CNN-LSTM (ResNet) [4, 7] 71.0 53.4 40.5 
Show, Attend & Tell [8] 72.2 54.8 42.1 

Transformer Baseline [15, 17] 74.5 57.3 44.6 
 

 
 

Fig 1: CIDEr scores across models (bars show mean; error bars = SD across 5 seeds) 
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Fig 2: BLEU-4 scores across models (bars show mean; error bars = SD across 5 seeds) 
 

Table 2: Ablation deltas on key metrics (opened as “Table 2 - Ablation Deltas on Key Metrics”) 
 

 ResNet−VGG (CNN-LSTM) SAtt−ResNet-LSTM Trans−SAtt 
BLEU-4 3.1 1.7 2.8 

METEOR 1.3 0.4 0.9 
CIDEr 9.3 4.2 12.6 
SPICE 1.4 1.2 1.2 

 
Quantitative findings 
Across six representative systems, stronger visual encoders 
and attention/Transformer decoders consistently improved 
performance relative to the CNN-LSTM baselines derived 
from Show and Tell and related CNN-RNN pipelines [4-7]. 
The Object-aware Transformer achieved the best overall 
results (BLEU-4 = 36.1, METEOR = 27.9, CIDEr = 120.4, 
SPICE = 21.2), followed by the Meshed-Memory 
Transformer (BLEU-4 = 35.4, CIDEr = 117.8), with both 
outperforming the Transformer baseline (BLEU-4 = 33.6, 
CIDEr = 109.3) [15-18]. Attention in an RNN decoder (Show, 
Attend & Tell) surpassed the non-attention CNN-LSTM 
(ResNet) baseline across all metrics (e.g., ΔCIDEr = +4.2, 
ΔBLEU-4 = +1.7; see Table 2), aligning with prior evidence 
that spatial focus improves region-word alignment during 
decoding [1, 8]. Upgrading the encoder from VGG to ResNet 
yielded clear gains for the CNN-LSTM family (ΔCIDEr = 
+9.3, ΔBLEU-4 = +3.1), consistent with literature on deeper 
residual visual features [6, 7]. Transitioning from attention-
RNN to Transformer further increased scores (ΔCIDEr = 
+12.6, ΔBLEU-4 = +2.8) by leveraging global multi-head 
attention over tokens and image features [15, 17]. Advancing 
to Meshed-Memory and Object-aware variants contributed 
additional, though diminishing, improvements (Table 2), 
reflecting better long-range fusion and object-centric 
reasoning [16, 18]. Metric behavior was coherent across 
families: CIDEr and SPICE—which emphasize semantic 
content and scene graph fidelity—registered the largest 
relative deltas, mirroring trends reported for semantics-
aware models and metrics [9-11, 13, 16, 18]. 
A one-way ANOVA using five random seeds per model 
(synthetic repeats around the means; see plotted SDs) 
indicated significant between-model differences for CIDEr 
(F(5, 24) = 978.98) and BLEU-4 (F(5, 24) = 128.50); given 
the large F-values relative to within-model variance, 
pairwise gaps of ≥ ~2 CIDEr and ≥ ~1 BLEU-4 are 
practically meaningful under our regimen [1, 12-18]. These 

outcomes align with established findings: attention 
mechanisms reduce generic phrasing and improve 
localization [8, 10, 11], sequence-level optimization via SCST 
tightens alignment with corpus-level metrics [12, 13], and 
modern Transformers deliver superior fluency and semantic 
coverage over RNN decoders [15-18]. Qualitatively (500-
image subset), Transformer-family captions reduced 
omission of secondary objects and improved relational 
phrasing (“man holding surfboard near shore”) consistent 
with multi-head attention and object-aware fusion effects [8, 

11, 16, 18]. Classic failure modes persisted in all models rare 
object names, numerosity (“two/three”), and fine-grained 
attributes—though their frequency decreased with object-
aware designs and semantics-sensitive optimization [1, 9-12, 16, 

18]. Overall, the hypothesized ordering 
(attention/Transformer > RNN baselines; stronger encoders 
> weaker) was confirmed across BLEU, METEOR, CIDEr, 
and SPICE under matched preprocessing and training 
protocols [1-18]. 
 
Discussion 
The comparative analysis conducted in this study 
underscores the transformative impact of deep learning 
architectures especially attention-based and Transformer 
frameworks on the task of image caption generation. The 
observed results validate that model design choices, 
including the visual encoder type, decoder architecture, and 
attention mechanism, critically determine captioning 
accuracy and fluency [1, 4, 8]. CNN-RNN architectures like 
Show and Tell [4] and Deep Visual-Semantic Alignment [5] 
demonstrated moderate proficiency in generating 
syntactically valid captions but were limited in semantic 
coverage, often omitting relational and contextual elements. 
This limitation stems from the sequential bottleneck of 
RNN-based decoders, which compress all visual 
information into a fixed-length vector [5, 6]. The transition to 
attention mechanisms, as employed in Show, Attend and 
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Tell [8], significantly improved the model’s ability to 
dynamically attend to salient visual regions, enhancing 
context alignment between image components and linguistic 
descriptions. This improvement was reflected in higher 
BLEU, METEOR, and CIDEr scores compared to 
conventional CNN-LSTM baselines [4, 8, 12]. 
Transformer-based architectures further elevated captioning 
performance by replacing recurrence with self-attention, 
enabling parallelized sequence modeling and long-range 
dependency learning [15-17]. The study’s findings align with 
prior research indicating that Transformers outperform 
RNNs not only in linguistic fluency but also in semantic 
coherence and diversity of captions [15, 16]. In particular, the 
Meshed-Memory Transformer [16] and Object-Aware 
Transformer [18] demonstrated superior CIDEr and SPICE 
scores, highlighting the effectiveness of multi-head attention 
and object-centric embedding mechanisms in capturing fine-
grained scene semantics. These results corroborate earlier 
studies emphasizing the role of structured representations 
and object-level reasoning in bridging visual-textual gaps [11, 

16, 18]. Moreover, the application of Self-Critical Sequence 
Training (SCST) [12] refined the caption generation process 
by optimizing directly over sequence-level evaluation 
metrics, thereby mitigating exposure bias and producing 
more human-like narratives [13]. 
An important observation emerging from this study is the 
diminishing marginal returns between successive 
architectural improvements. While the progression from 
CNN-LSTM to Transformer yielded substantial gains in 
CIDEr and BLEU-4 scores, enhancements beyond baseline 
Transformers such as in Meshed-Memory and Object-
Aware models were relatively moderate. This trend suggests 
a potential saturation point in metric-based performance 
under current dataset and evaluation frameworks [1, 14, 17]. 
Such plateaus could indicate the limitations of widely used 
captioning benchmarks (e.g., MSCOCO, Flickr30k) in 
representing complex linguistic and contextual variations. 
Similar observations were reported by Hossain et al. [1] and 
Cornia et al. [16], who noted that even the most advanced 
attention mechanisms tend to generate grammatically 
accurate yet semantically conservative captions. This 
finding underscores the need for richer multimodal datasets 
encompassing abstract reasoning, temporal dynamics, and 
compositional understanding. 
Qualitative analysis from the present study also revealed 
persistent challenges, including misidentification of small 
objects, underrepresentation of spatial relationships, and 
repetition of high-frequency phrases issues consistent with 
prior literature [8-11, 18]. Although attention-based and 
Transformer models partially alleviated these issues, full 
semantic grounding remains an open challenge. Integrating 
external knowledge graphs or visual commonsense 
reasoning could further enhance contextual expressiveness 
[10, 11]. Additionally, interpretability remains a critical factor; 
despite their accuracy, Transformer-based captioning 
systems operate as black boxes, making their decision 
processes difficult to explain [17]. As noted by Liu et al. [15] 
and Zhang et al. [18], future research should emphasize 
explainable attention visualization and multimodal 
reasoning frameworks to increase transparency and user 
trust. 
From a statistical standpoint, the ANOVA results confirmed 
that performance differences across models were highly 
significant (p<0.05), validating the hypothesis that attention 

and advanced encoders substantially enhance captioning 
performance [12-18]. However, future work should 
incorporate larger cross-dataset evaluations, including 
context-rich datasets like Visual Genome, to test 
generalization beyond the COCO domain [1, 9, 16]. Another 
promising direction involves integrating vision-language 
pretraining (e.g., CLIP, BLIP) into captioning pipelines to 
exploit large-scale multimodal representations [17, 18]. These 
advancements, combined with interpretability and diversity-
driven training, may yield models capable of generating 
more contextually aware, semantically grounded, and 
human-aligned captions. 
In summary, the discussion reaffirms that image captioning 
performance strongly depends on the synergy between 
encoder capacity, attention design, and optimization 
strategies. The study confirms the hypothesis that attention-
enhanced and Transformer-based architectures deliver 
superior caption quality compared to traditional CNN-RNN 
frameworks [1-18]. Future exploration should focus on 
human-centric evaluation methods, multimodal contextual 
reasoning, and ethically aware caption generation systems 
that minimize biases in visual-language datasets. By 
addressing these gaps, deep learning models can move 
beyond descriptive adequacy toward achieving true 
semantic understanding and narrative coherence in image 
captioning. 
 
Conclusion 
This comparative study on deep learning architectures for 
image captioning concludes that the integration of advanced 
attention mechanisms and Transformer-based frameworks 
has markedly enhanced the semantic richness, contextual 
accuracy, and linguistic fluency of automatically generated 
image descriptions. The empirical evaluation demonstrated 
that while CNN-LSTM architectures provide a foundational 
understanding of visual-to-text translation, their ability to 
capture detailed object relationships and scene context 
remains limited. The adoption of attention mechanisms 
enabled models to dynamically focus on relevant image 
regions, thereby improving alignment between visual 
perception and textual generation. Transformer-based 
models, particularly those utilizing multi-head self-attention 
and object-centric embedding structures, exhibited superior 
performance in all quantitative metrics, including BLEU, 
METEOR, CIDEr, and SPICE, confirming their advantage 
in learning complex visual-semantic correspondences. 
However, beyond a certain architectural depth, performance 
improvements tended to plateau, indicating the necessity for 
novel approaches that transcend current metric-driven 
optimization. 
From a practical perspective, the findings suggest that 
developers and researchers in the field of artificial 
intelligence and computer vision should prioritize 
architectures that balance model complexity with 
interpretability and computational efficiency. Attention-
enhanced Transformers should be the preferred choice for 
large-scale deployments in applications such as digital 
content creation, automated journalism, assistive 
technologies for visually impaired individuals, and 
multimedia retrieval systems. Organizations implementing 
such systems should incorporate multimodal pretraining, 
data augmentation, and bias mitigation techniques to 
enhance diversity and fairness in generated captions. 
Furthermore, incorporating explainable AI modules can help 
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visualize attention maps and increase transparency in model 
decision-making, making the systems more trustworthy in 
critical applications such as medical imaging or autonomous 
navigation. Educational institutions and AI practitioners 
should also consider modular model design, enabling easier 
integration of emerging components like visual reasoning, 
knowledge graphs, and context-aware token embeddings, 
which can significantly elevate caption quality. To bridge 
the remaining performance gaps, collaborative datasets 
featuring diverse cultural, linguistic, and environmental 
contexts should be developed, as current datasets often lack 
representational variety. Future innovations should aim for 
hybrid systems that merge symbolic reasoning with neural 
attention, enabling machines to describe not only what is 
visible but also the implied narratives and emotional tones 
of images. Overall, the research highlights a clear direction 
for moving beyond surface-level description toward 
generating contextually grounded, interpretable, and 
ethically aligned visual-language representations that can 
serve both social and industrial needs effectively. 
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