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Abstract. Automatic image captioning is essential for gen-
erating natural language descriptions by extracting mean-
ingful features and understanding contextual relationships
in images. While traditional methods like CNN-RNN mod-
els struggle with computational complexity and spatial
awareness, multimodal Large Language Models (LLMs)
offer an alternative but often lack object precision and are
computationally expensive. In this work, we propose a
novel image captioning framework that combines a fine-
tuned YOLOv8 model with an LLM for efficient and ac-
curate caption generation. YOLOv8 detects objects, ex-
tracts their names, confidence scores, and bounding box
coordinates, which are filtered based on confidence levels
above 0.5 before being passed to the LLM. This integra-
tion results in richer, more contextually accurate captions
with lower inference time compared to existing methods.
We evaluate our approach against multimodal LLMs and
CNN-RNN models, demonstrating that it significantly im-
proves efficiency while maintaining high caption quality.
This method provides a promising solution for real-time
applications, offering faster and more reliable image cap-
tioning for systems such as autonomous technologies and
content generation.

1 Introduction
Automatic image captioning is a fundamental task in com-
puter vision that aims to generate natural language de-
scriptions of images by extracting meaningful features and
understanding the contextual relationships within a scene.
Traditional approaches, such as Convolutional Neural Net-
works (CNNs) combined with Recurrent Neural Networks
(RNNs) utilizing Long Short-Term Memory (LSTM) or
Gated Recurrent Units (GRU), have been widely adopted
for this task. More recently, multimodal Large Language
Models (LLMs) have emerged, demonstrating the capa-
bility to generate captions directly from images. How-
ever, these models often suffer from limitations such as
the inability to maintain precise object details and spa-
tial awareness, while also being computationally expensive
with longer inference times, making them less efficient for
real-time applications.

In this study, we propose a novel image caption-
ing framework that integrates a fine-tuned YOLOv8 [1]
model with an LLM to generate contextually accurate, de-
tailed, and efficient image descriptions. We utilize the
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ADE20K [2] dataset to fine-tune a pre-trained YOLOv8 [1]
model for object detection, enabling precise identification
of objects along with their confidence levels and bounding
box coordinates. To ensure reliability, we filter detected
objects based on a confidence threshold of 0.5, passing
only high-confidence detections to the LLM [3] for caption
generation. By incorporating spatial information alongside
object labels, positions, and confidence levels, our method
enables the LLM [3] to produce more structured and de-
scriptive captions that accurately reflect the scene.

To evaluate the effectiveness of our proposed ap-
proach, we conduct a comparative analysis against two
widely recognized captioning methods: (1) multimodal
LLM-based caption generation, which directly generates
captions from images, and (2) CNN-RNN-based [4] mod-
els, where feature extraction via CNNs is followed by se-
quence generation using LSTMs or GRUs. Through ex-
tensive experiments, we demonstrate that our fine-tuned
YOLOv8 + LLM framework generates captions that not
only preserve the semantic integrity of objects but also
maintain a standard level of captioning quality. Our results
highlight the advantages of incorporating structured object
detection data into LLM-based captioning, leading to im-
proved accuracy and informativeness compared to existing
approaches. The key contributions of our work include:

• The integration of a fine-tuned YOLOv8 model
with an LLM to enhance image captioning per-
formance.

• A confidence-based filtering mechanism to en-
sure accurate and reliable object detection before
caption generation.

• A structured approach that incorporates object la-
bels, confidence scores, and spatial positions to
improve caption informativeness.

• A comparative evaluation demonstrating the effi-
ciency of our method against multimodal LLM-
based and CNN-RNN-based captioning models.

Our approach aligns with ongoing advances in
data-driven artificial intelligence, emphasizing the impor-
tance of structured visual input for generating high-quality
image descriptions. We believe that this framework can
serve as a foundation for future research in vision-language
modeling and real-world applications such as assistive
technologies and content generation.



2 Related Works
Recent approaches in image captioning leverage multi-
modal architectures to enhance semantic richness, though
they differ significantly in spatial precision, computational
efficiency, and real-time applicability. Rotstein et al. [5]
introduced FuseCap, combining LLMs with object detec-
tion and OCR to enrich captions, yet it struggled with cap-
turing spatial relationships. Yang et al. [6], through LDRE,
improved visual reasoning by ensemble captioning, but at
the expense of heavy computational overhead, unlike the
simpler but spatially limited approach of FuseCap. Kim et
al. [7] presented MLBCAP, using multiple LLMs for sci-
entific figure captioning, emphasizing informativeness and
clarity. However, MLBCAP relied on closed-source mod-
els and faced computational limitations similar to those in
Patel et al. [8], whose Meta Llama-3.2-11B-Vision also
exhibited latency issues despite broad domain applicabil-
ity. Chen et al. [9] developed Attention Buckets, enhanc-
ing LLM attention mechanisms internally, thus improving
contextual understanding. This internal modification dif-
fered from input-based methods like FuseCap or LDRE
but incurred greater computational complexity and mem-
ory requirements. Li et al. [10] proposed CAT-LLM, opti-
mized for retrieval tasks but compromised inference speed
and lacked spatial object structuring. Matsuyama et al.
[11]’s LaVCa addressed fMRI-based captioning with high
interpretability but did not handle visual scenes or spatial
context. Other approaches, like Admoni et al.’s [12] SyS-
LLM, Bhambri et al.’s [13] MEDIC, and Sun et al.’s [14]
MDP3, focused on specialized domains such as reinforce-
ment learning or video frame selection, diverging from
real-time captioning of static visual scenes. In contrast, our
proposed method uniquely integrates efficient YOLOv8-
based object detection with structured, spatially-aware in-
puts to an LLM, addressing prior gaps in spatial precision,
inference efficiency, and suitability for real-time applica-
tions. Table 1 shows the comparison of the recent works
with the proposed method.

3 Methodology
This section provides a detailed overview of the network
architecture, and the complete workflow.

3.1 Dataset

In this method, we utilize two primary datasets to en-
hance object detection capabilities for our image caption-
ing model. The first is the COCO (Common Objects in
Context) [15] dataset, which serves as the foundation for
the pre-trained YOLOv8 model. COCO [15] contains a
diverse set of object categories and rich annotations, mak-
ing it suitable for initial object detection tasks. To further
enhance the model’s ability to detect a wider variety of
objects, particularly those not well-represented in COCO
[15], we introduce the ADE20K [2] dataset. ADE20K [2]
includes additional categories such as trees, rivers, moun-
tains, sky, and other natural elements, which are crucial
for generating more comprehensive and contextually ac-
curate captions in outdoor and nature scenes. By fine-

tuning the YOLOv8 [1] model with ADE20K [2], we en-
able the model to detect a broader range of objects, en-
suring it performs effectively across diverse image scenar-
ios. The combination of these datasets allows us to enrich
object recognition and improve the overall captioning pro-
cess, particularly for scenes involving natural landscapes
and varied object types.

3.2 Model Architecture

To describe the network architecture (Figure 1) of the pro-
posed model, we divide the process into three phases. First,
we perform object detection using a fine-tuned YOLOv8
model to accurately identify objects in the image. Next, we
extract relevant features along with key information such
as object labels, confidence scores, and spatial positions.
Finally, this extracted information is formatted as a struc-
tured prompt and passed to an LLM, enabling it to generate
detailed and contextually accurate captions efficiently.

3.2.1 Object Detection Using Fine-Tuned YOLOv8

In the first phase of our framework, we utilize a fine-tuned
YOLOv8 model for object detection. YOLOv8 [1] is cho-
sen for its efficiency and accuracy in real-time object de-
tection tasks. We fine-tune the model on the ADE20K
[2] dataset to enhance its ability to detect a wide variety
of objects with high precision. The model outputs de-
tected objects along with their bounding box coordinates
and confidence scores. To ensure only relevant and reli-
able objects are used for caption generation, we employ
a confidence-based filtering mechanism, discarding detec-
tions below a predefined threshold (0.5). This step ensures
that only meaningful objects contribute to the final caption,
improving overall caption accuracy and informativeness.

3.2.2 Feature Extraction and Representation

Once objects are detected, we extract essential features, in-
cluding object labels, confidence scores, and spatial posi-
tions. To ensure the reliability of detected objects, we ap-
ply a filtering step, retaining only those with a confidence
score greater than 0.5. The filtered objects are then struc-
tured into a compact and meaningful representation, which
serves as input for the captioning model. The spatial posi-
tions help the model understand object relationships within
the image, leading to more informative and contextually
accurate descriptions. The extracted features are formatted
into a structured prompt to ensure compatibility with the
LLM used for caption generation.

3.2.3 Caption Generation Using LLMs

In the final phase, the extracted object information is fed
into a Large Language Model (LLM) to generate descrip-
tive and coherent captions. The LLM [3] takes the struc-
tured prompt containing detected objects, their spatial re-
lationships, and confidence scores as input. Using its nat-
ural language generation capabilities, the LLM produces
fluent and contextually relevant captions that describe the
image comprehensively. To further improve caption coher-
ence and factual accuracy, we apply a prompt refinement



Table 1: Comparison of Related Works with the Proposed Method

Work Approach Limitations Comparison to Our Work
Rotstein et al [5] Combines LLM with object

detection, attribute recogni-
tion, and OCR

Weak spatial relationship
modeling between objects

Includes bounding box and spa-
tial data to improve spatial
awareness

Yang et al. [6] Zero-shot image retrieval
using divergent reasoning
and caption ensemble

Computationally heavy due
to multiple captions

Avoids ensemble generation;
more efficient for real-time ap-
plications

Kim et al. [7] Multi-LLM system for sci-
entific figure captioning

Relies on closed-source
LLMs; high computational
cost

Uses a single LLM with ef-
ficient YOLOv8 input; more
lightweight and accessible

Chen et al. [9] Adjusts Rotary Position Em-
bedding angles for better at-
tention

Increases memory usage due
to parallel inference streams

Enhances input structure instead
of changing model architecture

Matsuyama et al.
[11]

LLM-based voxel-level cap-
tioning from fMRI data

Domain-specific; lacks vi-
sual feature detail; resource-
intensive

Optimized for general image
scenes; designed for real-time
use

Patel et al. [8] Multimodal LLM for cross-
domain captioning

High latency; unsuitable for
real-time

Reduces latency by offloading
detection to YOLOv8; enables
faster captioning

Admoni et al. [12] Uses LLMs for summariz-
ing RL policies in natural
language

Requires precise inputs;
computationally demanding

Simplifies the pipeline; avoids
RL complexity for general-
purpose images

Bhambri et al.
[13]

Integrates LLM with feed-
back critic in RL

High cost due to iterative
feedback

Direct, single-pass caption gen-
eration without iterative loops

Sun et al. [14] Frame selection with DPP
and MDP for video caption-
ing

Computationally intensive
for long videos

Supports single-image caption-
ing without temporal reasoning

strategy where the model generates multiple candidate cap-
tions, which are then summarized or re-ranked based on
predefined quality metrics. This process ensures that the
generated captions remain concise, informative, and well-
aligned with the visual content of the image.

3.3 Evaluation Metrics

To assess the performance of our proposed model, we em-
ploy the following evaluation metrics:

• BLEU-4 [16] and METEOR [17]: Standard
captioning metrics used to evaluate linguistic
quality, coherence, and relevance of the generated
captions.

• CLIPScore [18] (Cosine Similarity): A metric
that measures the semantic alignment between the
generated caption and the image content. It is
computed using the cosine similarity between the
image and caption embeddings in a shared space,
as follows:

Cosine Similarity =
A ·B

∥A∥∥B∥
(1)

where A is the vector representing the image, B
is the vector representing the caption, and ∥A∥
and ∥B∥ are the magnitudes (norms) of the re-
spective vectors.

Algorithm 1 Image Captioning Using Fine-
Tuned YOLOv8 and LLM

1: Input: Image I
2: Output: Caption C
3: Step 1: Object Detection using YOLOv8
4: Detect objects in image I using fine-tuned YOLOv8.
5: Extract object labels, confidence scores, and bounding

box coordinates.
6: Step 2: Caption Generation using LLM
7: Pass the retained object labels, confidence scores, and

spatial positions to a pre-trained LLM.
8: Generate a descriptive caption based on the provided

information.
9: Step 3: Confidence-Based Filtering

10: for each detected object do
11: if confidence score >0.5 then
12: Retain the object for further processing.
13: else
14: Discard the object.
15: end if
16: end for
17: Step 4: Feature Extraction and Representation
18: Structure the extracted features into a prompt format

for LLM input.
19: Step 5: Output the Caption
20: Return the generated caption C.
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Figure 1: Architecture of the proposed image captioning model using fine-tuned YOLOv8 [1] and LLM [3] for efficient
and contextually rich captions.

3.4 Experimental Setup

Our experiments were conducted on a Kaggle environment
equipped with dual NVIDIA T4 GPUs. We fine-tuned
the YOLOv8 [1] model using the ADE20K [2] dataset
to enhance object detection capabilities. The model was
trained for 5 epochs, leveraging CUDA acceleration for ef-
ficient processing. For caption generation, we employed
the microsoft/Phi-3-mini-4k-instruct [3] large language
model, utilizing the Hugging Face Transformers library.
The structured object information, including labels, con-
fidence scores, and spatial positions, was formatted as
prompts and passed to the LLM for caption generation.

4 Result and Discussion
4.1 Quantitative Analysis

In this study, we evaluated the performance of machine-
generated captions using three key evaluation metrics:
BLEU-4 [16], METEOR [17], and CLIPScore [18]. The
results varied across different images and captioning mod-
els. In table 2, the proposed YOLOv8 + LLM model
achieved the highest BLEU-4 [16] score (0.166) for Im-
age 1, indicating a stronger n-gram overlap with the refer-
ence captions compared to other models. However, for Im-
age 2 and Image 3, the highest BLEU-4 scores were 0.226
and 0.548, respectively, achieved by different models. This
suggests that while the proposed approach performs well in
certain cases, traditional methods may still excel in others.

The METEOR [17] score, which accounts for
stemming, synonym matching, and exact word overlap,
showed the strongest performance for the proposed model
in Image 1 (0.747). This highlights its ability to gen-
erate semantically similar captions. However, for Image

2, the CNN + RNN model outperformed others with a
METEOR score of 0.457, while for Image 3, the pro-
posed model achieved a score of 0.181, slightly improving
over other approaches. The CLIPScore [18], which mea-
sures the alignment between the generated caption and the
corresponding image in a multimodal embedding space,
was consistently high across all models. The proposed
YOLOv8 + LLM model achieved the highest CLIPScore
(0.906) for Image 1, indicating superior semantic consis-
tency with human perception. However, for Image 2 and
Image 3, different models exhibited competitive perfor-
mance, with CLIPScores reaching 0.887 and 0.854, re-
spectively.

In summary, the proposed YOLOv8 + LLM
model demonstrates strong performance, particularly in
terms of METEOR [17] and CLIPScore [18], suggesting
its ability to generate captions with high semantic simi-
larity to human descriptions. While BLEU-4 [16] perfor-
mance varies across images, the results indicate that differ-
ent models may excel in different contexts.

4.2 Qualitative Analysis

In addition to the quantitative evaluation, a qualitative anal-
ysis was conducted to assess the clarity, relevance, accu-
racy, and overall quality of the generated captions. The
model demonstrates a strong ability to capture the core
content of images; however, it shows limitations in han-
dling complex scenes, particularly in terms of grammatical
correctness and detail richness. These qualitative obser-
vations are consistent with the quantitative findings, sug-
gesting that while the captions are generally coherent and
relevant, further improvements are needed to enhance ac-
curacy and fluency. Notably, the model achieves efficient
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Figure 2: Comparison of machine-generated and human-generated captions. The figure displays three images with
their corresponding captions.

Table 2: Performance Comparison of Caption Generation Methods

Method Params Inference
Time (s)

BLEU-4 [16] METEOR [17] CLIPScore [18]

Image 1 (From figure 2)
CNN + RNN [4] 4.32M 0.112 0.126 0.374 0.892
Multimodal LLM [19] 2.85B 3.09 0.125 0.241 0.858
YOLOv8 + LLM (Proposed) 3.80B 0.343 0.166 0.747 0.906

Image 2 (From figure 2)
CNN + RNN [4] 4.32M 0.09 0.226 0.457 0.814
Multimodal LLM [19] 2.85B 1.512 0.193 0.253 0.885
YOLOv8 + LLM (Proposed) 3.80B 0.331 0.192 0.399 0.887

Image 3 (From figure 2)
CNN + RNN [4] 4.32M 0.141 0.182 0.170 0.795
Multimodal LLM [19] 2.85B 3.35 0.548 0.166 0.854
YOLOv8 + LLM (Proposed) 3.80B 0.269 0.222 0.181 0.792

caption generation with faster inference time and, in cer-
tain cases, demonstrates superior object detection capabil-
ities compared to other models. These insights underscore
the modelâs potential and highlight areas for refinement to
produce more precise, human-like, and fluent captions.

5 Future Works
In future work, we plan to further refine the YOLOv8 +
LLM model to enhance its performance in generating even
more contextually accurate captions. This can be achieved
by experimenting with different multimodal architectures,
including the integration of advanced transformers or self-
attention mechanisms to improve context comprehension.
Additionally, exploring domain-specific fine-tuning could
help in adapting the model to specialized image datasets,
thereby increasing its robustness and versatility. Future
efforts will also focus on reducing inference time while

maintaining or improving the quality of generated cap-
tions. Lastly, we aim to incorporate user feedback, espe-
cially from blind or visually impaired users, to ensure that
the captions are truly effective in conveying essential im-
age information in real-world applications.

6 Conclusion
In this study, we proposed the YOLOv8 + LLM frame-
work for image caption generation, which balances accu-
racy and efficiency. While the CNN + RNN model [4]
outperforms the proposed framework in terms of inference
time, the YOLOv8 + LLM framework excels in generating
contextually accurate and semantically aligned captions. It
produces superior results across multiple evaluation met-
rics while maintaining competitive inference time, making
it a well-rounded solution for real-world applications. The
framework shows notable improvements in METEOR [17]



and CLIPScore [18], indicating strong alignment with hu-
man understanding, despite a slightly higher inference time
compared to traditional methods. However, it faces limita-
tions, such as the trade-off between speed and performance
on certain images, where CNN + RNN remains more ef-
ficient for real-time applications. Further fine-tuning for
specialized datasets could enhance its robustness and gen-
eralization capabilities.

In conclusion, the proposed framework offers a
compelling balance of efficiency and accuracy, making
it an excellent choice for applications that require high-
quality captions while maintaining operational efficiency.
Despite some limitations, the framework’s ability to gen-
erate contextually rich and semantically accurate captions
positions it as a valuable tool for a wide range of image
captioning tasks.
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