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Abstract — Image captioning is a significant interdisciplinary research domain that bridges computer vision and natural 

language processing (NLP) to automatically generate descriptive textual representations of visual content. This paper presents 

an object detection-driven image captioning framework that integrates the You Only Look Once (YOLO) algorithm with deep 

learning-based natural language models to produce syntactically and semantically accurate captions. By leveraging YOLO's 

real-time object detection capabilities, the proposed system identifies key visual components within an image, which are 

subsequently processed by a Long Short-Term Memory (LSTM)-based language model augmented with an attention 

mechanism. The model is trained and evaluated on the MS COCO dataset, demonstrating competitive performance against 

existing CNN-RNN baselines in terms of BLEU, METEOR, and CIDEr scores. This approach enhances contextual relevance, 

improves object-level precision in captions, and holds practical applicability in assistive technologies for the visually impaired 

and autonomous driving systems. 

Keywords — Image Captioning, Deep Learning, YOLO (You Only Look Once), LSTM, NLP, Object Detection, MS COCO, 

Attention Mechanism. 

 

I.  INTRODUCTION 

Figure 1 illustrates the conceptual difference between 

single-object and multi-object detection, while Figure 2 

presents the end-to-end architecture of the proposed model. 

The paper is organized as follows: Section II surveys 

related literature; Section III describes the proposed 

methodology; Section IV presents experimental results and 

analysis; and Section V concludes with future research 

directions. 

 

Fig. 1: Illustration of Single-Object vs. Multi-Object  

 

 

II.  LITERATURE SURVEY 

A comprehensive review of existing research in object 

detection-driven image captioning reveals a progressive 

evolution from simple CNN-RNN architectures to 

sophisticated attention-based and transformer-driven 

models. The following subsections summarize seminal 

contributions relevant to the proposed framework. 
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Table I: Comparative Summary of Related Literature 

 

 

III.  METHODOLOGY 

The proposed Object Detection-Driven Image 

Captioning system operates through a three-phase pipeline: 

(1) Object Detection via YOLO, (2) Feature Extraction via 

CNN, and (3) Caption Generation via an Attention-based 

LSTM model. Each phase is described below. 

A.  System Architecture Overview 

\

 

 

Fig. 2: Architecture of the Proposed Object Detection-

Driven Image Captioning Model 

 

 

 

 

 

 

 

 

 

 

B.  Phase I — Object Detection Using YOLO 

 

 

Fig. 3: Detailed Process Flow of the Proposed Model  

 

Fig. 4: Object Detection Results Using YOLO on MS 

COCO Dataset  

 

 

Fig. 5: Object Detection Results Using YOLO on MS 

COCO Dataset  
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C.  Phase II — Feature Extraction 

 

 

Fig. 6: Feature Extraction Using YOLO on MS COCO 

Dataset  

 

Fig. 7: Feature Extraction Using YOLO on MS COCO 

Dataset  

 

D.  Phase III — Caption Generation via Attention-

Based NLP Model 

E.  Datasets Used 

Three benchmark datasets of progressively increasing 

complexity are employed in this work. Table II 

summarizes their key statistics. 

Dataset Total 

Images 
Train Validation Test 

Flickr8K 8,000 6,000 1,000 1,000 

Flickr30K 30,000 28,000 1,000 1,000 

MS 

COCO 
328,000 82,783 40,504 40,775 

 

Table II: Summary of Datasets Used for Training and 

Evaluation 

 

F.  Pseudocode of Proposed Model 

Input: Image I 

1. Feed I into YOLO network 
2. Obtain bounding boxes B = {b1, b2, ..., bn} 

3. For each bi in B: 

a. Extract region-level CNN features fi 
4. Concatenate features F = [f1, f2, ..., fn] 

5. Initialize LSTM hidden state h0 = 0 
6. While not <end> token: 

a. Compute attention weights a = softmax(W * 

ht-1) 

b. Compute context ct = sum(a * F) 
c. ht = LSTM(ht-1, [ct, wt-1]) 
d. wt = argmax(softmax(W_out * ht)) 

7. Output: Caption = [w1, w2, ..., w_T] 

 

IV.  RESULTS AND DISCUSSION 
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Table III: Performance Comparison of Captioning 

Models on MS COCO Dataset 

 

Fig. 8: Image Captioning Output — Actual vs. 

Predicted Caption 
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Fig. 9: Image Captioning Output — Actual vs. 

Predicted Caption. 

 

Fig. 10: Input Image for Captioning — Bicycles 

parked on wooden deck near building (MS COCO test 

sample) 

 

Fig. 11: Obtained Output Caption for Input Image 

Using the Proposed Classifier — Confusion matrix 

showing TP=2560, FN=120, FP=93, TN=1491 

 

Table IV presents the confusion matrix derived from 

classification-level evaluation on the MS COCO test set, 

demonstrating the model's overall discriminative accuracy. 

 

Predicted Class \ 

Actual Class 
Actual: Positive Actual: Negative 

Predicted: 

Positive 
2560 (TP) 93 (FP) 

Predicted: 

Negative 
120 (FN) 1491 (TN) 

Table IV: Confusion Matrix of Proposed Classifier on 

MS COCO Test Set 

 

 

V.  CONCLUSION AND FUTURE WORK 

Practical applications of the proposed system extend 

to assistive software for the visually impaired, self-driving 

automobile perception systems, and large-scale image 

retrieval engines. The framework's modular design enables 

straightforward adaptation to domain-specific captioning 

tasks. 

Future research directions include: (1) integration of 

few-shot and zero-shot learning paradigms to improve 

generalization with sparse labeled data; (2) incorporation 

of multimodal data streams — including video frames and 

depth maps — for augmented reality and video analytics 

applications; (3) replacement of LSTM with transformer-

based decoders (e.g., GPT-style models) for improved 

long-range contextual modeling; and (4) model 

compression and quantization for deployment on edge 

devices with constrained computational resources. 
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