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Abstract--Artificial Intelligence (AI) can be considered a 

groundbreaking technology in augmenting accessibility and 

navigation assistance through employing the latest computer 

vision and natural language processing techniques. In this 

paper, the readers are presented with an AI-enhanced vision-

language accessibility agent on situational awareness, trying to 

incorporate features of detecting objects, image captioning, and 

environmental risk assessment on a framework. The proposed 

system employs the use of the COCO128 as the object 

recognition database, and a trained BLIP vision-language 

model to produce descriptions of the world around it. The 

research design is an experimental research design but it 

involves evaluating the system in different indoor and outdoor 

situations by preparing datasets, implementing models, image 

processing, classifying risks, and evaluating the system. The 

agent of accessibility that is generated can identify objects that 

had high scores on the accessibility scales, develop sensible 

object labels within a scene, classify the environments into low, 

medium and high-risk categories to present convenient 

information about navigation. Experimental tests have proved 

that the integrated framework has the capacity of supporting 

environmental familiarity effectively and increasing 

accessibility by offering real time contextual information that 

will help in navigating it with safety. These results suggest that 

vision-language models used together with computer vision can 

greatly improve the perception of the scene, as opposed to 

traditional object detection methods. Although the proposed 

system continues to face difficulties with dynamism in settings 

and real-time applications, it provides an inspiring design of the 

future intelligent assistive technologies. Generally, this study 

assists in elaborating AI-founded accessibility remedies that 

could motivate individuals with reduced locomotion to move 

freely, possessing a greater situational awareness, and living 

improved lives. 
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I. INTRODUCTION 

The development of artificial intelligence (AI) has 

revolutionized computer vision, in particular, due to the 

ability of the intelligent systems to perceive the information 

from the images and help the users [1]. Vision-language 

models, which are one of the recent developments for 

applications of AI technologies, allow the understanding of 

images, as well as generation of natural language 

information and responses.  

Such vision-language models are very useful for blind and 

physically restricted people in order to be able to orient and 

make decisions independently in complex environments. 

Recent developments in the field such as deep learning, 

transformers, and multimodal technologies allowed 

developing systems which are able to recognize objects, 

generate captions, detect hazards and provide the 

information about the scene [2]. 

The systems of assistive technologies, which use sensors, 

GPS systems, or rule-based algorithms, are sometimes able 

to provide only a limited amount of information about the 

environment. However, the vision-language agents 

developed using AI technology have the abilities to 

recognize multiple objects, understand the context of the 

scene, detect hazards and generate natural language 

information [3]. 

The current research project is aimed at developing an 

accessibility agent with AI-powered vision-language 

capabilities that will be useful for improving situational 

awareness and navigation [4]. In terms of the system design, 

the object detection algorithms will be combined with the 

pre-trained BLIP vision-language model, which is expected 

to be used for the analysis of the uploaded images, 

recognition of objects in the environment, contextual 

captioning, evaluation of potential risks, and provision of 

recommendations for improving accessibility. The 

COCO128 dataset will be used for the training of the object 

detection part of the system. 

The proposed accessibility agent will be intended to 

facilitate the acquisition of necessary information by the 

users and thus help them navigate more efficiently and 

conveniently. Hence, the research is related to the 

development of assistive technologies. 

II.   LITERATURE REVIEW 

2.1 Artificial Intelligence for Accessibility and Assistive 

Technologies  

Among the latest innovations, there is an emergence of AI 

technology as one of the major tools of creating the 

technologies of accessibility and making the lives of 

disabled people better.  
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AI technology utilizes deep learning techniques in the 

analysis of images, audio and environmental information in 

order to provide intelligent assistance in daily tasks [5]. The 

recent development of computer vision technologies has 

made a significant impact on the field of accessibility, since 

it helps in the automatic detection of objects, people, road 

signs, obstacles and surroundings. In this way, the blind 

people can receive the information which they cannot 

receive without human help. 

Recently developed multimodal AI technologies allow 

combining computer vision and natural language processing 

[6]. Not only is it possible to detect the object, but also it 

becomes possible to create the whole image of the situation 

using human language. 

Additionally, intelligent assistance AI applications have 

moved on into various areas such as medicine, education, 

self-driven cars, and smart homes. The intelligent assistance 

system comprises functions such as voice assistance, object 

detection, interior navigation, and contextual 

recommendations [7]. However, there are certain limitations 

in existing applications, such as insufficient contextual 

understanding, difficulties in detecting multiple objects 

simultaneously, and reduced performance in varying 

environmental conditions. Therefore, development of 

intelligent assistants capable of performing object 

recognition and contextual assistance remains relevant. 

2.2 Vision-Language Models for Scene Understanding  

One of the significant progressions in the multimodal AI 

industry is vision-language models as they combine vision 

and language functionalities. Although conventional object 

detection models are capable of recognizing the classes of 

objects, vision-language models are able to generate the full 

description of the relations between the objects and the 

picture in general [8]. Models of BLIP, CLIP, Flamingo, and 

GPT are performing really well in image captioning, visual 

question answering, and scene understanding. 

BLIP (Bootstrapping Language-Image Pre-training) 

framework has become quite popular thanks to efficient 

implementation of the processes of images encoding and 

language generation, using less computational power than 

some of the alternatives [9]. The model is capable of 

generating context-aware captions that are necessary when 

the task requires more information from the picture than just 

the list of the objects. 

The vision-language model also facilitates zero-shot 

learning, which is a way of recognising an unseen situation 

through semantic reasoning. It enhances navigation 

assistance because it describes paths, recognizes obstacles 

and explains connections between objects in the 

environment [10].  

Nevertheless, today’s models experience certain 

difficulties in dealing with complex environments, occluded 

objects, changes in lighting conditions, and processing in 

real time. This fact encourages more research on optimizing 

models for accessibility. 

2.3 Object Detection and Risk Assessment for Navigation 

Support  

The object detection process has served to dominate 

intelligent navigation as this aids in the automatic 

identification of objects and localization in the environment. 

YOLO, Faster R-CNN, SSD and DETR (some of the best 

object detection techniques) have been doing a great effort 

in ensuring object detection is efficient and effective. This 

process is achieved through the creation of bounding boxes 

along with confidence scores which enable identification 

and localization [11]. 

When it comes to navigation assistance, it is important to 

understand that while the process of object detection begins 

with object identification, it must go further to determine the 

level of danger in the environment. Intelligence systems rely 

on the results obtained from the process of object detection 

to evaluate the level of danger associated with the objects 

identified for user safety [12]. This means that moving cars, 

sharp objects, stairs, or crowded areas can pose greater 

navigation dangers than static objects and large spaces. 

Current studies use object detection together with 

contextual analysis to enhance situational awareness. Instead 

of conducting object analysis separately, smart systems 

consider relationships between objects, their movement and 

characteristics of the environment before providing 

suggestions on accessibility [13]. Thus, the effectiveness of 

navigability is improved, as well as the number of false 

alarms. Nevertheless, the challenge of obtaining efficient 

detection results in various light conditions, weather and 

crowd situations remains unresolved. 

2.4 Integrated Vision-Language Accessibility Systems  

Various attempts have been made in recent times to 

integrate vision, NLP, and decision making into one 

accessibility system. Such unified systems provide end-to-

end support by combining the elements of object detection, 

image captioning, contextual analysis, and environmental 

hazard detection. Such systems help in situational awareness 

by converting visual data into descriptive instructions on 

how to navigate through the environment [14]. 

Current day accessibility systems utilize data bases such 

as COCO to train object detection algorithms which can 

detect various objects in an environment. In addition to that, 

vision-language models are used to analyze objects in order 

to describe the scene while classifying the environment 

hazards based on their severity. 
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Additionally, technologies such as cloud computing and 

edge AI have brought even more advancements to the 

accessibility systems through their ability to perform 

processing with minimal delays [15]. Devices containing AI 

models can carry out immediate environment analyses 

without any additional equipment. Although there are many 

advantages offered by these technologies, there is still room 

for improvement with regard to context detection, 

multilingualism, customized suggestions and reliability in 

rapidly changing environments. Therefore, the direction of 

future research should be toward the development of 

adaptable multimodal accessibility agents. 

III. METHODOLOGY 

The research is going to employ experimental research 

methodology in the development and evaluation of an AI-

powered vision-language accessibility agent for enhancing 

situational awareness and navigation aids. Experimental 

research methodology entails the employment of computer 

vision, deep learning and natural language processing 

technologies for enabling the identification of objects in the 

environment, generation of captions, navigation threat 

assessment and accessibility aid provision. The overall 

research methodology involves four major steps, namely 

data gathering, model creation, implementation and 

performance evaluation of the model. 

3.1 Research Design 

The choice of the experiment-based research design lies 

in the ability to conduct the experimentation process by 

applying the artificial intelligence models. The research will 

include developing the vision-language accessibility agent 

that will analyze the images and generate the contextual 

information needed for navigation. The research will include 

a number of consecutive steps such as data collection, setting 

up the model, object detection, image captioning, risks 

assessment, and the final recommendation on accessibility. 

3.2 Dataset Preparation 

The COCO128 will be selected as the data set of choice 

due to the availability of images that are highly labeled and 

contain objects present in the real world. The data set is made 

up of different environmental conditions such as kitchen, 

road, building, sports ground, vehicle, animals, and public 

place which can be used in the application of accessibility.  

 

 

 

 

 

Data set verification is carried out before using the data 

set so as to ascertain that the images are usable. The image 

preprocessing stage entails scaling, normalization, and 

validation of the images. 

3.3 Model Development 

This agent for accessibility will integrate the two tasks of 

object detection along with BLIP, which is a pre-trained 

model known as Bootstrapping Language-Image Pre-

training. Object detection will be responsible for detecting 

the presence of different objects within an image with the 

coordinates for their positions, and confidence scores. BLIP 

vision-language model will focus on the complete image and 

generate description through caption generation related to 

the surroundings. The programming language selected for 

this task is Python because it has many libraries and 

frameworks related to artificial intelligence and computer 

vision. 

3.4 Risk Assessment and Accessibility Recommendation 

Once the object is detected and the caption is produced, 

the environmental risk assessment phase takes place. Objects 

will be analyzed according to some pre-set safety standards 

in order to establish whether the surrounding environment is 

low-risk, medium-risk, or high-risk environment. For 

example, when vehicles, sharp objects or crowded areas are 

detected, this would imply a higher level of risks while 

normal indoor environments usually carry lower levels of 

risks. According to the results of the risk assessment, 

accessibility agents can offer appropriate recommendations. 

3.5 System Evaluation 

The developed accessibility agent is evaluated using 

several images for different environmental scenarios. Object 

detection, confidence level, captioning abilities, 

environmental recognition ability, and risk assessment 

ability are among the areas of consideration during the 

evaluation. Test images considered in the evaluation include 

images for indoor kitchen environments, outdoor vehicles, 

sports stadium environments, and daily public environments 

images. Analysis is done on the output to determine whether 

the model can detect objects in the environment, caption and 

describe scenes accurately, and offer proper assistance. The 

evaluation is qualitative and is done through comparison 

between the captions and risk assessments and the actual 

scenario in the image. Confidence level is an indicator of 

efficient object detection. 
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IV. RESULT AND ANALYSIS 

 

Fig 1: COCO128 Dataset Verification Output 

The COCO128 dataset for developing the vision-

language accessibility agent has been successfully verified 

in this figure. The system recognizes 128 images from the 

set and provides a sample image file name for validation. 

This check process helps to verify data that is available and 

accurate before analysis. During the study, a variety of 

environmental scenes are used for object detection, 

situational awareness and accessibility evaluation tasks, all 

of which are supported by the dataset. 

 

Fig 2: Vision-Language Model Initialization Process 

This is the initialisation of the BLIP vision-language 

model and related configuration files. It downloads around 

990 MB of pre-trained model weights and tokenizer 

resources needed for image captioning. This stage allows the 

accessibility agent to produce a description of the scene 

based on context. Once the model is successfully loaded, the 

ability to be aware of content, navigate it, and provide 

automatic accessibility support for the content in enterprise 

and assistive environments is provided. 

 

Fig 3: Object Detection and Risk Assessment for Kitchen Scene 

This figure illustrates an example of analysing an indoor 

kitchen environment with the accessibility agent. With a 

confidence score greater than 0.60, the system can identify 

objects such as an oven, microwave and knife. The created 

caption accurately describes the scene and has a LOW risk 

level because there are no immediate navigation hazards 

identified. This output will showcase the agent's ability to 

give information on environment awareness and 

accessibility in indoor environments. 

 

Fig 4: Object Detection and Risk Assessment for Vehicle and Animal 

Scene 
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There is a car and a cat standing on the roof. The vision-

language agent not only correctly labels objects with high 

confidence scores (above 0.64), but it also provides a caption 

that describes the image. The system produces a HIGH-risk 

level and safety recommendations as a result of a vehicle 

being detected. This shows how well the agent can assist 

with real-time situational awareness and hazard detection. 

 

Fig 5: Object Detection and Risk Assessment for Sports Stadium 

Scene 

A sports scene is shown, with multiple persons, a baseball 

bat, and a baseball glove detected. The generated caption is 

representative of the sporting event happening inside the 

stadium. Accessibility agent states that the environment is 

MEDIUM risk due to a high level of human activity and 

movement. The outcome shows good awareness and 

understanding of the environment for navigation and 

accessibility. 

 

Fig 6: Image Upload and Processing Module Implementation 

 

 

 

This figure showed how the image upload, processing 

module which was developed in Python, was illustrated. The 

code is a combination of object detection, image captioning, 

accessibility recommendation generation, and risk 

assessment. The images that are uploaded automatically go 

through the module and create accessibility-related output. 

The architecture supports and enables autonomous agent 

action leveraging both computer vision and language 

knowledge to offer real-time accessibility support and safety 

advice. 

 

Fig 7: Final Output of the Vision-Language Accessibility Assistant 

The final results of the vision-language accessibility 

assistant are shown in this figure. A person and an umbrella 

have been detected in the image uploaded, with high 

confidence scores of 0.83 and 0.73, respectively. The system 

produces a context-specific caption, localizes recognized 

objects and assigns a MEDIUM risk level. This end-to-end 

output showcases the agent's ability to give content 

awareness, situational understanding, and accessibility 

advice to the end-user. 

V.   CONCLUSION 

Therefore, the aim of this research is the development of 

an AI-based vision-language accessibility agent that will 

increase the level of situational awareness of the user and 

provide him with safe navigation through the use of 

computer vision and NLP technologies. With the help of 

object detection, image captioning and risk assessment in 

one system, the proposed technology will provide context 

information for the user and improve his accessibility and 

safety.  
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Therefore, the integration of COCO128 and pre-trained 

BLIP vision-language models will allow identifying 

multiple objects and creating an appropriate environment 

description and improve the situational awareness of users. 

As a result of this experiment, it became clear that the 

accessibility agent proposed is capable of analyzing different 

kinds of environments including kitchen, road, sports arena, 

and others. Besides, this agent successfully recognizes 

objects with high confidence scores, categorizes 

environmental risks into three groups (Low, Medium and 

High) and creates the corresponding recommendations about 

accessibility according to the scene type. This example 

proves the efficiency of using multimodal artificial 

intelligence solutions to interpret the environment in real-

time and provide users with navigation assistance. 

Yet, even though the proposed system holds promising 

performances, there are certain limitations that can be 

identified in it. The accessibility agent relies on pre-trained 

models and static images in terms of processing, and 

therefore it may have problems operating in dynamic 

environments or environments that lack proper lighting. 

Limitations of the proposed system can be overcome through 

future research which would entail implementation of real-

time video processing, depth estimation, multilingual voice 

assistance, personalization of the navigation experience and 

edge computing for fast inference on the mobile devices. 

Other advancements may also include application of GPS, 

wearables and reinforcement learning. Overall, the proposed 

vision-language agent is a remarkable innovation in the area 

of intelligent assistive technologies. 
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