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Abstract: 
 
Visual impairment impacts over 250 million people worldwide, causing day-to-day difficulties for 
these individuals. While traditional tools like white canes and guide dogs are essential for 
mobility, they cannot verbally identify specific objects or obstacles in the user's environment. 
This project introduces a proof of concept for an AI-assisted object detection system designed to 
bridge that gap. We utilized Google's Teachable Machine and TensorFlow.js to create a 
browser-based model that identifies objects and announces them via a text-to-speech engine. 
We tested the system using various optical setups, including webcams and smartphones, and 
image data was processed locally on hardware ranging from high-performance laptops to 
standard Chromebooks. Our results showed that the model achieved extremely high accuracy 
for specific object classes while maintaining real-time performance on low-cost devices. This 
study demonstrates that accessible, browser-based computer vision technologies can effectively 
enhance safety and independence for the visually impaired without requiring expensive, 
specialized hardware. 
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Introduction: 
 
Visual impairment has a far-reaching impact across the globe (~253 million affected individuals), 
causing a significant quality of life and economic impact for individuals and society at large 
(Ackland et al.; Marques et al.). Visual impairment can impact an individual at the health, social, 
and economic levels. Individuals with visual impairment are known to have difficulty performing 
daily tasks (West et al.) and require higher levels of dependency on informal and formal care 
(Hong et al.; West et al.). Accordingly, they also experience higher levels of mental health 
difficulties (Klauke et al.; Zheng et al.), lower educational achievement (Ma et al.), workplace 
productivity (Reddy et al.), and overall quality of life (Brown et al.). Collectively, these effects at 
the individual level amount to a global economic burden of $411 billion USD annually (Ackland 
et al.). This burden is partly driven by healthcare costs associated with visual impairment (Javitt 
et al.; Evans et al.; Wang et al.) along with loss of productivity for those afflicted (Reddy et al.).  
 
Visual impairment is a broad category that covers many conditions ranging from 
short-sightedness (which can be remedied with corrective lenses) all the way to legal blindness. 
Numerous subclassifications are based on the severity of visual disability, cause, type of 
impairment, and range of vision. According to Cleveland Clinic (“Blindness”), blindness affects 
43 million people (about 0.5% of the global population) and is driven by a combination of genetic 
and environmental factors. In comparison, mild visual impairments such as myopia, hyperopia, 
and astigmatism, are far more prevalent, with Cleveland Clinic (“Hyperopia”) estimating that 
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hyperopia alone affects 30% of adults globally, and are able to be corrected to an extent using 
eyeglasses, contacts, and surgeries. 
 
A very common tool used to assist those with more severe visual impairments are white canes, 
which can be used by the user tapping the cane around their surroundings to identify if there are 
any obstacles or objects nearby. However, these canes do not have the ability to discern objects 
and provide this information to the user. Another common tool for those with visual impairments 
is the use of seeing-eye canines, which help their owners travel through complex environments. 
However, these dogs do have many limitations when it comes to identifying objects and 
communicating them to their user. While it is possible to train the dogs to recognize certain 
objects and alert their owner (typically by barking), there is an intrinsic language barrier that 
exists across species. This language barrier can be problematic, especially in situations when 
there are many unique objects nearby, and their proper identification is critical for the user.  
 

Considering all the difficulties with existing visual impairment tools, we utilized Google’s 
Teachable Machine to train a computer vision model capable of recognizing specific objects and 
audibly describe those objects to the user. We implemented this model using TensorFlow.js to 
ensure efficient, real-time performance within a web browser. The system paired this detection 
capability with a text-to-speech engine that audibly states the name of the recognized item. This 
integration is particularly valuable when developing assistive equipment for individuals with 
visual impairments. It allows users to identify objects with certainty rather than guessing based 
on tactile cues like shape or texture. The software effectively translated visual data into spoken 
audio without significant latency. Ultimately, AI-powered vision models have the potential to 
enhance user safety and foster more independent interaction with the daily environment. 
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Materials & Methods: 

Our goal was to develop a real-life proof of concept for an AI-assisted device to help visually 
impaired individuals. As depicted in Figure 1, a hypothetical user with visual impairments would 
be able to simply look at an object, have it be identified by the goggles, and listen to the object’s 
name.  

 
Figure 1. A graphical representation of the overarching theme and application of the technology, 

enabling object recognition through smart glasses for those with visual impairments. A person 
with visual impairments would wear a pair of smart glasses connected to an artificial 

intelligence/machine learning system (AI/ML) system with an  integrated camera on the glasses 
to provide a video feed to the AI/ML system. The AI/ML system would leverage previous training 

data for object detection of household items. Upon high fidelity detection, the system would 
utilize a text-to-speech, or TTS program, along with the integrated speaker in order to announce 

to the user what the object is. 
 
We utilized both Google Teachable Machine and TensorFlow.js to train and power the model. 
This specific configuration was chosen following an empirical evaluation of several different 
frameworks. Google Teachable Machine ultimately provided the most turnkey user experience. 
It also featured fast training speeds and was among the most accurate options for recognizing 
images, as Teachable Machine was able to correctly identify a trained object within one second 
99% of the time while Microsoft’s Lode platform was only able to identify objects at the same 
accuracy within 5 seconds. The Google platform works by training the model directly on the 
user’s device. Additionally, it utilizes pre-trained models built on large datasets to make the 
training process much quicker. Once the model learns from the specialized training data, it is 
exported into a TensorFlow.js format. This efficient model type made it simple to implement the 
Text-to-Speech system within a lightweight HTML site. 
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For the training data, we compiled images via a combination of original captures and publicly 
sourced data available on the internet. The images were selected based on their relevance to 
the types of objects that an average user could encounter in normal environments, such as 
office supplies, kitchen utensils, obstacles, and signs that convey important information (Figure 
2). Once it was trained, all thirteen classes measured at an accuracy of about .9999 out of 1 
(Table 1, Figure 3, Figure 4). 
 

 
Figure 2. A collection of images that were either collected in person or from the internet and 

uploaded to the image recognition model as training data.  
 

Table 1. Data on the accuracy of the machine learning model during testing. 
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Figure 3. A graph of the machine learning model’s accuracy as a decimal for each epoch it was 

trained. In the first epoch, the accuracy was at approximately .85, or 85%, and this number 
continued to rise until the fourth epoch, after which it stabilized at about .99, meaning it had an 

accuracy of 99%. 
 

 
Figure 4. A graph showing the convergence of training loss and test loss over 100 epochs, 

indicating successful model training without significant overfitting. 
 
We then began our testing process with a standard computer webcam to establish a baseline. 
From there, we explored both wired and wireless portable solutions to see how the model would 
adapt. First, we connected an Insta360 camera directly to the computer using a USB-C cable. 
We chose this wired setup to minimize latency while taking advantage of the camera's 
48-megapixel main sensor, which captured video at a steady 30 frames per second. 
 
Next, we wanted to test a completely wireless approach. We connected an iPhone 15 Pro over 
Wi-Fi. Although this wireless connection introduced a slight delay, it allowed us to leverage the 
phone's 48-megapixel sensor to push the frame rate much higher, reaching 60 frames per 
second. 
To ensure our image recognition model had plenty of overhead and would not be bottlenecked 
during these initial trials, we processed all video input locally on a robust machine. We relied on 
a MacBook Pro equipped with an M4 Pro CPU and 48 gigabytes of RAM. 
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However, proving the model worked on a powerful system was only half the goal. We also 
needed to make sure it remained accessible for everyday users. To verify this, we conducted a 
final round of testing on a Chromebook featuring an Intel Celeron N4120 CPU and 4 gigabytes 
of RAM. This crucial step confirmed that the image recognition model can successfully run even 
on lower-end hardware. 
 
We constructed the graphical user interface, or GUI, with very foundational HTML5 elements, 
CSS3, and basic JavaScript. This was a deliberate choice to avoid heavy and unnecessary 
frameworks, thus resulting in a minimalist design and a very lightweight codebase. The main 
benefit was improved performance, shown in its fast load times and low usage of system 
resources such as CPU cores and RAM. This basic design also allowed for maximum 
accessibility for the end-user, since it can be run on virtually any device with an internet 
connection and a modern web browser, and the lack of distracting elements make it so anyone 
can quickly learn how to use the interface. 
 
The full code can be found at the following GitHub repository: 
https://github.com/devyaanb/Image-Recognition-TTS 
 
Results: 
 
When testing the object detection system using the images in Figure 5, the model demonstrated 
performance that significantly varied based on environmental conditions. In controlled, indoor 
environments with ideal lighting, the model consistently and correctly recognized the trained 
objects. In these conditions, the model achieved an extremely high accuracy of around .9998. In 
outdoor environments with harsher lighting and more objects in the background, a model had a 
lower accuracy of around .9288. The accuracies were similar regardless of the type of camera 
being used.  
 

 
Figure 5. A collection of images that were either collected in person or from the internet and 
uploaded to the image recognition model as testing data. We chose these images to be the 

same types of objects as the training data while being distinct enough to show that the model 
can recognize the object between differing images. 
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However, the system’s accuracy noticeably decreased when tested outdoors or in environments 
with extreme lighting conditions. In scenarios with very high or low light, the model was less 
accurate and struggled to consistently identify the trained objects. This drop in performance 
indicates sensitivity to lighting variations found outside of controlled indoor settings. Additionally, 
testing setups with better cameras were able to more effectively recognize the objects in these 
conditions, indicating that higher-quality sensors may be necessary for outdoor usage. 
 
 
Discussion: 
 
Visual impairment impacts hundreds of millions of people globally and creates significant daily 
challenges, leading to a massive economic and social burden. The severity ranges from easily 
correctable issues to total blindness, and while traditional aids like white canes and guide dogs 
offer crucial mobility support, they cannot explicitly identify specific objects. To bridge this gap, 
we developed an AI-powered computer vision model using Google's Teachable Machine and 
TensorFlow.js, which pairs real-time object detection with a text-to-speech engine. By audibly 
announcing recognized items, this technology provides visually impaired users with precise 
information about their surroundings, ultimately fostering greater independence and safety in 
their daily lives. 
 
This proof of concept demonstrates the ability of browser-based computer vision models to 
successfully identify daily objects with high accuracy using standard consumer hardware. An 
important finding was the model’s ability to perform real-time image detection on low-power and 
low-cost devices such as Chromebooks, showing that expensive high-end processors are not 
needed for effective assistance. This technology goes beyond the limitations of conventional 
tools, such as white canes by providing users with specific and audible information about their 
surroundings instead of simply alerting them to nearby obstacles. As such, this approach has 
the potential to significantly enhance independence for individuals with visual impairments while 
reducing the economic burden associated with current high-cost assistive technologies. Despite 
these promising results, the system currently faces some limitations regarding false positives, 
portability, and speed. Additionally, the project is currently restricted to a software interface and 
lacks the custom wearable hardware integration necessary for a truly portable, hands-free user 
experience. While further optimization is required to handle more complex environments, this 
study confirms the fundamental feasibility of accessible and AI-driven visual aids. 
 
With additional funding and time dedicated to development, the next phase of this project would 
be to expand the object detection model to include a much broader and more diverse selection 
of environments through a larger dataset and possibly another, more complex model framework. 
Funding would also allow for the creation of a fully wearable prototype equipped with integrated 
cameras and an onboard processor rather than having to rely on a separate device to load the 
model. Another possibility would be to utilize a much larger pre-trained model and leveraging 
quantization technology to effectively shrink the model down into something that could easily be 
run on consumer devices. 
 
A significant financial investment is the essential next step for this project. It would provide the 
necessary capital to move beyond the planning stages and create the first physical prototypes of 
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the camera-equipped goggles, turning the core concept into a tangible product. Beyond 
prototyping, such an investment could also provide the foundation needed to launch a full-scale 
mass production phase. The transition to mass production is the most critical element for 
ensuring widespread accessibility. By manufacturing the goggles in large quantities, we could 
dramatically lower the production cost for each individual unit through efficiencies in the 
assembly process and the ability to purchase materials in bulk at a lower price. This cost-saving 
would be passed directly to the consumer, resulting in a final price that is affordable for the vast 
majority of people with visual impairments. This approach directly confronts the primary issue 
with the current market, where competing solutions have prices that are prohibitively high for the 
average person (Global Report on Assistive Technology). These existing devices are often so 
expensive that they are not a realistic option, especially for those who either don’t have 
insurance or have plans which don’t cover such items. 
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