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Introduction. Modern computer vision technologies are actively applied in
various fields - from industry to medical diagnostics. One of the most significant
areas is assisting visually impaired people who need to receive up-to-date
information about their surroundings. Thanks to the rapid development of mobile
computing resources, it has become feasible to offload complex computational
tasks to smartphones, allowing users to obtain scene descriptions in near real-time
[1]. The goal is to provide a comprehensive, non-visual understanding of the
immediate environment, replicating, to some extent, the visual perception of
sighted individuals. This capability is paramount for independent navigation and
interaction.

1. Object Recognition with Deep Neural Networks. The core of the object
recognition system relies on the application of Deep Convolutional Neural
Networks (DCNNs). Such sophisticated models are capable of simultaneously
determining the coordinates of objects in an image (localization) and assigning
their correct class label (classification). Unlike traditional algorithms that heavily
relied on laborious, hand-crafted features (like SIFT or HOG), modern models
leverage extensive training on large-scale datasets (e.g., MS COCO, ImageNet),
which significantly improves recognition accuracy and robustness across varied
lighting and viewing conditions.

Specifically, popular detection architectures often include Single Shot
Detectors (SSDs) or You Only Look Once (YOLO) variants, known for their
speed, or two-stage detectors like Faster R-CNN, which offer superior precision.

The detector processes an image streamed from a mobile device camera and
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identifies a set of objects with bounding boxes that uniquely identify the position
and type of objects in the scene. The extracted features - such as object class,
confidence score, and relative spatial coordinates - are then formalized into a
feature vector and transferred to the subsequent text generation module. The
overall architectural flow, from image acquisition to text generation, is

conceptualized in Figure 1.
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Figure 1 - Object Recognition and Description Scheme

2. Scene Description Generation via Recurrent Models. As depicted in
Figure 1, text description generation, often termed Image Captioning, is a separate,
complex task solved using natural language processing (NLP) methods. The most
common and effective architectural approach is the Encoder-Decoder framework,
where the DCNN acts as the Encoder (extracting visual features), and a Recurrent

Neural Network (RNN) acts as the Decoder (generating text).
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The Long Short-Term Memory (LSTM) architecture [2] is particularly
favored for the decoder due to its inherent ability to handle sequential data
processing effectively. LSTM units are specifically designed with internal 'gates'
(input, forget, and output) to mitigate the vanishing gradient problem, enabling
them to capture long-range dependencies crucial for forming grammatically correct
and logically coherent sentences [3].

The LSTM model receives the formalized features obtained after object
detection as input: object classes, their estimated relative positions, and the count
of specific objects. The model then forms a coherent text where scene objects are
described taking into account contextual relationships and spatial logic. For
instance, instead of just listing objects, it can generate: "A cup is on the table, next

to a book," providing crucial relational context.
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Figure 2 - Structure of the Attention Mechanism Layer
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3. The Role of Attention Mechanisms. As illustrated in Figure 2, in modern
systems, attention mechanisms are frequently applied. [4]. This sophisticated
technique allows the recurrent decoder model to dynamically focus on the most
significant regions of the input image (or corresponding object features) at each
step of the word generation process. For example, when the model generates the
word "cup," the attention mechanism will put a higher weight on the visual
features of the cup object. Thanks to this mechanism, the scene description
becomes more precise, informative, and contextually relevant, directly benefiting
the end-user. For visually impaired users, the final description can be delivered
either in text or immediately converted to an audio format using high-quality
speech synthesis technologies; ensuring information is perceived without any need
for visual contact.

4. Mobile Platform Advantages and System Deployment. The choice of
the mobile platform offers several distinct advantages. Firstly, mobile devices
(smartphones and tablets) are ubiquitous and virtually always at hand, ensuring the
system is highly accessible for every day, spontaneous use. Secondly, modern
smartphones are equipped with high-quality; high-resolution cameras that provide
acceptable input image quality essential for accurate DCNN processing.

Crucially, the computational power of contemporary mobile platforms is
continually increasing, allowing a significant portion of the processing to be
carried out locally (on-device processing) or in a hybrid format [5]. On-device
processing minimizes latency (response time) and maintains user privacy.
However, in cases where more complex, state-of-the-art recognition and text
generation models are required, part of the processing can be offloaded to a server
via cloud computing. The mobile device simply captures the image and receives
the description back, which effectively reduces the load on local resources and
battery consumption.

5. Practical Applications and Future Directions. The use of these advanced
technologies allows providing visually impaired users with critical real-time

information about people, objects, road signs and vehicles, as well as the location

253



Mamepianu xougepenyii KIT-2025, Xapkie, XHA/Y, 25.11.2025

of objects in the immediate environment. The system proves invaluable in
everyday scenarios, such as the automatic description of package contents, objects
on a table surface, or the denomination of banknotes.

For successful practical deployment, response time (latency) is a critical
parameter: the delay between capturing an image and forming the spoken
description must be minimal to support dynamic interaction. Furthermore, the
availability of training data covering diverse environments, lighting conditions,
and object types is essential to improve the model's robustness and generalization
capabilities.

Similar and highly effective functionality is already present in existing
commercial solutions, such as Microsoft Seeing Al and Google Lookout, which
provide users with voice descriptions of objects and text in images [6]. The
continuous challenge remains the further improvement of description quality,
which is inherently dependent on the sophistication of the underlying models and
the breadth and composition of the training data.

The development of recognition systems and automatic description of objects
in images represents a significant area for the further improvement of computer
vision and Al accessibility technologies. Potential development directions include
the integration of more powerful and context-aware transformer architectures (like
the use of the Vision Transformer as an encoder), expansion of multi-modal and
multi-lingual datasets, and adaptation of systems to various languages and cultural
contexts [7]. Ultimately, these solutions are vital tools for enhancing the social
inclusion and autonomy of people with vision impairment, effectively bridging the

gap between the user and their physical environment.
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