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Abstract 

This paper presents the development and evaluation of an initial, comprehensive assistive navigation 
prototype that integrates three-dimensional audio spatialization with advanced computer vision 
technologies to enhance the mobility of visually impaired individuals. The system combines 
stereoscopic depth perception, real-time point cloud reconstruction, and object detection capabilities 
via a modified YOLO convolutional neural network architecture. It also implements auralization 
techniques using head-related impulse response functions to generate directional audio cues. Twenty 
participants, including ten individuals with visual impairments, navigated through controlled 
obstacle scenarios while wearing the chest-mounted camera system and specialized headphones for 
experimental validation. Remarkably, the prototype demonstrated computational efficiency, 
processing visual information at 0.042489 seconds per image and exceeding real-time performance 
requirements for practical navigation applications. The system achieved 95.00% object classification 
precision across eleven obstacle categories, successfully identifying common urban navigation 
hazards, including vehicles, pedestrians, and infrastructure elements. Participants completed 
navigation tasks with an average collision rate of 0.5 per scenario and a mean completion time of 48 
seconds, demonstrating measurable improvements in spatial awareness and obstacle avoidance. 
Integrating segmented convolution-based audio processing with stereoscopic depth estimation 
proved highly effective. This integration enables users to perceive obstacle locations through intuitive 
spatial sound cues, eliminating the need for extensive training, that can serve as a foundation for 
ongoing efforts to advance assistive navigation technologies. 

Keywords: auralization; acoustic virtual reality; assisted navigation; computer vision; artificial neural 
network 
 

1. Introduction 

For individuals with visual or mobility impairments, navigating is a daily challenge. The 
complexity of navigation increases in environments without accessible construction. Traditional 
assistive tools, such as canes and guide dogs, provide essential support, but they are limited in their 
ability to dynamically detect and interpret obstacles or provide detailed spatial awareness. Electronic 
Travel Aid (ETA) devices have emerged, enabling individuals with impairments to detect obstacles 
by determining their position, distance, and size in real time, thereby facilitating navigation. Recent 
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advances in computer vision and 3D sound generation pave the way for innovative solutions that 
improve the independent mobility of individuals with impairments [1]. 

Computer vision uses cameras and other sensors to capture the surrounding environment in 
real time and process images to avoid obstacles. Techniques such as depth estimation, semantic 
segmentation, and edge detection allow these systems to accurately recognize objects, pathways, and 
potential hazards [2]. Nowadays, computer vision performance has improved thanks to machine 
learning approaches. 

The goal of computer vision is to create two- or three-dimensional representations of the world. 
Nowadays, applications of 3D representations are used in several fields, such as robotics [3,4], rescue 
operations [5], and autonomous vehicles [6–9]; and places digitizing mapping [10,11]. Several 
technologies have been used to acquire information to generate 3D representations, including 
LiDARs, stereoscopic cameras, RGB-D cameras, and time-of-flight cameras. Based on the above, 
computer vision is a non-trivial problem spanning several tasks, such as obstacle detection, border 
segmentation, classification, and image generation. There are several approaches to these tasks. The 
most common is Convolutional Neural Networks (CNNs). 

Spatial sound generation, also known as 3D sound, translates the information processed by 
cameras in a way that is helpful for users. Spatial audio generation involves synthesizing audio 
through equalized headphones so that listeners perceive it as if they are present in a real scenario, 
even if they are not [12]. Spatial sound incorporates the acoustic and anthropometric characteristics 
of the environment and human sound perception. This enables users to understand distances, 
directions, and object types through sound alone [13]. This creates an intuitive, immersive guidance 
system that does not require constant physical interaction [14]. 

The sound wave that arrives at the listener’s ears is affected by diffraction, absorption, and other 
phenomena [15], depending on the direction of the wavefront incidence. The human head and torso 
act as natural acoustic filters between the position of the sound source and the entrance of each ear 
canal. These filters can be modeled as finite impulse response (FIR) systems known as head-related 
impulse responses (HRIRs). HRIRs are responsible for supplying a 3D sound sensation in simulated 
environments and providing directional cues that allow humans to distinguish sound source 
locations [16]. It is worth noting that the HRIR corresponds to the system’s acoustic response in the 
time domain when excited by an impulsive signal, whereas the Head-Related Transfer Function 
(HRTF) is the equivalent representation of this response in the frequency domain. Both describe the 
same filtering characteristics of the head–torso–pinna system, differing only in the analysis domain. 
To achieve a more realistic sound, one must also consider how sound waves propagate in indoor or 
outdoor environments before reaching the listener’s ears. 

Auralization generates audible sound from simulated, synthetized or measured data. It is 
typically used to show how sound propagates in a given environment. Similar to visualization, 
auralization allows users to experience how a space will sound, even if they are not present. It 
involves signal processing, acoustic modeling, and spatial audio techniques to produce realistic 
auditory experiences in architecture, virtual reality, and noise control applications. Auralization 
generates spatial sound by applying the convolution product of an anechoic sound and an impulse 
response. However, generating spatial sound in real time is computationally expensive. A common 
approach to reducing the required computational resources is to decrease the number of 
mathematical operations and/or simplify the models involved in the auralization process. It is worth 
mentioning that such a strategy may significantly reduce the sensation of 3D sound and, therefore, 
compromise the listener’s ability to recognize the direction of the sound source. 

The integration of computer vision and 3D sound allows for the creation of multisensory 
navigation systems that enhance the safety, confidence, and autonomy of individuals with 
impairments. This concept has been explored in several studies, including those by [8,14,17], and 
others. The recent rise of edge computing and wearable artificial intelligence can provide assistive 
devices that are even more responsive and adaptable [18]. These approaches could enhance 
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accessibility and empower individuals with impairments to have greater freedom and independence 
in their daily lives. 

This research aims to present a prototype of assisted navigation for the visually impaired using 
3D audio and computer vision with stereoscopic cameras, which were developed by the LASINAC 
laboratory of the National Polytechnic School of Ecuador. The prototype generates spatial audio 
through equalized headphones while the user navigates with pink noise in the background. This 
noise provides users with an auralization process that uses a public HRIR corresponding to the 
direction of arrival of an obstacle, which is obtained by processing images captured by stereoscopic 
cameras, to give them the notion of the localization of an obstacle. The sound gain increases when 
the obstacle is close and decreases when it is far away. In addition to detecting obstacles, the 
prototype can recognize them using the YOLO convolutional neural network. 

1.1. Related Works 

The integration of 3D audio technologies with computer vision systems for developing assistive 
navigation devices for visually impaired individuals has evolved through distinct technological 
paradigms, each contributing unique methodological approaches and scientific innovations to the 
field. The foundational work in this domain established the critical importance of spatial audio 
rendering combined with environmental perception systems. The early work of [17] presented the 
application of artificial neural networks for interpolating Head Related Impulse Responses (HRIRs) 
in 3D sound systems, employing a committee of feed-forward multi-layer ANNs with 2-4 neurons in 
single hidden layers to process azimuth and elevation coordinates, achieving optimal accuracy with 
errors below -22 dB while demonstrating 50% computational efficiency improvement over traditional 
bilinear interpolation methods. Building upon similar principles, [19] developed the NAVIG system, 
which integrated stereoscopic cameras operating at 320 × 240  pixels with binaural 3D audio 
spatialization through Head Related Transfer Functions (HRTFs), implementing the biologically-
inspired SpikeNet algorithm for ultra-rapid image recognition capable of processing 750 visual 
shapes at 15 fps, while achieving 78±22% recognition rates in morphological earcon classification tests 
and demonstrating object localization accuracy within 22cm for indoor positioning. 

Advanced localization and mapping systems have subsequently emerged as sophisticated 
solutions that leverage precise spatial reconstruction capabilities combined with multi-sensor fusion 
approaches. In 2017, Xu et al. [8] developed a comprehensive vehicle localization methodology 
utilizing stereoscopic camera technology integrated with 3D point cloud maps, employing particle 
filtering frameworks and gradient-based image matching algorithms that achieved centimeter-level 
accuracy with RMS errors ranging from 0.08-0.31 meters across diverse environmental conditions, 
while demonstrating GPU-accelerated processing capabilities with 105ms computation times 
through multi-path Viterbi stereo algorithms and information-theoretic matching metrics. This 
precision-oriented approach was further enhanced by [20], who designed an intelligent smart cane 
incorporating 2D LiDAR and RGB-D camera sensors powered by NVIDIA Jetson Nano B01, 
implementing Cartographer SLAM algorithms with localization accuracy of 1 m ± 7 cm and 
processing speeds of 25–31 FPS, while integrating an improved YOLOv5 model augmented with 
Convolutional Block Attention Module (CBAM) that achieved obstacle detection speeds of 25–26 FPS 
and recognition accuracy rates of 84.6% for pedestrian crossings and 71.8% for vehicles. 

Real-time environment reconstruction systems have demonstrated remarkable capabilities in 
transforming spatial perception through innovative audio feedback mechanisms and comprehensive 
environmental analysis. The study [21] presents the development of EchoSee, a mobile application 
utilizing Apple’s ARKit framework with LiDAR scanning technology to generate dynamic 3D mesh 
reconstructions at 60 frames per second, implementing raycasting algorithms within Unity game 
engine to place six spatialized audio sources at predetermined angular offsets producing distinct 
pure tones, resulting in 39.8% reduction in obstacle collisions and significant improvements in Safety 
Performance Index scores through mathematical models quantifying seeking behavior and trajectory 
analysis algorithms. Complementing this approach, the authors of [22] investigated intelligent 
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wearable auditory display frameworks that processed real-time video streams through 
heterogeneous sensor fusion combining LiDAR, radar, and thermal sensors, employing time-
frequency domain analysis through Wavelet and Fourier transforms for feature extraction and 
implementing convolutional neural networks with multi-layer perceptron algorithms for object 
recognition, while utilizing dynamic Bayesian networks and theory of evidence for spatial state 
estimation and fuzzy logic mapping for speech synthesis generation. 

Artificial intelligence-powered object detection and recognition systems have contributed to 
sophisticated machine learning methodologies that enhance environmental perception accuracy and 
computational efficiency. In 2022, Ashiq et al. [23] implemented MobileNet architecture achieving 
83.3% accuracy on ImageNet dataset containing over 1,000 object categories, utilizing Structural 
Similarity Index (SSIM) with 0.7 threshold for frame optimization and integrating GPS/GSM modules 
for real-time location tracking while demonstrating superior performance with 9.1/10 total score in 
comparative analysis against existing devices. The study of [24] advanced this domain through the 
Object Detection Model for Visually Impaired (ODMVI) framework, employing comprehensive five-
phase approaches including Wiener filtering for preprocessing, multi-kernel k-means segmentation 
with hybridized sigmoid and Laplacian kernels, and multiple feature extraction incorporating Scale-
Invariant Feature Transform (SIFT), Speeded-Up Robust Features (SURF), and Histogram of Oriented 
Gradients (HOG), achieving remarkable accuracy of 76.78% and precision of 65.67% while 
outperforming conventional CNN algorithms. The work of [25] contributed uncertainty-aware visual 
perception systems utilizing Intel RealSense D435 RGB-D stereoscopic cameras with Generative 
Adversarial Networks (GANs) trained on human eye-tracking data, implementing fuzzy logic-based 
risk assessment with three membership functions and achieving 85.7% accuracy, 86.0% sensitivity, 
and 85.2% specificity through lightweight LB-FCN architecture and morphological gradient-based 
ground plane removal techniques. In 2025, Das et al. [26] developed the PathFinder system 
employing a novel Depth-First Search (DFS) algorithm combined with monocular depth estimation 
techniques, comparing six distinct approaches including Vision Language Models, Vision 
Transformer classification, and patch-based depth representation using Large Language Models, 
achieving competitive accuracy rates of 37.67% for indoor and 38.33% for outdoor navigation with 
response times of 0.399 seconds for indoor scenes and 1.332 seconds for outdoor environments, 
significantly outperforming AI-powered alternatives requiring 3-10 times longer processing periods 
while maintaining lower Mean Absolute Error values of 25.78° and 26.00° respectively. 

Comprehensive analytical studies have provided systematic evaluations of technological 
convergences and empirical evidence for evidence-based development strategies. The study of [27] 
presents a bibliometric analysis of 528 publications spanning 2010-2020 using CiteSpace analytical 
methods, revealing that computer vision techniques, particularly Simultaneous Localization and 
Mapping (SLAM) and deep convolutional neural networks, increasingly integrated with spatial 
audio processing algorithms, while identifying smartphone-based implementations leveraging 
ARCore and ARKit frameworks as dominant platforms incorporating stereo audio feedback 
mechanisms and demonstrating exponential growth trends in artificial intelligence approaches after 
2015. In 2019, Real and Araujo [28] systematically analyzed Electronic Travel Aids evolution, 
identifying convergence requirements including 3D audio processing through HRTF algorithms, 
computer vision techniques with SLAM for centimeter-level positioning accuracy, and stereo-vision 
systems for environmental reconstruction, while highlighting smartphone-based solutions with 
Ultra-Wide Band technology achieving 15-20 cm accuracy as optimal technological convergence. The 
work of [29] presents the review of 191 research articles published between 2011-2020, documenting 
diverse implementations including spatial audio cues, RGB-D cameras, Microsoft Kinect sensors, and 
deep learning algorithms, while identifying critical gaps in power consumption optimization and 
demonstrating prevalence of embedded systems utilizing Arduino platforms and IoT infrastructure. 
In 2023, Theodorou et al. [30] classified 40 peer-reviewed studies utilizing RGB-D cameras, LIDAR, 
IMUs, and computer vision algorithms including semantic segmentation and point cloud processing, 
emphasizing practical implementation challenges where only 14% of reviewed solutions were 
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deemed viable for real-world use, while identifying core technological features including low-latency 
navigation feedback, accurate indoor localization, and adaptive obstacle avoidance as essential 
requirements for commercial viability in assistive navigation systems. 

1.2. Outline 

This paper is organized as follows: Section 2, “Materials and Methods,” describes how the 
prototype functions. Section 3, “Results”, shows the evaluation of the prototype carried out on twenty 
people, ten of whom were visually impaired. Section 4, “Conclusions,” outlines the relevant findings 
and future work. 

2. Materials and Methods 

2.1. The Prototype 

The stereoscopic camera, which is mounted on the user’s chest, captures two images 
simultaneously to enable real-time depth perception. A single board computer (SBC) processes these 
images and computes the position of nearby obstacles in the environment. Once the positions of the 
obstacles are determined, the system generates spatial audio cues that are reproduced through 
equalized headphones. This allows the user to perceive the direction of the obstacles via 3D sound. 
The prototype also plays an audio alert when an obstacle is detected by pressing a button located on 
the bottom right of the vest. Obstacle recognition and classification are performed using CNN with 
images captured by the camera. Figure 1 illustrates the overall prototype setup, including the 
minicomputer (A), power bank (B), stereoscopic camera (C), inertial sensors (D), headphones (E), 
wearable vest (F and G), headband (H), and obstacle detection button (G). The headband houses an 
inertial measurement unit (IMU) that tracks the user’s head orientation in real time. This orientation 
data is essential for transforming the obstacle’s position from the camera coordinate system to 
auditory space. This ensures that the spatial audio is generated in alignment with the user’s relative 
position. The prototype uses a ZED stereoscopic camera, an NVIDIA Jetson TX SBC for processing, 
and a lithium polymer battery as the power source. 

 
Figure 1. Prototype scheme. 

The prototype operation is divided into three modules: Data Acquisition and Point Cloud 
Positioning; User Orientation Detection and 3D Audio Generation; and Obstacle Detection and 
Classification. The following subsections detail each module. 

2.2. Data Acquisition and Point Cloud Processing 

The first step is to acquire images from a stereoscopic camera with aligned axes mounted on the 
prototype. Figure 2 shows the scheme of the stereoscopic camera with aligned axes. 
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Figure 2. Stereoscopic camera with aligned axes: 𝐶𝐶1 and 𝐶𝐶2 are the lens positions, 𝐵𝐵 is the distance between 
the lenses, and 𝑃𝑃𝐼𝐼1  and 𝑃𝑃𝐼𝐼2  are the pixel positions in the real world for coordinate systems one and two, 
respectively. Finally, 𝑃𝑃𝑀𝑀 is the user coordinate system. 

Next, the pixel representing a point in the real world is located in both images [31] to determine 
the disparity 𝑑𝑑 = 𝑥𝑥𝑝𝑝𝐼𝐼1 − 𝑥𝑥𝑝𝑝𝐼𝐼2. Then, triangulation is used to represent the pixel in 3D coordinates in the 
user reference by applying the following equations: 

𝑧𝑧𝑝𝑝𝑀𝑀 =
𝑓𝑓𝑓𝑓
𝑑𝑑

, (1) 

𝑥𝑥𝑝𝑝𝑀𝑀 =
𝑥𝑥𝑝𝑝𝐼𝐼1𝑧𝑧𝑝𝑝𝑀𝑀

𝑓𝑓
, (2) 

𝑦𝑦𝑝𝑝𝑀𝑀 =
𝑦𝑦𝑝𝑝𝐼𝐼2𝑧𝑧𝑝𝑝𝑀𝑀

𝑓𝑓
𝑥𝑥𝑝𝑝𝑀𝑀 , (3) 

where 𝑓𝑓  is the focal distance, 𝐵𝐵  stands for the distance between lenses, and 𝑑𝑑  refers to the 
disparity. The coordinates 𝑧𝑧𝑝𝑝𝑀𝑀, 𝑥𝑥𝑝𝑝𝑀𝑀, and 𝑦𝑦𝑝𝑝𝑀𝑀 represent the depth, horizontal, and vertical positions of 
a point in the user coordinate system, respectively. 𝑥𝑥𝑝𝑝𝐼𝐼∗ is the position in the 𝑥𝑥 axis in the first and 
second images. 𝑦𝑦𝑝𝑝𝐼𝐼1 stands for the position on the first image in the 𝑦𝑦 axis. 

In image processing, a point cloud refers to a collection of discrete data points from each pixel 
of an image in three-dimensional space. These data points represent the surfaces of objects or 
environments [32]. Each point in the cloud contains spatial coordinates (𝑥𝑥,𝑦𝑦, 𝑧𝑧) and may include 
additional attributes, such as color, intensity, or normal vectors. Thus, point cloud is defined by: 

𝑃𝑃 = {𝑝𝑝1, 𝑝𝑝2, 𝑝𝑝3, … , 𝑝𝑝𝑛𝑛}, (4) 

𝑝𝑝𝑖𝑖 = {𝑥𝑥,𝑦𝑦, 𝑧𝑧,𝑑𝑑}, (5) 

where 𝑝𝑝𝑖𝑖  is the point containing the position 𝑥𝑥,𝑦𝑦, 𝑧𝑧  in Cartesian coordinates and an additional 
dimension, 𝑑𝑑. The resulting point cloud from the aforementioned process is passed through the 
Passthrough filter from the Point Cloud Library (PCL) of the Robot Operating System (ROA) to 
determine the Region of Interest (ROI). The ROI refers to a set of points that could contain the closest 
possible obstacle [33]. In order to determine the location of the obstacle, the center of a cloud of points 
representing the ROI must be calculated. In this regard, two additional PCL library filters, VoxelGrid 
and SOR, were applied. These filters minimize atypical points in the ROI to reduce the number of 
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samples. Next, the SAC-RANSAC segmentation algorithm from the PCL library is executed to 
eliminate coplanar points in the cloud that don’t represent an obstacle to navigation. Figure 3 shows 
the results of processing the point cloud. 

 

Figure 3. Point Cloud Processing results. 

Finally, the position of the nearest obstacle is computed by applying a moving average filter to 
the current centroid and the three previous centroids. The centroid is obtained by selecting the thirty 
points closest to the camera after applying point cloud processing to the images captured by the 
camera. The moving average filter was defined as follows: 

𝑦𝑦[𝑛𝑛] =
1
𝑀𝑀
�
𝑀𝑀−1

𝑘𝑘=0

𝑥𝑥[𝑛𝑛 − 𝑘𝑘], (6) 

where, 𝑛𝑛 refers to the number of centers, 𝑀𝑀 is the number of taps, and 𝑘𝑘 stands for the shift. 

2.3. User Orientation Detection and Audio Generation 

The second module uses an inertial measurement unit (IMU) sensor on the user’s headband to 
convert obstacle positions from camera coordinates to auditory space. Then, 3D audio is generated 
by applying segmented convolution between the Head-Related Impulse Response (HRIR) closest to 
the obstacle’s position — gathered from a public database — and pink noise. 

The rotation matrices then transform the obstacle position from camera coordinates to auditory 
space, given the head rotation (azimuth) obtained from the IMU sensor. The rotation matrices for the 
𝑥𝑥 and 𝑦𝑦 axes were defined as follows: 

𝑅𝑅𝑥𝑥(𝜃𝜃) = �
1 0 0
0 𝑐𝑐𝑐𝑐𝑐𝑐(𝜃𝜃) −𝑠𝑠𝑠𝑠𝑠𝑠(𝜃𝜃)
0 𝑠𝑠𝑠𝑠𝑠𝑠(𝜃𝜃) 𝑐𝑐𝑐𝑐𝑐𝑐(𝜃𝜃)

�, (7) 

𝑅𝑅𝑦𝑦(𝜃𝜃) = �
𝑐𝑐𝑐𝑐𝑐𝑐(𝜃𝜃) 0 𝑠𝑠𝑠𝑠𝑠𝑠(𝜃𝜃)
0 1 0
−𝑠𝑠𝑠𝑠𝑠𝑠(𝜃𝜃) 𝑠𝑠𝑠𝑠𝑠𝑠(𝜃𝜃) 𝑐𝑐𝑐𝑐𝑐𝑐(𝜃𝜃)

�, (8) 

where 𝜃𝜃  is the azimuth angle. The user position considering the listener head as a reference is 
defined as: 
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𝑥𝑥𝑢𝑢 = 𝑅𝑅𝑥𝑥(𝜃𝜃)𝑥𝑥, (9) 

𝑦𝑦𝑢𝑢 = 𝑅𝑅𝑦𝑦(𝜃𝜃)𝑦𝑦, (10) 

𝑧𝑧𝑢𝑢 = −𝑧𝑧. (11) 

After that, the Direction of Arrival (DOA) of the obstacle is computed by converting its position 
in auditory space to polar coordinates. Once the DOA is known, the closest HRIR can be determined. 
Next, 3D audio is generated by applying the auralization technique. This technique performs 
segmented convolution between the waterfall sound (waterfall sound was chosen because it is 
considered relaxing) and the HRIR corresponding to the user’s orientation and position. The waterfall 
sound provides three-dimensional sound indicating the direction of the cloud’s average point. 

The corresponding HRIR was chosen from the CIPIC public HRIR database [34]. These HRIRs 
were measured using a KEMAR dummy head in an anechoic chamber. Due to the sampling rate of 
44,100 Hz, each HRIR has 512 samples, which cover the complete audible spectrum. Reducing the 
latency ensures realistic reproduction of real-time audio. Therefore, an audio block of 512 samples 
was used, resulting in a latency of 11.61 ms (512/44,100 Hz). 

The convolution product in the time domain is given by: 

𝑦𝑦[𝑛𝑛] = 𝑥𝑥[𝑛𝑛] ∗ ℎ[𝑛𝑛] = 𝛴𝛴𝑘𝑘=0𝐿𝐿−1𝑥𝑥[𝑛𝑛 − 𝑘𝑘]ℎ[𝑘𝑘], (12) 

where, 𝑦𝑦[𝑛𝑛] is the output signal of length 𝐿𝐿 = 𝑀𝑀 + 𝑁𝑁 − 1. 𝑥𝑥[𝑛𝑛] stands for the input signal of length 
𝑀𝑀, and ℎ[𝑛𝑛] is the impulse response signal of length 𝑁𝑁. 𝑘𝑘 represents the summation index, while 
𝑋𝑋[𝑘𝑘] and 𝐻𝐻[𝑘𝑘] denote the discrete Fourier transforms of the input signal and impulse response, 
respectively. 

Our method applies fast Fourier transform (FFT) segmented convolution, which leverages the 
convolution theorem property which states that convolution in the time domain corresponds to the 
product of two signals in the frequency domain as established in Eq. (13). 

𝑥𝑥[𝑛𝑛] ∗ ℎ[𝑛𝑛] = 𝑋𝑋[𝑘𝑘]𝐻𝐻[𝑘𝑘]. (13) 

The principle of segmented convolution divides the input signal, 𝑥𝑥(𝑛𝑛), into blocks of length 𝐵𝐵. 
These blocks are represented as: 

𝑥𝑥(𝑛𝑛) = �
𝑃𝑃

𝑖𝑖=0

𝑥𝑥𝑖𝑖(𝑛𝑛 − 𝐵𝐵𝐵𝐵)    (𝑖𝑖 ≥ 0; 0 ≤ 𝑛𝑛 ≤ 𝐵𝐵), (14) 

where 𝑃𝑃 = ⌈𝑀𝑀/𝑁𝑁⌉ is the number of 𝑥𝑥𝑖𝑖(𝑛𝑛) blocks. If 𝑀𝑀 is not a multiple of 𝐵𝐵, the last block must be 
zero-padded to match the 𝐵𝐵 length. The discrete Fourier transform operations are denoted by D𝐹𝐹𝐹𝐹 
and its inverse by D𝐹𝐹𝑇𝑇−1. 

The convolution of 𝑥𝑥(𝑛𝑛) and ℎ(𝑛𝑛) can be expressed as follows: 

 𝑦𝑦(𝑛𝑛) = 𝑥𝑥(𝑛𝑛) ∗ ℎ(𝑛𝑛), 

 = ∑𝑃𝑃
𝑖𝑖=0 𝑥𝑥𝑖𝑖(𝑛𝑛 − 𝐵𝐵𝐵𝐵) ∗ ℎ(𝑛𝑛), 

 = D𝐹𝐹𝐹𝐹{𝑥𝑥0(𝑛𝑛) ∗ ℎ(𝑛𝑛) + 𝑥𝑥1(𝑛𝑛 − 𝐵𝐵) ∗ ℎ(𝑛𝑛) + ⋯+ 𝑥𝑥𝑖𝑖(𝑛𝑛 − 𝑖𝑖𝑖𝑖) ∗ ℎ(𝑛𝑛)�����������
𝑦𝑦𝑖𝑖(𝑛𝑛−𝑖𝑖𝑖𝑖)

+ ⋯+

𝑥𝑥𝑃𝑃(𝑛𝑛 − 𝑃𝑃𝑃𝑃) ∗ ℎ(𝑛𝑛)}, 

 = 𝑋𝑋0(𝑘𝑘)𝐻𝐻(𝑘𝑘) + 𝑋𝑋1(𝑘𝑘)𝐻𝐻(𝑘𝑘) + ⋯+ 𝑋𝑋𝑖𝑖(𝑘𝑘)𝐻𝐻(𝑘𝑘)�������
𝑌𝑌𝑖𝑖(𝑘𝑘)

+ ⋯+ 𝑋𝑋𝑃𝑃(𝑘𝑘) ∗ 𝐻𝐻(𝑘𝑘), 

 = ∑𝑃𝑃
𝑖𝑖=0 D𝐹𝐹𝑇𝑇−1{𝑌𝑌𝑖𝑖(𝑘𝑘)}, 

 = ∑𝑃𝑃
𝑖𝑖=0 𝑦𝑦𝑖𝑖(𝑛𝑛 − 𝑖𝑖𝑖𝑖). 

(15) 

where, the 𝑖𝑖 − 𝑡𝑡ℎ block convolution, 𝑦𝑦𝑖𝑖(𝑛𝑛 − 𝑖𝑖𝑖𝑖), refers to the convolution of 𝑥𝑥𝑖𝑖(𝑛𝑛 − 𝑖𝑖𝑖𝑖) and ℎ(𝑛𝑛). 
Each 𝑦𝑦𝑖𝑖(𝑛𝑛 − 𝑖𝑖𝑖𝑖) is 2𝐵𝐵 − 1 samples long. This study applied overlap-add segmented convolution, 
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which consists of summing the first 𝐵𝐵 − 1 samples of 𝑦𝑦𝑖𝑖  with the last 𝐵𝐵 − 1 samples of 𝑦𝑦𝑖𝑖−1 (i.e., 
overlapped samples). Figure 4 depicts the overlap-add convolution process. More details on overlap-
save convolution can be found in [15]. 

The virtual reality effect is achieved by updating the head-related impulse responses (HRIRs) 
based on the head’s orientation and position at a given moment, since the principles governing linear, 
time-invariant systems are appropriate for this formulation. However, sudden head movements 
during testing can cause abrupt changes, leading to clicks or other undesirable audio artifacts [35]. 
To address this issue, a crossfade effect is applied to the convolution of the sound with the current 
pair of HRIRs, which correspond to the listener’s present position, and the predicted pair of HRIRs 
obtained through linear interpolation. Consequently, listeners perceive smooth audio transitions 
during movement despite the loading of upcoming HRIRs [36]. 

 

Figure 4. Overlap-add convolution procedure. The input signal 𝑥𝑥(𝑡𝑡) has been divided into blocks of length B. 
Each input block 𝑥𝑥𝑖𝑖(𝑛𝑛 − 𝑖𝑖𝑖𝑖) is zero padded before applying the convolution product, resulting in an output 
𝑦𝑦𝑖𝑖(𝑛𝑛 − 𝑖𝑖𝑖𝑖) for each block. The last 𝐵𝐵 − 1 samples of the previous output are added to the first 𝐵𝐵 − 1 samples 
of the current --- overlapped-add. The final 𝐵𝐵 − 1  samples of the last convolution block are discarded, 
represented by “x”. 

It is worth mentioning that audio generation is a core feature of the Assisted Navigation System. 
It processes and generates 3D sound to emulate the sensation of sound coming from a specific 
location, a process known as auralization. This allows people with visual impairments to navigate. 

2.4. Obstacle Detection 

The proposed prototype has an additional capability that allows it to recognize and detect 
obstacles. This is achieved by training a CNN architecture with fine-tuning and transfer learning 
techniques based on the Darknet computer vision model called “You Only Look Once” (YOLO). The 
trained YOLO can identify and classify objects in real time from images provided by the stereoscopic 
camera. Fine-tuning and transfer learning are neural network techniques that modify the final layers 
and hyperparameters of well-known, pre-trained architectures, such as Darknet or Google CNN, to 
classify new objects in images. 

The prototype modifies the YOLO architecture by replacing the output layer with eleven 
neurons that correspond to the nine base architecture objects and two additional objects, as illustrated 
in Figure 5. The additional objects are poles and ladders. The database consists of two parts: a public 
database (Pascal VOC [35]) containing images of the first nine objects, and an additional database 
with images of the new objects obtained from other public databases and a data augmentation 
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process. The final database comprised 30,764 images of the eleven objects. The database was divided 
into 75% for training and 25% for validation. 

 

Figure 5. YOLO fine-tuning. 

The computer vision unit determines an object as an obstacle when its size within the captured 
image is greater than 25 cm in depth and height. Then, classification through the trained and modified 
YOLO begins, determining the corresponding label or class. Once the identification process is 
complete, the processing unit emits a synthesized sound through the headphones with the name of 
the class or object with the highest probability, as determined by YOLO. This warns the user as long 
as the system is activated. 

The performance of the modified YOLO model in object detection was evaluated using the mean 
average precision (𝑚𝑚𝑚𝑚𝑚𝑚), intersection over union (𝐼𝐼𝐼𝐼𝐼𝐼), and 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 metrics during the training and 
validation of the data. 𝑚𝑚𝑚𝑚𝑚𝑚 is a metric used to evaluate object detection models; it measures the 
average precision across all classes and 𝐼𝐼𝐼𝐼𝐼𝐼 thresholds. It is calculated as the mean of the average 
precision (AP) for each class. AP is the area under the precision-recall curve, defined as: 

𝑚𝑚𝑚𝑚𝑚𝑚 =
1
𝑁𝑁
�
𝑁𝑁

𝑖𝑖=1

𝐴𝐴𝑃𝑃𝑖𝑖 , (14) 

where 𝑁𝑁 is the number of classes and 𝐴𝐴𝑃𝑃𝑖𝑖  stands for the Average Precision (AP) of the 𝑖𝑖 − 𝑡𝑡ℎ class. 
The 𝐼𝐼𝐼𝐼𝐼𝐼 metric measures the overlap between the predicted and ground truth bounding boxes. It is 
a ratio that quantifies the alignment of the predicted box with the actual object, defined as: 

𝐼𝐼𝐼𝐼𝐼𝐼 =
𝐴𝐴𝑖𝑖𝑖𝑖𝑖𝑖
𝐴𝐴𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢

, (14) 

where 𝐴𝐴𝑖𝑖𝑖𝑖𝑖𝑖  is the area of overlap between the predicted and ground truth bounding boxes and 
𝐴𝐴𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 is the total area covered by both boxes. Recall measures the model’s ability to correctly identify 
positive samples. In object detection, Recall is the ratio of correctly detected objects to the total 
number of ground truth objects, which is computed as: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
, (14) 

where 𝑇𝑇𝑇𝑇 is the number of true positives and 𝐹𝐹𝐹𝐹 refers to the number of false negatives. 

3. Results 

The results are divided into two sections. The first section presents the results of tests conducted 
with visually impaired users and with users whose eyes were covered. These tests evaluated the 
system’s ability to provide navigation guidance and obstacle avoidance. Reaction times, movement 
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accuracy, and user comfort were also analyzed. The second section analyzes the results of the object 
detection model. 

3.1. User Evaluation 

The experiment involved completing a route and avoiding obstacles in a work area within a 
closed environment using the prototype to evaluate the system. Ten visually impaired people and 
ten blindfolded people participated in the experiment. During the experiment, participants were 
unable to use their hands or a cane. 

The tests were conducted in an area measuring: 6.0 m long and 3.6 m wide, forming a grid of 
five columns and four rows, each 1.2 m long and 0.9 m wide as depicted in Figure 6. Five obstacles 
were placed randomly within the grid’s cells. The experiment was repeated ten times, with the 
locations of the obstacles changing each time. It is worth mentioning that these obstacles were 
students standing in the shaded area of Figure 6. 

 
Figure 6. Sample scenario for testing the prototype with subjects: The shaded blocks in the grid represent 
randomly generated obstacles. Each participant and attempt will have a different scenario. 

The experiment lasted approximately one hour per person. During the first 10 minutes, the 
participants were given general information about the procedure. Then, their anthropometric 
measurements (height, ear size, etc.) were taken. Next, the participant wore the prototype, and a brief 
explanation of how to use it lasted approximately 10 minutes, as shown in Figure 7. Finally, the 40-
minute experiment began. 

    

Figure 7. Subjects with partial visual impairment wearing the prototype and navigating through the scenario. 

The experiment consisted of participants passing through ten scenarios. It is worth mentioning 
that the grid was marked on the floor of the EPN University classroom. Five obstacles were randomly 
placed in cells of the grid. The participant’s goal was to reach the sound source without colliding with 
an obstacle or stepping off the grid. The sound source was located at the end of the grid and emitted 
a sound that guided the participant to the final destination. 
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The table below shows the number of collisions and time required for blindfolded participants 
to cross each scenario. On average, participants collided 0.35 times and took around 48 seconds to 
complete the scenario. 

Table 1. Average collision and times for each participant. 

Participant number Average collision Average time (s) 
1 0.7 23.61 
2 0.5 87.52 
3 0.2 53.42 
4 0.7 79.38 
5 1.0 58.61 
6 0.3 47.91 
7 0.0 94.36 
8 0.5 41.34 
9 0.0 62.13 

10 0.3 41.14 
11 0.5 52.59 
12 0.0 21.22 
13 0.5 20.95 
14 1.1 31.05 
15 0.6 27.39 
16 0.0 45.48 
17 0.0 55.47 
18 0.0 31.46 
19 0.0 43.49 
20 0.0 41.48 

Average 0.5 48.00 
The results show that all subjects could perceive the spatial sound of a waterfall, which warns 

of an obstacle nearby. However, the level of perception and confidence varied among participants 
because perception of sound differs from person to person due to anthropometric characteristics that 
cause perception distortions. Additionally, limited training time and familiarity with the device 
affected the results. 

The results for visually impaired and blindfolded participants revealed similar overall 
performance metrics in terms of collision rates and completion times. However, the visually impaired 
participants demonstrated greater navigational confidence and faster adaptation, likely due to their 
experience navigating environments without visual cues. 

3.2. Object Detection Evaluation 

Evaluating the fine-tuned YOLO architecture for obstacle detection in outdoor environments 
provided valuable insights into the model’s performance and practical application in visually 
impaired navigation systems. Eleven object classes were selected based on their prevalence as 
potential mobility obstacles in urban outdoor environments if their heights exceeding 25 centimeters, 
which could pose navigation hazards for visually impaired individuals. These classes include bicycle, 
bus, horse, car, cat, motorcycle, dog, person, train, poles, and stairs. These classes represent the objects 
most frequently encountered that could impede safe pedestrian movement. 

Training was conducted over 150,000 iterations, with fine-tuning exclusively on the final four 
convolutional layers of the Darknet architecture. This process demonstrated convergence 
characteristics that justified the transfer learning approach. As shown in Figure 8, the average training 
error decreased progressively to an almost stable value of 8. The most significant reduction occurred 
within the first 50,000 iterations, after which it stabilized. After 75,000 iterations, the convergence 
pattern exhibited minimal oscillation, indicating stable learning dynamics and successful knowledge 
transfer from the pre-trained weights. The model selected at iteration 99,000 achieved a margin of 
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error of 0.730507%, which is substantially below the established threshold of 8%, confirming the 
reliability of the fine-tuning process. Table 2 shows the overall confusion matrix obtained during the 
evaluation process, as well as the overall metrics summarizing the results for all classes. 

 

Figure 8. The subject with partial visual impairment is wearing the prototype and navigating through the 
scenario. 

Table 2. Overall confusion matrix and performance metrics obtained from evaluation results. 

 Predicted: Positive Predicted: Negative Actual Total 
Actual: Positive True Positive (TP) = 2071 False Negative (FN) = 4168 6239 
Actual: Negative False Positive (FP) = 109 True Negative (TN) = 3000 3109 
Predicted Total 2180 7168 9348 

Precision Recall TNR AUC 
0.9500 0.3319 0.9649 0.6484 

A performance evaluation revealed a nuanced trade-off between the precision and recall metrics, 
highlighting the strengths and limitations of the fine-tuned approach. The system achieved an 
impressive precision rate of 95.00%, indicating that the vast majority of detected objects were 
correctly classified into one of the eleven defined classes. However, the recall rate of 33.19% revealed 
a significant limitation in the model’s ability to detect all relevant objects in the evaluation dataset. 
This disparity suggests that, while the system rarely produces false positives, it exhibits conservative 
detection behavior and may miss numerous obstacles that should be identified for safe navigation. 

The mean average precision (mAP) analysis yielded a performance score of 68.20%, which is 
competitive with established detection systems but falls short of YOLO’s original benchmark of 
73.40%. Individual class performance varied considerably. Traditional vehicle categories, such as cars 
and buses, achieved moderate success rates of 68.12% and 71.74%, respectively. However, animal 
classes presented particular challenges. The system completely failed to detect cats and horses during 
evaluation. This limitation can be attributed to the relative scarcity of animal instances in typical 
urban navigation scenarios and the difficulty of detecting these classes using image-based 
approaches alone without additional depth or contextual information. Performance metrics for each 
class are presented in Table 3. 

Table 3. Average probabilities and times for each class. 

Class Average probability 
Bicycle 0.5513 

Bus 0.6812 
Car 0.6348 
Cat - 
Dog 0.7605 
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Horse - 
Motorcycle 0.5998 

Person 0.5758 
Train 0.5062 
Pole 0.5149 

Stairs 0.5936 
As summarized in Table 3, the computational efficiency analysis demonstrated the practical 

viability of the system for real-time navigation applications. The average processing time is 42.49 ms 
per image, the system substantially exceeded the sub-second requirement established for navigation 
systems. This indicates that the fine-tuned model could effectively operate on the target hardware 
configuration. Probability distributions across detected classes revealed varying confidence levels. 
Dogs achieved the highest average confidence at 76.05%, followed by buses at 68.12% and cars at 
63.48%. These variations in confidence reflect the model’s learned feature representations and the 
relative clarity of distinguishing characteristics within each object category. 

A comparative analysis against established detection frameworks, including Fast R-CNN (68.4% 
mAP), Faster R-CNN (70.4% mAP), and the original YOLO (73.4% mAP), revealed that the fine-tuned 
model performs competitively while offering the distinct advantage of identifying specialized 
obstacle classes relevant to navigation assistance. The inclusion of poles and stairs, which are absent 
from standard detection datasets, is a notable contribution to assistive navigation technology despite 
their modest performance rates of 51.49% and 59.36%, respectively. These infrastructure elements are 
critical for navigation assistance for the visually impaired, as they represent common urban obstacles 
that standard object detection systems typically overlook. 

Collectively, the results demonstrate that, although fine-tuning achieved reasonable detection 
performance for core navigation obstacles, the conservative detection behavior and class-specific 
limitations suggest that future implementations would benefit from training all network layers. This 
approach could improve recall performance while maintaining the precision standards necessary for 
reliable assistive navigation systems. 

4. Discussion 

This study presented an initial approach to assistive navigation for the visually impaired, 
integrating 3D audio processing and computer vision technologies. The research team developed and 
evaluated a functional prototype to explore the feasibility of combining these technologies for 
assistive applications in controlled environments. Experimental evaluations revealed promising 
preliminary results: Participants achieved an average collision rate of 0.5 and completed navigation 
scenarios in an average of 48 seconds. These outcomes demonstrated the system’s potential 
effectiveness; all participants successfully perceived spatial audio cues indicating nearby obstacles. 
Integrating stereoscopic cameras with real-time 3D audio generation via auralization techniques 
showed promise as a viable approach for providing intuitive navigation assistance. 

The object detection component achieved notable performance metrics for this initial 
implementation: the fine-tuned YOLO architecture demonstrated 95.00% precision in obstacle 
classification. However, the recall rate of 33.19% indicated conservative detection behavior, 
representing a significant limitation requiring further development. This suggests that while the 
system rarely produced false positives, it frequently missed relevant obstacles. The mean average 
precision (mAP) of 68.20% falls short of the original YOLO benchmark of 73.40%, indicating room for 
improvement in future iterations. The computational efficiency analysis revealed that the system 
processed images at a rate of 42.49 ms, meeting real-time requirements for navigation applications. 

Compared to related work, this study primarily contributed through integrating 3D audio 
spatialization with computer vision-based obstacle detection. Lucio Naranjo et al.’s theoretical 
framework [17] focused on head-related impulse response (HRIR) interpolation using artificial neural 
networks and achieved a 60% improvement in computational efficiency. In contrast, the current 
research implemented a complete system with hardware deployment and user testing. However, it 
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acknowledged limitations in detection performance. Katz et al.’s NAVIG system [19] combined GPS 
positioning with 3D audio spatialization and achieved 78 ± 22% recognition rates in morphological 
earcon classification. This study explored an alternative approach, implementing real-time computer 
vision–based obstacle detection to reduce reliance on pre-existing infrastructure. However, this 
introduced challenges in detection reliability. EchoSee, presented by Schwartz et al. [21], achieved a 
39.8% reduction in collision avoidance performance using LiDAR-based 3D mesh reconstruction. 
Although the present research’s average collision rate of 0.5 per scenario is higher than EchoSee’s 
results, this initial prototype used more accessible technology with stereoscopic cameras. This 
represents a different technological approach with distinct trade-offs. 

The smart cane system developed by Mai et al. [20] incorporated 2D LiDAR and RGB-D cameras 
with SLAM algorithms, achieving 84.6% recognition accuracy for pedestrian crossings. This study 
examined a different configuration with a chest-mounted camera system and integrated 3D audio 
feedback. However, direct performance comparisons require further research in controlled studies. 
This initial prototype had two main limitations: the low recall rate and the inability to detect certain 
object categories, notably cats and horses, which indicated conservative detection behavior. 
Performance variations among participants highlighted the importance of individual anthropometric 
characteristics in spatial audio perception and indicated the need for personalized calibration 
procedures in future implementations. These limitations are being addressed in the ongoing 
development process. Table 4 summarizes the advantages and limitations of this study and others 
like it. 

Table 4. Advantages and limitations for related works. 

Name Technique Advantages Limitations 

Current Study 
YOLO CNN + Stereoscopic 
cameras + 3D auralization 

Complete prototype 
implementation, real user 

testing with visually 
impaired, 95% precision, 

integrated depth estimation 
and object classification 

Low recall rate (33.19%), 
limited object categories, 

require specialized 
hardware 

NAVIG (Katz et 
al., 2012) 

SpikeNet algorithm + HRTFs + 
GPS positioning 

78±22% recognition rates, 
proven audio spatialization, 

multi-sensor fusion 

GPS dependency, limited to 
outdoor environments, no 
real-time object detection 

EchoSee 
(Schwartz et al., 

2024) 
LiDAR + ARKit + Unity raycasting 

39.8% collision reduction, 
real-time 3D reconstruction, 

consumer hardware 
compatibility 

Higher hardware costs, 
limited object classification, 

requires iOS devices 

Smart Cane (Mai 
et al., 2024) 

2D LiDAR + RGB-D + SLAM + 
YOLOv5 

84.6% accuracy for 
crossings, integrated SLAM, 

real-time processing 

Limited to cane-based 
interaction, focused on 

urban navigation, requires 
specialized hardware 

This research advanced assistive navigation technology by demonstrating the feasibility of 
integrating affordable stereoscopic cameras with advanced computer vision algorithms and 3D audio 
processing. Future work will focus on improving recall performance by enhancing training datasets, 
implementing personalized audio calibration procedures, and investigating the integration of 
additional sensory modalities. The goal is to develop more robust navigation assistance systems for 
individuals who are visually impaired. 

5. Conclusions 

This research project successfully developed and evaluated an assistive navigation initial 
prototype for the visually impaired that integrated advanced 3D audio processing and computer 
vision technologies. The study demonstrated that this early implementation, which utilized a 
stereoscopic camera for depth perception, real-time auralization techniques, and convolutional 
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neural network object detection, provided a promising foundation for intuitive navigation assistance. 
Experimental validation of the preliminary system revealed significant findings that advance the 
field of assistive technology and establish a solid framework for future development efforts. 
Remarkably, the prototype achieved computational efficiency by processing visual information in 
just 42.49 ms per image. This substantially exceeded the real-time requirements for navigation 
applications, confirming the system’s potential for practical deployment in more advanced iterations. 
Integrating segmented, convolutional 3D audio generation with head-related impulse response 
functions enabled users to perceive spatial obstacle information via directional sound cues. This 
eliminated the need for extensive training, demonstrating the viability of this approach for future 
enhancements. Studies evaluating user performance involving both visually impaired and 
blindfolded participants demonstrated measurable improvements in navigation. On average, there 
was a collision rate of 0.5 per scenario, and the average completion time was 48 seconds across diverse 
obstacle configurations. These results provide an encouraging baseline for ongoing research 
initiatives. The object detection component, based on a fine-tuned YOLO architecture, achieved a 
precision rate of 95.00% in obstacle classification. However, it exhibited conservative detection 
behavior, as reflected by its recall rate of 33.19%. This indicates clear opportunities for improvement 
in subsequent development phases. With a mean average precision of 68.20%, the component was 
competitive with established detection frameworks and offered specialized obstacle recognition 
capabilities relevant to navigation assistance. This laid the groundwork for enhanced performance in 
future iterations. The research contributions went beyond algorithmic optimization to include a fully 
functional initial prototype that was rigorously evaluated by actual users. 

The experimental results conclusively demonstrated that affordable stereoscopic cameras, when 
combined with sophisticated computer vision algorithms and 3D audio processing, could effectively 
provide navigation assistance in this early implementation stage without relying on expensive 
LiDAR sensors or GPS infrastructure. The system’s ability to operate in GPS-denied environments 
while maintaining real-time performance characteristics establishes its potential for widespread 
deployment with continued refinement. The research validated that auralization techniques, 
specifically the application of segmented convolution with appropriate head-related transfer 
functions, could generate precise enough spatial audio cues to enable obstacle avoidance in complex 
navigation scenarios. This provides a robust foundation for advanced system development. 
Furthermore, integrating object classification capabilities enhances environmental awareness beyond 
simple obstacle detection by providing users with contextual information about their surroundings. 
This initial study confirmed that assistive technologies based on computer vision can achieve 
practical performance levels while maintaining the computational efficiency necessary for portable 
applications. 
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