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Abstract
Background and Aims:  
This study aims to develop a prototype that utilizes sound-based systems to localize individuals with 
visual impairments. In this study, the wireless ultrasound network is proposed and used to facilitate 
autonomous navigation and maneuvering for individuals with visual impairments.

Methods: 
In the proposed method, we designed robust algorithms for ultrasonic systems with sound waves of 
high frequency to detect obstacles in the surrounding environment. The algorithms were developed 
using voice recognition method, bi-directional long short-term memory (BLSTM), and conditional 
random fields (CRFs). The proposed system was implemented with the help of assisting hardware 
instruments, such as an ultrasonic sensor network and a global positioning system (GPS). To analyze 
different outdoor settings, the Raspberry pi4 was used to locate and store the coordinates (points of 
interactive latitude and longitude) of four different outdoor places. These including home, mosque, 
laundry, and supermarket.

Results: 
According to our results, the proposed approach was capable of accurately navigating the specific site 
with an accuracy of 98.5%.

Conclusions: 
The proposed method was able to obtain a robust outdoor localization for  VIP. 

Keywords: 
Visually Impaired People, Outdoor Navigation, Long Short-Term Memory, Bi-directional 
long short-term memory, Conditional random fields.
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Introduction

Various technologies are presently uti-
lized to augment the mobility of individ-
uals who are blind or visually impaired.1 
The sensors provide limited data regarding 
individuals moving between different plac-
es.2,3 The array of outdoor sensing devices 
includes a range of technologies such as 
cameras, intelligent navigation, and GPS 
tools. These devices have the capability to 
input a more significant amount of infor-
mation compared to indoor methods. This 
data may relate to the surroundings cover-
ing individuals with visual impairment. In 
addition, it should be noted that the cost of 
these devices is higher compared to their 
indoor counterparts owing to the inclusion 
of a processing phase that necessitates the 
use of computers or microprocessors.4, 5 

visually impaired people (VIP) commonly 
encounter obstacles while traversing their 
environment, encompassing interior and 
exterior spaces. Implementing localiza-
tion strategies for individuals with visual 
impairments facilitates their ability to nav-
igate, ensures their well-being, and pro-
motes self-sufficiency. Blind individuals 
may not always have access to convention-
al localization methods, such as GPS or 
visual cues. To address these issues, several 
investigations have been considered.6–8 For 
instance, Nagarajan et al. proposed a meth-

od that utilized low-power Bluetooth-ena-
bled devices to ascertain the precise coor-
dinates.9 The study used an algorithm with 
different data collected and conducted an 
experimental analysis to demonstrate the 
most appropriate placement of maneuvers. 
In addition, the algorithm was executed in 
the form of an Android application, which 
offered a navigation system for VIP inde-
pendent of any external resources.

Localization techniques that are con-
ducted based on machine learning usually 
utilize information from several sources, 
including sensors, to gather information 
about the behavior and preferences of the 
user.10 The system can employ the data to 
offer the user individualized recommenda-
tions and guidance.6, 11 For example, Ashiq 
et al. developed a convolutional neural 
network (CNN) model to direct VIP.12 The 
model utilized an online tool for object 
identification and recognition methods. By 
using this feature inside the application, 
the user was allowed to share their loca-
tion with family and then was able to track 
down the VIP and determine the exact loca-
tion. A different investigation was carried 
out by Tan et al. using an interaural phase 
difference localization method to detect 
the direction and distance of the person.13 
The method was testing with people who 
are blind or have visual impairments. The 
results demonstrated that the system was 
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effective in conveying spatial information. 
Despite the numerous benefits of the 

above methods, the challenge of achieving 
real-time sensing still needs to be solved 
and developed. Navigating through unfa-
miliar locations poses a significant chal-
lenge for individuals with VIP. In addi-
tion, VIP may not always have access to 
standard localization methods like global 
positioning system (GPS). For this reason, 
different researchers have been looking 
into various strategies that provide spatial 
information using many senses.14 Modern 
technological advancements, exemplified 
by the incorporation of sensors in smart-
phones, have the capability to recognize 
intricate surroundings, explore novel lo-
cations, and provide auditory guidance to 
users for navigation purposes.15,16 Howev-
er, there is a need to improve the efficacy 
of these strategies, particularly in circum-
stances that involve complex environ-
ments. Robots have the potential to suc-
cessfully complete assignments in terms 
of their capabilities and can achieve all the 
necessary goals. Automated approaches 
have been shown to be highly effective in 
the completion of challenging navigation 
tasks, when applied to unfamiliar environ-
ments in both global and local contexts. 
Despite the fact that robots can provide 
useful information about impediments, 
their application is still limited in regional 

and global markets, and they are currently 
undergoing testing in clinical settings.17,18 

The development of modern technolo-
gies for VIP is an important necessity for 
researchers to explore the availability of 
accurate and reliable spatial data on an on-
going basis. This study aimed to develop 
and execute a sound-based localization 
methodology that could effectively nav-
igate and orient visually impaired indi-
viduals to their intended destination in a 
timely manner. This methodology involves 
the utilization of spatialized sound for the 
user with pertinent details regarding their 
current location and environment. The in-
dividual utilizes headphones or earbuds, 
while the system delivers auditory direc-
tives contingent upon their spatial posi-
tioning. Safety and real-time processing 
factors were taken into account during de-
sign to attain autonomous mobility, detect 
impediments encountered by visually im-
paired individuals in indoor settings, and 
adapt to novel, intricate surroundings.

Materials, and Methods

The system architecture
This study presents an efficient and 

manageable electronic guidance system, 
facilitating the navigation of visually im-
paired individuals within pre-established 
locations. The method was integrated with 
a GPS, to guide individuals toward pre-de-
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termined destinations. This study involved 
using voice commands with hot keywords 
by VIP in an outdoor scenario. The out-
door system was equipped with voice com-
mands that includes the system’s orienta-
tion as well as the four different locations’ 
coordinates (the supermarket, the mosque, 

the laundry, and the house). A GPS, a dig-
ital compass, a speaker, and a microphone 
were all included in the range of outdoor 
equipment. The proposed system’s proto-
type is depicted in Figure 1. The compo-
nents specifications of hardware for the 
proposed system as given in Table A.1.

Fig. 1.  Structure of proposed model.

Outdoor navigation algorithm
In the current study, a VIP uses voice 

commands to ask for a specific set of posi-
tion coordinates by speaking into a micro-
phone with a predetermined keyword. The 
audio file is then delivered to the system, 
where it is processed using voice recogni-
tion software. The voice file is transformed 
into a text file. The software program will 
conduct a comparative analysis between 
the textual documents and the designat-
ed name of the location that was previ-
ously stored. By, assuming the software 

successfully identifies a corresponding 
value, it gathers the geographical coordi-
nates. Subsequently, it transmits this data 
to the visually impaired individual via au-
ditory recordings, providing navigational 
instructions for reaching the destination. 
GPS is utilized for real-time global posi-
tioning determination. The digital compass 
is utilized to ascertain the present orienta-
tion in actual time. The system assists the 
visually impaired individual in navigating 
to their intended destination by providing 
directional information through a wireless 
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headset using auditory tools. Furthermore, 
the visually impaired individual is notified 
regarding the closest objects. 

     In this method, voice recognition 
methodology generated a frequency distri-
bution for every audio file. The utilization 
of the bi-directional long short-term mem-
ory (BLSTM) model in combination with 
conditional random fields (CRFs) was also 
employed for the identification and filtra-
tion of the output files as described below. 

Voice Recognition Approach 
Figure 2 illustrated the voice recogni-

tion approach that used to implement this 
method. In this approach, Mel-frequency 
cepstral coefficients (MFCC) were utilized 
by the present methodology to derive the 
feature map of the data included within 
the audio file.19 The extraction method 
included data normalization and the ap-
plication of a finite impulse response fil-
ter (FIR) to each audio file, which can be 
mathematically represented by the follow-
ing equation:

          y(n)=v(n)-βv(n-1)         (1)

where v(n) is the filter output, v(n) is the 
audio file, n is the number of samplings, 
and β is given as       (0.9<δ≤1). 

Framing and windowing techniques 
were utilized in order to mitigate signal 
discontinuity as:

where l is the number of frames. 
The spectrum magnitude of each frame 

was determined by applying the Fast Fou-
rier Transform (FFT) with complexity 
(N*log(N)), as expressed in the following 
equation:

7 
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BLSTM Classification Adoption 
Bi-directional long short-term memory 

(BLSTM) layers consist of a pair of dis-
tinct LSTM networks as shown in Figure 
3. One of these networks processes the in-
put in a forward direction, moving from the 
beginning to the end. The other network 
operates in a backward direction, moving 
from the end to the beginning. The ulti-
mate output is generated by concatenating 
the concealed states of the two LSTMs that 
are oriented in opposite directions. 20

The LSTM unit is endowed with several 
gates that facilitate the regulation of infor-
mation flow. The fundamental components 
of an LSTM cell are the input, output, and 
forget gates. The input gate denoted by 
(i_t) and responsible for overseeing the in-
coming data and given by:
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2.2.3     CRF Classifier Adoption  

         Conditional random fields (CRFs) are undirected graphical models and are utilized 

to calculate the probability of output nodes, given the values present in the input nodes.21 

The individuals can collaboratively anticipate the optimal classification for every 

constituent within the given sequence of inputs. Therefore, to solve the task of sequence 

labeling, it is necessary to consider the interdependence among adjacent elements to 

accurately assign labels to individual elements within a provided input sequence. To 

predict the best label for each element in the input sequence, we proposed the following 
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where, x_t is the input vector, ht is the 
state hidden, W_h is the weight matrix for 
the hidden state, Ux is the weight matrix 
for the gates, b is the biases for the hidden 
state.
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2.2.3     CRF Classifier Adoption  

         Conditional random fields (CRFs) are undirected graphical models and are utilized 

to calculate the probability of output nodes, given the values present in the input nodes.21 

The individuals can collaboratively anticipate the optimal classification for every 

constituent within the given sequence of inputs. Therefore, to solve the task of sequence 

labeling, it is necessary to consider the interdependence among adjacent elements to 

accurately assign labels to individual elements within a provided input sequence. To 

predict the best label for each element in the input sequence, we proposed the following 
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CRF model as: 

𝜌𝜌w(𝑦𝑦|𝑥𝑥) =
P

x(e)
𝜇𝜇z(𝑦𝑦z, 𝑥𝑥; 𝑤𝑤)z                                                                                     (15) 

where, 𝑦𝑦 is the output of the CRF model sequence, 𝑥𝑥 is the observed variable, 𝑦𝑦z is the 

predicted variable, 𝑤𝑤  is represented the set of parameters, and 𝜇𝜇z(𝑦𝑦z, 𝑥𝑥; 𝑤𝑤)  is the 

potential function and given by: 

𝜇𝜇z 𝑦𝑦z, 𝑥𝑥; 𝑤𝑤 = exp	
  (𝑤𝑤. 𝑓𝑓z(𝑦𝑦z, 𝑥𝑥))                                                                             (16) 

the term 𝑍𝑍 𝑥𝑥  known as normalization function and given by: 

𝑍𝑍 𝑥𝑥 = 𝑒𝑒𝑒𝑒𝑒𝑒Å (𝑤𝑤. 𝑓𝑓z(𝑦𝑦z, 𝑥𝑥)                                                                                      (17) 

By substituting eq (16) in (15) we can write:  

𝜌𝜌w(𝑦𝑦|𝑥𝑥) =
ÇÉÑ	
  (Ö.jÜ(ÅÜ,e))

áeàâ (Ö.jÜ(ÅÜ,e)
                                                                                          (18) 

One possible approach to setting objectives involves assigning a high probability to 

observed outcomes and a low probability to all other potential outcomes. For this purpose, 

the logarithm of the likelihood 𝐿𝐿 𝑤𝑤  is utilized to estimate the parameters in the 

following manner:  

𝐿𝐿 𝑤𝑤 = 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙w(𝑦𝑦|𝑥𝑥)Å∈ç                                                                                              (19) 

The computation of the gradient of the objective function is performed as: 

éè Ö
éÖ

= 𝑓𝑓z(𝑦𝑦z, 𝑥𝑥)h − 𝜌𝜌w(𝑦𝑦|𝑥𝑥)h 𝑓𝑓z(𝑦𝑦z, 𝑥𝑥)Å                                                             (20) 

The estimates of optimal label sequence (𝑦𝑦∗ ) can be derived from the maximum-

likelihood method are:  

𝑦𝑦∗ = 	
   argmax
Å∈íì

𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙w(𝑦𝑦|𝑥𝑥)Å∈ç                                                                                     

(21) 

The structure of the CFR used in the proposed system was illustrated in Figure 4.  
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where, 𝑦𝑦 is the output of the CRF model sequence, 𝑥𝑥 is the observed variable, 𝑦𝑦z is the 

predicted variable, 𝑤𝑤  is represented the set of parameters, and 𝜇𝜇z(𝑦𝑦z, 𝑥𝑥; 𝑤𝑤)  is the 

potential function and given by: 

𝜇𝜇z 𝑦𝑦z, 𝑥𝑥; 𝑤𝑤 = exp	
  (𝑤𝑤. 𝑓𝑓z(𝑦𝑦z, 𝑥𝑥))                                                                             (16) 

the term 𝑍𝑍 𝑥𝑥  known as normalization function and given by: 

𝑍𝑍 𝑥𝑥 = 𝑒𝑒𝑒𝑒𝑒𝑒Å (𝑤𝑤. 𝑓𝑓z(𝑦𝑦z, 𝑥𝑥)                                                                                      (17) 

By substituting eq (16) in (15) we can write:  

𝜌𝜌w(𝑦𝑦|𝑥𝑥) =
ÇÉÑ	
  (Ö.jÜ(ÅÜ,e))

áeàâ (Ö.jÜ(ÅÜ,e)
                                                                                          (18) 

One possible approach to setting objectives involves assigning a high probability to 

observed outcomes and a low probability to all other potential outcomes. For this purpose, 

the logarithm of the likelihood 𝐿𝐿 𝑤𝑤  is utilized to estimate the parameters in the 

following manner:  

𝐿𝐿 𝑤𝑤 = 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙w(𝑦𝑦|𝑥𝑥)Å∈ç                                                                                              (19) 

The computation of the gradient of the objective function is performed as: 

éè Ö
éÖ

= 𝑓𝑓z(𝑦𝑦z, 𝑥𝑥)h − 𝜌𝜌w(𝑦𝑦|𝑥𝑥)h 𝑓𝑓z(𝑦𝑦z, 𝑥𝑥)Å                                                             (20) 

The estimates of optimal label sequence (𝑦𝑦∗ ) can be derived from the maximum-

likelihood method are:  

𝑦𝑦∗ = 	
   argmax
Å∈íì

𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙w(𝑦𝑦|𝑥𝑥)Å∈ç                                                                                     

(21) 

The structure of the CFR used in the proposed system was illustrated in Figure 4.  
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Algorithms were designed and evalu-
ated using Python and C++ software.22 
The proposed method was evaluated us-
ing an English speech group comprising 
distinct words. The precise enunciation 
of entire set of 5000 words ascertained 
through the participation of twelve Arabic 
fluent speakers. The data was sampled at 
a frequency of 25 kilohertz and had a bit 
resolution of 16. The parameters of speed, 
dynamic range, noise, and temporal shifts 

in both forward and backward directions 
were subsequently modified. Around 80% 
of the specimens, totaling 4000, were al-
located to the development of the training 
set, which included both training and val-
idation phases. The remaining 20% of the 
samples, amounting to 1000, were desig-
nated for the creation of the test set. The 
experimental procedures were conducted 
over a span of 50 epochs, with each batch 
consisting of four participants. To evaluate 
the proposed system’s predictive quality 
and accuracy, we calculated the F-score by 
incorporating precision (p) and recall (r) 
through the following formula
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3.     Evaluation method 

         Algorithms were designed and evaluated using Python and C++ software.22 The 

proposed method was evaluated using an English speech group comprising distinct 
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training set, which included both training and validation phases. The remaining 20% of 

the samples, amounting to 1000, were designated for the creation of the test set. The 

experimental procedures were conducted over a span of 50 epochs, with each batch 

consisting of four participants. To evaluate the proposed system's predictive quality and 

accuracy, we calculated the F-score by incorporating precision (p) and recall (r) through 

the following formula 𝐹𝐹 = 2 𝑝𝑝 ∗ 𝑟𝑟 (𝑝𝑝 + 𝑟𝑟) , where 𝑝𝑝 = 𝑡𝑡à 𝑡𝑡à + 𝑓𝑓à  and 𝑟𝑟 =
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respectively. The real experiments was take place in Al-Arid district, Riyadh City.  

 

4.      Results 

           MFCC step has generated the waves as shown in Table 1.a shows the four audio 
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experimental procedures were conducted over a span of 50 epochs, with each batch 

consisting of four participants. To evaluate the proposed system's predictive quality and 

accuracy, we calculated the F-score by incorporating precision (p) and recall (r) through 

the following formula 𝐹𝐹 = 2 𝑝𝑝 ∗ 𝑟𝑟 (𝑝𝑝 + 𝑟𝑟) , where 𝑝𝑝 = 𝑡𝑡à 𝑡𝑡à + 𝑓𝑓à  and 𝑟𝑟 =

𝑡𝑡à 𝑡𝑡à + 𝑓𝑓N ; here, 𝑡𝑡à, 𝑓𝑓à, and 𝑓𝑓N are the true positive, false positive, and false negative, 

respectively. The real experiments was take place in Al-Arid district, Riyadh City.  

 

4.      Results 

           MFCC step has generated the waves as shown in Table 1.a shows the four audio 

               ; here, tp, fp, and fn are the true 
positive, false positive, and false negative, 
respectively. The real experiments was 
take place in Al-Arid district, Riyadh City. 

Results

MFCC step has generated the waves 
as shown in Table 1.a shows the four au-
dio wave shapes with training time. It ca 
be seen that the training times are 5s for 
all waves. As indicated in Table 1.b, the 
audio file waves need to be transformed 
into their frequency domain using Fouri-
er analysis. Then the system used convert 
the frequency domain waves to time-fre-
quency spectrogram as illustrated in Table 
1.c. Time-frequency spectrogram waves 
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were used as input to the BLSTM and 
CRF models respectively for final classi-
fications to produce the confusion matrix 
shown in Table 2. 

From Table 2. the average accuracy all 

five voice commands was approximately 
98.5%.  The computations results of ac-
curacy,  precision, recall, and F-Score are 
disapplied in Table 3. 

Tab. 1. MFCC step of generated the waves.
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Table 2: Confusion matrix. 

Voice Command 

Prediction 
    ratio 
      % 

Class Mosque Laundry Supermarket Home 
Mosque 98% 0.5% 0.9% 0.8% 
Laundry 0.5% 98.5% 0.9% 0.9% 

Supermarket 0.9% 0.9% 99% 0.7% 
Home 0.8% 0.9% 0.7% 98% 

 
Table 3: The evaluation metrics of accuracy, precision, recall, and F-score. 

        Class      Accuracy        Precision    Recall             F-Score 
Mosque 98% 0.85 0.85 0.90 
Laundry 99.3% 0.90 0.86 0.80 

Supermarket 98% 0.87 0.87 0.85 
Home 99% 0.87 0.89 0.87 

 

Fig. 5 Shows navigation in outdoor map (home to supermarket) at (Al-Arid district, 

Riyadh City). The individual with visual impairment attempted to navigate from their 

Table 2: Confusion matrix.

Table 3: The evaluation metrics of accuracy, precision, recall, and F-score.

Voice Command
Prediction

    ratio
      %

Class Mosque Laundry Supermarket Home
Mosque 98% 0.5% 0.9% 0.8%

Laundry 0.5% 98.5% 0.9% 0.9%
Supermarket 0.9% 0.9% 99% 0.7%

Home 0.8% 0.9% 0.7% 98%

Class      Accuracy Precision    Recall F-Score
Mosque 98% 0.85 0.85 0.90
Laundry 99.3% 0.90 0.86 0.80

Supermarket 98% 0.87 0.87 0.85
Home 99% 0.87 0.89 0.87

Fig. 5 Shows navigation in outdoor map 
(home to supermarket) at (Al-Arid district, 
Riyadh City). The individual with visual 
impairment attempted to navigate from 
their residence to the supermarket area, 
as depicted in Figure 5, utilizing the co-
ordinates specified in Table 4. The system 
generated a graphical representation com-

prising 26 interconnected points, denoting 
nodes, from the initial node, designated as 
“home,” to the terminal node, labeled as 
“ supermarket.” The inter-node distance 
ranged from 5 to 10 meters. The visual-
ly impaired individual was provided with 
guidance on progressing along the route. 
The system provided the blind individual 
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Fig. 5. Navigation in outdoor map (home to supermarket).

Table 4: Example for destination coordinates.

with location information and guidance 
while accompanying family members fol-
lowed the individual throughout the jour-
ney. The individual with visual impair-
ment ambulated while receiving GPS data 

and digital compass navigation through a 
headset. A record was kept of all the nodes 
traversed by individuals with visual im-
pairments.

Planned longitude Planned latitude Actual longitude Actual latitude
25.894784 47.61832 25.894799 47.618373
25.894765 47.61833 25.894795 47.618381
25.894748 47.61834 25.894792 47.618389
25.894731 47.61835 25.894787 47.618387
25.894712 47.61836 25.894712 47.61836
25.894673 47.61838 25.894699 47.618398
25.894612 47.61847 25.894662 47.618454
25.894595 47.61841 25.894595 47.618442
25.894522 47.61846 25.894572 47.618477
25.894503 47.61847 25.894503 47.61847
25.894484 47.61848 25.894494 47.618493
25.894406 47.61852 25.894456 47.618555
25.894326 47.61846 25.894366 47.618499
25.894311 47.61842 25.894361 47.618446
25.894296 47.61839 25.894296 47.618399
25.894272 47.61835 25.894262 47.618389
25.894231 47.61831 25.894271 47.618339
25.894216 47.61826 25.894266 47.618291
25.894148 47.61808 25.894178 47.618081
25.894129 47.61803 25.894129 47.61803
25.89408 47.61803 25.89408 47.618025
25.894034 47.61804 25.894094 47.618061
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25.893908 47.6181 25.893948 47.618142
25.893872 47.61812 25.893892 47.618151
25.893831 47.61815 25.893891 47.618178
25.893804 47.61817 25.893854 47.618189

Discussion

This research was conducted with the 
creating a reliable and cost-effective system 
to guide and assist those who are visually 
impaired. The primary motivation behind 
this design was to give blind individuals a 
far higher degree of autonomy and, by ex-
tension, a better quality of life. To improve 
upon the current system design, the pro-
posed smart wearable prototype incorpo-
rates state-of-the-art smart control systems 
such voice recognition, BLSTM model, 
CRF model, and GPS navigation. Voice 
recognition systems, wireless network in-
frastructures, and major developments in 
sensor technologies are all responsible for 
the widespread usage of navigation tech-
nology for directing blinds. The suggest-
ed system is distinguished by its low cost, 
low energy consumption, and the simplici-
ty of installing the electrical and electronic 
circuits. An example of a simple electronic 
circuit connection is depicted in Figure 1. 
The materials and methods employed, as 
well as their adaptability, personalization, 
and dissemination to the end user, make 
the design both efficient and affordable. If 
you process one assignment at a time, you 
can go around every obstacle in roughly 

half a second. This intelligent prototype’s 
software can all function without an inter-
net connection. The proposed software is 
also highly accurate, even when operating 
in an environment with background noise.

Background noise from numerous 
sources may have a negative impact on 
sound-based localization systems for the 
blind. As a result, the system’s capacity 
to pinpoint the origin of the sought-after 
sound can be improved even in noisy en-
vironments. The current research target-
ed the development of voice recognition 
algorithm techniques employing MFCC, 
BLSTM, and CRF models to strengthen 
the proposed system. When the signal-to-
noise ratio (SNR) was at least 14.8 dB, 
the investigation showed that the system 
attained accuracy of 98.5%. In contrast, 
when contrasting several localization strat-
egies, it is common practice to utilize a 
quantitative criterion, such as accuracy, to 
evaluate the relative merits of each strate-
gy. The efficiency of many methods can be 
compared using this metric so that the best 
one can be chosen for a given task.

Based on comparisons to prior research 
on efficacy, reliability, and cost, we believe 
that the design and implementation tech-
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nique we used in this study has generally 
addressed a number of issues. For instance, 
a recent work by our research team tested 
and used an assistive wearable smart sys-
tem for VIPs that uses ultrasonic sensors to 
navigate both indoor and outdoor settings 
while avoiding impediments.19 The design 
used the Dijkstra algorithm to calculate the 
shortest distance between two locations in 
order to carry out the performance with 
high precision. Additionally, this system 
uses LSTM and MFCC to attain accura-
cy of 97%. This study also determines 
the power consumption of a system made 
for outdoor localization to determine how 
long it will function when included into an 
assistive device. As part of analyzing the 
system’s power usage, measurements are 
taken for outdoor conditions. The results 
showed that the inside localization used 
1.3 watts on average, whereas the outdoor 
localization used 1.8 watts on average. 
Furthermore, the analysis shows that the 
system can operate for about 11 hours out-
side, based on the assistive device’s bat-
tery capacity, which is utilized to compute 
the system lifetime. 

Although the results of this study show 
that the assistive devices can be created a 
robust localization system that work effec-
tively over time in various settings. How-
ever, this study needs more actual tests by 
experimenting different sounds and also 

testing in the closed spaces.

Conclusions

The present study involved the develop-
ment of a hybrid intelligent wearable nav-
igation prototype that can facilitate auto-
matic guidance for individuals with visual 
impairments in outdoor environments. 
The proposed prototype was implement-
ed through the utilization of software and 
hardware tools. This method was imple-
mented through various assistive hardware 
tools, such as the Raspberry Pi 4, ultra-
sound sensors, the Arduino Uno micro-
controller, a GPS module, and a headset. 
The robust techniques used to develop the 
Python and C++ software to control hard-
ware elements via an offline Wi-Fi hotspot 
were created. In addition, MCFF, BLSTM 
and CRF models were developed to con-
struct an integrated voice recognition sys-
tem capable of training and distinguishing 
multiple voice commands, including but 
not limited to the mosque, laundry, super-
market, and home.

In the study, simulation procedures and 
evaluation techniques were used to con-
duct an analysis of a corpus consisting of 
5,000 different word utterances that were 
sourced from twelve Arabic speakers who 
were fluent in the language. The informa-
tion was sampled at a rate of 25 kHz and 
had a resolution of 16 bits when it was 
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recorded. The accuracy, precision, recall, 
and F-score of each voice command were 
calculated using a normalized confusion 
matrix. According to the findings of the 
empirical research, the algorithms used 
in controlled outdoor navigation display a 
significant level of accuracy with a score 
of 98.5%. In conclusion, the prototype that 
has been developed is characterized by its 
simplicity, affordability, autonomy, and se-
curity, among other advantageous features.
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