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Abstract. Despite technological advances, precise positioning within buildings 
remains a considerable challenge. In this context, the present paper explores the 
research of user location in indoor spaces, embracing object recognition models 
executed directly on mobile devices. Our proposal is based on designing a generic 
solution architecture adaptable to any physical environment, enabling the defini-
tion and usage of relevant generic objects within the environment to determine 
the users' current location. This proposal uses Computer Vision, employing ob-
ject recognition models for positioning. This kind of indoor positioning benefits 
from the growth of smartphones' functionalities and capabilities, thus avoiding 
the need to install additional infrastructures in physical spaces. A specific imple-
mentation of this architecture for React Native is presented, using the TensorFlow 
platform to support object recognition. This implementation allows demonstrat-
ing how this positioning works through concrete use cases. In addition, some 
lessons learned are discussed, which we hope will contribute to this topic. 

Keywords: Object Recognition Models, Indoor Location, User Location, Light-
weight Networks. 

1 Introduction 

The general adoption of mobile devices, coupled with technological advancements in 
recent years, has facilitated the growth of a diverse range of mobile applications, par-
ticularly those context-aware [1, 2]. These applications use, for instance, environmental 
data surrounding the user to provide different kinds of services or information. Location 
is a relevant context in these applications, which can be obtained using different tech-
nologies such as GPS, Wi-Fi, or Bluetooth [3]. While this context has been extensively 
utilised in outdoor spaces thanks to the advantages of GPS, resolving the users’ location 
in indoor spaces still poses a challenge [3]. 

Although several solutions have been proposed for indoor locations, a scalable and 
effective solution that works universally has not yet been achieved. In [4] and [5], the 
use of beacons as a location-sensing mechanism is explored, while in [6] and [7], Wi-
Fi network fingerprinting is employed for user location. Besides, these technologies 
require installing additional infrastructure to work in the environment. For instance, 
beacons require the installation of numerous battery-operated devices that transmit 
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Bluetooth signals, demanding regular maintenance. Something similar occurs with Wi-
Fi fingerprinting, which implies the installation of at least three Wi-Fi antenna net-
works. Therefore, deploying and maintaining such infrastructures can be expensive, 
which could be a limitation. 

On the other hand, the approach known as vision-based indoor positioning [3] has 
emerged in recent years. This approach proposes using object recognition models to 
locate users in indoor spaces. Although promising ad-hoc solutions have been devel-
oped using this approach [3], generalised implementations are still lacking. This is part 
of the motivation of this paper. 

Object recognition (and detection) aims to enable computer systems to identify or 
classify objects in images and videos in an automated and precise manner [8]. In the 
traditional vision, the execution of recognition models is linked to data centers and large 
clusters of machines with powerful GPUs. However, this alternative can be costly and 
requires transferring all mobile device data and sending them through a network con-
nection, which can be time-consuming. 

Technological advancements allow nowadays to perform object recognition locally 
on mobile devices [9] using lightweight networks [8, 10]. This is a new area of research, 
and its viability for particular uses still needs to be evaluated [8]. Furthermore, as far as 
we know, lightweight networks are little explored for positioning in indoor spaces. This 
paper contributes in this direction. 

Another aspect to mention is that currently, the implementation of object recognition 
and detection models has been significantly simplified with the development of plat-
forms such as TensorFlow1, which offers a wide range of pre-trained models that are 
ready to use. Additionally, these platforms often provide facilities for training new 
models using techniques such as transfer learning [11]. 

Considering the above mentioned, this paper presents a generic solution architecture 
for positioning users in indoor spaces using object recognition models that run locally 
on mobile devices (via lightweight networks). This proposal allows for the definition 
and utilisation of any relevant generic object within the environment to position users, 
and this positioning can be embedded in different kinds of applications. It is essential 
to highlight that this solution aims to leverage the smartphones' capabilities and avoid 
the need to install additional infrastructure. 

Furthermore, this paper presents a specific implementation of the proposed architec-
ture to demonstrate, through use cases, how this positioning works. In particular, a li-
brary was implemented in React Native2 combined with the TensorFlow library for Ja-
vascript to support object recognition. This paper also discusses some lessons learned, 
which we hope will contribute to this field. 

This paper is structured as follows. Section 2 describes the state of the art regarding 
object recognition and its applicability for positioning, as well as some details of light-
weight networks. Section 3 presents a generalised solution architecture for indoor posi-
tioning using object recognition. A specific instantiation of this architecture is described 

                                                         
1  Tensorflow. https://tensorflow.org/, last accessed 2024/03/15 
2  React Native. https://reactnative.dev/, last accessed 2024/03/15 
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in Section 4. Section 5 illustrates through use cases how this instantiation works. Fi-
nally, Section 6 presents some conclusions and future work. 

2 Review of literature 

Object recognition and detection have experienced remarkable evolution in the last two 
decades [8, 10]. This section explicitly addresses two concepts: vision-based indoor 
positioning and lightweight networks, which form the foundation of the research pre-
sented in this paper. 

2.1 Vision-based indoor positioning 

An interesting use of object recognition explored in recent years is vision-based indoor 
positioning [3], which seeks to employ object detection to guide and locate the user 
within indoor spaces. The concept of vision-based indoor positioning was first coined 
by Microsoft [12] in 1998. At that time, Microsoft's Vision Technology group analysed 
how technology could facilitate life in the future, and one of the proposed fundamental 
technologies was locating people in the home using various video surveillance tech-
niques. Since then, this concept has evolved to three possible implementation options 
[3], which vary in how information is stored and processed. These are detailed below: 

 The first one is known as ‘object-based reference’, which focuses on detecting static 
objects in images and then searching for correspondences of these objects with a 
database of buildings (often represented as 3D models) containing information about 
the objects' location within them. This approach can be executed through various 
methods; for example, in [3], a ‘control point’ method is used where each object of 
interest in space is composed of a series of these points, representing physical char-
acteristics with associated precise coordinates. Subsequently, an algorithm compares 
the distances between the coordinates detected by the camera with those recorded in 
a database, allowing the calculation of the user's distance from these objects. Alt-
hough the results obtained in [3] are promising, it is essential to note a significant 
limitation: the used model requires training with specific environment data to iden-
tify control points correctly. This requirement limits the use of this solution in dif-
ferent environments. This motivates our proposed generic architecture in this paper, 
which is adaptable to various physical spaces where databases may contain generic 
objects that could be present in different environments. 

 The second alternative is known as ‘reference from images’, which proposes com-
paring previously taken images of specific routes within the building with the current 
view of the device's camera. This approach requires an initial data collection stage 
where images covering relevant locations of the environment should be taken. Then, 
these images must be labelled by establishing connections between visual elements 
and specific locations within the building. Subsequently, on real-time execution, the 
device's camera's current view is compared with previously captured image se-
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quences. The system uses algorithms to identify correspondences between the cur-
rent scene and the stored images. The primary obstacle of this approach resides in 
achieving real-time positioning capability because image correspondence involves 
an exceptionally high computational load. Additionally, the ‘reference from images’ 
option is highly coupled to specific environments, making achieving a generalisable 
solution to any physical space more complex. 

 Finally, the use of ‘reference from deployed coded targets’ proposes using objects 
such as barcodes, QR codes, and dot patterns. For this, it is necessary to generate the 
markers, link them with relevant information about the place, and physically place 
them in their corresponding location. This option presents the inherent challenges in 
using QR codes, such as their deterioration. Additionally, these codes must be gen-
erated and placed in relevant locations for each physical space, making this kind of 
approach ad-hoc for each environment. 

As mentioned before, the ‘reference from images' option is highly joined to specific 
environments because it requires the development of models capable of recognising 
specific buildings' features, making it less versatile and too complex to propose a scal-
able solution. The case of the ‘reference from deployed coded targets’ presents previ-
ously mentioned challenges, such as being ad-hoc for each environment. For these rea-
sons, this paper focuses on exploring the first alternative, ‘object-based reference’, pro-
posing a flexible and adaptable architecture for various physical spaces. In this archi-
tecture, the objects in the databases are generic and could, therefore, be present in dif-
ferent environments. 

2.2 Lightweight networks 

In recent years (from 2017 onwards), a new branch of research has emerged within the 
Computer Vision and Deep Learning areas, known as lightweight networks [8, 10]. 
These investigations aim to design small and efficient networks for environments with 
limited resources, such as mobile and IoT devices. Generally, these networks use tech-
niques such as pruning, quantisation, and hashing to improve model efficiency. A com-
mon characteristic of all these networks is that they sacrifice accuracy for increased 
speed in inference. As mentioned in [8], several architectures make use of lightweight 
networks, such as MobileNet, ShuffleNet, and Once-For-All (OFA), all of them present 
two interesting features: 

 They can adequately recognise objects in real-time on medium to high-end devices, 
ensuring their utility in a wide variety of mobile devices. 

 Additionally, they run locally on the device, eliminating the need for an internet 
connection and optimising both response speed and user experience. 

The lightweight networks are promising but still face some outstanding challenges that 
should be resolved [8-10, 13]. For example, one of the main issues is that a solution is 
still needed to address detection on video streams for these devices [10]. Furthermore, 
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the speed gap between a machine and human eyes remains large, especially for detect-
ing small objects [10]. Moreover, lightweight networks are still few explored for user 
positioning in indoor spaces; thus, this paper aims to contribute to this area. 

3 Proposed architecture for Object-based Positioning 

This section proposes a generic architecture for any physical space, allowing the crea-
tion and use of relevant generic objects within the environment to users' location. Ac-
cording to that, two key aspects were considered when this architecture was designed, 
such as: 

 A mechanism is required to recognise objects present in the physical space. This task 
will be addressed through object recognition and detection models capable of recog-
nising generic objects in the environment. 

 It is essential to have additional information so that, from the detected objects, the 
user can be contextualised and located in a specific physical space. 

To ensure that both aspects mentioned above work to locate users effectively, two 
stages are needed: one focused on defining and creating these relevant positions, and 
the other centred on using this information to infer the user's current location. Below, 
each of these stages is detailed: 

 Creation: The architecture needs to provide a mechanism for users to register in-situ 
data in the contextual object database. This database which will store detailed infor-
mation about each detected (and relevant) object, linking each one with its respective 
spatial location and other relevant data. This location could be taken with any posi-
tioning mechanism. The solution must be flexible and extensible to enrich the data 
that could be loaded in the future. 

 Usage: Once the contextual object database is built, the available information can be 
used to locate a user. When the user points the device's camera at an object, it is 
determined whether the object is registered in the contextual database and whether 
the user is ‘near’ the registered location for that object. Thus, in case of success, an 
application (using this kind of positioning) can, for example, provide relevant infor-
mation or specific services associated with that location and recognised object. 

Figure 1 depicts the proposed architecture. Different applications can embed the Ob-
ject-based Positioning module to load the contextual database (creation) or access pre-
viously loaded data (usage) and thus use this positioning mechanism to locate the user. 
Additionally, applications could use both functions (creation and usage). It is important 
to mention that the contextual database could be local or not to the mobile device, de-
pending on the requirements and complexity of the implementation. 

Furthermore, Figure 1 shows that the Object-based Positioning knows and observes 
two modules: one for object recognition and another for positioning. Object-based Po-
sitioning observes the modules because it constantly ‘listens’ for any changes (whether 
a new detected object or a new location). The Object-based Positioning can also com-
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municate directly with these modules (through the ‘knows’ relationship) to request in-
formation, which usually occurs in response to the user's action. Below are more details 
about these two modules. 

 
Fig. 1. Proposed Architecture for Object-based Positioning. 

The Object Recognition module recognises objects in the environment through the de-
vice's camera. It can know several models, allowing it to be extensible, but the module 
only uses one to perform the recognition at a given time. Figure 2 depicts the flow 
involved in this module, which implies three specific steps. 

 
Fig. 2. Flow involved in the Object Recognition module. 

To provide a clear understanding of the three steps of the Object Recognition module 
depicted in Figure 2, they are detailed below, using the same enumeration as in the 
figure: 

1. The current image is obtained, which involves establishing communication with the 
device's camera to capture the view at that moment. 
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2. The captured image is sent to the current object recognition or detection model. De-
pending on the chosen model, some pre-processing may be necessary to adapt the 
image to the format expected by the model. Additionally, the Object Recognition 
module allows the configuration of the model to be used and the selection of the 
objects of interest during the inference process, which is especially relevant when 
employing Object-based Positioning. 

3. Finally, the corresponding result is received once the model inference is performed. 
It is important to highlight that the format and structure of the response obtained in 
the inference may vary from one model to another. Therefore, before returning a 
final response, the Object Recognition module standardises the response to a stand-
ard interface. This facilitates communication with different object recognition and 
detection models. 

On the other hand, the Positioning module aims to obtain information about the user's 
location using various positioning sensing mechanisms, as shown in Figure 3. This 
module is designed to constantly monitor changes in the selected sensing mechanism, 
allowing it to detect events such as user movement and request updated location infor-
mation as needed. The module provides a standardisation layer regarding the response 
provided by each sensing mechanism to ensure coherence and uniformity of location 
data. The chosen sensing mechanism may depend on the required accuracy, infrastruc-
ture availability, and environmental limitations. 

 
Fig. 3. Representation of the Positioning module. 

4 An implementation of the Object-based Positioning 

This section presents a concrete implementation of the Object-based Positioning mod-
ule from the architecture proposed in Section 3. This module was implemented as a 
library3 for the React Native framework (which can create cross-platform applications 
for Android and iOS with the same source code). Note that the Object-based Position-
ing library can be embedded by any application, as presented in Figure 1. 

React Native offers various modules and libraries that facilitate integration with na-
tive phone functionalities. These include access to the device's camera through the Re-

                                                         
3  The project's source code is available at the following GitHub repository: https://gi-

thub.com/francoborrelli/object-based-positioning-library. This repository contains all the do-
cumentation and files needed to understand and utilize the Object-based Positioning library. 
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act Native Camera library and the execution of object recognition models with the spe-
cific Tensorflow library for React Native. In particular, the library has been imple-
mented to allow the use of two models based on MobileNet. The first one is a model 
for recognising doors (trained by one of the authors of this paper), and the other is a 
pre-trained TensorFlow model that can recognise various general objects. 

Notably, the Positioning module was chosen to explore the combination of GPS and 
Gyroscope. This does not require the installation or presence of additional infrastruc-
ture in the physical environment; that is, everything is solved from the mobile device, 
which simplifies the use of this architecture in any physical location. This facilitates 
obtaining a generic solution that could be used in any environment. React Native has 
the React Native Geolocation and React Native Sensors libraries, which allow access 
to the device's GPS and sensors (such as the Gyroscope), respectively. 

Firestore was chosen for the contextual database. It is a NoSQL cloud database from 
Google Firebase4 that offers efficiency, scalability, and an SDK for multiple platforms. 
Thus, a Firestore database is used to store locations that involve data collected from 
the object recognition and positioning modules. Figure 4 shows the technologies used 
for the implemented Object-based Positioning. 

 
Fig. 4. Technologies used in the Object-based Positioning library. 

5 Practical application of the Object-based Positioning library 

The topic of positioning has been previously explored by the authors of this paper. In 
particular, in earlier works, positioning was investigated using Wi-Fi network finger-
printing to locate the user in in-situ co-design authoring tools [6, 7]. Based on this, it 
was decided to continue with this line of research, but in this paper, the implemented 
Object-based Positioning library is used as the positioning mechanism. Below, we de-
tail how the Object-based Positioning library was embedded in an in-situ co-design 
authoring tool, and then we exemplify its usage, emphasising the lessons learned. 

                                                         
4  Firebase. https://firebase.google.com, last accessed 2024/03/15 
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5.1 Object-based Positioning library embedded in an in-situ co-design tool 

The Object-based Positioning library was embedded into an in-situ co-design tool, 
which used the two functionalities provided by this kind of positioning, such as ‘crea-

tion’ and ‘usage’ (described in Section 3). This tool focuses, in particular, on co-de-
signing (creating) Positioned Information using object-based positioning to subse-
quently provide (use) this information when a user is in that location. For more details 
on the functioning of in-situ co-design tools, [6] and [7] can be consulted.  

Some configurable parameters related to Object-based Positioning were added to 
the tool to facilitate an easy way to change these values through an interface. This al-
lows the creation of different scenarios to explore how the library behaves with differ-
ent values. These configurable parameters are: 

 Recognition or detection model to use at one point in time. It can choose from the 
two models based on MobileNet (one focuses only on doors, and the other is oriented 
to general objects), as mentioned in Section 4. 

 Classes of interest. Depending on the selected model, it can choose among the avail-
able objects, which the object-based positioning will consider. 

 The minimum precision adjustment in inferences. This parameter allows setting the 
minimum level of precision necessary for the model outputs to be considered valid 
inferences. The default value is 20%. 

 The number of frames. This parameter controls how recognition models operate, 
specifying inference on 1 out of every N frames from the phone camera. Lowering 
it will increase the frequency of inferences, though resource consumption will also 
rise. The default value is 100 frames. 

 The maximum distance in meters to consider an object is ‘near’ to the user. An ob-
ject detection is only considered valid if the user is at a distance less than or equal to 
the indicated amount of meters of this parameter. GPS information is used to obtain 
the user's current location. The default value is 1 meter. 

 The degrees to determine that an object is ‘in the viewing angle’ of the user. It is 
evaluated if, with the phone's current orientation plus this degree parameter, it is 
possible to ‘see’ a detected object according to the viewing angle registered for this 
object. Gyroscope information is used to obtain the user's current orientation. The 
default value is 70 degrees. 

5.2 Usage of the Object-based Positioning library - Single Object Class 

This prototypical experience was designed to assess the functionality of Object-based 
Positioning when registering Positioned Information using multiple objects of the same 
type. To achieve this, the parameter ‘Recognition or detection model to use at one point 
in time’ was configured with the door recognition model presented in Section 4. For 
this experience, Positioned Information was created using the domain of a hypothetical 
conference that could take place between classrooms 1-2 to 1-4 on the first floor of the 
Faculty of Informatics at UNLP, assigning a specific track (topic) to each classroom. 
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Then, it could use this Positioned Information (for each of these tracks) to provide them 
to the users when they were in those locations. 

Specific aspects were established to observe how the library behaved in response to 
nearby doors (classrooms 1-2 and 1-3 of the faculty), such as variation in viewing an-
gles when registering information, changes in user orientation, and walking speed. It 
should be noted that some of these aspects to observe emerged from our previous 
knowledge using other location mechanisms. 

During the ‘creation’ phase, two participants were asked to load Positioned Infor-
mation for the different classrooms into two distinct Workspaces5. In one, the infor-
mation was loaded facing the doors, while in the second, different angles were used. 
Upon observing the recorded information for both Workspaces, a positioning discrep-
ancy between the devices used (Xiaomi 12 and Samsung S22) was noticed. To investi-
gate this issue further, a direct comparison was made between the latitude and longitude 
readings of both devices, as shown in Figure 5. This test revealed a 6-meter difference 
between the locations recorded by the two devices, even though they were physically 
next to each other. 

Several factors were identified that could have contributed to the discrepancies in 
GPS values (shown in Figure 5), such as antenna positioning, the type of GPS technol-
ogy used, GPS calibration, the devices' power-saving mode, among others. Solving this 
is beyond the scope of this paper. 

 
Fig. 5. Comparison of GPS performance between Xiaomi 12 (left) and Samsung S22 (right) de-
vices. 

                                                         
5  Each Workspace contains all the information co-designed within an application. Due to the 

nature of this tool (for in-situ co-design), each Workspace is linked to a building or physical 
location. 
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Considering these disparities with the GPS, it was decided that a single participant (the 
one who had the minor discrepancy in positioning) would be responsible for loading all 
the Positioned Information since the focus was on testing the library rather than ‘im-
proving’ GPS performance. 

When the selected participant finished loading all the Positioned Information, both 
participants took part in a ‘usage’ phase. During this last stage, some interesting points 
were detected that are worth mentioning: 

 With the default settings, which include a ‘The maximum distance in meters to con-
sider an object is near to the user’ of 1 meter and a viewing angle aperture of 70 
degrees, participants were asked to slowly approach the classroom doors to see if 
they could access the information. Only the participant who had loaded the infor-
mation could access it by doing this. The other participant experienced difficulties, 
which were partly expected given the discrepancies detected with the GPS. This was 
done in both Workspaces, where the same outcome was experienced. 

 Based on the previous findings, the parameter ‘The maximum distance in meters to 
consider an object is near to the user’ was changed from 1 to 3 meters. With this 
adjustment, both participants could access the information from all classrooms cor-
rectly in both Workspaces. 

 The other test involved participants being asked to approach the classroom doors at 
a much faster pace. The result was the same in both Workspaces. It was identified 
that objects cannot be recognised when users move at very high speeds, as it requires 
at least a few seconds for the recognition model to process and infer the object. 

 As in all previous tests, participants could access the correct information for each 
classroom. It was desired to determine at what distance the library began to mix 
information, for example, between the content of classrooms 1-2 and 1-3, which are 
physically very close to each other. Only when reaching a vast ‘The maximum dis-

tance in meters to consider an object is near to the user’ setting (10 meters) did a 
problem of information confusion start to appear. 

 An analysis was conducted on how the viewing angle aperture affected the detection 
of Positioned Information. Two parameters were adjusted for this purpose: the ‘The 
maximum distance in meters to consider an object is near to the user’ was set to 3 
meters in both Workspaces and the ‘The degrees to determine that an object is in the 
viewing angle of the user’ was reduced to 30 degrees; when the tests carry on re-
vealed that with a 30-degree aperture, it was no longer possible to detect the infor-
mation. 

 Based on the previous findings, the ‘The degrees to determine that an object is in 
the viewing angle of the user’ was increased to 45 degrees. In this case, participants 
could detect the information if they positioned themselves precisely in the same 
place with the same angle used to register the information. 

Images and screenshots were taken during these tests. Figure 6.a reflects the ‘creation’ 
stage, where it can be observed how the tool can recognise different elements of the 
environment (in this case, doors). The user can choose one of the objects identified by 
the model and load Positional Information related to it. In Figure 6.a, the loading form 
can also be seen along with some positioning data (such as the object detected and 



12 

latitude and longitude information provided by the GPS; the Gyroscope angle is not 
seen because it is below the screen but is considered too). Figure 6.b presents an exam-
ple of ‘usage’, where the user approaches the registered door and accesses its content. 

 
Fig. 6. Images and screenshots taken during the Object-Based Positioning library testing. 

5.3 Usage of the Object-based Positioning library - Multiple Object Classes 

This experience aimed to develop a hypothetical application for children visiting an 
informatics exposition. To simulate this, a booth was set up with various technological 
objects to offer interesting facts about them (see Figure 7.a). The objective was to ana-
lyse the behaviour of the Object-based Positioning library when different objects are 
used in a reduced space. For this experience, two participants were also involved: the 
first with a high-end phone (Samsung S22) and the second with a mid-range phone 
(Xiaomi Mi A3).  

Before starting, a Workspace was defined, and the parameter ‘Recognition or detec-
tion model to use at one point in time’ was set with the pre-trained MobileNet model 
capable of recognising various general objects. This model can recognise laptops, mice, 
cellphones, hard drives, etc. Only the objects in Figure 7.a were selected for the param-
eter ‘Classes of interest’. This decision was made to prevent unwanted objects from 
being detected with the tool. 

During the ‘creation’ phase, one participant loaded the Positioned Information with 
the tool, considering the issue detected in Section 5.2 with the GPS accuracy. Although 
the GPS accuracy was not precise even with the same device, it remained within ac-
ceptable limits; this margin of error is shown in Figures 7.a and 7.b. Figure 7.a repre-
sents how the objects were actually distributed, while Figure 7.b shows how the Posi-
tioned Information was recorded in the tool. Additionally, in Figures 7.c and 7.d, two 
examples of detections with the tool are presented, showing the identified object's name 
and the model's corresponding precision percentage. 
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Fig. 7. Testing the library with multiple objects. 

During the ‘usage’ phase, both participants were asked to try accessing the Positioned 
Information while facing the stand. Several tests were conducted, and some interesting 
points were detected that are worth mentioning:  

 Both participants encountered difficulties with the default settings (defined in Sec-
tion 5.1). This was due to the previously identified GPS issues, which prevented 
them from consistently accessing the Positioned Information. Specifically, the par-
ticipant who defined the information could only recognise some objects, while the 
others failed to recognise any of the objects. 

 Based on the previous results, the parameter ‘The maximum distance in meters to 
consider an object is near to the user’ was changed from 1 to 3 meters. Both partic-
ipants were able to access all the information with this setting. 

These results, combined with the experience of Section 5.2, revealed that ‘The maxi-
mum distance in meters to consider an object is near to the user’ of 3 meters is the most 
optimal. Furthermore, it was interesting to test how the recognition model performed 
with different configurations of ‘The minimum precision adjustment in inferences’ and 
‘The number of frames’. Below is a description of what was discovered:  

 When using the ‘The minimum precision adjustment in inferences’ configuration 
with its default value (20%), recognition of all objects was achieved, albeit with a 
delay of approximately 5 seconds. 

 However, by reducing ‘The minimum precision adjustment in inferences’ to 10%, 
recognition occurred almost instantly, with precision levels close to 17%. 

 Upon further analysis of the ‘The minimum precision adjustment in inferences’, it 
was observed that the accuracy of the model gradually increased over time, always 
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starting with a very low value (see Figure 7.c) and gradually increasing within sec-
onds to much higher values (between 40% and 80% in most cases), as shown in 
Figure 7.d. 

 In addition, it was found through another test that the time window during which the 
model achieves high precision percentages can be significantly reduced by modify-
ing ‘The number of frames’ configuration. This configuration was changed from its 
default value (100 frames) to a much lower one (10 frames) in the conducted test. 
This caused the tool to instantly generate results with higher precision when using 
the Samsung S22 device. However, this modification caused the application to ex-
perience inevitable hitches with the Xiaomi Mi A3, as this phone is a mid-range 
device with 4GB of memory. 

6 Conclusions and Future works 

The implemented tool, which embeds our Object-based Positioning library, has demon-
strated the practical viability of the proposed general architecture for indoor positioning 
using object recognition models. Although preliminary in nature, the conducted tests 
have provided valuable insights into the potential adoption of this positioning approach. 
During these tests, it was identified that the implemented Object-based Positioning so-
lution works for recognising different objects and detecting objects of the same type in 
limited spaces. Furthermore, the tests confirmed that the solution can operate effec-
tively on high-end and mid-range devices. 

It should be noted that depending on the space's features, the objects within it, and 
the devices being used, the settings of the implemented library may need to be adjusted 
to achieve optimal performance. For instance, it was found that adjusting with low val-
ues of the ‘The number of frames’ configuration on a high-end device resulted in sig-
nificantly better performance but led to operational issues on mid-range devices.  

The Gyroscope's functionality was tested, and it was found that the phone's Gyro-
scope was effective in disambiguating nearby information. In particular, a ‘The degrees 

to determine that an object is in the viewing angle of the user’ configuration of 70 
degrees yielded satisfactory results. Note that, with these few tests, we cannot reach 
conclusive results, so more exploration is needed to confirm this preliminary discovery. 

Concerning GPS functionality, it was noted that the performance can exhibit varia-
tions across different devices even when they are physically situated in the same exact 
location. Although GPS issues were detected, the proposed solution is a viable alterna-
tive. Related to this, the parameter ‘The maximum distance in meters to consider an 
object is near to the user’ should be configured with 3 meters to get optimal results.  

As a future direction, it would be valuable to investigate the implementation of the 
Object-based Positioning solution with other technologies such as Wi-Fi positioning, 
Bluetooth, or proximity sensors, considering the limitations identified with GPS. This 
could hold promise for enhancing the accuracy and reliability of indoor positioning, but 
other issues could emerge. For example, the feasibility of this future implementation 
will necessitate an assessment of additional infrastructure requirements, including their 
cost-effectiveness and scalability across various physical spaces. 
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