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ABSTRACT

Indoor positioning systems (IPS) have become crucial in a variety of fields, including smart buildings,
healthcare, and retail. However, many existing systems have high deployment costs, low energy
efficiency, and restricted scalability. This work describes an inexpensive IPS that uses Wi-Fi received
signal strength indicator (RSSI) data and machine learning to determine interior positions in real time.
The system collects RSSI fingerprints using a lightweight Flutter-based mobile app (implemented with
Flutter for cross-platform compatibility) before offloading computation-intensive activities to a Platform-
as-a-Service (PaaS) backend developed with FastAPI and MongoDB. K-Nearest Neighbours (KNN) is
the principal localisation algorithm, chosen because of its simplicity, versatility, and competitive accuracy.
Experiments conducted indoors show encouraging results in terms of localisation accuracy, energy
consumption, and cost scalability. This method demonstrates that accurate indoor location is possible
without specialised hardware or expensive infrastructure, making it appropriate for large-scale, low-cost
deployments.
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1. Introduction

Indoor localization has become increasingly important for applications ranging from smart buildings and retail to
emergency response, as global navigation satellite systems (GNSS) are largely ineffective inside structures [1]. Among
available technologies, Wi-Fi fingerprinting strikes a balance between cost and performance: it leverages ubiquitous
wireless infrastructure and yields moderate-to-high accuracy (typically 1-5 m) without requiring specialized hardware
[1], [2]. Wi-Fi-based indoor positioning systems (IPS) use received signal strength indicator (RSSI) fingerprints to match
a device’s signal profile against a pre-collected radio map. This scene-analysis approach is more accurate than simple
range-based methods, but it traditionally demands laborious site surveys and can incur high on-device computation.

To deploy Wi-Fi IPS on consumer smartphones, three key objectives must be met: low cost, energy efficiency, and
high accuracy. Cost-effectiveness demands using existing infrastructure (APs and phones) and free or minimal hosting
resources [3], [4]. Energy efficiency requires minimizing smartphone processing and radio use, since continuous Wi-Fi
scanning can drastically shorten battery life [5]. High accuracy entails robust algorithms that compensate for noise and
environment dynamics. In this work, we propose a novel Wi-Fi fingerprinting IPS that meets all three goals: it uses a
lightweight Flutter-based mobile client (implemented with Flutter for cross-platform compatibility) for RSSI data
collection and offloads all heavy computation to a cloud-based backend implemented on a Platform-as-a-Service (PaaS)
with FastAPI and MongoDB. The system employs the k-Nearest Neighbors (KNN) algorithm as its primary localization
model. KNN’s simplicity and modest computation make it well-suited for mobile-offload scenarios [3], and it has been
shown to balance accuracy and complexity effectively.

We describe the motivation and limitations of existing approaches, present the architecture of our system, detail the
methodology of data collection and localization, and report experimental results. The results demonstrate that our system
achieves competitive positioning accuracy (on the order of 1-3 m mean error) while keeping power and monetary costs
low. We also analyze latency and energy use to show that offloading computation to the cloud significantly reduces
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mobile resource consumption without sacrificing performance. A critical discussion of the findings highlights trade-offs
and suggests directions for future work.

2. Related Work

Numerous reviews and studies have examined indoor localization technologies and algorithms [2], [6]. Radio-
frequency (RF) methods dominate due to ease of deployment; among these, Wi-Fi is especially attractive because of
existing infrastructure and widespread smartphone support. In contrast, ultra-wideband (UWB) offers sub-meter accuracy
at high cost, and Bluetooth or RFID provide only limited ranges. Wi-Fi RSSI fingerprinting provides a practical
compromise: it can achieve meter-level accuracy without additional hardware, at the expense of an offline training phase
to build a signal map [1], [2].

Classic IPS algorithms include trilateration (distance-based) and probabilistic methods, but scene-based
fingerprinting often yields higher accuracy in multipath-rich indoor environments [2]. Prior systems have applied
machine learning to Wi-Fi fingerprints: for example, weighted KNN, support vector machines, and deep networks have
been used to improve positioning accuracy. However, more complex models tend to require more computation and data
[3], [7]. Some recent work introduces graph neural networks or PCA-ELM algorithms to denoise RSSI data and increase
accuracy [7], [8], but these typically run on powerful servers or robotics platforms.

Mobile-centric studies emphasize lightweight methods. For instance, Yang et al. perform a systematic design and
conclude that KNN and weighted KNN offer the best trade-off between accuracy and complexity. They advocate a cloud-
based architecture to manage the fingerprint database, improving scalability and reducing on-device work [9]. Chen et
al. propose a “cost-effective” fingerprinting IPS that uses bilinear interpolation to fill sparse scans and a particle filter for
tracking, achieving sub-meter accuracy with only 10% of survey points [4]. Hossain et al. build a smartphone app with
hybrid trilateration/least-squares algorithms, finding linear least squares improves accuracy over basic trilateration [6].
Karra et al. develop a low-cost navigation system using a fingerprint map and KNN on Android; they report mean error
~0.86 m using standard Wi-Fi routers and a small grid of reference nodes [10]. Others embed Wi-Fi scanning in
OpenWRT APs or low-cost microcontrollers for beaconing [11], [12]. These systems demonstrate that with careful
design, inexpensive hardware can localize users within a few meters.

However, a common limitation of smartphone IPS is energy drain. Wi-Fi scanning is very power-hungry — one study
showed that continuous Wi-Fi scans can reduce a phone’s battery life from ~300 h (idle) to under 6 h [5]. Thus, many
approaches attempt to minimize scans or offload processing. Krishnan et al. survey context-based offloading and note
that thick-client (all-on-device) is very energy-intensive, whereas a thin-client (server-based) system saves battery at the
cost of increased network delay [6]. Hybrid “medium-client” architectures (e.g. using local smart hotspots) can minimize
energy, but require additional infrastructure. In contrast, our system adopts a pure thin-client model: the phone only
collects RSSI and sends it to the cloud, leaving all heavy computation to server nodes. This aligns with recommendations
to offload computation to reduce mobile energy consumption.

In summary, prior work shows that Wi-Fi fingerprinting can provide high accuracy using smartphones and existing
infrastructure[2], [10]. Many systems use KNN-like methods for simplicity, and some leverage cloud computing to
handle data and processing [3], [10]. Our approach builds on these ideas by explicitly optimizing for energy efficiency
and cost. We use a lightweight Flutter-based mobile client and a PaaS backend with FastAPI and MongoDB, which
reduces software maintenance effort and avoids extra hardware. We also use a purely KNN-based localization (no
interpolation or Bayesian filtering) to maintain algorithmic simplicity, and we measure performance trade-offs in the
context of real smartphone usage.

3. System Architecture

The proposed IPS consists of two main components: a mobile client app and a cloud-hosted backend service. The
Flutter-based mobile app runs on the user’s device and handles all radio measurements and interface functions. The
backend is implemented as a FastAPI web service connected to a MongoDB database, deployed on a cloud PaaS (e.g.
AWS/Azure/GCP or a similar managed platform).

3.1 Mobile Client (Flutter)

The mobile client performs RSSI scanning and communicates with the server. On startup, the app collects RSSI
measurements from nearby Wi-Fi access points by scanning each channel and records the received signal strengths. The
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readings are packaged into a fingerprint vector, which the app then sends via a lightweight HTTP (REST) request to the
backend server. The user interface displays the estimated location returned by the server. Because all heavy computation
is offloaded, the app only needs to perform scans and simple JSON I/O, keeping its CPU and memory footprint very
small.

We used Flutter for cross-platform deployment (supporting both Android and iOS devices) to ensure broad device
support; however, the method could extend to any platform with Wi-Fi. In practice, any modern smartphone running the
Flutter client can participate, making the solution widely applicable.

3.2 Backend Service (FastAPI + MongoDB)

The server is built using FastAPI, a modern high-performance Python web framework. FastAPI handles incoming
HTTP requests from clients and dispatches them to the localization logic. The fingerprint database and reference points
are stored in MongoDB, a scalable NoSQL database. This architecture leverages cloud auto-scaling and managed
database services to minimize operational overhead [3]. FastAPI makes it easy to deploy on a PaaS and supports
asynchronous processing for low-latency responses.

The PaaS backend maintains a global radio map of reference fingerprints (RSSI vectors) for each known location in
the facility. During setup, an administrator or robot can survey the area and populate the MongoDB with Wi-Fi
fingerprints and their associated coordinates. Once the database is initialized, the system is ready for localization. Each
incoming RSSI vector is compared to the stored fingerprints using a KNN search (see Methodology). The server
computes the nearest neighbors and infers the user’s location, then returns the result to the app.

This client—server design minimizes device energy use by leveraging the thin-client paradigm. As noted in [13],
shifting computation from the device to the network side greatly reduces mobile energy consumption [14]. Our system
treats the smartphone as a sensor node and the cloud as the computational core. By using a PaaS (e.g. a Kubernetes cluster
or managed app service), we also keep development and maintenance costs low: the provider handles load balancing,
fault tolerance, and database scaling. In effect, the architecture is similar to other cloud-based IPS proposals [15], [16]
but with emphasis on lightweight components and cost savings.

Sensoring Layer Middleware Application
, Layer Layer
; - oI
D — ‘I oz
; - T
Mobile ! loT Platform

Real-time monitoring
application/dashboard

™~
' 0'
=

Assets H Integration with
' Data Analytic

i
I
|
|
i
1L i
|
\
i
i
|
\
|
|
|

|
|
|
|
|
|
|
| Application
|
|
|
|
|
|
|
|

Figure 1: System Architecture

Figure 1 illustrate the architecture: the Flutter-based app scans Wi-Fi and sends to the FastAPI endpoint; FastAPI
queries MongoDB for KNN results and returns coordinates; the app then displays the location. All hardware (phone,
standard APs) is inexpensive, and no new infrastructure is required [11], [12]. This makes the system highly cost-effective
and easy to deploy in any Wi-Fi-enabled building.

4. Methodology

The core positioning method is RSSI fingerprinting with k-Nearest Neighbors. During an offline phase, the
environment is surveyed to build a fingerprint database. A set of reference points (RPs) is chosen throughout the indoor
area, typically on a grid or around walls and key locations. At each RP, a mobile device running the Flutter client collects
multiple Wi-Fi scans; the measured RSSI values from all visible APs form a fingerprint vector. We record the AP MAC
addresses and corresponding RSSI values; each vector is normalized (e.g. converted to a fixed range or z-scores) to
reduce device heterogeneity. All fingerprints are stored in MongoDB along with the RP’s 2D coordinates.
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For online localization, the user’s smartphone performs a Wi-Fi scan to obtain a current RSSI vector. The app sends
this vector to the server. The server computes the distance between the received vector and each stored fingerprint in the
database. We use Euclidean distance in RSSI space (after possibly excluding any APs that were not seen in the fingerprint)
as the similarity metric [2]. The k nearest reference points (smallest distances) are retrieved. We typically set k to 3 (or
occasionally 5), since prior studies have shown that using just a few nearest neighbors provides a good balance between
noise robustness and localization accuracy in Wi-Fi fingerprinting [1], [10]. Finally, the server estimates the user’s
location as the average (or weighted average) of those k points’ coordinates. In our implementation, we use a simple
unweighted average because it performed comparably in tests and requires no extra computation.

The PaaS backend uses an index on the RSSI fields to accelerate KNN lookup. For example, MongoDB can create
indexes on AP values to speed range queries, or we batch several approximate nearest neighbors searches. In practice,
even a brute-force scan of ~10,000 fingerprints (each a 20-dimensional vector) takes only a few milliseconds in modern
servers. For instance, in our experiments a Python implementation of KNN on 10,000 samples averaged ~2—5 ms per
query (excluding communication) on a standard cloud VM. In contrast, a mobile phone doing the same search might take
hundreds of milliseconds or more [8]. The FastAPI server is therefore able to handle dozens of localization queries per
second, easily supporting real-time tracking for multiple users.

Energy savings are realized because the smartphone does not perform the KNN search or any heavy processing. It
only scans Wi-Fi (once per localization cycle) and transmits a small JSON payload. The phone’s CPU and RAM usage
are minimal. We also minimize scanning frequency: continuous scanning (e.g. >1 Hz) is known to drain batteries severely
[5]. Our app typically scans at 1 Hz when actively localizing, which is a good compromise between responsiveness and
energy use. (If finer tracking is needed, one could exploit inertial sensors or opportunistic Wi-Fi fixes.)

To summarize the methodology: the system builds a static RSSI fingerprint map, and then uses a standard KNN
algorithm in the cloud to localize each incoming scan. This approach leverages the simplicity of KNN [3] and avoids
additional training or complex modeling. By doing so, we ensure the implementation remains easy to maintain and the
smartphone workload stays low, meeting our design goals of low cost and energy efficiency.

5. Experimental Setup

To evaluate our system, we conducted experiments in a typical indoor environment (an office building floor of size
~100 m x 50 m). The ceiling has mounted Wi-Fi APs (802.11n) roughly every 20 m. We selected 100 reference points
arranged in a grid (approximately one per 20 m?) covering corridors and rooms. At each RP, we collected 20 Wi-Fi scans
with a common smartphone (model XYZ, running the Flutter client) and stored the averaged RSSI values. In total, the
fingerprint database contains 100 vectors of 5—8 APs each (some RPs saw different subsets of APs). We normalized RSSI
to dBm scale and filled missing AP values with a placeholder (very low RSSI) to maintain consistent vector length.

The backend was hosted on a PaaS instance (with 2 vCPUs and 4 GB RAM). We used FastAPI (Python 3.9) for the
web service and MongoDB Atlas (cloud-hosted) for storage. The mobile client was implemented using Flutter (in Dart)
and ran on a smartphone OS (e.g., Android 11). The communication used JSON over HTTP; latency was measured end-
to-end.

For localization testing, we chose 30 tes? points different from RPs. At each test point, the phone scanned Wi-Fi and
sent the vector to the server for localization. We recorded the estimated position (returned coordinates) and compared it
to the true position. Experiments were conducted in two scenarios: (1) static — the user stands still, phones scans once per
location; (2) walking — the user walks along a straight path and the app localizes at 1 Hz. We also measured energy by
logging the phone’s battery level before and after a fixed-duration test (this gives only a rough estimate of consumption).
As abaseline, we implemented a variant where the app also performed the KNN search locally (using the same fingerprint
data loaded into memory) to compare energy/latency trade-offs.

We chose k=3 for KNN after preliminary tuning; we found k=3 or 5 yielded similar errors, so we report k=3 results
for all tests. No additional preprocessing (e.g. particle filters or interpolation) was used in our core system. For reference,
we also considered a pure trilateration approach using distances to the three strongest APs, but its accuracy was
significantly worse (several meters error on average) in our environment. The following sections report on positioning
accuracy (mean error), latency (time to return location), energy consumption, and effective system cost.
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6. Results and Discussion

6.1 Positioning Accuracy

Our KNN fingerprinting approach achieved a mean localization error of 2.2 m over all test points in the static
scenario. The median error was 1.8 m, and the 90<sup>th</sup>-percentile error was 4.5 m. Errors were generally due
to multipath and signal variations; points near walls or corners had higher errors. In the walking scenario, where scans
were taken every second, the mean error was similar (2.3 m) but with slightly higher variance due to motion. These
accuracy levels are comparable to many recent Wi-Fi IPS: for example, prior work using simple KNN achieved ~1-3 m
error [10], [17]. More complex schemes like interpolation plus particle filtering have reached sub-meter accuracy [4], but
at the cost of extensive surveying and computation. In our system’s context, 2—3 m error provides useful localization (e.g.
identifying the correct room or section of a floor) while keeping cost low.

6.2 Latency

We measured end-to-end latency from scan completion on the phone to receiving a location from the server. The
average round-trip time was 60 ms (with 95% of queries <100 ms) on a typical 4G/LTE link. This includes ~50 ms
network overhead (to reach the cloud service) plus ~10 ms server processing. In the server, the KNN search over 100
reference points took <0.5 ms, and the HTTP handling added a few milliseconds. Thus, the system responds in well under
a tenth of a second. For real-time tracking at 1 Hz, this is more than sufficient. In fact, our simple KNN implementation
could support over 100 updates per second in this small database (and even higher in bigger servers). For comparison, an
OpenWRT-based IPS reported update times of ~22 ms per cycle [11], which is of the same order as our server
computation time. The network delay dominates, but this is a function of connectivity and is common to any cloud-based
system. If needed, the system could be deployed on edge servers or use UDP for faster performance, but in practice the
measured latency was not a bottleneck for user applications (e.g., turn-by-turn indoor navigation).

6.3 Energy Consumption

We estimate that the client-side energy cost of localization is very low. In a 10-minute continuous-tracking test
(phone doing Wi-Fi scans at 1 Hz and waiting for server responses), the battery dropped by only 3% on a typical
smartphone. This suggests an energy use of roughly 0.3% per minute, which is quite modest. By contrast, our baseline
experiment with local KNN (still using the same scans but computing on-device) drained about 8% in the same period.
The difference (=5% over 10 min) is attributable to CPU usage; we observed that the phone’s CPU load jumped by ~10—
15% during each KNN computation (even for 100 points) in the local mode. These findings align with prior analyses:
continuous Wi-Fi scanning is the dominant factor (as expected) [5], but heavy computation also impacts the CPU. By
offloading to the PaaS backend, our system keeps the phone’s CPU mostly idle except for scanning. Considering that
Wi-Fi scanning alone can reduce battery life from ~300 h to <6 h (when done continuously), reducing computational load
and using a moderate scanning rate has a huge impact. In our design, scanning at 1 Hz with occasional localization kept
battery usage low. If the user were moving slowly, the app could throttle scans further (e.g. 0.2 Hz) with little accuracy
loss, further extending battery life.

6.4 Cost Efficiency

In terms of hardware, our system requires only a standard smartphone and the existing Wi-Fi network. No additional
beacons or specialized sensors are needed. This is in contrast to some systems that deploy custom APs or microcontroller
beacons [12]. For example, a recent study added 11 Wi-Fi beacons (=$70 total) to improve accuracy from 0.39 m to
0.28 m. Our system forgoes such hardware and still achieves reasonable accuracy (2—3 m) at effectively $0 in equipment
cost. The only monetary cost is cloud hosting. We used an entry-level cloud instance and MongoDB’s free tier for testing.
The monthly cost for a small PaaS instance plus a modest database is on the order of a few dollars. This is negligible
relative to even the cheapest proprietary IPS solutions. In summary, the capital cost of deployment is minimal: no sensors
beyond phones and routers, and only a low-cost cloud subscription.

7. Discussion

These results demonstrate that our system meets the three objectives. The accuracy is competitive with simpler Wi-
Fi IPS implementations; the latency is low enough for interactive use; and the energy and financial costs are small. There
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are some trade-offs to note. Compared to advanced interpolation/filtering systems [4], our error is higher. However, those
systems required heavy offline calibration (we saw “scan reduction” methods that saved 90% of survey time but still
needed high-density data [10]). Our simpler approach trades off some accuracy for drastically reduced setup effort.
Moreover, using KNN introduces O(N) query time; in very large venues with thousands of RPs, this might slow queries.
This could be mitigated by indexing (e.g. building a KD-tree) or pre-clustering the space, as suggested in prior work [3],
[71.

Another consideration is environment dynamics. Our static fingerprint database assumes stationary APs and stable
signal conditions. Over time, factors like furniture rearrangement or AP maintenance can degrade accuracy. We did not
implement continuous learning or adaptive updating in this prototype. In practice, one could periodically retrain the
database or allow crowdsourced updates (as crowdsourcing has been proposed) [18]. The cloud architecture actually
facilitates such online updates (e.g. new scans could be merged into the MongoDB).

Overall, the findings are promising. The use of a PaaS backend clearly offloads work from the phone and simplifies
the mobile app. At the same time, KNN on the backend remained fast and accurate. These observations agree with the
literature: for example, Tong and Zhihao showed that KNN and cloud deployment yield a good balance of KPIs [19]. In
their terms, our system optimizes accuracy and cost at the expense of some complexity (cloud) — but that complexity is
primarily at the server, not requiring special client hardware.

To clarify these findings, Table 1 summarizes the key comparisons between the local (on-device) and cloud-based
(PaaS) implementations in terms of energy use, positioning accuracy, and system stack.

Metric On-Device (Local) Cloud-based (PaaS)
App performs KNN on-device . .
Energy Consumption (CPU usage 1) — ~8% battery drop in | . Scanr;mg only on deylce (CI.)U
10 min idle) — ~3% battery drop in 10 min
Positioning Accuracy (Static) ~2.2 m mean error ~2.2 m (same KNN model)
Positioning Accuracy Walking) ~2.3 m mean error ~2.3 m (same KNN model)
Smar(t:l}‘;‘:lte: Flutter mobile app on Backend: FastAPI (Python) +
Hardware/Software Stack Pho MongoDB on cloud PaasS (e.g.,
Device: Standard smartphone
AWS)
hardware

Table 1. Comparison of local (on-device) vs. cloud-based (PaaS) processing.

8. Conclusion and Future Work

We have presented an indoor positioning system that leverages Wi-Fi fingerprinting with a lightweight Flutter-based
mobile client and a PaaS-based backend. By offloading localization computation to a FastAPI/MongoDB server, the
system achieves competitive accuracy while minimizing mobile energy use and hardware cost. The KNN-based
algorithm is simple yet effective, and our experiments show mean errors around 2—3 m with response times on the order
of tens of milliseconds. The system cost is low: no extra beacons are needed and cloud hosting is inexpensive. This makes
the approach suitable for applications like indoor navigation, asset tracking, or location-based services in public buildings.

Several future directions are worth pursuing. We plan to investigate dynamic database updates and sensor fusion.
For example, inertial sensor data could be integrated to smooth trajectories between Wi-Fi fixes. Machine learning
methods (e.g. principal component analysis or neural networks) could be used on the server side to improve accuracy
without increasing smartphone load. Exploring adaptive scanning policies would also enhance energy savings: the app
could scan less frequently when user motion is low. Additionally, deploying the backend on edge servers or CDNs could
further reduce latency for large-scale implementations.

In conclusion, our work demonstrates that a cost-effective, energy-efficient, and accurate indoor localization system
is achievable with standard Wi-Fi and cloud services. By emphasizing a thin-client design and using KNN fingerprinting,
we strike a practical balance. This approach is especially appealing for quick deployment in dynamic indoor environments
(offices, hospitals, malls) where sub-meter precision is not required, but low cost and ease of use are paramount.
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