
  

  

Abstract— To bypass the high computational overhead and 

environment-specific mapping dependencies of traditional 

indoor localization, this work introduces a cost-effective 

navigation framework that enables standard autopilot 

controllers to operate indoors via dynamic GPS retransmission. 

By integrating OAK-D AI cameras for wide-area target detection 

with Software-Defined Radio (SDR) technology, the system 

generates real-time, localized GPS signals to provide seamless 

position inputs to commercial off-the-shelf autopilots. 

Experimental results demonstrate target detection with a 69% 

confidence floor at an operational distance of 8.5 m. Under static 

conditions, Kalman filtering refined the retransmitted GPS 

tracking accuracy from 21 cm to 13 cm within 0.6 s. Dynamic 

tracking trials along a complex figure-eight trajectory 

demonstrated that a 100 Hz non-linear EKF—fusing 5 Hz 

retransmitted GPS with raw IMU variable speed—effectively 

neutralized indoor multipath interference. This framework 

achieved an exceptional 2D position RMSE of just 4.28 cm, 

compared to a substantial 43.20 cm error yielded by a constant-

speed baseline tracking architecture. This study demonstrates 

that dynamic GPS retransmission provides a robust, 

infrastructure-light alternative to complex spatial mapping, 

allowing standard autonomous vehicles to navigate seamlessly 

within GNSS-denied environments. 

I. INTRODUCTION 

The evolution of the Internet of Things (IoT) and 
Unmanned Autonomous Systems (UAS) has intensified the 
demand for high-precision indoor localization, as traditional 
Global Navigation Satellite Systems (GNSS) suffer from 
signal attenuation in sheltered environments. Extensive 
reviews [1, 2] compare 3D indoor positioning using radio 
frequency and techniques such as AoA, ToA, and 
fingerprinting. Recent advancements in swarm UAV trajectory 
optimization have further utilized RSSI-based fractional-order 
PID (FOPID) control to navigate constrained environments 
effectively [3]. Alternatively, Light-based Indoor Positioning 
(LIP) using photodiodes and cameras [4] offers centimeter-
level accuracy immune to electromagnetic interference. While 
these technologies provide high precision, they often lack 
integrated object identification and tracking. 

Computer vision has bridged this gap. Image processing 
has achieved millimeter-range accuracy in specialized 
robotics, while single-camera systems have localized within 
known environments using PnP algorithms or Simultaneous 
Localization and Mapping (SLAM) for Unmanned Ground 
Vehicles (UGVs) [5]. Breakthroughs in Earth-fixed trajectory 
and map estimation have solidified the reliability of Globally 
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Exponentially Stable (GES) SLAM filters in dynamic 3D 
environments [1]. Furthermore, multi-agent approaches using 
cooperative quadrotors have demonstrated success in industrial 
monitoring, such as methane emission detection, where high-
precision coordination is vital [6]. Specialized robotic 
platforms, such as "Sewerbots," have also demonstrated that 
localized sensing can identify defects in complex, GPS-denied 
pipe networks [7]. 

The addition of Time-of-Flight (ToF) cameras has been 
shown to improve UAV positioning significantly over acoustic 
sensors [8]. Convolutional Neural Networks (CNN) further 
enhance accuracy in robotic and industrial safety applications 
[9]. Specifically, the algorithm, You Only Look Once (YOLO), 
has become the standard for real-time detection on low-power 
single-board computers (SBC) [10], achieving high accuracy 
in fire detection [11] localization [12] and vehicle tracking 
[13], [14]. However, multi-camera implementations often face 
challenges regarding camera synchronization and bounding 
box consistency [15]. 

Technical comparison of literature and the state of the art 
(SOTA) are tabulated on Table I.  

TABLE I: TECHNICAL COMPARISON & STATE-OF-THE-ART 

Ref 
Tech / 
Platfor

m 

Primary 
Method 

Reported 
Accuracy / 

Performance 

SOTA 
Context 

[1] 

UAVs / 
Aerial 
Vehicle
s 

GES 
Sensor-
based 
SLAM 

Global 
Convergence 
guaranteed; 
uncertainty 
decreases to near-
zero in stationary 
environments 

Provides an 
analytically 
proven 
"Globally 
Exponentiall
y Stable" 
filter for 3D 
mapping 

[2] 
RF 
(WiFi/
UWB) 

Finger-
printing 

Centimeter-level 
(UWB) to 
Decimeter-level 
(WiFi) range 

The standard 
benchmark 
for modern 
RF-based 
indoor 
positioning 

[3] 
Swarm 
UAVs 

RSSI-
based 
FOPID 

Significant 
reduction in 
velocity tracking 
error; improved 
stability vs. 
standard PID 

First to 
combine 
RSSI relative 
localization 
with FOPID 
for swarm 
coordination 
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Ref 
Tech / 
Platfor

m 

Primary 
Method 

Reported 
Accuracy / 

Performance 

SOTA 
Context 

[5] 
UGVs 
(Groun
d) 

SLAM 
(Heuristic 
A*) 

Reduced inflection 
points and 
generation time; 
safe distance 
maintenance from 
obstacles 

Reliable real-
time mapping 
for unknown 
indoor 
terrestrial 
spaces 

[6] 

Multi-
agent 
Quadro
tors 

Cooperati
ve 
Monitori
ng 

>99% Simulation 
Accuracy in 
formation and 
target tracking 

High-fidelity 
localization 
specifically 
for industrial 
methane 
detection 

[7] 
Smart 
Sewerb
ot 

IoT 
Sensing / 
AI 

Up to 92.3% mAP 
for defect 
detection (SOTA 
for pipeline vision) 

Addresses 
zero-light, 
high-
moisture 
environments 
where 
GPS/RF fail 

Propos
ed 

Work 

AI 
Camera
s + 
GPS 
Spoofi
ng 

YOLO + 
Retransm
ission 

Centimeter 
precision via 
centralized 
monitoring 

Achieves 
SOTA 
accuracy 
while using 
low-cost, off-
the-shelf GPS 
autopilots 

 

This funded research originated from Precision Agriculture 
(PA) applications, particularly greenhouse environments 
where reliable autonomous operation is essential. However, 
indoor greenhouse operation remains challenging due to the 
absence of reliable GNSS coverage. 

This work addresses these limitations by proposing a cost-
effective solution for indoor applications. By utilizing 
stationary cameras for centralized workspace monitoring and 
integrating AI-driven object detection with indoor GPS signal 
retransmission (spoofing), this system enables the dual-use of 
commercially available autopilots that rely on GPS for 
navigation. This approach provides a seamless transition for 
indoor agricultural operations without the need for expensive 
on-board computing for every vehicle. 

II. METHODOLOGY AND EXPERIMENTAL SETUP 

Ample aforementioned literature clearly indicated the use 

of cameras and radars (i.e. mmWave) for indoor positioning 

and navigation. However, mmWave radar hardware can only 

detect objects without identification, whereas AI cameras can 

also identify the type of object, i.e. UAV or UGV. 

A. Object Detection and Identification 

For robust object detection and identification, this work 
utilizes the standard YOLO algorithm. Although an optimized 
variant of YOLO was proposed in [11], it was excluded from 
this implementation because it lacks native support for the 
stereo vision features of the OAK-D camera system [16]. 
Additionally, the specific constraints targeted in [11]—namely 
weight, volume, and power limitations for small unmanned 
systems—are less critical for our stationary camera 
architecture. Instead, our approach prioritizes wide-area 

monitoring and the simultaneous 3D localization of multiple 
UGVs, rather than strict onboard processing restrictions. 

The training dataset was developed and managed using 

Roboflow [17], which streamlined image annotation, 

preprocessing, and augmentation. This platform ensured that 

the exported data was fully compatible with the YOLO 

architecture, enabling efficient model training tailored to our 

specific indoor environment. To evaluate performance, the 

dataset was randomly partitioned into three independent, 

distinct sets: 

• Training set: 83% of the images (20,255) 

• Validation set: 13% of the images (3,148) 

• Test set: 4% of the images (977) 

B. Distance Calculation using AI Camera 

The OAK-D (OpenCV AI Kit) calculates depth via stereo 
vision using two identical, side-by-side monochrome global 
shutter cameras. By capturing slightly offset views of the same 
scene, the system performs stereo matching to identify 
corresponding pixels. The fundamental principle behind this 
calculation is triangulation. As shown in Figure 1, the depth 
distance (Z) is derived from the focal length (f), the baseline 
distance between cameras (B), and the disparity (d). For this 
camera B=7.5cm. 

 

Figure 1: Triangulation geometry for 3D depth estimation. 

The relationship is expressed mathematically as: 

𝑍 =
𝑓𝐵

𝑑
=

𝑓𝐵

𝑋𝑙−𝑋𝑟
        (1) 

The disparity (d) is the difference in horizontal coordinates 
(xl - xr) between matching pixels. The positions where the 
projection lines hit the left and right image planes are denoted 
by xl and xr respectively. From the resulting 3D coordinates (x, 
y, z), the horizontal (𝜃𝑥) and vertical (𝜃𝑦)  angles between the 

camera and the target are calculated geometrically using: 

𝜃𝑥 = arctan⁡ (
𝑥

𝑧
)       (2) 

𝜃𝑦 = arctan⁡ (
𝑦

𝑧
)       (3) 

Stereo depth mapping in OpenCV typically utilizes two 
primary algorithms: STEREO_BM and STEREO_SGBM. 
Both require rectified image pairs to ensure scanline alignment: 

• STEREO_BM (Block Matching): A high-speed algorithm 
that slides pixel blocks along a single scanline to find the 
best match. 

• STEREO_SGBM (Semi-Global Block Matching): A 
more computationally intensive approach that searches in 

xl

xr P(x, y, z)

Z

f

B +z

+x

+
+y



  

multiple directions to produce a smoother, more detailed 
depth map. 

To ensure precision, the OAK-D undergoes a calibration 
phase using a known pattern (typically a chessboard) to correct 
for lens distortion. The camera utilizes a hardware-accelerated 
Semi-Global Matching (SGM) algorithm to compute 
disparities. The resulting grayscale disparity map is then 
converted into a metric depth map, providing the real-world 
distance of every point in the scene relative to the camera 
sensors. 

C. Indoor Positioning and Navigation 

It is well known that GPS is for outdoor applications. For 

indoor or covered areas, the signal is obstructed and blocked 

and the GPS based systems do not work.  

This research proposes a system where the unmanned 

systems, UGV and UAV, will be first detected by a camera 

system and then their local indoor location within the 3D space 

will be calculated. When the local coordinates are calculated 

then they will be converted to the GPS coordinate system and 

retransmitted. This is also known as “GPS spoofing”. The 

GPS retransmission/spoofing will not in any way interfere 

with the original GPS signals because they are obstructed and 

blocked already by the building structures. The main reason 

this research proposes the retransmission of GPS signals is for 

indoor navigation using commercially available controllers 

and autopilots. For example, a commercially available UAV 

such as the DJI Mavic 3M will still navigate because the GPS 

signal will be available. Other available hardware includes but 

are not limited to Ardupilot AMP2.5 autopilot and Arduino 

based controllers. 

The software defined radio (SDR), HackRF One, was used 

for GPS retransmission. For static and dynamic 

retransmissions, the software list includes GPS-SDR-SIM, 

visual studio, Pothos SDR, SatGen V3 and the latest RINEX 

navigation ephemerides broadcast brdc file from NASA [18]. 

D. State Estimation and Data Fusion Strategy 

To mitigate the inherent noise in the OAK-D's spatial 

coordinates and the GPS receiver's jitter, a discrete-time 

Kalman Filter (KF) was implemented. The filter serves as an 

optimal estimator by recursively minimizing the mean square 

error of the object's position. The algorithm operates in a two-

step recursive process: Prediction and Correction. The state of 

the system at time k is represented by the vector sk. 

To achieve high-precision indoor navigation, the system 

employs a two-stage filtering architecture. This approach 

separates the stationary noise-reduction task (stationary) from 

the dynamic sensor fusion task (motion). 

 

1) Stationary Phase: Constant Position KF (5Hz) 

When the UGV is stationary, a discrete-time Kalman Filter 

(KF) acts as an optimal recursive averager to mitigate OAK-

D spatial coordinate noise and GPS jitter. The state is defined 

as sk = [x, y, z]T with the state transition matrix F = I (3X3 

identity matrix). The filtering process minimizes the mean 

square error through the standard Prediction and Correction 

cycle: 

Prediction - The prediction process includes time update 

where the filter projects the current state and error covariance 

P forward in time. 

𝒔̂𝑘
− = 𝑭𝑠̂𝑘−1        (4) 

𝑷𝑘
− = 𝑭𝑷𝑘−1𝑭

𝑇 +𝑸     (5) 

 

Correction (Measurement Update): Following the 

prediction, the filter performs a measurement update, where 

the state estimate is refined based on the observed data zk (e.g., 

OAK-D spatial coordinates or GPS data). This step adjusts the 

predicted state by calculating the Kalman Gain Kk, which 

weights the importance of the new measurement relative to the 

uncertainty in the model. 

The mathematical implementation is as follows: 

 

Kalman Gain Calculation: 

𝑲𝑘 = 𝑷𝑘
−𝑯𝑇(𝑯𝑷𝑘

−𝑯𝑇 + 𝑹)−𝟏    (6) 

State Update: 

𝒔̂𝑘 = 𝒔̂𝑘
− + 𝑲𝑘(𝒛𝑘 −𝑯𝒔̂𝑘)    (7) 

Covariance Update: 

𝑷𝑘 = (𝑰 − 𝑲𝑘𝑯)𝑷𝑘
−     (8) 

 

For stationary scenario, the system was modeled using a 

Constant Position assumption where the state transition 

matrix F is the identity matrix, I. In addition, the process noise 

Q is set to a near-zero value (i.e. 10-6), and the measurement 

noise R is configured to match the observed variance of the 

GPS receiver. Under these conditions, the Kalman Gain K 

decreases over time, allowing the filter to converge on the true 

coordinate by acting as an “optimal recursive averager”. 

  

2) Dynamic Phase: 3D Extended Kalman Filter (100Hz) 

When the UGV is in motion, the system transitions to an 

Extended Kalman Filter (EKF). This phase is designed to fuse 

high-frequency IMU dead-reckoning with vision-based 

positioning at a rate of 100Hz. To accommodate full 3D 

indoor operation, the state vector is expanded to include both 

position and velocity: 

 

𝒔𝑘 = [𝑥, 𝑦, 𝑧, 𝑥̇, 𝑦̇, 𝑧̇]𝑇        (9) 

 

The system assumes a Constant Velocity (CV) model 

between time steps. To project the state forward, we define the 

state transition matrix F (6X6). This matrix uses the sampling 

interval Δt (where Δt = 0.01s for a 100Hz update rate) to link 

velocity to position: 

𝐹 = [
𝐼3 𝛥𝑡𝐼3
03 𝐼3

]       (10) 

 

Prediction and Linearization: Since the UGV's motion in an 

indoor environment is inherently nonlinear, the EKF employs 

a first-order Taylor expansion to linearize the system at each 

time step. The Prediction (Time Update) step projects both the 

state estimate and the error covariance P forward in time.  

State Prediction: The next state is estimated using the 

nonlinear motion model f(.) which accounts for the UGV’s 

kinematics: 

𝒔̂𝑘
− = 𝑓(𝑠̂𝑘−1, 𝑢𝑘−1)        (11) 



  

Covariance Prediction: To propagate uncertainty, the 

nonlinear model is linearized by calculating the Jacobian 

matrix Fk: 

𝐹𝑘 =
𝜕𝑓

𝜕𝑠
|𝑠̂𝑘−1         (12) 

 

The error covariance is then updated as: 

 

𝑷𝑘
− = 𝑭𝑘𝑷𝑘−1𝑭

𝑇 + 𝑸     (13) 

 

While the stationary phase assumes a static state (F=I), the 

dynamic phase utilizes the generalized covariance 

prediction (12), where Fk propagates the uncertainty through 

the UGV's motion model. 

III. EXPERIMENTAL RESULTS 

A. Experimental Setup / Implementation Section 

To validate the framework, a hardware testbed was established 

using a HackRF One SDR with a 0.5 ppm TCXO for carrier 

stability. The signal generation toolchain integrated gps-sdr-

sim, Visual Studio, Pothos SDR, SatGen V3, and daily NASA 

CDDIS broadcast RINEX files [18]. To ensure autopilot 

acquisition without receiver saturation, the SDR was 

configured to the GPS L1 band (1575.42 MHz) at a baseband 

sampling rate of 2.6 MSps using a 16-bit signed integer 

format; hardware TX gain was set to -12 dB alongside a 40 dB 

inline coaxial attenuator to deliver approximately -130 dBm 

over-the-air signal power. While static states relied on pre-

compiled coordinates, dynamic testing utilized a real-time 

UDP stream updating coordinates at 5 Hz. The discrete-time 

EKF executed at 100 Hz (Δt = 0.01 s). Based on physical 

sensor noise profiles, the filters were initialized with an 

experimental position tracking variance of σ = 1.0 m across all 

axes, yielding a measurement noise covariance of R = 

diag(1.0, 1.0, 1.0) m2. Driven by the IMU accelerometer (σacc 

= 0.1m/s2) and gyroscope (σgyro = 0.05 rad/s) noise floors, the 

structural velocity error variance over Δt was established as σ2 

= (σacc Δt)2 = 10-6 m/s2 and the position tracking variance was 

bounded to a stable numerical minimum of 10-8 m2 defining 

the process noise covariance matrix as Q = diag ( 10-8, 10-8, 

10-8, 10-6, 10-6 10-6 ). 

B. Sensitivity Analysis and Detection Limits 

The sensitivity analysis presented in Fig. 2 evaluates the 
YOLO algorithm’s performance under varying lighting 
conditions, specifically identifying the minimum pixel 
footprint required for robust object detection. Findings 
demonstrate that detection confidence is inversely proportional 
to the distance of the object from the sensor. 

As evidenced in Fig. 3 (a) the YOLO algorithm maintains 
a robust detection confidence exceeding 68% even at a distance 
of 7.5m whereas detection confidence scales significantly Fig. 
3 (b) with object size and proximity (bigger bounding box): the 
system achieves 98% confidence for larger objects at 2.7m. 
These results confirm that the system effectively differentiates 
the target object from complex, high-clutter backgrounds, even 
when target and environmental color profiles are closely 
matched. Furthermore, these findings suggest the algorithm is 

capable of reliable operation beyond 10m, though experimental 
verification was limited by the 8m laboratory environment 

 
Fig 2: Sensitivity Analysis – Object Detection and Identification as a 

Function of Distance 

 

 
(a) 

 
(b) 

Fig 3: Object Detection and Identification 
 

As illustrated in Figs. 4 (a) and (b), the algorithm robustly 

identifies multiple objects simultaneously, despite significant 

environmental clutter. Detected targets are localized via 

bounding boxes and assigned corresponding labels. While 

experimental validation was limited to three simultaneous 

objects due to resource availability, existing literature indicates 

that the YOLO architecture is not constrained by the number 

of detectable objects. 

 

 
(a) 

Birdeye View 

 

 
(b) 

Profile View 

Fig 4: Simultaneous Multiple Object Detection and Identification 

C. Indoor Positioning using AI Camera 

As illustrated in Fig. 5, the system achieves high precision 

across all axes, with average errors of 9.0 cm in the x-

direction, 1.9 cm in the y-direction, and 4.5 cm in the z-

direction. The cumulative 3D average error, which accounts 

for transient estimation fluctuations, is 21.8 cm. These sub- 

decimeter accuracies in the lateral and vertical axes compare 

favorably against current state-of-the-art localization 

algorithms. Notably, this level of performance is achieved 

without prior map data, demonstrating the system's robustness 

in unknown, dynamic indoor environments. 
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Fig 5: Error (cm) for Calculated Distance from AI Camera 

D. Signal Isolation and GPS Injection 

To establish a controlled indoor testing environment, we 

first verified the absence of external GPS signals at the 

laboratory coordinates (35o00'30''N, 33o41'48'E). Signal 

isolation was confirmed using both a spectrum analyzer and 

by verifying that standard controllers including ArduPilot and 

DJI failed to achieve a GPS lock. Then, an SDR-based 

injection strategy was implemented to simulate GPS 

availability. Using HackRF One, a GPS signal was injected / 

retransmitted into the environment. As shown in Fig. 6, the 

injected frequency was successfully detected by the spectrum 

analyzer, and all test units subsequently achieved stable GPS 

locks, validating the testbed for spoofing analysis. 

 

 
Fig 6: Verification of successful GPS signal retransmission and frequency 

alignment using a spectrum analyzer 

1) Static GPS Spoofing Analysis 

Fig. 7 illustrates the GPS signal acquisition under static 

conditions, where the transmitted GPS data exhibits high 

precision but significant bias—rendering the received 

coordinates inaccurate. By applying the Kalman Filter (KF) as 

an optimal recursive averager, the system successfully filters 

the biased signal and converges to the true laboratory 

coordinate. This confirms the filter's efficacy in mitigating 

systematic positioning offsets common in spoofed or 

retransmitted environments. 

The accuracy of the GPS signal post-filtering is illustrated 

in Fig. 8. The filter demonstrates rapid convergence: the 

positional error is reduced to 19 cm within 0.5 s, improves to 

13 cm within 0.6 s, and achieves sub-centimeter convergence 

within 1.0 s. These results quantify the filter's capability to 

restore positioning reliability even when the source data is 

compromised.  

 
Fig 7: Static GPS Convergence after Kalman Filtering 

 
Fig 8: Error (cm) Received GPS after Kalman Filtering 

E. Dynamic Navigation and Trajectory Tracking 

System performance was evaluated across nine waypoints 

in a dynamic figure-eight trajectory (Figs. 9 and 10) to 

challenge UGV maneuverability and heading accuracy. While 

an Arduino handled low-level actuator timing, its 

computational limits required routing state-estimation 

frameworks to a Raspberry Pi 4 (2 GB RAM) for uniform 

execution at 100 Hz (Δt = 0.01s).  

 

 
Fig 9: Comparison of KF and EKF, Constant Speed at 100Hz 

Benchmarking under this unified update rate isolated the 

localization impact of motion constraints: 

• 3D Linear KF (Constant Speed, 100 Hz) of Fig 9: 

Expanding the state space into three dimensions 

introduced an unconstrained vertical (Z) estimation 

channel. On a flat laboratory floor where vertical motion 

is absent, this extra degree of freedom allowed unmodeled 

noise to propagate into the horizontal states, resulting in 

an increased 2D position RMSE of 43.20 cm. 

• 2D Linear KF (Constant Speed, 100 Hz) of Fig 9: By 

explicitly ignoring the vertical axis and restricting the 
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state space to the planar motion of the UGV, this model 

eliminated out-of-plane noise coupling. Even under a 

constant-speed limitation, it achieved a superior tracking 

accuracy with an RMSE of 33.93 cm. 

• High-Frequency EKF (Variable Speed, 100 Hz) of Fig 10: 

Achieving an exceptional RMSE of 4.28 cm, this 

architecture actively integrated high-frequency IMU 

accelerometer (σacc = 0.1 m/s2) and gyroscope (σgyro = 

0.05 rad/s) data to propagate true variable speed. 

 

 
Fig 10: EKF Variable Speed at 100Hz 

 

As shown in Fig. 10, the 100 Hz variable-speed EKF 

effectively anchored tracking between sparse 5 Hz GPS 

updates, mitigating laboratory multipath interference and 

proving that physical kinematic modeling dictates sub-

decimeter indoor accuracy far more than raw sampling 

frequency. 

IV. CONCLUSIONS  

This research presents a cost-effective indoor navigation 

framework integrating off-the-shelf OAK-D AI cameras for 

target detection, SDRs for GPS retransmission, and standard 

autopilot architectures. High-frequency estimation 

bottlenecks were resolved via a distributed computing 

topology assigning low-level timing to an Arduino and 

primary 100 Hz estimation toolchains to a Raspberry Pi 4. 

Empirical results show that the OAK-D camera reliably tracks 

targets with 69% confidence at 8.5m. Benchmarking at 100 

Hz demonstrated that proper structural motion modeling 

heavily mitigates localization drift; the IMU-driven variable-

speed EKF achieved a 4.28 cm position RMSE, vastly 

outperforming the constant-speed 3D Linear KF (33.93 cm) 

and Standard EKF (43.20 cm). Furthermore, spoofing profiles 

confirmed that the EKF resolves retransmitted GPS biases to 

restore sub-decimeter fidelity within 1.0 s.  

Future work will deploy multi-camera triangulation arrays 

and benchmark this SDR framework against literature-

established radar localization systems [19-21] regarding real-

time latency and accuracy boundaries. 
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