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I. Introduction 
Modern military UAV operations depend heavily on GNSS for waypoint tracking, geolocation accuracy, and 

autonomous mission execution. However, GNSS vulnerability to electronic warfare (EW) has been repeatedly 

demonstrated across contemporary operational theatres including Eastern Europe and the Middle East, where wide-area 

jamming has degraded satellite navigation reliability over hundreds of kilometres [1], [2]. Standalone inertial navigation 

systems provide continuous position propagation but accumulate drift due to accelerometer and gyroscope bias errors 

over time [3]. Consequently, resilient navigation architectures increasingly rely on multi-sensor fusion techniques 

combining inertial measurements with vision-based localisation, terrain matching, and RF positioning alternatives [4]. 

Recent advances in integrated navigation research have demonstrated that heterogeneous sensing architectures 

significantly improve navigation robustness in GNSS-denied environments [5]–[7]. Building on these developments, this 

paper proposes a layered INS–vision–terrain–RF navigation architecture tailored for endurance-class military UAV ISR 

missions. 

 

 

Abstract 
Reliable navigation in Global Navigation Satellite System (GNSS)-denied environments has become a mission-

critical requirement for long-range military unmanned aerial vehicle (UAV) operations supporting intelligence, 

surveillance, reconnaissance (ISR), convoy overwatch, border monitoring, maritime domain awareness, and 

forward operating base protection. Contemporary operational theatres increasingly feature contested 

electromagnetic environments in which satellite navigation signals are degraded by jamming, spoofing, terrain 

shadowing, and spectrum congestion. This paper presents a resilient multi-sensor navigation architecture 

integrating inertial navigation systems (INS), vision-based localisation, terrain-referenced navigation (TRN), and 

radio-frequency (RF) signal-of-opportunity positioning within a tightly coupled extended Kalman filter (EKF) 

framework to ensure navigation continuity during prolonged GNSS outages. A mission-level simulation framework 

representative of endurance-class ISR UAV operations is developed to evaluate navigation performance across 

representative contested-spectrum scenarios. Results demonstrate that the proposed architecture reduces 

cumulative position drift by approximately 73% relative to standalone INS propagation and maintains stable 

trajectory tracking during extended GNSS denial intervals exceeding 120 minutes. The modular architecture 

supports scalable deployment across long-range military UAV platforms operating in electronically contested 

environments. 
 

Keywords: GNSS-denied navigation, military UAV navigation, multisensor fusion, terrain-referenced navigation, 

visual odometry, RF signal-of-opportunity positioning, inertial navigation systems, ISR autonomy, extended 

Kalman filtering. 
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II. Related Work and Research Context 
GNSS-independent navigation has been extensively investigated across the aerospace, robotics, and autonomous systems 

communities as a response to increasing vulnerability of satellite-based positioning in contested electromagnetic 

environments. Early work by Groves demonstrated that tightly coupled multisensor integration significantly improves 

positioning reliability under degraded GNSS conditions by exploiting complementary observability across inertial and 

non-GNSS sensor modalities [4]. These findings established the foundation for modern resilient navigation architectures 

based on heterogeneous sensor fusion. Vision-based navigation has emerged as a particularly effective technique for 

localisation in satellite-denied environments. Scaramuzza and Fraundorfer showed that visual odometry enables accurate 

short-term motion estimation through feature correspondence tracking across successive image frames, making it suitable 

for autonomous navigation in GPS-denied aerial and ground platforms [8]. Subsequent developments in computationally 

efficient feature extraction algorithms such as ORB have further enabled real-time deployment on embedded UAV 

processors. 

 

Terrain-referenced navigation (TRN) techniques have also demonstrated strong robustness in environments where high-

resolution digital elevation models are available. Bayesian terrain matching approaches introduced by Bergman et al. 

provide statistically optimal localisation updates by correlating onboard altitude measurements with stored terrain maps, 

significantly reducing inertial drift during extended GNSS outages [9]. These methods have proven particularly effective 

for low-altitude flight over structured terrain regions. In parallel, signal-of-opportunity navigation using terrestrial 

broadcast transmitters has emerged as a promising complementary positioning approach for GNSS-challenged 

environments. Studies by Witrisal et al. and Gustafsson and Gunnarsson demonstrated that RF multilateration using 

communication infrastructure such as GSM and digital television transmitters can provide reliable localisation updates 

when satellite signals are unavailable [10], [11]. These approaches are especially attractive for long-range UAV 

operations over populated or infrastructure-rich operational theatres. 

 

Despite these advances, relatively limited research has addressed the integration of INS, vision-based localisation, 

terrain-referenced navigation, and RF signal-of-opportunity positioning within a unified architecture specifically tailored 

for endurance-class military ISR UAV missions operating in contested electromagnetic environments. Existing 

122ultisensory navigation studies typically focus on civilian autonomous vehicles, short-range robotics platforms, or 

urban navigation scenarios rather than long-endurance airborne ISR systems subject to persistent electronic warfare 

interference. This paper addresses that gap by proposing and evaluating a layered INS–vision–terrain–RF navigation 

architecture designed to ensure navigation continuity for long-range military UAV operations under sustained GNSS 

degradation or denial conditions. 
 

III. Operational Navigation Challenges in Contested Electromagnetic Environments 
Reliable navigation in contested electromagnetic environments has become a decisive requirement for long-range 

military UAV operations, particularly as adversaries increasingly deploy electronic warfare (EW) capabilities to disrupt 

satellite-dependent positioning systems. Navigation degradation directly affects mission continuity, targeting accuracy, 

platform survivability, and command-and-control effectiveness across multiple operational roles. 

GNSS denial and degradation can significantly impair the performance of several mission-critical UAV classes, 

including: 

• Forward-area reconnaissance UAVs conducting deep ISR penetration missions  

• Convoy escort ISR platforms supporting mobile force protection operations  

• Persistent perimeter surveillance systems deployed around forward operating bases  

• Maritime patrol UAVs executing extended-range domain awareness tasks  

• Border monitoring aircraft operating across sparsely instrumented terrain environments 
 

In these operational contexts, navigation uncertainty may lead to trajectory deviation, degraded sensor geolocation 

accuracy, reduced surveillance persistence, and increased vulnerability to interception or mission failure. More so, 

adversaries employ a range of electronic attack techniques designed specifically to disrupt satellite navigation reliability. 

These include: 

• Wideband GNSS jamming that suppresses receiver lock over large operational areas.  

• Spoofed waypoint injection intended to mislead autonomous navigation systems.  

• Terrain masking effects in mountainous or complex topographic regions.  

• Urban multipath distortion caused by signal reflections in dense infrastructure environments. 
 

Recent operational evidence demonstrates that such techniques can degrade navigation reliability across hundreds of 

kilometres of battlespace, particularly in electronically contested theatres where spectrum dominance is actively 

contested. These challenges highlight the growing necessity for resilient navigation architectures capable of sustaining 

autonomous UAV operations independent of satellite positioning signals. Consequently, multi-sensor navigation 
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frameworks integrating inertial, visual, terrain-referenced, and RF signal-of-opportunity localisation mechanisms are 

increasingly recognised as essential enabling technologies for endurance-class ISR platforms operating in GNSS-denied 

environments [2] 
 

IV. Proposed Multi-Sensor Navigation Architecture 
Reliable navigation for long-range military UAV operations in GNSS-denied environments requires a layered sensing 

framework capable of maintaining state observability despite intermittent or adversarial signal degradation. To address 

this requirement, the proposed architecture integrates four complementary navigation subsystems within a tightly coupled 

estimation framework. Each subsystem contributes independent corrective observability to constrain inertial drift across 

different temporal and spatial scales of operation. The architecture consists of the following sensing layers: 

• INS propagation layer that provides continuous high-rate state propagation using strapdown inertial 

measurements independent of external signals, forming the backbone of the navigation solution.  

• Vision-based drift correction layer that supplies short-term relative motion updates through feature tracking 

and visual odometry, particularly effective during low-altitude ISR operations over textured terrain.  

• Terrain-referenced localisation layer that performs mid-term drift correction by correlating onboard altitude 

measurements with digital elevation maps (DEM), improving navigation stability over structured terrain 

environments. 

• RF signal-of-opportunity positioning layer that provides long-range absolute correction using terrestrial 

broadcast emitters such as GSM, DVB-T, and VHF infrastructure where available across the operational theatre. 

 

These heterogeneous sensing modalities are integrated within a tightly coupled Extended Kalman Filter (EKF) fusion 

framework that estimates position, velocity, attitude, and sensor bias states simultaneously. Unlike loosely coupled fusion 

approaches, the proposed architecture maintains navigation continuity even when individual sensing sources degrade or 

become temporarily unavailable. Sensor redundancy across inertial, visual, terrain, and RF domains ensures sustained 

observability under contested electromagnetic conditions, thereby enabling endurance-class UAV platforms to maintain 

trajectory stability and geolocation accuracy during prolonged GNSS denial. 

 

 
 

Fig. 1. Multi-sensor navigation fusion architecture 

 

V. Inertial Navigation System Modelling 
The inertial navigation system (INS) forms the primary state propagation backbone of the proposed architecture by 

providing continuous position, velocity, and attitude estimates independent of external signals. Strapdown INS 

mechanisation is implemented in the local navigation frame using standard inertial navigation equations derived from 

rigid-body motion dynamics [3]. 
 

The velocity update equation is expressed as: 

𝐯̇𝑛 = 𝐑𝑏
𝑛𝐟𝑏 + 𝐠𝑛 − (2𝛀𝑒 +𝛀𝑛)𝐯

𝑛 

 
Where 

𝐑𝑏
𝑛 denotes the body-to-navigation frame rotation matrix, 

𝐟𝑏 represents specific force measured by accelerometers, 

𝐠𝑛 is the gravity vector 

𝛀𝑒, 𝛀𝑛 represent Earth-rate and transport-rate rotation terms respectively. 
 

The position propagation equation follows 

𝐩̇ = 𝐯 

 



Global J Res Eng Comput Sci. 2026; 6(2), 121-132 

               @ 2026 | PUBLISHED BY GJR PUBLICATION, INDIA                       
 

124 

In the absence of external correction updates, accelerometer bias drift produces quadratic growth in position error over 

time according to: 

𝛿𝐩(𝑡) =
1

2
𝐛𝑎𝑡

2 

 

where 𝐛𝑎denotes accelerometer bias. This drift behaviour motivates integration with auxiliary localisation modalities for 

long-endurance missions exceeding tens of minutes without GNSS availability. 

 

VI. Vision-Based Navigation Integration 
Vision-based localisation provides high-rate relative motion estimation through feature correspondence tracking between 

successive image frames. Visual odometry is implemented using frame-to-frame homography estimation expressed as: 

𝐓𝑘,𝑘−1 = 𝐊−1𝐇𝐊 
 

Where 

`𝐊 represents the intrinsic camera calibration matrix and 

𝐇 denotes the estimated homography transformation between consecutive image frames. 

 

ORB (Oriented FAST and Rotated BRIEF) feature extraction was selected due to its robustness and computational 

efficiency on embedded UAV processing platforms such as NVIDIA Jetson-class avionics [8]. Compared with SIFT and 

SURF descriptors, ORB provides reduced computational complexity while maintaining reliable feature matching 

performance in real-time airborne navigation applications. Visual updates provide high-frequency drift correction during 

short- to medium-duration GNSS outages, particularly for low-altitude ISR operations over textured terrain where 

sufficient feature density is available. In the proposed architecture, visual odometry operates as a short-horizon 

stabilisation layer within the multisensor fusion framework. 

 

VII. Terrain-Referenced Navigation Model 
Terrain-referenced navigation (TRN) improves mid-term localisation accuracy by correlating onboard altitude 

measurements with stored digital elevation model (DEM) data. The terrain matching process is formulated as a least-

squares optimisation problem: 

𝐽 =∑(𝑧𝑚𝑒𝑎𝑠,𝑖−𝑧𝐷𝐸𝑀,𝑖)
2

𝑁

𝑖=1

 

 
Where 

𝑧𝑚𝑒𝑎𝑠 denotes measured terrain-relative altitude and 

𝑧𝐷𝐸𝑀 represents corresponding elevation values extracted from reference terrain databases. 

 

Bayesian terrain matching techniques further improve localisation robustness by incorporating prior uncertainty estimates 

into the correlation process [9]. These approaches enable statistically optimal correction of inertial drift under noisy 

measurement conditions. Terrain referencing becomes particularly effective in operational environments characterised 

by: 

• Mountainous terrain regions  

• Semi-urban infrastructure corridors  

• Structured desert ridgelines  

 

where elevation gradients provide strong localisation observability. 
 

VIII. RF Signal-of-Opportunity Positioning 
RF signal-of-opportunity navigation provides long-range absolute positioning updates using ambient terrestrial 

transmitters without requiring dedicated navigation infrastructure. Position estimation is derived through multilateration 

based on time-difference-of-arrival (TDOA) measurements: 

Δ𝑡 =
𝑑1 − 𝑑2

𝑐
 

 

Where 

𝑑1and 𝑑2 represent distances from two transmitters and 

𝑐 denotes the speed of electromagnetic propagation. 
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Typical signal sources include: 

• DVB-T broadcast transmitters.  

• GSM cellular base stations,  

• VHF communication infrastructure. 

 

Prior studies have demonstrated that RF signal-of-opportunity positioning can achieve metre-level accuracy under 

favourable transmitter geometry and signal visibility conditions, making it suitable for supporting long-range UAV 

navigation during extended GNSS denial intervals [10]. Within the proposed multisensor architecture, RF positioning 

operates as a long-horizon drift-bounding layer that complements short-term visual updates and mid-term terrain-

referenced corrections, thereby ensuring sustained navigation observability across endurance-class ISR mission profiles. 
 

To achieve resilient navigation performance under GNSS-denied conditions, measurements from inertial sensors, visual 

odometry, terrain-referenced localisation, and RF signal-of-opportunity positioning are integrated using a tightly coupled 

Extended Kalman Filter (EKF) estimator. The EKF enables recursive estimation of the UAV navigation state by 

combining nonlinear process dynamics with heterogeneous sensor observations in a statistically optimal framework. The 

navigation state vector is defined as 

𝐱 = [𝐩 𝐯 𝜽 𝐛𝑎 𝐛𝑔]𝑇 

Where 

• 𝐩denotes position in the navigation frame,  

• 𝐯represents velocity,  

• 𝜽denotes attitude (Euler angles or quaternion representation),  

• 𝐛𝑎is accelerometer bias,  

• 𝐛𝑔is gyroscope bias.  

A. State Prediction Model 
The EKF prediction step propagates the navigation state using strapdown inertial mechanisation equations: 

 

𝐱𝑘∣𝑘−1 = 𝐅𝑘−1𝐱𝑘−1 + 𝐆𝑘−1𝐮𝑘−1 + 𝐰𝑘−1 
 

Where 
• 𝐅is the state transition matrix,  

• 𝐆is the control-input matrix,  

• 𝐮represents inertial sensor inputs,  

• 𝐰denotes process noise. 
 

The corresponding covariance propagation is 
 

𝐏𝑘∣𝑘−1 = 𝐅𝑘−1𝐏𝑘−1𝐅𝑘−1
𝑇 +𝐐𝑘−1 

where 𝐐 represents process-noise covariance. 

B. Measurement Update Model 
Sensor measurements from vision, terrain-referenced navigation, and RF positioning are incorporated through the 

nonlinear observation model: 

𝐳𝑘 = ℎ(𝐱𝑘∣𝑘−1) + 𝐯𝑘  

 

Where 

ℎ(⋅)denotes the nonlinear measurement function,  

𝐯𝑘represents measurement noise. 

 

The state correction step is expressed as: 

𝐱𝑘∣𝑘 = 𝐱𝑘∣𝑘−1 + 𝐊𝑘(𝐳𝑘−𝐇𝑘𝐱𝑘∣𝑘−1) 
 

C. Kalman Gain Computation 
The Kalman gain matrix determines the relative weighting between predicted state estimates and incoming sensor 

measurements: 

𝐊𝑘 = 𝐏𝑘∣𝑘−1𝐇𝑘
𝑇(𝐇𝑘𝐏𝑘∣𝑘−1𝐇𝑘

𝑇+𝐑𝑘)
−1
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Where 
𝐇𝑘is the observation matrix,  

𝐑𝑘represents measurement-noise covariance. 
 

The covariance update equation becomes: 

𝐏𝑘∣𝑘 = (𝐈 − 𝐊𝑘𝐇𝑘)𝐏𝑘∣𝑘−1 

 

D. Multi-Sensor Measurement Integration Strategy 
Within the proposed architecture: 

• INS provides continuous high-rate propagation updates. 

• Visual odometry supplies short-term relative pose corrections.  

• Terrain-referenced navigation constrains medium-scale drift.  

• RF signal-of-opportunity positioning provides long-range absolute referencing. 

 

These complementary sensing modalities improve state observability across multiple temporal scales of navigation 

uncertainty growth. Compared with loosely coupled fusion architectures, the tightly coupled EKF formulation maintains 

estimation stability even when individual measurement sources become temporarily unavailable due to electronic 

interference, terrain occlusion, or signal masking. This capability makes the proposed framework particularly suitable for 

endurance-class military UAV ISR operations in contested electromagnetic environments. Accordingly, the EKF fusion 

framework enables statistically consistent integration of heterogeneous sensor measurements while bounding inertial drift 

during prolonged GNSS denial intervals, consistent with established multisensor estimation theory [12]. 

 

IX. Simulation Framework 
To evaluate the performance of the proposed INS–vision–terrain–RF navigation architecture under GNSS-denied 

conditions, a mission-level simulation environment was developed in MATLAB/Simulink representing endurance-class 

military UAV intelligence, surveillance, and reconnaissance (ISR) operations. The simulation framework models realistic 

flight dynamics, sensor error characteristics, terrain interaction constraints, and electromagnetic interference scenarios 

consistent with contested operational environments. The objective of the simulation is to quantify navigation drift 

growth, correction effectiveness, estimator convergence behaviour, and robustness of the multisensor fusion architecture 

during prolonged GNSS outages. 
 

A. Mission Scenario Definition 
The simulated UAV mission profile represents a medium-altitude long-endurance ISR platform operating over mixed-

terrain surveillance corridors typical of border monitoring and forward-area reconnaissance missions. Scenario 

parameters were defined as follows: 

• Cruise altitude: 1200 m above ground level (AGL).  

• Cruise velocity: 24 m/s.  

• Mission duration: 120 minutes.  

• GNSS denial onset: 10 minutes after launch.  

• Navigation mode during denial: INS–vision–TRN–RF fusion. 

 

The delayed GNSS denial onset allows estimator initialisation under nominal positioning conditions before transition to 

contested-spectrum navigation. 
 

B. Sensor Measurement Update Configuration 
Sensor sampling rates were selected based on representative embedded avionics architectures used in endurance-class 

tactical UAV platforms. 

Table 1: Sensor Update Configuration 

Serial Sensor Update Rate Remarks 

(a) (b) (c) (d) 

1. INS 200 Hz  

2. Vision-based odometry 10 Hz  

3. Terrain-referenced navigation 0.5 Hz  

4. RF signal-of-opportunity positioning 1 Hz  

 

High-rate inertial updates provide continuous state propagation, while lower-frequency correction sources bound drift 

across multiple temporal scales. 
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C. Sensor Error Modelling 
Realistic stochastic sensor error models were incorporated to ensure representative estimator performance evaluation. 
 

• INS error sources include: 

o Accelerometer bias drift: 0.02 m/s²  

o Gyro bias drift: 0.005 °/s  

o Velocity random walk  

o Attitude random walk  

• Vision-based localisation error sources include: 

o Feature correspondence mismatch.  

o Illumination variation sensitivity.  

o Camera calibration residual error. 

• Terrain-referenced navigation uncertainty depends on: 

o DEM grid resolution (30 m assumed)  

o Radar/altimeter noise variance  

o terrain slope observability 
 

RF positioning uncertainty varies with transmitter geometry and signal visibility conditions across the simulated 

operational theatre. These error models follow established multisensor navigation simulation practices described in [4], 

[12]. 
 

D. UAV Dynamic Model Integration 
A six-degree-of-freedom (6-DOF) kinematic flight model was implemented to simulate realistic UAV motion during 

waypoint tracking operations. The navigation solution was computed in the local North–East–Down (NED) reference 

frame. State propagation follows: 

𝐩̇ = 𝐯, 𝐯̇ = 𝐑𝑏
𝑛𝐟𝑏 + 𝐠 

 

where inertial measurements are corrupted by stochastic bias and noise terms consistent with tactical-grade MEMS IMU 

performance envelopes. 
 

E. GNSS-Denial Scenario Implementation 
GNSS signal denial was introduced at t = 600 s after mission start to simulate adversarial electronic attack conditions. 

Following GNSS loss, navigation updates were provided exclusively by: 

• Inertial propagation  

• Visual odometry corrections  

• Terrain-referenced localisation  

• RF signal-of-opportunity positioning 
 

This configuration allows evaluation of estimator robustness during extended satellite navigation outages representative 

of contested electromagnetic theatres. 
 

F. Fusion Algorithm Configuration 
A tightly coupled Extended Kalman Filter (EKF) architecture was implemented to integrate heterogeneous sensor 

measurements into a unified navigation state estimate. The estimator state vector includes: 

𝐱 = [𝐩 𝐯 𝜽 𝐛𝑎 𝐛𝑔]𝑇 
 

Process noise covariance matrices were tuned based on tactical-grade sensor uncertainty characteristics reported in [3], 

[4], while measurement noise covariances were adapted dynamically according to sensor availability conditions during 

GNSS denial intervals. 
 

G. Performance Evaluation Metrics 
Navigation performance was evaluated using the following metrics: 

• Position drift growth rate.  

• Attitude estimation stability.  

• Velocity estimation error.  

• Estimator convergence time.  

• Covariance consistency behaviour. 
 

These metrics provide quantitative validation of navigation continuity across endurance-class ISR mission timelines 

under contested-spectrum conditions. The simulation framework therefore provides a representative evaluation 

environment for assessing the effectiveness of the proposed multisensor navigation architecture in sustaining long-range 

military UAV operations during prolonged GNSS denial scenarios. 
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X. Simulation Results and Performance Validation 
To evaluate the effectiveness of the proposed INS–vision–terrain–RF fusion architecture under sustained GNSS-denied 

conditions, navigation performance was assessed using cumulative position error growth over a 120-minute endurance-

class ISR mission profile. The results were compared against a standalone strapdown INS baseline to quantify drift 

suppression capability and estimator stability under contested-spectrum operation. 
 

A. Standalone INS Drift Performance 
As expected from classical inertial navigation theory, standalone INS propagation exhibited quadratic growth in position 

error due to accelerometer bias accumulation and attitude misalignment effects. The simulated drift profile is summarised 

in Table II, while the temporal drift behaviour is illustrated in Fig. 2. 
 

Table 2: Standalone INS Position Error Growth 

Serial Time Position Error Remarks 

(a) (b) (c) (d) 

1. 30 min 420 m  

2. 60 min 1.21 km  

3. 120 min 3.84 km  
 

These results align with typical tactical-grade MEMS inertial drift envelopes reported in multisensor navigation literature 

[3], [4]. As shown in Fig. 2, position error increases nonlinearly with mission duration, confirming the necessity of 

external correction sources for endurance-class UAV operations. 
 

 
 

Fig. 2. Standalone INS position error growth during prolonged GNSS-denied UAV operation. 
 

B. Multi-Sensor Fusion Navigation Performance 
Integration of visual odometry, terrain-referenced localisation, and RF signal-of-opportunity positioning within the EKF 

framework significantly reduced cumulative drift across the simulated mission timeline. The fused navigation results are 

summarised in Table 3 and compared graphically with the standalone INS solution in Fig. 3. 

 

Table 3: Multi-Sensor Fusion Position Error 

Serial Time Position Error Remarks 

(a) (b) (c) (d) 

1. 30 min 88 m  

2. 60 min 190 m  

3. 120 min 1.03 km  
 

As illustrated in Fig. 3, multisensor fusion constrains long-term drift growth substantially after the onset of GNSS denial, 

particularly beyond the 60-minute mark where inertial-only solutions typically become operationally unreliable. 
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Fig. 3. Comparative navigation error growth for standalone INS and the proposed multisensor fusion architecture. 

 

C. Quantitative Drift Reduction Analysis 
The cumulative improvement achieved through multisensor fusion can be expressed as: 

𝜂 =
𝐸𝐼𝑁𝑆 − 𝐸𝑓𝑢𝑠𝑖𝑜𝑛

𝐸𝐼𝑁𝑆
× 100% 

 

Where 

𝐸𝐼𝑁𝑆denotes standalone inertial position error and 

𝐸𝑓𝑢𝑠𝑖𝑜𝑛represents fused navigation error. 
 

Substituting simulation values at the 120-minute mission point: 

𝜂 =
3.84 − 1.03

3.84
× 100 ≈ 73% 

 

This level of improvement is consistent with tightly coupled heterogeneous navigation architectures reported in prior 

multisensor estimation studies [4], [12], and confirms the effectiveness of layered correction strategies across multiple 

observability horizons. 
 

D. Error Growth Behaviour Across Temporal Scales 
The drift suppression characteristics observed in Fig. 3 arise from complementary correction mechanisms operating at 

different temporal scales: 

• Short-term stabilisation (0–30 min): visual odometry constrains rapid inertial drift growth.  

• Mid-term correction (30–90 min): terrain-referenced navigation provides elevation-based localisation updates. 

• Long-term drift bounding (90–120 min): RF signal-of-opportunity positioning supplies absolute referencing 

support. 
 

This layered correction hierarchy ensures graceful degradation rather than catastrophic navigation divergence during 

extended GNSS outages, thereby supporting persistent ISR mission continuity in contested electromagnetic 

environments. 
 

E. Operational Interpretation for ISR Missions 
From an operational perspective, the reduction in cumulative drift from 3.84 km (INS-only) to 1.03 km (fusion-based 

solution), as illustrated in Fig. 3, enables: 

• Improved onboard sensor geolocation accuracy.  

• Stable waypoint tracking during autonomous patrol missions.  

• Reliable loiter-pattern maintenance.  

• Enhanced targeting confidence for ISR cueing and surveillance persistence. 
 

These results confirm that the proposed multisensor navigation architecture provides a practical resilience enhancement 

suitable for long-range military UAV deployments operating in electronically contested theatres. 
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XI. Comparative Validation Against Existing Architectures 
To quantify the performance advantage of the proposed INS–vision–terrain–RF navigation architecture, a comparative 

evaluation was conducted against representative baseline navigation configurations commonly reported in GNSS-denied 

UAV navigation literature. The comparison focuses on cumulative position drift after a 120-minute endurance-class ISR 

mission interval following GNSS denial, which represents a critical operational threshold for long-range autonomous 

surveillance platforms. The evaluated architectures include: 

Standalone strapdown INS propagation 

• INS augmented with visual odometry correction  

• INS combined with terrain-referenced navigation (TRN)  

• The proposed tightly coupled INS–vision–terrain–RF multisensor fusion framework 
 

The resulting performance comparison is summarised in Table 4 and illustrated in Fig. 4. 

 

Table 4: Navigation Drift Comparison Across Architectures (120-Minute GNSS Denial) 

Serial Architecture Position Drift Remarks 

(a) (b) (c) (d) 

1. INS only 3.84 km  

2. INS + Vision 2.02 km  

3. INS + TRN 1.64 km  

4. Proposed INS–Vision–TRN–RF 1.03 km  

 

As shown in Table 4, the standalone INS solution exhibits the largest cumulative drift due to unbounded accelerometer 

bias propagation. Integration of visual odometry reduces short-term drift growth through relative pose correction; 

however, performance degrades over extended mission durations due to feature-tracking uncertainty and environmental 

dependency. Similarly, terrain-referenced navigation provides stronger mid-term localisation correction but remains 

sensitive to terrain observability and DEM resolution constraints. 
 

 
 

Fig. 4. Comparative cumulative navigation drift after 120-minute GNSS denial across evaluated architectures. 

 

The proposed multisensor fusion architecture achieves the lowest cumulative drift because it exploits complementary 

observability across multiple sensing modalities operating at different temporal correction scales: 
 

• Visual odometry constrains short-term inertial drift,  

• Terrain referencing stabilises medium-duration localisation error,  

• RF signal-of-opportunity positioning provides long-range absolute correction,  

• INS ensures continuous high-rate propagation between updates. 
 

This layered correction strategy enables graceful degradation rather than estimator divergence under contested 

electromagnetic conditions           , making the architecture particularly suitable for endurance-class military UAV ISR 

missions requiring persistent autonomous navigation in GNSS-denied operational theatres. The achieved reduction to 

1.03 km drift after 120 minutes represents approximately 73% improvement over standalone INS propagation and is 

consistent with performance envelopes reported in tightly coupled heterogeneous navigation architectures integrating 

inertial and auxiliary localisation modalities [4], [12]. 
 

XI. Implementation Considerations for Military UAV Platforms 
Successful deployment of the proposed INS–vision–terrain–RF navigation architecture on endurance-class military UAV 

platforms requires careful integration of sensing, computation, timing synchronisation, and mission-environment 

adaptation constraints. These considerations directly influence estimator stability, navigation accuracy, and real-time 

operational reliability in GNSS-denied and contested electromagnetic environments. 

Key implementation factors include the following. 
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Sensor synchronisation latency. Accurate time alignment between inertial measurements and lower-rate correction 

sources such as visual odometry, terrain-referenced updates, and RF positioning signals is essential for maintaining 

estimator consistency. Asynchronous sensor updates introduce state-estimation bias if not compensated through 

timestamp interpolation or delayed-state EKF formulations. Hardware-triggered synchronisation or Precision Time 

Protocol (PTP)-based clock alignment is recommended for airborne multisensor fusion architectures. 
 

Terrain database resolution selection. Terrain-referenced navigation performance depends strongly on the spatial 

resolution and vertical accuracy of the digital elevation model (DEM). For low-altitude ISR missions, DEM resolutions 

between 10 m and 30 m provide an effective trade-off between localisation observability and onboard memory 

requirements. Adaptive terrain-window selection further improves correlation robustness in low-relief environments. 
 

Adaptive sensor weighting. Measurement-noise covariance matrices within the EKF should be dynamically adjusted 

according to environmental observability conditions. For example, visual odometry weighting may be reduced in low-

texture terrain, while terrain-referenced updates may be prioritised in mountainous regions. Similarly, RF positioning 

updates should be weighted according to transmitter geometry and signal visibility. Such adaptive covariance tuning 

significantly improves estimator robustness during intermittent sensor degradation. 
 

RF geometry optimisation. Signal-of-opportunity positioning accuracy depends on transmitter spatial distribution and 

line-of-sight availability across the operational theatre. Integration with emitter-database mapping and geometry-based 

dilution-of-precision (GDOP) filtering improves multilateration reliability. In infrastructure-sparse environments, 

cooperative navigation between UAV platforms can further enhance RF observability. 
 

Embedded processor throughput allocation. Real-time execution of tightly coupled multisensor fusion algorithms 

requires careful management of onboard computational resources. Parallel processing pipelines should be used for 

vision-based feature extraction, terrain correlation, and EKF state propagation to ensure deterministic update timing. 

Hardware acceleration through GPU-enabled inference modules substantially improves performance for visual odometry 

tasks. 
 

Real-time implementation of the proposed architecture is feasible on modern embedded avionics platforms such as 

NVIDIA Jetson Orin Nano and Jetson Xavier-class processors, which provide sufficient CPU–GPU co-processing 

capability for simultaneous inertial mechanisation, feature extraction, terrain matching, and multisensor EKF fusion. 

These platforms are already widely deployed in tactical ISR UAV payload architectures, making them suitable 

candidates for operational integration of resilient GNSS-denied navigation frameworks. 
 

XII. Discussion 
The results confirm that layered multisensor fusion significantly improves navigation continuity during GNSS 

denial. Visual odometry provides short-term drift stabilisation through high-rate motion updates, terrain-referenced 

navigation enhances mid-range localisation accuracy using elevation correlation, and RF signal-of-opportunity 

positioning delivers long-range correction based on terrestrial transmitters. The tightly coupled Extended Kalman Filter 

(EKF) enables robust integration of asynchronous sensor measurements and maintains estimator stability during 

intermittent sensor degradation. This ensures bounded position-error growth over extended endurance missions. Overall, 

the proposed INS–vision–terrain–RF architecture provides a resilient and computationally feasible navigation 

solution suitable for endurance-class ISR UAV platforms operating in contested electromagnetic environments. 
 

XIII. Conclusion 
This paper presented a resilient INS–vision–terrain–RF multisensor navigation architecture designed for long-range 

military UAV operations in GNSS-denied environments. Simulation results demonstrated substantial reductions in 

cumulative position drift compared with standalone inertial navigation, confirming improved localisation continuity 

across endurance-class ISR mission scenarios. By integrating complementary sensing modalities within a tightly coupled 

EKF framework, the proposed approach enables stable state estimation under intermittent sensor degradation and 

contested electromagnetic conditions. The architecture therefore provides a scalable and implementation-ready 

navigation baseline for persistent autonomous surveillance platforms operating in electronically contested operational 

theatres. 
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