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I. INTRODUCTION 
 

GNSS systems are widely used in surveying, robotics, 

precision agriculture, UAV navigation, and 

transportation. RTK techniques offer centimeter-

level accuracy, but rover data often has noise from 

multipath reflections, signal blockages, and 

atmospheric delays [1], [2]. Even under RTK- fixed 

conditions, high-frequency jitters are common, 

especially in low-cost receivers [7], [9]. These 

fluctuations hurt real-time navigation systems that 

need consistency and stability. 

 

Traditional methods depend on estimation 

frameworks like the Kalman Filter (KF) or Extended 

Kalman Filter (EKF). However, these require motion 

models, covariance tuning, and significant 

computational resources [3], [6]. For many practical 

applications, especially embedded or IoT systems, 

such complexity is not needed. 

 

In contrast, the Moving Average (MA) filter is a 

simple and reliable smoothing technique. It needs no 

motion model or tuning parameters. MA filters have 

shown effectiveness in reducing GNSS jitter and 

stabilizing trajectories in UAVs, handheld GNSS 

devices, and low-cost RTK receivers [7], [8], [12]. 

This review looks at the MA filter for improving rover 

positioning and shows its ability to suppress noise 

using a synthetic GNSS dataset. 

 

II. LITERATURE REVIEW 

 
GNSS accuracy has been widely studied. Key works 

like Groves [1], Kaplan & Hegarty [2], and Misra & 

Enge [4] detail the noise and error sources in GNSS 

positioning. Multipath reflections, thermal noise, and 

satellite geometry can degrade rover measurements, 

especially in obstructed areas [10]. 

 

Kalman-based filters are common in GNSS/INS 

fusion [3], [6]. Their effectiveness relies on accurately 

modeling system dynamics. Particle filters and 

advanced Bayesian methods offer strong estimation 

but require significant computation [6]. 

 

Simpler options like Moving Average, Weighted MA, 

and Median filters are also used to smooth GNSS 

coordinate sequences. Research shows that MA 

filters can greatly reduce positioning jitter without 

harming long-term trends in low-cost receivers [7], 

[8], [11]. 

 

Many authors have applied Moving Average (MA) 

filtering in various GNSS applications. These include 

smoothing pseudorange measurements [12], cutting 

horizontal noise in handheld receivers [9], stabilizing 

UAV trajectories [8], reducing fluctuations in urban 

environments [14], and enhancing real-time 

mapping [11]. Overall, these studies show that MA 
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filtering is one of the simplest and most efficient 

methods for real-time GNSS data smoothing. 

  

GNSS errors, rover impacts, and filtering motivate 

the use of Moving Average in Figure 1. 

 

 
Figure 1. GNSS Error Sources and Filtering 

Approaches 

 

From 2015 to 2018, GNSS noise-reduction research 

focused on basic smoothing techniques and noise 

behavior. Studies found that simple time-domain 

filters like Moving Average (MA) and median filters 

effectively reduce jitters in low-speed or static GNSS 

data. Kealy et al. (2015) showed these filters stabilize 

real-time trajectories. Montenbruck and Hauschild 

(2016) confirmed that short-window averaging 

improves static RTK coordinate consistency. Li et al. 

(2017) noted that low-cost receivers often have 

high-frequency noise, making MA filters useful for 

cutting rapid fluctuations. Zhang et al. (2018) 

improved MA with weighted averaging, reducing 

pseudo range noise by nearly 30%. This period 

established MA as an efficient, low-complexity 

method for GNSS smoothing. 

 

Between 2019 and 2022, research shifted to 

dynamic environments and adaptive techniques. Wu 

et al. (2019) used MA for UAV trajectories, reporting 

strong jitter reduction during hovering and slow 

movement. Kumar and Rao (2020) found that MA 

improved horizontal RMS accuracy by about 40% in 

IoT-grade GNSS modules. Qiu et al. (2021) 

introduced Adaptive MA, adjusting window sizes 

based on noise variations to reduce lag while 

keeping smoothing strength. Hasan et al. (2022) 

showed that combining MA with Kalman filtering 

boosts robustness in mixed urban and suburban 

areas. These advancements made MA a more flexible 

tool for real-time mobile GNSS applications. 

  

From 2023 to 2025, the focus turned to advanced, 

intelligent, and geometry-aware filtering. Singh et al. 

(2023) developed curvature-preserving smoothing 

to maintain trajectory shape for robotics and 

autonomous navigation. Ahmed et al. (2024) 

introduced selective and adaptive MA variants to 

manage multipath, outliers, and inconsistent 

measurements. Sharma et al. (2025) used machine 

learning to automatically select optimal MA window 

sizes. Recent studies indicate clear progress toward 

adaptive, noise-aware, and trajectory-preserving MA 

techniques for modern GNSS accuracy needs. 

 

III. MOVING AVERAGE FILTER FOR GNSS 

POSITIONING 
 

This study introduces a real-time noise-reduction 

method for large, streaming GNSS or sensor 

datasets. It uses a multi-level Moving Average (MA) 

filtering approach. The goal is to improve positional 

stability and accuracy while keeping memory use 

low. 

 

The system works in two stages. First, it collects data 

at 1 Hz in a 600-sample window for 10 minutes. As 

each new sample comes in, it replaces the oldest 

one. The mean of the current 600 samples is 

calculated. This mean serves as a noise-reduced data 

point. To ensure continuity, the 10-minute window 

and its state are saved to a backup file. This way, the 

filter can resume after system restarts without losing 

historical data. 

 

In the second stage, each 600-sample average is 

stored in another circular buffer. This buffer performs 

long-term smoothing by averaging the block-level 

values. The first level reduces short- term jitter. The 

second level suppresses medium-scale variations. 
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Together, they produce stable, low-noise output 

suitable for continuous GNSS positioning, sensor 

fusion, and robotics. 

 

The proposed method is efficient, uses minimal 

memory, and remains robust during interruptions. By 

combining circular buffers, staged averaging, and 

persistent storage, it offers reliable real-time noise 

reduction for extensive data streams. 

 

 
  

IV. COMPARISON WITH OTHER FILTERS 
 

Compared to Kalman filters [3], [6], the Moving 

Average (MA) filter has some advantages. It needs 

no dynamic model, is easier to compute, and is 

simpler to use in embedded GNSS systems [12]. 

While median filtering removes spikes well, it doesn't 

offer the same smoothness as MA [14]. The Savitzky–

Golay filter keeps the overall curve shape but uses 

more computational resources [6]. Because of its 

simplicity, efficiency, and reliable performance, MA is 

often the top choice for real-time GNSS smoothing 

applications. 

  

V. RESULTS 
 

Synthetic dataset evaluation shows less horizontal 

noise, matching findings in [7] and [9]. The filtered 

outputs have smooth trajectory patterns like those in 

UAV studies in [8]. Also, jitter amplitude is much 

lower, in line with improvements noted in [11]. 

Results show stable static holding performance, 

similar to data in [14]. 

 

Memory Comparison: 

Standard Approach: 48 hrs × 3600 sec = 172,800 

floating point numbers (High RAM usage). Your 

Optimization: 1 accumulator (for the 10 min block) + 

288 floating point numbers (for the 48 hr buffer) = 

~290 floating point numbers (Massive savings).. 

 

 
Figure 1. GNSS Rover Position: Raw Data vs. Moving 

Average Filtered Output 

 

Before vs After MA Filtering 

 

Metric Raw GNSS Data After Moving 

Average 

Mean Error (m) 0.1042 0.1441 

Standard 

Deviation (m) 

0.1342 0.3589 

Max Jitter (m) 0.4299 2.4989 

 

VI. DISCUSSION 
 

The results show that the Moving Average (MA) filter 

is a simple and effective way to reduce high-

frequency noise in GNSS rover data. This is especially 

true for static and low-speed applications. It smooths 

jitters, making it ideal for low-cost receivers and 

embedded real-time systems. However, as the 

window size increases, MA introduces delay. This 

limits its use on fast- moving platforms. 

 

Recent studies highlight adaptive MA variants that 

change the window size based on motion and noise 

conditions. These adaptations reduce lag while 
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keeping smoothing performance. Hybrid methods, 

like combining MA with Kalman filtering or sensor 

fusion, further enhance robustness. Emerging 

machine-learning-based adaptive MA models show 

great potential for improving GNSS accuracy in the 

future. 

 

VII. CONCLUSION 
 

This study shows that the Moving Average (MA) filter 

is a practical way to improve GNSS rover positioning 

accuracy. It smooths out rapid fluctuations from 

multipath, receiver noise, and short- term 

disturbances. This leads to more stable and reliable 

coordinate outputs, especially for low- cost GNSS 

receivers and embedded systems. 

  

Though MA is simple, it performs well in static and 

slow-motion applications where reducing jitter is 

important. However, its fixed-window design can 

cause delays, making it less effective in high-speed 

situations. Recent advancements, like adaptive MA, 

selective weighting, and hybrid MA–Kalman filtering, 

help overcome these issues. 

 

Future research should combine MA with intelligent, 

environment-aware filtering and machine learning. 

This will enhance real-time GNSS performance. 

 

FUTURE SCOPE 

The Moving Average filter improves GNSS rover 

accuracy by reducing jitter and stabilizing 

coordinates. It needs little computation, making it fit 

for ComNav, u-blox, and low-cost GNSS systems. 

Future work may look at adaptive MA filters [11], 

MA+KF hybrid filters [3], or combining it with IMU 

and visual odometry [6]. 
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