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ABSTRACT 

To enhance the accuracy of quadrotor UAV navigation systems in dynamic environments, we 
propose an attitude calculation method based on an acceleration correction model. This model 
estimates and corrects non-gravitational acceleration from the accelerometer, reducing its impact on 
attitude calculation. Experimental results demonstrate that this algorithm effectively mitigates non-
gravitational acceleration interference and significantly improves the accuracy and anti-interference 
capability of UAV navigation systems. 
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1. INTRODUCTION 

Multirotor UAVs are vital in fields like aerial photography, irrigation, and surveying due to their low 

cost and high maneuverability. Accurate and real-time attitude estimation is crucial for UAV mission 

success. Low-cost UAVs typically use MEMS sensors, which are sensitive to non-gravitational 

accelerations, causing significant errors in dynamic environments. This study proposes an attitude 

estimation algorithm based on an acceleration correction model to enhance accuracy and stability in 

dynamic conditions. 

2. LITERATURE REVIEW 

Reference [1] uses a direction cosine matrix combined with complementary filtering for attitude 

updates, aiming to improve system accuracy. However, it is limited in dynamic environments with 

non-gravitational accelerations. Reference [2] designs a suppression function for non-gravitational 

acceleration using accelerometer and gyroscope data, showing good anti-interference but lacking 

precise estimation. Reference [3] employs an extended Kalman filter (EKF) with GPS and Doppler 

velocity log (DVL) for underwater vehicles, but its application in quadrotor UAVs is limited. 

Reference [4] proposes adaptive estimation and correction of non-gravitational acceleration, 

maintaining accuracy over short periods. Reference [5] uses GPS and airspeed indicators to correct 

non-gravitational acceleration, achieving accurate attitude representation but is limited by low update 

frequencies. Reference [6] combines GPS and inertial navigation systems (INS) with EKF for real-

time position and attitude, requiring high GPS accuracy and stability, often needing costly differential 

GPS. In low-cost UAVs, single-point GPS has lower accuracy and slower updates, leading to 

significant attitude errors in GPS/INS combined algorithms.  
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3. METHOD 

3.1. UAV Attitude Modeling 

3.1.1. Establishing the Coordinate System 

The "North-East-Down" geographic coordinate system is chosen as the navigation frame (n-frame), 

and the "Forward-Right-Down" coordinate system is used as the body frame (b-frame). The n-frame 

is orthogonal relative to the Earth's horizontal plane, with 𝑋𝑛, 𝑌𝑛 and 𝑍𝑛 axes pointing north, east, 

and down. The b-frame is fixed to the UAV with 𝑋, 𝑌 and𝑍axes pointing forward, right, and down. 

The transformation matrix from the n-frame to the b-frame is represented by the direction cosine 

matrix: 

𝐶𝑛
𝑏 = (

𝑐𝑜𝑠 𝜃 𝑐𝑜𝑠 𝜓 𝑐𝑜𝑠 𝜃 𝑠𝑖𝑛𝜓 −𝑠𝑖𝑛 𝜃
𝑐𝑜𝑠 𝜓 𝑠𝑖𝑛𝜙 𝑠𝑖𝑛 𝜃 − 𝑐𝑜𝑠 𝜙 𝑠𝑖𝑛 𝜓 𝑠𝑖𝑛 𝜙 𝑠𝑖𝑛 𝜃 𝑠𝑖𝑛𝜓 + 𝑐𝑜𝑠 𝜙 𝑐𝑜𝑠 𝜓 𝑠𝑖𝑛𝜙 𝑐𝑜𝑠 𝜃
𝑐𝑜𝑠 𝜙 𝑠𝑖𝑛 𝜃 𝑐𝑜𝑠 𝜓 + 𝑠𝑖𝑛 𝜙 𝑠𝑖𝑛 𝜓 𝑐𝑜𝑠 𝜙 𝑠𝑖𝑛 𝜃 𝑠𝑖𝑛 𝜓 − 𝑠𝑖𝑛𝜙 𝑐𝑜𝑠 𝜓 𝑐𝑜𝑠 𝜙 𝑐𝑜𝑠 𝜃

)   (1) 

 

3.1.2. System Model Establishment 

Quaternions are used for describing changes in heading and attitude due to their singularity-free 

nature and low computational requirements [7]. Gyroscope data is used for quaternion updates, while 

accelerometer and magnetometer measurements provide observed values. 

(1) Attitude Estimation Based on Accelerometer 

The accelerometer outputs the body acceleration. The gravitational acceleration in the navigation 

frame is 𝑔𝑛 = (0,0, 𝑔)
𝑇, and the output of the accelerometer in the body frame is𝑎𝑏 = (𝑎𝑥, 𝑎𝑦, 𝑎𝑧)

𝑇
. 

The transformation relationship is: 

(

𝑎𝑥
𝑎𝑦
𝑎𝑧
) = 𝐶𝑛

𝑏 (
0
0
𝑔
) = (

−𝑔 𝑠𝑖𝑛 𝜃
𝑔 𝑐𝑜𝑠 𝜃 𝑠𝑖𝑛 𝜙
𝑔 𝑐𝑜𝑠 𝜃 𝑐𝑜𝑠 𝜙

)                        (2) 

 

From the accelerations obtained by the above formula, the pitch and roll angles can be derived as: 

 

{
𝜃 = −𝑎𝑟𝑐𝑠𝑖𝑛 (

𝑎𝑥

𝑔
)

𝜙 = 𝑎𝑟𝑐𝑡𝑎𝑛 (
𝑎𝑦

𝑎𝑧
)

                              (3) 

 

(2) Attitude Estimation Based on Magnetometer 

The magnetometer outputs the geomagnetic field vector. On the Earth's surface, the geomagnetic field 

typically points toward magnetic north, consisting of a northward component and a vertical 

component, but no eastward component. Therefore, the magnetic field vector in the geomagnetic 

coordinate system can be expressed as (𝑁, 0, 𝐷). When the geomagnetic coordinate system coincides 

with the navigation frame 𝑛, 𝑚𝑛 = (𝑀, 0,𝑀0) represents the magnetometer output in the navigation 

frame. Assuming the magnetometer output in the body frame 𝑏 is 𝑚𝑛 = (𝑚𝑥 , 𝑚𝑦, 𝑚𝑧)
𝑇
, it can be 

transformed using the transformation matrix 𝐶𝑛
𝑏 as follows: 

 

𝑚𝑏 = 𝐶𝑛
𝑏𝑚𝑛                                 (4) 

 

After simplification, this becomes: 
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(

𝑚𝑥

𝑚𝑦

𝑚𝑧

) = (

𝑀 𝑐𝑜𝑠 𝜃 𝑐𝑜𝑠 𝜓𝑚 −𝑀0 𝑠𝑖𝑛 𝜃
𝑀 𝑐𝑜𝑠 𝜃 𝑠𝑖𝑛𝜓𝑚

𝑀𝑠𝑖𝑛 𝜃 +𝑀0 𝑐𝑜𝑠 𝜃
)                      (5) 

 

Thus, the horizontal component of the geomagnetic vector is: 

 

(
𝑀 𝑐𝑜𝑠 𝜃 𝑐𝑜𝑠 𝜓𝑚 −𝑀0 𝑠𝑖𝑛 𝜃

𝑀 𝑐𝑜𝑠 𝜃 𝑠𝑖𝑛 𝜓𝑚
)                          (6) 

 

The yaw angle can then be calculated as: 

𝜓𝑚 = 𝑎𝑟𝑐𝑡𝑎𝑛 (
𝑚𝑦

𝑚𝑥
)                             (7) 

 

Finally, the magnetic yaw angle is given by: 

𝜓𝑚𝑎𝑔 = 𝜓𝑚 +  𝛼                              (8) 

 

Where 𝛼is the magnetic declination, correcting the angle difference between magnetic north and true 

north. This method uses geomagnetic information from the magnetometer, applying a mathematical 

model and coordinate transformation to accurately estimate the UAV's yaw angle. 

(3) Attitude Estimation Based on Gyroscope 

The gyroscope outputs the angular acceleration of the sensitive carrier. The dynamic model update 

of gyroscope angular velocity based on quaternions can be expressed as: 

 

𝑞̇ =
1

2
𝑞 ⊗ 𝜔𝑏                               (9) 

 

Where 𝜔𝑏 = (𝜔𝑥, 𝜔𝑦, 𝜔𝑧)  represents the angular velocity measured by the gyroscope, and 𝑞 =
(𝑞0, 𝑞1, 𝑞2, 𝑞3)

𝑇 represents the attitude quaternion. The matrix form of equation (10) can be expressed 

as: 

(

𝑞̇0
𝑞̇1
𝑞̇2
𝑞̇3

) =
1

2

(

 
 

0 −𝜔𝑥 −𝜔𝑦 −𝜔𝑧
𝜔𝑥 0 𝜔𝑧 −𝜔𝑦
𝜔𝑦 −𝜔𝑧 0 𝜔𝑥
𝜔𝑧 𝜔𝑦 −𝜔𝑥 0

)

 
 
(

𝑞0
𝑞1
𝑞2
𝑞3

)                  (10) 

 

Using the Picard iterative method to solve the quaternion differential equation (9), its discrete form 

is given by: 

𝑞(𝑡𝑘) = [𝑐𝑜𝑠 (
𝛥𝜑

2
) + 𝑠𝑖𝑛 (

𝛥𝜑

2
)
𝛥𝛺

𝛥𝜑
] 𝑞(𝑡𝑘−1)                   (11) 

 

Where △𝜑 = √𝛼𝑥2 + 𝛼𝑦2 + 𝛼𝑧2 is the angular increment during the sampling interval [𝑡𝑘 − 1, 𝑡𝑘], 

𝛼𝑖 = ∫ 𝜔
𝑡𝑘
𝑡𝑘−1

𝑖𝑑𝑡,𝑖 = 𝑥, 𝑦, 𝑧, and △𝛺 = (𝛼𝑥 𝛼𝑦 𝛼𝑧)
𝑇. 

The transformation matrix from the body frame to the navigation frame, represented using 

quaternions, is given by: 

𝐶𝑛
𝑏 = (

𝑞0
2 + 𝑞1

2 − 𝑞2
2 − 𝑞3

2 2(𝑞1𝑞2 + 𝑞0𝑞3) 2(𝑞1𝑞3 − 𝑞0𝑞2)

2(𝑞1𝑞2 − 𝑞0𝑞3) 𝑞0
2 − 𝑞1

2 + 𝑞2
2 − 𝑞3

2 2(𝑞2𝑞3 + 𝑞0𝑞1)

2(𝑞1𝑞3 + 𝑞0𝑞2) 2(𝑞2𝑞3 − 𝑞0𝑞1) 𝑞0
2 − 𝑞1

2 − 𝑞2
2 + 𝑞3

2

)          (12) 
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Thus, the UAV attitude angles can be expressed using quaternions as: 

 

{
 
 

 
 𝜙 = 𝑎𝑟𝑐𝑡𝑎𝑛 (

2(𝑞0𝑞1+𝑞2𝑞3)

𝑞0
2−𝑞1

2−𝑞2
2+𝑞3

2)

𝜃 = 𝑎𝑟𝑐𝑠𝑖𝑛(2(𝑞0𝑞2 − 𝑞1𝑞3))

𝜓 = 𝑎𝑟𝑐𝑡𝑎𝑛 (
2(𝑞0𝑞3+𝑞1𝑞2)

𝑞0
2+𝑞1

2−𝑞2
2−𝑞3

2)

                        (13) 

3.2. Accelerometer Correction Model 

3.2.1. Model Structure 

Based on the previously correctly established navigation frame and body frame, we develop an 

accelerometer correction model to adjust the output values of the accelerometer. The structure of the 

model is illustrated in Fig 1. 

As shown in Fig. 1, the Kalman filter uses the difference between the corrected accelerometer output 

and the gravitational acceleration in the body frame as its measurement. After filtering, the attitude 

angle error and non-gravitational acceleration error are obtained, correcting the coordinate 

transformation matrix. Non-gravitational acceleration is derived from both the Kalman filter and GPS 

velocity. 

The Kalman filter provides an estimated non-gravitational acceleration at the accelerometer's 

frequency, maintaining short-term stability. However, error accumulation reduces its long-term 

accuracy. Conversely, the GPS-derived non-gravitational acceleration, while stable and reliable, has 

a lower update frequency and cannot correct accelerometer outputs timely. Therefore, this study 

designs an accelerometer correction model that combines both sources of non-gravitational 

acceleration to ensure accurate and stable attitude estimation. 

 

Figure 1. Acceleration correction model block diagram 

3.2.2. Estimating Non-Gravitational Acceleration 

To obtain the attitude angle error and non-gravitational acceleration error as state variables, the 

system state variables are defined as follows: 

 

𝑋𝜀 = [𝜃𝜀 𝑎𝑏
𝜀 ]𝑇                                (14) 
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Where the attitude angle error is given by: 𝜃𝜀 = [

𝜃𝜀𝑥
𝜃𝜀𝑦
𝜃𝜀𝑧

] and the non-gravitational acceleration error is 

given by: 𝑎𝑏𝜀 = [

𝑎𝑏𝜀𝑥
𝑎𝑏𝜀𝑦
𝑎𝑏𝜀𝑧

]. The system state equation can be expressed as: 

 

𝑋𝜀,𝑘 = 𝛷𝑘,𝑘−1𝑋𝜀,𝑘−1 + 𝑤𝑘                          (15) 

 

Where 𝛷𝑘,𝑘−1 represents the state transition matrix and 𝑤𝑘 is the process noise. 

In the acceleration correction model, the current non-gravitational acceleration error and attitude 

angle error have been corrected. The state variables at adjacent time steps are uncorrelated, and the 

state transition matrix can be expressed as: 𝛷𝑘,𝑘−1 = 06×6. Therefore, the state one-step prediction 

equation and state estimation equation in the Kalman filter are simplified as follows: 

 

𝑋̂𝜀,𝑘|𝑘−1 = 0                               (16) 

 

𝑋̂𝜀,𝑘 = 𝑋̂𝜀,𝑘|𝑘−1 + 𝐾𝑘(𝑍𝜀,𝑘 − 𝐻𝑘𝑋̂𝜀,𝑘|𝑘−1) = 𝐾𝑘𝑍𝜀,𝑘               (17) 

 

Where 𝑍𝑘represents the measurement information at the current time step, 𝐻𝑘 is the measurement 

matrix, and 𝐾𝑘 is the Kalman filter gain matrix at the current time step. 

The corrected acceleration, obtained by removing the estimated non-gravitational acceleration 

interference from the raw accelerometer values, is denoted as 𝑔̂𝑏𝑎,𝑘: 

 

𝑔̂𝑏
𝑎,𝑘

= −𝑓𝑘
𝑏 + 𝑎̂𝑏𝑘−1                           (18) 

 

Where 𝑓𝑘
𝑏 is the raw accelerometer value and 𝑎̂𝑏𝑘−1 is the estimated non-gravitational acceleration. 

The standard gravitational acceleration in the body frame, 𝑔̂𝑔.𝑘
𝑏 , can be expressed as: 

 

𝑔̂𝑔.𝑘
𝑏 = 𝐶̂𝑛,𝑘

𝑏 𝑔𝑛                              (19) 

 

Where 𝑔𝑛 represents the local gravitational acceleration in the navigation frame, and 𝐶̂𝑛,𝑘
𝑏  is the 

coordinate transformation matrix from the navigation frame to the body frame at time 𝑘. 

The difference between 𝑔̂𝑎,𝑘
𝑏  and 𝑔̂𝑔,𝑘

𝑏 is taken as the measurement information 𝑍𝜀,𝑘: 

 

𝑍𝜀,𝑘 = 𝑔̂𝑎,𝑘
𝑏 − 𝑔̂𝑔,𝑘

𝑏                               (20) 

 

Expanding equation (7) yields: 

 

𝑍𝜀,𝑘 = 𝑔̂𝑎,𝑘
𝑏 − 𝑔̂𝑔,𝑘

𝑏 = 𝛥𝑅(−𝜃𝜀,𝑘)𝑔̂𝑔,𝑘
𝑏 + 𝑎̂𝜀,𝑘

𝑏 − 𝑣𝑎,𝑘 − 𝑔̂𝑔,𝑘
𝑏 = (𝑔̂𝑔,𝑘

𝑏 ×)𝜃𝜀,𝑘 + 𝑎̂𝑏𝜀,𝑘 − 𝑣𝑎,𝑘   (21) 

 

Where 𝑅( ) denotes the small-angle rotation matrix. 

The system measurement equation can be expressed as: 
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𝑍𝜀,𝑘 = 𝐻𝜀,𝑘𝑋𝜀,𝑘 + 𝑣𝜀,𝑘 = 𝐻𝜀,𝑘 [
𝜃𝜀,𝑘

𝑎𝜀,𝑘
𝑏 ] + 𝑣𝜀,𝑘                    (22) 

 

Where 𝑣𝜀,𝑘 represents the measurement noise, with variance denoted as 𝑅𝑘, and the measurement 

matrix 𝐻𝜀,𝑘 is expressed as follows: 

( ), 3 3
ˆ ,g

k bH g k I 
 = 
 

                            (23) 

 

The filter gain matrix is: 

𝑃𝑘/𝑘−1 = 𝛷𝑘,𝑘−1𝑃𝑘−1𝛷𝑘,𝑘−1 + 𝑄𝑘 = 𝑄𝑘                    (24) 

 

One-step prediction mean square error: 

𝐾𝑘 = 𝑃𝑘/𝑘−1𝐻𝜀,𝑘
𝑇 (𝐻𝜀,𝑘𝑃𝑘/𝑘−1𝐻𝜀,𝑘

𝑇 + 𝑅𝑘)
−1                   (25) 

 

Estimated mean square error: 

𝑃𝑘 = (𝐼 − 𝐾𝑘𝐻𝜀,𝑘)𝑃𝑘/𝑘−1                          (26) 

 

Based on the obtained state error estimate 𝑋̂𝜀,𝑘, the estimated non-gravitational acceleration at time 

𝜃𝜀,𝑘, using the updated attitude transition matrix 𝐶𝑏
𝑛, 𝑘 and attitude angle error 𝑎̂𝑘

𝑏, can be expressed 

as: 

𝑎̂𝑘
𝑏 = 𝑎̂𝑘−1

𝑏 − 𝑎̂𝜀,𝑘
𝑏                               (27) 

3.3. External Non-Gravitational Acceleration 

The external non-gravitational acceleration is calculated using the velocity information provided by 

GPS and is used to correct the accelerometer's raw values. The GPS output signal has a period of 𝑇2, 

while the accelerometer output signal has a period of 𝑇1. Denote the velocity information in the 

navigation frame at time 𝑘 as 𝑣𝑔,𝑘
𝑛 . The external non-gravitational acceleration 𝑎𝑔,𝑘

𝑛  at time 𝑘in the 

navigation frame is given by: 

𝑎𝑔,𝑘
𝑛 =

𝑣𝑔,𝑘
𝑛 −𝑣𝑔,𝑘−1

𝑛

𝑇2
                               (28) 

 

The external non-gravitational acceleration 𝑎𝑔,𝑘
𝑛  is then transformed from the navigation frame to the 

body frame: 

𝑎𝑔,𝑘
𝑏 = 𝐶𝑏

𝑛𝑎𝑔,𝑘
𝑛                                 (29) 

 

Typically, the GPS period 𝑇2 is an integer multiple of the accelerometer period 𝑇1, represented as 

𝑇2=nT1𝑇2 = nT1. 

The raw accelerometer values over the period 𝑇2  are integrated to obtain the average raw 

accelerometer value during this time period: 

 

𝑓𝑎,𝑘
𝑏 =

1

𝑛
∑ 𝑓𝑏

𝑘+𝑖𝑇1𝑛
𝑖=1                               (30) 

 

Through the above derivation, the corrected accelerometer output 𝑔𝑜,𝑘
𝑏  after the external non-

gravitational acceleration correction can be expressed as: 
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𝑔𝑜,𝑘
𝑏 = 𝑓𝑎,𝑘

𝑏 − 𝑎𝑔,𝑘
𝑏                                (31) 

4. RESULTS AND DISCUSSION 

4.1. Data Collection for Experiments 

In this simulation, we used MATLAB Simulink to create a sensor fusion model for accurate vehicle 

attitude and position estimation along a circular path. The model integrated accelerometer, gyroscope, 

magnetometer, and GPS data at 100Hz, with initial conditions set by a 28-dimensional vector. 

Quaternions captured attitude changes, while an asynchronous sensor fusion filter processed 

measurement errors. Dynamic data and real-time monitoring ensured comprehensive analysis and 

visualization, highlighting the model's accuracy and effectiveness. This robust setup demonstrated 

the system's stability and noise levels, validating the model's performance and potential in complex 

dynamic environments. 

Figure 2 illustrates the comprehensive sensor data and trajectory analysis, highlighting the model's 

effectiveness and accuracy in vehicle dynamics estimation. 

 

Figure 2. The comprehensive sensor data and trajectory analysis 
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4.2. Verification of the Accelerometer Correction Model 

4.2.1. Using Only Accelerometers 

In this phase, we verify the accelerometer correction model without GPS. We analyze the impact of 

relying solely on accelerometer data for attitude estimation over time, as shown in Figures 3 and 4. 

 

Figure 3. 3D Visualization 
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Figure 4. Error Analysis 

Figure 3 (3D Visualization) displays the vehicle's 3D position and compares true and estimated 

orientations using accelerometer data alone.  

Figure 4 (Error Analysis) shows the angular distance between true and estimated orientations 

(Quaternion Distance) and position errors over time. 

Attitude Instability: Figure 3 indicates significant deviations over time, showing unstable attitude 

estimation with only accelerometers. 

Error Accumulation: Figure 4 demonstrates rapid growth in orientation errors due to sensor noise and 

bias. Position Errors: Figure 4 also reveals increasing position errors, highlighting unreliability 

without GPS corrections. 

This experiment emphasizes the limitations of relying solely on accelerometer data. Over time, sensor 

inaccuracies lead to significant orientation and position errors. Integrating GPS is essential for 

accurate, stable estimations, crucial for robust navigation systems in dynamic environments. 

4.2.2. Using GPS without Accelerometers 

In this phase, we examine the effects of using GPS alone for position and attitude corrections without 

accelerometer data. The goal is to assess how well GPS maintains stable estimates of vehicle 

dynamics over time, as shown in Figures 5 and 6. 

Figure 5 (3D Visualization) displays the vehicle's 3D position and compares true and estimated 

orientations using GPS data alone. Figure 6 (Error Analysis) shows the angular distance between true 

and estimated orientations (Quaternion Distance) and position errors over time. 
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Initial Stability: Figure 5 shows stable initial estimates due to accurate GPS data. 

GPS Update Rate Limitation: Figure 6 reveals increasing orientation and position errors over time, 

indicating the 5Hz GPS update rate is insufficient for capturing rapid vehicle dynamics. 

Error Trends: The system struggles to maintain accurate estimates during complex movements due 

to the low GPS update rate. 

Using GPS alone highlights challenges in dynamic environments. Initial estimates are stable, but 

errors grow as GPS can't update frequently enough. Integrating high-frequency sensors like 

accelerometers and gyroscopes is essential to complement GPS and ensure robust, accurate real-time 

estimations. Combining GPS and IMU data is crucial for high accuracy in vehicle navigation systems. 

 

Figure 5. 3D Visualization 
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Figure 6. Error Analysis 

4.2.3. Application of the Accelerometer Correction Model 

In this phase, we investigate the effects of fusing GPS and accelerometer data using a Kalman filter 

to enhance attitude and position estimation. The goal is long-term stability in the vehicle's orientation 

and position via the accelerometer correction model. The results are depicted in Figures 7 and 8. 
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Figure 7. 3D Visualization 

 

 

Figure 8. Error Analysis 
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Figure 7 (3D Visualization): This plot shows the vehicle's 3D position and compares true and 

estimated orientations using fused GPS and accelerometer data. 

Figure 8 (Error Analysis): This plot illustrates the angular distance between true and estimated 

orientations (Quaternion Distance) and position errors along the x, y, and z axes over time. 

Enhanced Stability: Figure 7 shows stable and accurate attitude estimation from the data fusion. 

Reduced Error Accumulation: Figure 8 demonstrates that orientation errors remain small and stable, 

showing effective error mitigation by the Kalman filter. 

Improved Position Accuracy: Figure 8 shows minor and consistent position errors, indicating 

improved accuracy through data fusion. 

The integration of GPS and accelerometer data, processed through a Kalman filter, significantly 

enhances the stability and accuracy of attitude and position estimations. This method effectively 

combines high-frequency updates from accelerometers with precise GPS data, addressing limitations 

of using each sensor independently. The results highlight the effectiveness of sensor fusion in 

developing robust and reliable navigation systems, maintaining high accuracy over extended periods 

in dynamic environments. This validation supports advanced filtering techniques for optimizing 

integrated sensor system performance in practical applications. 

5. CONCLUSION 

This research successfully implements and validates an advanced accelerometer correction model 

using MATLAB Simulink to enhance UAV attitude and position estimation in dynamic environments. 

By integrating GPS and accelerometer data through a Kalman filter, our model overcomes the 

limitations of traditional methods. It provides robust and precise long-term estimates, mitigating noise 

and biases from individual sensors. Simulation results show that combining high-frequency 

accelerometer updates with GPS data significantly improves accuracy and stability over extended 

periods, outperforming methods that use only GPS or accelerometers. This study highlights the 

importance of sensor fusion in modern navigation, offering a cost-effective solution for low-cost 

UAV systems. 
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