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Abstract: This paper presents a calibration process that implements a wide variety of solutions, including error modeling, platform 

design, algorithms, and measurement methods for estimating errors of a low-grade inertial measurement unit sensors (LIMUS), while 

ensuring cost savings for both instrumentation and computation. Error elements that include bias, non-orthogonality, misalignment, 

and scale factors are modeled as sensor error models (SEM). A do-it-yourself (DIY) integrated platform is capable of multi-position 

data collection that can reach up to 48 orientations for accelerometers (ACCE) and rotational velocity for gyroscopes (GYR), crafted 

using low-cost and available means. The local Earth’s gravity is utilized to reference signals of ACCEs, while GYR’ readings are 

compared to encoder samples. Then, real-coded genetic algorithms (R-CGA) are designed to estimate the SEMs. Root mean square 

residual (RMSR) between readings and reference signals is calculated and considered as the fitness function. Three different popula-

tions of 300, 500 and 1000 individuals are studied for evaluating the quality of error estimation. Additionally, analyzing the effect of 

individual selection probability in the selection operators provide an effective solution that reduces the number of initial individuals in 

the population and saves computing cost. 

Keywords: Error estimation, Low-grade inertial measurement unit sensors, Real-coded genetic algorithms, Root mean square residual, 

Sensor error models  

 

 

1. Introduction 

Low-grade inertial measurement unit sensors (LIMUS) are 

widely used in many applications such as navigation systems, au-

tomobiles, and wearable devices. A LIMUS chip can integrate 

accelerometers (ACCE), gyroscopes (GYR) and many different 

types of sensors by micro-electro-mechanical systems (MEMS) 

technology while still ensuring a size reduction of a few millime-

ters. Furthermore, shock resistance, durability, and especially 

cost decrease are significantly improved [1]. However, LIMUSs 

have a common problem referred to as errors of imperfections in 

manufacturing and setting up. Users need to combine methodol-

ogies, specific instruments and algorithms for the identification 

and elimination of errors before use. This process is known as 

calibration. The calibration technique consists of the following 

steps: the initial step is to identify the LIMUS errors that must be 

eliminated, including bias, non-orthogonality, misalignment and 

scale factor. Then, modeling errors make the estimation of error 

parameters more convenient. Sensor error models (SEMs) are 

effective models [2]-[4] due to the complete inclusion of LIMUS 

error characteristics. 

 Secondly, reference signals are chosen based on sensor func-

tion. Generally, ACCEs measure the acceleration, hence the local 

Earth’s gravity is considered an ideal and readily available refer-

ence signal for ACCE calibration. ACCE calibration can be ba-

sically implemented by placing ACCEs stably on a flat surface. 

ACCE readings are compared to the local Earth’s gravity roughly 

9.8m/s2. However, this method is limited in one orientation. For 

example, when a drone performs various tilt maneuvers, the local 

gravity of Earth acts on different orientations on its body coordi-

nates. As a result, multi-position methods were developed to 

tackle one-position problem. The recommendation for the num-

ber of positions in ACCE calibration is over 21 positions [5]. The 

work in [4] implemented 24 orientations for a 3-axis ACCE. 

Other work in [6] points out that a multi-position data collection 

method shows better error detection ability specially misalign-

ment than six-position calibration. Measuring multi-position 
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readings requires specific instruments, such as a cube imple-

mented for the six-position method in [2]. Many cost-effective 

platforms that common users could self-craft by available means, 

are provided in [3][7][8]. In case of GYRs, the Earth’s rotational 

velocity is only employed for immediate and high-cost GYRs. 

Low-grade GYRs are incapable of sensing this slow velocity be-

cause of noise, drift and limited accuracy. Therefore, low-grade 

GYR calibration requires artificial rotational methods such as a 

turning table. They are easily adjustable for flexible position and 

high accuracy. However, their investment cost has soared sub-

stantially beyond user’s budget. References [9][10] produce a va-

riety of methods for calibration that do not require external sig-

nals. Although, the cost for experiment is less expensive, users 

should have an advanced levels of knowledge in computer sci-

ence. To overcome these difficulties, users are encouraged to de-

sign platforms that are able for their budget while still ensuring 

technical criteria. 

After the readings are ready, selecting the appropriate algo-

rithm to estimate errors as much as possible is the key to success. 

The parameters of LIMUS error models were estimated by quasi-

newton nonlinear optimization algorithm (Q-NNOA) and root 

mean square deviation function [2]-[4]. The Q-NNOA has the 

advantage of high computing speed and reduces dependency on 

cost function evaluation. But results sometimes converge to a lo-

cal optimum rather than the global optimum [11][12]. SEMs are 

analyzed by Levenberg–Marquardt algorithm (L-MA) [13][14]. 

Robustness improves significantly, while there is a decrease in 

computing speed compared with the Q-NNOA. The results of [11] 

show that the noisier experimental data used, the more missing 

the global optimization. Genetic algorithms (GAs) are new can-

didates to tackle the mentioned disadvantage because of their ex-

cellent convergency ability [15]-[18]. The readings of ACCEs 

and GYRs are continuous values. It is difficult to implement 

them as binary digits because of the “Hamming Cliff” process 

[19][20]. Therefore, real-coded genetic algorithms (R-CGAs) 

were selected to fit our methodology of searching for optimal so-

lutions in the domain of real numbers. In general, the core of the 

R-CGAs is similar to traditional GAs, with selection, crossover 

and mutation operators [19]. Many outstanding principles of op-

erators have been published concerning crossover steps [21]-[24], 

mutation steps [25]-[29], and selection steps [30][31]. 

This paper presents the calibration of 3-axis ACCEs and GYRs 

on the LIMUS according to the multi-position method that allow 

us to obtain a maximum of 48 orientations of ACCEs and 3-axis 

rotational velocity of GYRs. Bias, non-orthogonality, misalign-

ment and scale factor are modeled as SEMs. Do-it-yourself (DIY) 

sets are designed for both ACCEs and GYRs. Then, R-CGAs are 

designed to evaluate value of fitness function, which is root of 

mean square residual (RMSR) minimization of ACCE and GYR 

readings and reference signals. The results are remarkable on 

convergency of 300, 500 and 1000 population size. Additionally, 

a solution to save computing cost of R-CGAs up to 70% of initial 

population is contributed by analyzing the effects of efficiency 

factor in selection operators. 

Continuous sections of the paper are organized as follows. The 

elements of the modeling of LIMUS errors and the analysis of 

the operators of the R-CCAs for SEMs are demonstrated in Sec-

tion 2. Section 3 explains how to collect the multi-position data 

from ACCEs and GYRs using a DIY equipment, and reference 

signals. The results of experiment and its discussion are given in 

Section 4. In the end, Section 5 highlights the main contributions 

of this paper. 

2. Materials and Algorithms

2.1 Element Modeling of LIMUS Errors 

The operation of LIMUS is affected by numerous errors 

caused by external sources such as temperature, vibration, and 

internal characteristics. In the laboratory, the external sources 

could be dismissed. As a result, the SEMs are formed by remain-

ing components, which include bias, non-orthogonality, misa-

lignment between LIMUS and instruments, and scale factors. 

2.1.1 Error Elements 

Figure 1: The effect of bias and scale factors on the output of LIMUS 
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Figure 2: The effect of non-orthogonality and misalignment on the 

axis of LIMUS 

Bias constitutes the majority of the total error in the LIMUSs 

[31]. Bias is an inherent error. It could be analyzed into two in-

dependent parts including static bias and varying bias. Its first 

term, as shown in Figure 1, is obtained by averaging input data 

from LIMUs when they are kept stable. The second term is var-

ying bias, which contributes roughly 10% of total bias. The var-

ying bias deviates significantly in response to temperature fluc-

tuations. Eliminating bias can save over 10-1m/s2 for ACCEs and 

100°/hr-1 for GYRs at consumer grade [6][32]. 

The imperfection in manufacturing processes is the leading 

cause of non-orthogonality in each axis of LIMUS. Non-orthog-

onality affects all axes in any direction. An example of non-or-

thogonal errors is shown in Figure 2 with red dotted axes. δij is a 

non-orthogonal angle in i, and j axes. 

In Figure 2, the Xm, Ym and Zm axes indicate the influence 

of misalignment, which is produced by manual attachment. Mis-

alignment can be limited in a small range when manual correc-

tion methods are applied. 

As illustrated in Figure 1, scale factors are determined as a 

slope, whose magnitude depends on the ratio of output-input data 

changes. Because scale factor amplifies practically all other er-

rors, it is considered an important error type. The pattern of scale 

factor errors shifts from linear to nonlinear as the sensor’s range 

increases [33]. In the case of LIMUS, scale factor magnitude can 

reach percentages instead of parts per million. 

2.1.2 Modeling of LIMUS Errors 

The errors of the LIMUS are modeled as SEMs to simplify algo-

rithm implementation. The SEMs are defined uniformly in [8], when 

a rotating instrument is used for both ACCEs and GYRs. In our 

model, the fixed-multi-position method is selected for ACCEs. The 

model of ACCE errors is illustrated in Equation (1). 

𝐴 ൌ 𝑁஺𝑆஺ሺ𝑅஺ െ 𝐵஺ሻ ൌ ሾ𝑎௫ 𝑎௬ 𝑎௭ሿ்,  
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0 0 𝑠௭
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቏,  
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Here, A denotes the compensated vector obtained after calibrating 

the ACCEs. NA stands for non-orthogonal matrix. Its elements are 

approximated as constants when non-orthogonal angles are small. SA 

is a symmetric matrix of scale factors. RA represents a raw vector of 

ACCEs. BA denotes a bias vector. 

The SEMs of GYRs are defined in Equation (2). The bias vector, 

BG, could be eliminated by taking average of GYR readings over a 

short period of time. Therefore, GYR error models are simplified, as 

demonstrated in Equation (3). 
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൪   (3) 

Here, G denotes the compensated vector obtained after calibrating 

the GYRs. MG, NG, SG, RG and BG are the misalignment matrix, the 

non-orthogonal matrix, the scale factor matrix, the raw readings vec-

tor, and the bias vector of GYRs, respectively. RG-B denotes the re-

maining output vector of GYRs after ignoring bias. 

2.2 A Three-Dimension (3D) DIY Platform 

Specialized instruments are ideal for performing LIMUS calibra-

tion. They are constructed from high-quality materials such as steel 

and high-accuracy joints. Some high-end equipment is equipped 

with sensors and electronic displays. Typically, tri-axis driven turn-

tables reached 0.01mm of flatness. However, these devices are out of 

the reach of most users due to their high cost. 

To calibrate LIMUS, a 3D-printed DIY platform provides a more 

reasonable method. This platform must meet certain calibration 

standards. For ACCEs, when the LIMUS is kept stable in a prede-

fined position, the local gravity along each axis is measured. 
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Commonly, one axis is chosen as the origin for rotating around the 

other axes. Figure 3 illustrates the 3D DIY platform that is used for 

LIMUS calibration. In Figure 3, each side of functional frame in-

cludes a 12-sided shaft allowing for 12-predefined positions. In case 

of rotating the shaft of the functional part around a single axis, for 

example, the Y-axis we take an additional 4 positions where the other 

two axes are aligned parallel and perpendicular to the horizontal 

plane. Thus, a total of 16 predefined positions is measured, as shown 

in Figure 4. Similarly, the 16-predefined-position experiment is con-

ducted with the X-axis and Z-axis. As a result, 48 data samples of the 

LIMUS are ready. The misalignment between the functional frame 

and horizontal plane is less than one degree. 

Figure 3: 3D DIY platform for the LIMUS calibration 

Figure 4: 16-pointed position along Y-axis of LIMUS 

Table 1: Specifications of ACCE and GYR 

Type Features Value 

ACCE 

Initial tolerance [%] ± 3 

Zero-G [mg] 
X, Y ± 60 

Z ± 80 
Scale range [g] ± 2 

Cross-coupling [%] ± 2 

GYR 

Scale range [°/s] ± 2000 
Initial tolerance [°/s] ± 5 
Cross-coupling [%] ± 2 

Scale factor [%] ± 3 

Figure 5: Flow chart of the R-CGAs 

Table 2: Constraints of ACCE and GYR 

Sensor Element Value 

ACCE 
Bias [mg] ± 80 

Scale Factor [%] ± 3 

Non-orthogonality [°] ± 5 

GYR 
Misalignment [%] ± 2 

Scale Factor [%] ± 3 

Non-orthogonality [°/s] ± 5 

This work uses a small module of motion processing unit (MPU) 

9250, measuring 15mm26mm, for LIMUS calibration. The MPU 

9250 is a typical LIMUS and has been deployed in several applica-

tions, including 3D motion, wearable devices, and location services. 

Its design incorporates 3-degree-of-freedom (3-DOF) ACCEs, 3-

DOF GYRs and 3-DOF magnetometers in a single chip. A digital 

Motion Processor allows for the fusion of all sensor data that updates 

accurate output.  It supports the inter-integrated circuit (I2C) and se-

rial peripheral interface (SPI) communication up to 20MHz. The 

specs of ACCE and GYR in this experiment are collected from the 

datasheet of the MPU 9250 indicated in Table 1. 

2.3 Construction of the R-CGAs 

R-CGAs are powerful optimization tools for real numbers. Their 

operators enable the expansion of the search space by swapping a 

part of a gene in offspring or mutating them. Figure 5 depicts the 

general flow chart of R-CGAs, which consists of six major steps: in-

itial generator, selection, crossover, mutation, merge and sort. The 

details of these steps are illustrated in the following sections. 

2.3.1 Problem 

The primary goal of ACCE and GYR error model optimization is 

to minimize fitness functions, as demonstrated in Equation (4) and 

(5). Equations (6) and (7) illustrate that the fitness functions repre-

sent the RMSR of the compensated matrix and the reference (gravity 

for ACCEs and rotational angle for GYRs). 

𝑂𝑝𝑡𝑖𝑚𝑖𝑧𝑎𝑡𝑖𝑜𝑛ሺ𝑁஺, 𝑆஺, 𝐵஺ሻ ൌ 𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒ሺ𝐹஺ሻ   (4) 
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𝐹஺ ൌ ට∑ ሺ‖஺೘‖ି‖ீ‖ሻమಾ
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௠
  (5) 

𝑂𝑝𝑡𝑖𝑚𝑖𝑧𝑎𝑡𝑖𝑜𝑛ሺ𝑀ீ, 𝑁ீ, 𝑆ீሻ ൌ 𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒ሺ𝐹 ሻ   (6) 

𝐹 ൌ ට∑ ∑ ൫ฮ𝑔௜௝ฮ െ 𝜔௜௝൯
ଶ௃

௝ୀଵ
ூ
௜ୀଵ   (7) 

Where Am denotes the compensated vector for each m attitude, m = 

1, 2…, M, M = 48, G denotes gravity, gij and ωij are i, j elements of 

the rotated angle matrix of GYRs and platform, respectively. 

Constraints are defined based on experimentally validated speci-

fications provided by the manufacturer to ensure the feasibility of the 

proposed solution. The constraints of ACCEs and GYRs are shown 

in Table 2 according to Table 1. 

2.3.2 Initial Generator 

The principle of R-CGAs is based on the natural evolution of the 

population, which is a set of individuals also called chromosomes. 

The number of chromosomes in a population, as calculated in Equa-

tion (8), is determined by the user. Each chromosome corresponds 

to one gene chain. Traditionally, a gene is considered a binary digit 

(typically 0 or 1). Then, many types of encoders have been developed 

to allow interaction with multiple data categories such as R-CGAs. 

In this study, the elements of the ACCE and GYR chromosome ma-

trices, chrA and chrG, are continuous numbers and are modified from 

Equation (1) and (3) to achieve Equation (9). 
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Here, P is the total number of chromosomes, chri, in population, pop. 
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2.3.3 Selection 

It is clear that chromosomes with better genes cause the value of 

the cost function to approach nearly zero during minimization. Ac-

cordingly, they should be given greater opportunities to produce bet-

ter offspring. However, it is impossible to completely eliminate the  

Figure 6: Selection principle based on roulette wheel 

weaker chromosomes, as this does not mean that all of their genes 

are useless. For this strategy, roulette wheels are utilized as selection 

operators, as shown in Figure 6, ensuring that weak chromosomes 

are also bred, but with low probabilities. 

Figure 6 illustrates that the original population calculated in 

Equation (8) is slashed into two equal groups, including A, and B. 

Then, the probabilities of each parent in groups, ρ, are calculated by 

using Equation (10). 

𝜌 ൌ 𝑒
ିఉ

೎೛

∑
೎೛
ು

ು
೛ (10) 

Here, cp is the cost of the pth element, p = 1, 2, …, P, and β is effi-

ciency factor. 

Following that, they are placed in roulette wheels. P/2 spins of the 

roulette wheel produce P/2 pairs of parents. These pairs are used in 

crossover operators. 

2.3.4 Crossover 

A pair of selected parents produces a couple of offspring, which 

inherit more or less of their parents’ characteristics depending on the 

blend crossover operator, as illustrated in Equation (11). Inheritance 

parameter, α, is the core of this operator. In general, α represents con-

tinuous values ranging from 0 to 1. To expand the exploration ability, 

a small amount, roughly 10% of α, is added, known as the expansion 

inheritance coefficient, αe. This coefficient is defined in Equation 

(12). The outcome of the crossover operator is offspring matrix with 

P/2 rows and 2 columns, as illustrated in Equation (13). 
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Here, 𝑜𝑓𝑓௞
஺ and 𝑜𝑓𝑓௞

஻ denote the kth pair of A and B offspring, 𝑝𝑟௣
஺ 

and 𝑝𝑟௣
஻ denote the pth parent in the A and B groups in selection op-

erators, respectively. 

2.3.5 Mutation 

Mutation operators are critical for maintaining the diversity of the 

chromosome’s gene sequence. In a population, if a large number of 

chromosomes have comparable genetic sequences, the result may 

become a local minimum instead of the global minimum. Mutation 

operators ensure that distinct segments of individuals continue to sur-

vive. 

The principle of mutation operators is demonstrated by the muta-

tion coefficient, μ, and standard deviation, σ. The mutation coeffi-

cient defines the percentage of mutated genes. The value of this pa-

rameter was set to 0.1 in this research to avoid slowing convergence 

speed. The mutation operators process one offspring at a time, so it 

is necessary to rearrange the size of the offspring matrix from P/2 

rows and 2 columns to P rows and 1 column, as shown in Equation 

(13). The offspring are then mutated using the mutation coefficient 

and the standard deviation, as given by Equation (14) to produce the 

mutant offspring matrix as calculated by using Equation (15). 

𝑜𝑓𝑓௜
ெ ൌ ሺ1 ൅ 𝜇 ∙ 𝜃ሻ ∙ 𝑜𝑓𝑓௜ (14) 
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⎢
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ெ

𝑜𝑓𝑓௜ାଵ
ெ

⋮
𝑜𝑓𝑓௉

ெ ⎦
⎥
⎥
⎤

(15) 

Here, offM denotes offspring matrix after mutating, and θ is continu-

ous numbers generated by a standard normal distribution, as calcu-

lated in Equation (16). 

𝜃 ∼ 𝑁ሺ0, 𝜎ଶሻ (16) 

Figure 7 illustrates the principle of merge and sort operators. After 

following mutation steps, the total number of individuals in parent 

and offspring matrices has doubled from the original population. It is 

necessary to resize the population from 2P to P individuals. The  

Figure 7: Merge and sort principle. Merging populations then sorting 

to remove redundant individuals 

value of the cost function of each individual serves as a criterion for 

sorting and reduce the population size by half. After the kth iteration, 

the P best chromosomes are prepared for the kth + 1 iteration. 

3. Experiment

3.1 ACCE Calibration 

It is assumed that the temperature has no effect on LIMUS, as this 

experiment is conducted in a laboratory. A 3-DOF ACCE is attached 

to a DIY plastic frame, as shown in Figure 3. The fixed-multi-posi-

tion method includes a total of 48-predefined positions. Each X, Y 

and Z axis is responsible for 16 attitudes by rotating 12-sided poly-

gon shaft. An example of Y-axis rotation is shown in Figure 4. These 

DIY sets ensure that the 3-axis ACCE remains stable. The raw data 

of each attitude, after averaging, is compared to the norm of the grav-

ity vector, which equals 1g (or 9.8m/s2). There are 5 steps to collect 

the data from ACCEs as follows: 

Step 1: Attach the MPU 9250 LIMUS to the frame. 

Step 2: Power the system and hold steady for 10 seconds to ne-

glect the effect of the warming-up process. 

Step 3: Take 1000 samples of each attitude. 

Step 4: Averaging the samples to limit noise and random walks. 

Step 5: Remeasure the acceleration of 16 attitudes for X and 

Z axis. 

3.2 GYR Calibration 

Due to noise, low-grade GYRs are unable to sense the rotation 

velocity of the Earth. Hence, it is necessary to making rotation speed 

manually as references. The DIY platform is connected to an en-

coder, which is used for reading the rotational velocity. The encoder 

shaft is employed as the rotation axis. The process for GYR calibra-

tion is summarized as follows: 

Step 1: Supply power to the GYR and wait for the system to sta-

bilize. 

Step 2: Fix the X-axis of the LIMUS to the encoder shaft. 

Step 3: Read stable data of the 3-axis GYR in 10 seconds. 

Step 4: Rotate the platform manually and measure the 3-axis out-

put. The reference is obtained by calculating the response 

revolution of encoder. 

Step 5: Similarly, implement steps 2 to 4 for Y and Z-axis. 

4. Results and Discussion

In the calibration of ACCEs, the multi-predefined-position 

method is implemented with 48 orientations. The RMSR be-

tween the ACCE readings of each fixed orientation and local  



Calibration of low-grade inertial measurement unit sensors using real-coded genetic algorithms 

Journal of Advanced Marine Engineering and Technology, Vol. 49, No. 6, 2025. 12        566 

Table 3: Estimated ACCE SEM by R-CGA and Q-NNOA. 

RMSR between ACCE and the local gravity before and after cal-

ibration 

Type Axis Value 
RMSR [g] 

Before After 

Non-orthogonality 
[°] 

yx -0.00009 

0.0793 4.6e-4 

zx -0.0015 
zy 0.0028 

Scale factors [-] 
x 0.9984 
y 0.9985 
z 0.9915 

Bias [g] 
x -0.1218 
y -0.0584 
z 0.0197 

gravity is calculated to evaluate the quality of solutions. Table 3 

shows the results for ACCE error model elements, which are es-

timated by R-CGAs and Q-NNOA, as collected in [4]. It is obvi-

ous that Q-NNOA reacts quickly and accurately to static data. In 

the case of R-CGAs, the accuracy is equivalent to Q-NNOA with 

the RMSR roughly 4.6e-4g. However, the computing cost of the 

R-CGAs is higher than that of the Q-NNOA. The reason is that 

R-CGAs operate on the principle of natural evolution with com-

plex operators. To achieve good solutions, a large population 

must be generated in the initial step. Therefore, reducing the ini-

tial population size and increasing specialized coefficients of op-

erators are key to overcoming the high computational cost of R-

CGAs. 

Figure 8: Effect of β on convergence on population size of (a) P = 

300, (b) P = 500, and (c) P = 1000 

Promoting the mutational process of genes might lead to unex-

pected results, such as non-convergence due to overstepping. The ex-

pansion parameter of the crossover operators is not a potential can-

didate for this strategy either. It should be kept below 0.15 to avoid 

repeating the same issues with the mutation operators. Selection op-

erators act on the initial population without any changing impact to 

the genes. We increase mating opportunities for individuals with 

lower cost than the rest. This task was completed by assessing the 

impact of β on populations of 300, 500, and 1000 individuals, respec-

tively, as shown in Figure 8(a), (b), and (c). It can be clearly seen 

that the effect of β variation decreases with an increase in the number 

of individuals. In Figure 8(a), the brown line corresponding to β = 2 

reached the near optimum area at the 67th iteration, while the blue 

line (β = 0.1) takes 127 more iterations than the brown line. This gap 

narrows to approximately 32 and 30 iterations for populations of 500 

and 1000 individuals in Figure 8(b), and (c). The reason is that the 

increase in the number of individuals leads to denser distribution. As 

a result, 70% of the initial population can be reduced from 1000 to 

300 individuals when the efficiency coefficient is greater than 2. 

Figure 9 shows the decrease in RMSR of population with 300 in-

dividuals over 500 iterations. 

The ACCE error models estimated by R-CGAs are used to cali-

brate 48 orientations of ACCE readings.  Figure 10 shows that the 

deviation is dramatically reduced in all directions. The best value is 

found in the 6th orientation roughly 9.12e-5g. In contrast, the worst 

deviation is just 9.86e-4g in the 9th direction. 

Figure 9: RMSR of population with P = 300 over 500 iterations 

Figure 10: Deviation of 48 orientations before and after ACCE cal-

ibration 
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The 3D-printed DIY platform lacks automatic rotating parts. 

Additionally, the encoder shaft has a small resistance, so we used 

a soft wire to provide manual rotational force to the platform. The 

instability in force supply, imperfection of structure, and noise 

cause asymmetry for each axis in GYR test, especially at high 

rotation rates. It is necessary to perform the GYR readings in an-

gular domain. The integral of the rotation rate over a period, 

which includes full error information, facilitates the estimation 

process. After taking the mean of the first 500 samples to remove 

bias, an interval where the GYR data is stable for each axis is 

selected. 

Table 4: Deviation of GYR axes before and after calibration by 

R-CGAs and factorization algorithm 

Axis Before [°] R-CGAs [°] Factorization [°] 

xx 7.4378 0.0101 0.4275 
xy 1.7305 0.0034 -0.4037 
xz 7.2812 0.000013 -10.8235 
yx 4.537 -0.0016 0.5073 
yy 9.9278 0.00081 -0.0364 
yz 5.1652 0.00099 2.1457 
zx 35.822 0.00097 10.8812 
zy 3.0052 -0.0017 -2.3403 
zz 6.1739 0.00081 -1.0616 

Table 5: Estimated GYR Error Elements by R-CGAs 

Type Value 

MG [-] 
1 -0.0088 -0.039 

0.0081 1 -0.0137 
-0.00023 -0.0089 1 

NG [°] 
1 0 0 

-0.0145 1 0 
-0.0496 0.0014 1 

SG [-] 
0.9799 0 0 

0 0.9743 0 
0 0 0.9814 

Figure 11: Probability distribution (see Equation (10)) of 500 indi-

viduals at the 1st and 1000th iteration 

Table 4 shows that there is a significant deviation between the 

MPU 9250’ GYRs and the encoder. The errors reached a maxi-

mum value of 35.822°. The results obtained from factorization 

algorithms based on [4] are not as efficient as those from R-

CGAs. The maximum deviation of our R-CGAs is roughly 0.01°, 

while the value of the GYR calibration algorithms is over 10.88°. 

Generally, the Cholesky factorization method has difficulty with 

the data in this test because the elements in the raw matrix of 

GYRs vary significantly in magnitude. To overcome this diffi-

culty, a powerful computing algorithm, such as R-CGAs, is 

needed. Table 5 illustrates the GYR error elements estimated by 

R-CGAs. 

Chromosomes exchange parts of their genes with others to create 

better solutions in the crossover operator. They become more similar 

around the optimum area. Consequently, the probability of selection 

is divided equally. Figure 11 shows that the slope of the 1st iteration 

(blue line) becomes almost linear by 1000th iteration (orange line). 

Conclusion 

The purpose of this paper is to help common users reduce the 

cost of ACCE and GYR calibration. The cost of experimental in-

struments is reduced by designing 3D DIY sets to measure the 48 

predefined positions of ACCEs and the tri-axial rotational veloc-

ity of GYRs on the same platform. SEMs, including bias, non-

orthogonality, misalignment, and scale factors have been esti-

mated by R-CGAs to eliminate errors as much as possible. The 

RMSR of ACCE calibration remains at 4.6e-4g. In the case of 

GYR calibration, the smallest deviation value is 1.3e-5°. The cost 

of computation is also decreased by cutting 70% of the initial 

population while remaining excellent convergence. Users will 

have additional choices related to measuring methods, platform 

design, and algorithms that are suitable for their backgrounds. 
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