
SCIENCE CHINA
Information Sciences

October 2022, Vol. 65 209203:1–209203:2

https://doi.org/10.1007/s11432-020-3093-5

c© Science China Press and Springer-Verlag GmbH Germany, part of Springer Nature 2021 info.scichina.com link.springer.com

. LETTER .

Reliable attitude estimation algorithm considering
atypical observation

Xiao-Ting GUO*, Chong SHEN, Jun TANG, Jie LI & Jun LIU

Key Laboratory of Instrumentation Science and Dynamic Measurement, Ministry of Education,

School of Instrument and Electronics, North University of China, Taiyuan 030051, China

Received 13 May 2020/Revised 28 July 2020/Accepted 1 October 2020/Published online 13 May 2021

Citation Guo X-T, Shen C, Tang J, et al. Reliable attitude estimation algorithm considering atypical observation.

Sci China Inf Sci, 2022, 65(10): 209203, https://doi.org/10.1007/s11432-020-3093-5

Dear editor,

Attitude estimation has theoretical significance and engi-

neering application value in tracking, control, navigation

and positioning [1] in the military and civil domain. Com-

mon single attitude measurement techniques based on in-

ertial techniques [2] or monocular vision are defective in

trying to meet multiple measurement requirements as their

own inherent features. A multisensor fusion system based

on an inertial sensor gyroscope and a vision sensor camera

was deployed in this study to enhance reliability and robust-

ness [3]. A nonlinear filter-based algorithm, known as the

model-driven method, was used to fuse vision and inertial

data together.

For a real system, visual signals may be easily blocked

or lost when there are no clear lines of sight between the

camera and its feature information. Moreover, there always

exists a discrepancy in the frequency between visual and

rapid inertial data. All of these cases resulting from visual

measurements are atypical observations because visual data

are regarded as an observation quantity in our filtering al-

gorithm. In these atypical observation cases, the integrated

system turns to pure inertial mode and the error accumu-

lates over time because of the drifts in the gyroscope error.

Thus, degraded estimation is unavoidable when proper vi-

sion is unavailable. Even improved filter algorithms or fil-

tering deformation methods exist similar imperfection when

atypical observations occur. Thus, new strategies must be

explored to deal with these atypical observations to correct

such cumulative errors, among which data-driven methods

are excellent default choices.

Herein, aiming at indoor close-range and high-precision

application scenarios, an algorithm combing CKF (cubature

Kalman filter) and nonlinear auto-regressive models with ex-

ogenous inputs (NARX) [4] is proposed to deal with atypical

observation cases. NARX is used to predict pseudo-visual

observation information by employing data from past few

moments effectively and enhancing the total nonlinear dy-

namic system performance during visual measurement un-

availability. When vision is unavailable, visual data are pre-

dicted using neural network prediction.

Methodology. As depicted in Figure 1(a), the integrated

system fuses the outside-in camera and gyroscope together

to obtain robust and high frequency attitude data [5]. Then,

the difference values between these two sensors can be

achieved, which are subsequently delivered to the CKF al-

gorithm. Next, the CKF outputs, which can also be called

estimated errors, are fed back the inertial system to com-

pensate for its outputs. When mismatches of feature points

occur, the integrated system turns to the prediction mode

in vision-denied environments. In this situation, there is no

usable image acquisition, but the pseudo-visual information

can still be updated by the NARX assisting to correct the

inertial model. In this way, the accuracy of the whole system

can be enhanced.

In the integrated system, the CKF filter is used to fuse

the gyroscope and camera data when both are available [6].

At the same time, the NARX algorithm trains and verifies

the model using the difference values between the visual and

inertial data. When the visual data cannot be obtained, the

well-trained NARX can predict pseudo data to correct the

attitude angle calculation through pure inertial data (Fig-

ure 1(b)). Considering the frequency discrepancy between

the camera and gyroscope, in normal situations wherein vi-

sual data are available, the complete CKF process can be

implemented. Once there are no visual data, only the time

update (TU) process can be conducted, and with a well-

trained NARX model, predictive data can be employed to

compensate the attitude angles computed using pure inertial

data.

Well-designed trajectory is used to validate the feasibil-

ity of the proposed algorithm by comparing different filter-

ing methods and models. Four Bayes-based nonlinear filter-

ing methods, including EKF (extended Kalman filter), UKF

(unscented Kalman filter), PF (particle filter), and GHKF

(Gauss-Hermite Kalman filter), were compared with CKF,

as shown in Figrue 1(c). The abscissa and vertical axes

represent movement time in seconds and the angle error in

degrees, respectively. The EKF shows the worst estimation

accuracy, and the error curve of the PF reveals an obvi-

*Corresponding author (email: guoxiaoting0206@163.com)

http://crossmark.crossref.org/dialog/?doi=10.1007/s11432-020-3093-5&domain=pdf&date_stamp=2021-5-13
https://doi.org/10.1007/s11432-020-3093-5
info.scichina.com
link.springer.com
https://doi.org/10.1007/s11432-020-3093-5
https://doi.org/10.1007/s11432-020-3093-5


Guo X-T, et al. Sci China Inf Sci October 2022 Vol. 65 209203:2

Camera
Image 

acquisition

Image 
processing 
algorithm

Gyroscope 
Angular 
velocity

Inertial-based attitude 
measurement

Attitude

Yes

No

NARX

Visual data
exist?

Prediction

Training

Validation

Yes
Visual-based 

attitude 
measurement

Feature point 
matching

Visual model

Inertial model

(a)

CKF CKF

Inertial data

Attidude

NARX

Training data 
Validation data

TU

............

Prediction

Visual data

TU CKF TU CKF TU CKF

............

(b)

0 50 100 150 200
Time (s) Time (s)

Time (s) Time (s)

−1

−0.5

0

0.5

1

P
it

ch
 a

n
g
le

 e
rr

o
r 

(°
)

Y
aw

 a
n
g
le

 e
rr

o
r 

(°
)

P
it

ch
 a

n
g
le

 e
rr

o
r 

(°
)

Y
aw

 a
n
g
le

 e
rr

o
r 

(°
)

0 50 100 150 200
−0.5

0

0.5

1
EKF

UKF

GHKF

PF

CKF

(c)

0 50 100 150 200
−0.2

−0.1

0

0.1

0.2

0.3

0.4

0 50 100 150 200
−0.2

0

0.2

0.4

0.6
CKF-only

CKF-BP

CKF-NARX

(d)

CKF

Figure 1 (Color online) (a) Structure of inertial and visual fusion attitude measurement; (b) attitude measurement process on the

timeline; (c) performance comparison among different filtering methods; (d) comparison of estimation performance among different

data prediction models.

ous drift trend. The estimation accuracy difference between

UKF and GHKF is slight, and CKF has the optimal esti-

mation accuracy. It can be inferred that the state model

of the system shows strong nonlinearity and high Gaussian

property. The nonlinearity is reflected from the optimal per-

formance of the CKF method. The Gaussian property is

reflected from the poor convergence performance of the PF

method. Furthermore, for stationary error curves as the

pitch axis, the difference between CKF and PF is slight.

For trend error curve, the CKF is superior to PF, as the

PF method indicates drift trend. Hence, CKF is used fur-

ther to handle the atypical observation issue, combined with

data-driven method.

The fusion errors of the BP (back-propagation) model

and NARX model, combined with the CKF, are given in

Figure 1(d) for comparison. It can be easily seen that the

estimation performance of the proposed CKF-NARX model

appears to be exceptional among the methods. First, it in-

dicates the effectiveness of combining the nonlinear filtering

method CKF with the data-driven model, which is shown

when comparing the CKF-only and CKF-based methods.

The estimation accuarcies of the two CKF-based methods

are superior to that of the CKF-only method. For the CKF-

based hybrid system, when an atypical observation occurs,

the attitude can be corrected by neural network prediction.

When vision data are unavailable, the data-driven model

can effectively compensate for the drift error. In addition,

it was observed that the NARX model has the optimal per-

formance, which is reflected by the error curves. It signifies

that the NARX model is more suitable for the attitude esti-

mation system to provide pseudo data for drift suppression.

The BP model belongs to the static neural network while

the NARX model belongs to the dynamic neural network.

When constructing the model input, the NARX neural net-

work considers the historical state information of the system,

which can predict attitude more accurately. It can obtain

optimal fusion effects in different situations. The prediction

results prove the applicability of the NARX neural network

in attitude estimation of visual and inertial integrated sys-

tems. More details are included in Appendixes A–D.

Conclusion. In inertial and visual integrated attitude

measurement systems, when atypical observations resulting

from mismatches of feature points, occlusions and frequency

discrepancy occur, the performance of the fusion algorithm

CKF will decrease. To bridge the period during vision data

unavailability, a hybrid CKF-NARX model was proposed.

The well-trained NARX model can provide pseudo-vision

information when visual data are unavailable and assist to

correct pure inertial attitude errors. The comparative exper-

iments among filter-based methods indicate the flexibility

of the CKF algorithm for the fusion system, and the CKF-

NARX proves itself with lower errors and stability compared

with CKF-only and CKF-BP methods.
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